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Problem of impact evaluation: 
How do we estimate program impact? 
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Why does randomization work? 

  The random variable used to assign 
individuals to either the treatment or the 
control has three very important 
characteristics: 
–  It directly affects assignment 
–  It affects outcome ONLY by affecting 

program assignment 
–  It’s uncorrelated with any OTHER 

environmental influence on outcome 
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Program Outcome 
? 

What if we can’t randomize, but we find a 
variable that has these properties? 

Z 
Variable 

Call it a “Z variable” 



Alternative quasi-experimental 
designs 

  Randomized promotion 
  Discontinuity design 
  Matching by propensity score  
  Dif in dif 
  Instrumental variables 



Randomized promotion 
  Instead of using the random variable to 

assign enrollment, use it to assign 
promotion of the enrollment 

  For example: 
– Flip a coin to decide whether to give a 

voucher.   



Is “promotion” almost as good a Z 
variable as random assignment? 
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Check the three attributes of 
randomized promotion: 
  Does the voucher affect program enrollment? (Yes?) 

–  Cannot be certain, ahead of time, but once we do the 
experiment, we can test this directly by seeing whether 
people with vouchers are more likely to enroll 

  Does the voucher directly affect the outcome? (No?) 
–  Cannot be as certain as we were with the random 

assignment itself, but it seems unlikely that a piece of paper 
would directly affect outcome 

  Is the voucher correlated with a variable that directly 
affects the outcome? (No?) 
–  No, because it inherits its independence from the random 

variable that assigns it. 



Randomized promotion can be a 
valid quasi-experimental method 

  Randomized promotion has all three 
critical attributes 
 

  When you cannot randomize 
assignment, random promotion is a 
good alternative 



Discontinuity design 
  Instead of making our own random 

variable to determine program 
assignment, exploit the randomness we 
find naturally around a program 
eligibility threshold 

  For example, farmers with fewer than 
50 hectares get a fertilizer subsidy … 



Example: Effect of fertilizer 
program on agriculture production 

Improve agriculture production (rice yields) for 
small farmers 

Goal 

o  Farms with a score (Ha) of land ≤50 are small 
o  Farms with a score (Ha) of land >50 are not 

small 

Method 

Small farmers receive subsidies to purchase 
fertilizer 

Intervention 
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Regression Discontinuity  
Design-Post Intervention 

IMPACT MEASURED  
IN THE  
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OF THE CRITERION 



Is being just above or just below an 
enrollment criterion a good Z-variable? 
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Check the three attributes of 
discontinuity design 
  Does meeting the criterion affect program 

enrollment?  (We want a “yes”) 
–  Supposedly.  Cannot be certain ahead of time, but we can 

check how often the program makes exceptions. 

  Does meeting the criterion directly affect the 
outcome? (We want a “no”) 
–  If we restrict ourselves to the NEIGHBORHOOD of the 

criterion, the impact should be very small.   

  Is meeting the criterion correlated with a variable that 
directly affects the outcome? (We want a “no”) 
–  Again, if we restrict ourselves to the neighborhood, this 

seems unlikely. 



Discontinuity design can be a 
valid quasi-experimental method 
  Just meeting a discrete eligibility criterion can 

have all three critical attributes: 
–  Directly affects program assignment 
–  Does NOT directly affect outcome 
–  Can be defended against the accusation that it 

stands in for an unobserved environmental 
influence on outcome 

  When you cannot randomize assignment or 
promotion, discontinuity design is a good 
alternative 



Propensity score matching 
  Construct an index which predicts as 

well as possible who will get the 
intervention 

  Assume that among people with the 
same index, those who get intervention 
differ ONLY by the intervention 

  That is, assume that between matched 
individuals, program assigment is 
random 



Propensity-Score Matching 
Comparison Group: non-participants with same 
observable characteristics as participants. 
o  In practice, it is very hard.  
o  There may be many important characteristics! 

Match on the basis of the “propensity score”, Solution 
proposed by Rosenbaum and Rubin: 
o  Compute everyone’s probability of participating, based on 

their observable characteristics. 
o  Choose matches that have the same probability of 

participation as the treatments. 
o  See appendix 2. 
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Propensity scores don’t work  
if there is no common support 
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 Progresa Matching (P-Score) 

Baseline Characteristics 
Estimated Coefficient 

Probit Regression, Prob 
Enrolled=1 

Head’s age (years) -0.022** 
Spouse’s age (years) -0.017** 
Head’s education (years) -0.059** 
Spouse’s education (years) -0.03** 
Head is female=1 -0.067 
Indigenous=1 0.345** 
Number of household members 0.216** 
Dirt floor=1 0.676** 
Bathroom=1 -0.197** 
Hectares of Land -0.042** 
Distance to Hospital (km) 0.001* 
Constant 0.664** 

Note: If the effect is statistically significant at the 1% significance level, we label the estimated impact with 2 stars (**). 



Progresa Common Support 

Pr (Enrolled) 

Density: Pr (Enrolled) 

D
en

si
ty

: P
r (

En
ro

lle
d) 

Density: Pr (Enrolled) 



For matched individuals, is program 
assignment determined by a “Z-variable”? 
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Check the three attributes of 
propensity score matching  
  For matched person, does a random variable affect 

program enrollment?  (We want a “yes”) 
–  Yes, by assumption 

  Does that random variable directly affect the outcome 
of the intervention? (We want a “no”) 
–  Perhaps we can assume it does not..   

