
Causal Inference with and 

without Experiments I 

1. The Big Picture: Data, Statistics, Economic Theory and 
Applied Econometrics 

2. Causal Inference: The SAT Prep example 

3. What can we learn from these data? 

4. Causal inference with experiments: NSW evaluation 

5. Causal inf. without experiments: Adding omitted variables 

6. Causal inference without experiments: Heckman 2 step 
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2. Causal Inference:  

The SAT Prep course example 

 Nonexperimental   Experimental 



  

   



3. What can we learn from these data?  

 Best linear predictor  

 V(x)-1Cov(x,y) in population 

 Linear Causal effect  
V(x)-1Cov(x,y) in population with RA of x  

 Why call it “causal”?  
- “OVB” justification: imagine listing the omitted variables in 
residual 
- Full derivative vs. partial derivative analogy 

 Selection –Cov(x,a) 
[appeals to theory for interpretation] 

 There is no “wrong” estimate, just different applications.  
Each estimate has a customer, in this case the covariance term 
has one as well. 

 Why linear predictors?  



4. Causal Inference with experimental data 

 The gold standard of inference because 
“OVB”=0 (e.g., Cov(x,a) = 0) by construction 
with random assignment. 

 Other design issues:  
- proper randomization of assignment  
- representativeness (random sampling 
among the appropriate population) 

 Problems: Cost, Ethical Issues 

 The Great Society, Patrick Moynihan and 
Experimental Evaluations 



Causal Inference with Experimental Data: 

Selection into Treatment 

 Selection by Individuals – e.g., charter 

schools, GRE prep courses 

 Selection by Institutions – e.g., job training 

programs, military draft 

 

 

 Selection by Individuals and Institutions:  

- e.g. The “Ashenfelter Dip” 



Causal Inf. with experiments: Lalonde (86)  

Lalonde 

checks  

randomization 



Causal Inf. w/ expmnts: Lalonde (86)  

Population: AFDC women, ex-addicts, ex-cons; Treatment: 9-18 mo. guaranteed work 

beginning in 1976.  

Note the “Ashenfelter Dip” (mean reversion in income) in “means-based” programs.  



5. Causal Inference Without Experiments 
 One Approach: Include the omitted variables in the hope of 

reducing OVB 
- imagine measuring “a”, ability in the SAT example 
- perhaps there’s a proxy for “a” 

 Formally: assume (hopefully) that Cov (x1, ε | β2’x2) = 0 
- e.g., finding some more x’s, fixed effects, differences in 
differences, selection correction 

 “Perfectly specified equation including all relevant variables” 

 

 Another approach: Matching (or Propensity Score) estimator:  

 assumes (hopefully) that Cov (x1, ε | x2) = 0 
note: without assuming a linear function β2’x2 for influence of 
“omitted” variables 
note: If values of x2 in treatment and comparison observations 
were identical across paired observations this assumption is 
sufficient. This is generally impractical. 

 Problem: See Tables 2 & 4 in Lalonde 



Causal Inf. w/out expmnts: Lalonde (86)  



Causal Inf. w/out expmnts: Lalonde „86 

yit = β0 + β1x1it + β2’x2it + εit , and difference, or even “quasi-difference” (include 

      time invariant vars.)  

Bad news: adding the omitted vars. misses positive selection 

Good news: including more covariates reduces OVB, though only sometimes 

Bad news: no way of knowing which comparison group to choose to start with, so  

 no way to know a priori which estimate is consistent, if any! 



6. Causal inference w/out experiments: 

Heckman 2 step selection correction (1979) 

..if errors epsilon and eta are joint normal  

with correlation rho, both equations are 

perfectly specified including all relevant 

variables. 

This allows the expected selection bias 

to be treated as an omitted variable in (7). 



Causal Inf. w/out expts: Heckman 2 step 



Table 6: Evaluating the “2 step” 

 Using experimental controls Heckman “2 step” 

provides a close estimate of treatment effect 

and a reassuring zero coefficient on selection 

effect (since selection was random). 

 Using nonexperimental comparisons the “2 

step” estimates show negative selection of 

varying amounts across comparison groups so 

they generally overestimate the treatment effect. 

 



The “2 step” vs. more regression controls 

 Comparing Tables 4 and 6, the “2 step” estimates of treatment effects 
are no more stable than the regression controls. Both vary across 
comparison groups, undermining confidence in the method. 

 - Notes 1: the only difference between using regression controls and 
using the selection correction is the functional form in (7) in this case 
- 2: if one had a variable that belonged in the selection equation (D) but 
not in the earning equation (y) then the selection term could be 
estimated without relying only on the functional form information. 
.. but then why not just use that variable as an instrument? 

 - 3: Even if correction doesn’t work, Heckman (1979) taught us that 
selection bias can be treated as an OVB. 

 

 Conclusions: Either the functional forms are incorrect or relevant 
omitted variables remain, or both. 

  - i.e., Selection is a pretty devious form of OVB, at least with strict 
eligibility criteria. 

 



Bonus: Causal Inf. w/out exp  

- Propensity Scores and Matching 

 Wahba & Dehejia (1998)  claim that you can 
reproduce the selection process using the 
propensity score method for the NSW 
sample. 
Note: Lalonde is doing some of this already. 

  Smith & Todd (1998 or so) dispute the claim. 

 Journal of Econometrics (2005) contains 
responses and rejoinders. 

 Nobody claims that matching on propensity 
scores is a panacea (i.e., a general solution).  



Bonus: Rubin‟s causality definition 
Assume a binary RHS variable, D є (0,1). 

Assume that for each i, Yi(D) has two potential outcomes, Yi(0) and 
Yi(1) (only one of which we can ever observe). 

Assume that if Di = D’i then Yi(D) = Yi(D’), i.e., regardless of the 
values of Dk≠i .  
(SUTVA: Stable unit treatment value assumption) 

 

The causal effect is then defined as  Yi(1) - Yi(0) .  
Note: the notion of ceteris paribus is implicit in the potential 
outcomes. 

 

OLS regression of Y on D is an unbiased estimate of E(Yi(1) - Yi(0)), 
the average causal effect, if D is randomly assigned.  

This approach dates back to R.A. Fisher and John Neyman in the 
1910s.  

 

Statisticians prefer this “ε-free” notation.  

 

 



Next time.. Problems with “Perfectly 

Specified” equations and how to solve 

them. 
 Reading: Could be anything applied, so you might 

as well read the classics..  
 
Griliches, Z. (1986) "Economic Data Issues," in 
Handbook of Econometrics, Volume III, (Z. Griliches 
and M.D. Intriligator eds.) Elsevier Science.  

 or 

 Smith, Adam (1981 [1776]). An inquiry into the 
nature and causes of the wealth of nations. 
Indianapolis, Liberty Classics. 

 



Causal Inference with and 

without Experiments II 

0. Examples of Experiments 

1. Population Parameters: What did your sample 
regression aspire to estimate? 

2. Flavors of Omitted Variable Bias 

3. Measurement Error 

4. Misspecification of Functional Form 

5. Heterogeneity 

6. Endogeneity 

7. Problems and Solutions 

 



Preuss School: Selection or Treatment?  

(Betts, 2006) 



Experimental Evaluation of  

Preuss Students 



Other Examples: Corruption in Indonesia 
Monitoring Corruption:* Evidence from a Field Experiment in 

Indonesia Benjamin A. Olken, NBER, November 2004 

- about half of road construction projects chosen for audit 



Callen and Long: Election Monitoring in Afghanistan (Sept., 2010) 





Costs 

Financial 

 Baseline Survey – $84,632 

 Election Day       – $71,550 

 Travel etc.           – $11,000 

 Research Asst.    – $2,440 

 Endline Survey    –$84,632 

 Overhead (26%) –$43,223  

 Total                    $297,477 

Human 

 Mike                – 60 Days  

 James              – 75 Days 

 Shahim           –  30 Days 

 Mohammad    – 30 Days 

 UCSD Support –10 Days 





More Examples: Battles of Sexes over 

Budgets 
Spousal Control and Intra-Household Decision Making: An Experimental Study in 

the Philippines. Nava Ashraf, Harvard University 



1. Population Parameters: What did your 

sample regression aspire to estimate? 
 

 Sample    Population   
   

      1. CEF  (“Best” Predictor) 

 y = Xb + e, x’e=0   2. BLP 

      3. Causal Effect 

                                                 4. Linear Causal Effect     

      5. Perfectly specified                     
     equation including all  
     relevant variables 

 

 In principle #4 and #5 yield identical population parameters for β1 if 
Cov (x1, ε | β2’x2) = 0, where ε = y - β1’x1 - β2’x2  (and β1 is L.C.E.). 



2. Flavors of Omitted Variable “Bias” 

 If the sample regression aspires to estimate (5) a 
perfectly specified equation including all relevant 
variables then your biggest worry is: Did I include all 
the relevant variables? 

 Lots of problems can be though of as OVB: 

 1. Forgot X2  (e.g., reconstruction spending) 

 2. Selection bias (Heckman ’79) 

 3. Measurement error 

 4. Misspecification of functional form 

 5. Heterogeneity bias (Mundlak ’61) 

 6. Endogeneity bias 



Our agenda: Problems and Solutions 

                Solution 

Problem 

Add the 

omitted var. 

Experiment instrument 

1. Forgot X2 X? X 

2. Selection X? X 

3. Meas. Err. X? - x 

4. Misspecification X? - 

5. Heterogeneity X (fe) ? X 

6. Endogeneity - limited? X 

Note: Matching is an alternative solution for binary X in selection problems. 

Bottom Line: Dogmatism is fun but appropriate technology is more productive. 



Nonexperimental 

Example from Iraq: 



3. Measurement Error and OVB 

 yi = β0 + β1x*i + εi 

 x*i  not observed. The best we can do is observe a noisy measure 
of x*.. 

  xi  = x*i + vi , Cov (v,x*)=0, Cov(ε,x*)=0, Cov(v, ε)=0 
“classical” measurement error assumptions 

 Rewrite as an omitted variable.. 
yi = β0 + β1 (xi – v) + εi     

      = β0 + β1xi - β1v + εi ,   (L) 

     yi = β0 + β1 xi + ui            (S),  Cov(x,u) ≠ 0 

 

 ..and use OVB formula to solve 

b1
s
 = b1

L + b21 b2
L    

           

 



3. Measurement Error (cont.) 

 How big might a signal to noise ratio be?  

 Data dependent. Survey data tends to be noisy.  

Bound & Krueger (1991) ask income of both 

employers and employees. Noise is 10-15% of 

variance in survey income in CPS, implying a 10-

15% attenuation bias (i.e., bias toward zero) in the 

coeff. of a simple regression. 

 Quiz: What happens to that attenuation bias as you 

add covariates to the RHS under classical 

assumptions? 



Aside: Frisch-Waugh Theorem 

 Y and X both have a trend. You want to 

estimate a regression of Y on X. 

 Should you detrend before regressing or 

detrend as part of the regress?  

 Frisch & Waugh, Econometrica 1(4), (1933) 



4. Misspecification of functional form as 

OVB 

 Typical misspecification of functional form is 

to oversimplify and assume that E(y|x) is 

linear.  

 You can always approximate a nonlinear 

function with a power series, turning it into a 

“long”(er) regression. 

 Often the gain is accuracy will cost precision 

(larger std. errors). 

 E.g., Probit vs. “Linear Probability” 



5. Heterogeneity Bias 

 Mundlak (1961) was concerned with returns to scale 
in farming. 
Journal of Farm Economics, Vol. 43, No. 1 (Feb., 
1961)  

 Estimated a log-linear production function (i.e., 
Cobb-Douglas) 

 If inputs and ability are complements (as implied by 
Cobb-Douglas), then high ability farmers use more 
inputs so that OVB is positive on input coefficients.  

 So he used the fixed-effects regression to deal with 
OVB. 



5. Heterogeneity Bias 

 Mundlak (1961) was concerned with returns to scale 
in farming. 
Journal of Farm Economics, Vol. 43, No. 1 (Feb., 
1961)  

 Estimated a log-linear production function (i.e., 
Cobb-Douglas) 

 If inputs and ability are complements (as implied by 
Cobb-Douglas), then high ability farmers use more 
inputs so that OVB is positive on input coefficients.  

 So he invented the fixed-effects regression to deal 
with OVB. 



Heterogeneity bias graphically 



Heterogeneity bias – Managerial ability 

Evidence of heterogeneity/managerial/ability bias. 

Or not. What about measurement error?  



6. Endogeneity Bias 

 We seek an estimate of the effect of x on y, 

but y affects x. 

 E.g., p and q in markets.  

 Can long regressions generate consistent 

estimates in principle? 

 Can experiments ?  

 



Endogeneity: Supply-Demand example 

   



Instrumental Variables 

 Validity 

 Relevance 

 

 ..but a good instrument is hard to find 

 



Instrumental Variables 

 IV vs. Measurement Error 

 IV vs. Selection Bias  

Angrist, Joshua (1990), "Lifetime Earnings 

and the Vietnam Era Draft Lottery: Evidence 

from Social Security Records," American 

Economic Review, 80:3 (June).  

 



7. Problems and Solutions 

                Solution 

Problem 

Add the 

omitted var. 

experiment instrument 

1. Forgot X2 

2. Selection 

3. Meas. Err. 

4. Misspecification 

5. Heterogeneity 

6. Endogeneity 

Note: Matching is an alternative solution for binary X in selection problems. 

Bottom Line: Dogmatism is fun but appropriate technology is more productive. 