  Is the random variable correlated with a variable that 
directly affects the outcome? (We want a “no”) 
–  Again, perhaps we can assume not.. 



Propensity score matching is 
risky because the assumptions are 
impossible to confirm 
  In Mexico’s Progressa program, PSM 

estimates an impact on consumption 
less than one third as large as 
estimates by more reliable methods 

  Either the index does not predict well 
enough or … 

  The assumption that it is not correlated 
with outcome may be wrong. 



Difference in differences 
  Big problem in evaluation is that the 

group of enrolled is different from the 
group not enrolled 

  Suppose that the difference between 
the two groups BEFORE the 
intervention is the ONLY difference 
between the groups 

  Can that difference itself be a Z 
variable? 



Grosskurth, Mosha, Todd, et al., 
“Impact of improved treatment of 
sexually transmitted diseases on HIV 
infection in rural Tanzania: 
randomised controlled trial,”  
Lancet, 346, pp. 530-536. 
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But two groups are manifestly 
different … 
  Despite randomization of the 

communities, the baseline revealed a 
30% difference in prevalence before the 
intervention 

  Randomization of communities did not 
work.  It did not eliminate the difference 

  So how can intervention be evaluated? 



Can we find a Z-variable? 
  Does the pre-intervention difference of  

-0.3 have all three attributes we seek? 
–  In a sense, the difference “determines” the 

group getting the intervention 
•  It is associated with the intervention group and 

distinguishes it from the control group 
– Plausibly the difference does NOT 

determine the benefit from the intervention 
– Plausibly the difference is NOT correlated 

with any other determinant of the benefit 



Is the difference in the outcome variable at 
baseline a good Z-variable? 

Program Difference in 
Outcome after  
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Difference in 
outcome at baseline 



Then just as we use the random 
variable in an RCT to determine 
the counterfactual, we can use the 
difference before the intervention 
to determine the counterfactual 
here … 
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Double Difference Estimation: 
Prevalence of male symptomatic urethritis 

After
Intervention

Before
Intervention Difference

Intervention
Group 1.6% 1.0% 0.6%

Control
Group 2.5% 1.3% 1.2%

Difference of Differences:
0.6 - (1.2)
 =  -0.6%



Impact on Prevalence of STDs 

  The experiment seems to have reduced 
the prevalence of symptomatic male 
urethritis from 2.2% to 1.6%, a reduction 
of almost a quarter. 

  However, the sample size (2,052 men) 
was too small for the difference to be 
statistically significant. 



Instrumental variable estimation 

  Sometimes with observational data we 
can find a variable that can plausibly be 
argued to have the attributes of a “Z-
variable” 

  Example from an observational 
evaluation of “combination 
interventions” to combat malaria in the 
Solomon Islands 



Outcomes:  
measures of the number of malaria cases in 
each zone in each month 

  PCD (passive case detection) data: 
No. of malaria cases and incidence/
1000 by zone from monthly reports of 
cases 

  Clinical Data on fever/malaria cases 
reported by health clinics is also 
available, but not used in this analysis 
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Makira/Ulawa Province 
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Combination Control methods 

  Bed net distribution 
– Selling new nets impregnated with 

permethrin 
– Retreating netswith permethrin 

  DDT spraying of houses 
  Site control 

– Putting chemicals (e.g. Abate) on larval 
breeding sites 

– Filling or cleaning larval breeding sites 
  Education 



Estimated Impact of Interventions on 
Population Incidence Rate of Malaria 

Ordinary Least
Squares

Spray +.07
(11.2)

Permithrin -.0007
(6.5)

Abate -.0003
(3.3)

IEC -3.1
(3.7)

Rain .03
(5.6)

Rain2 -.00003
(4.8)

Observations 2517

All three  of 
these 
interventions 
have the 
expected 
negative 
coefficient 
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Estimated Impact of Interventions on 
Population Incidence Rate of Malaria 

Ordinary Least
Squares

Spray +.07
(11.2)

Permithrin -.0007
(6.5)

Abate -.0003
(3.3)

IEC -3.1
(3.7)

Rain .03
(5.6)

Rain2 -.00003
(4.8)

Observations 2517

Positive and 
highly significant 
coefficient 
suggests either 
that spraying 
worsens malaria 
or that selection 
bias is a problem 



Instrumental variables 

  Find a “Z variable” or instrumental variable 
that has two attributes: 
–  Affects whether the intervention occurs 
–  Is not directly related to the outcome 

  We use a set of dummy variables for the 
calendar month as the instrumental variables 
–  For budget and personnel reasons, the month 

affects likelihood of spraying 
–  Month may not affect malaria incidence after 

controlling for rainfall 



Is the calendar month a good Z-variable? 

Program Outcome ? 

Calendar month 



Estimated Impact of Interventions on 
Population Incidence Rate of Malaria 

Ordinary Least
Squares

Instrumental
Variables

Spray +.07
(11.2)

-.10
(2.4)

Permithrin -.0007
(6.5)

-.0007
(5.3)

Abate -.0003
(3.3)

-.00009
(0.7)

IEC -3.1
(3.7)

-4.5
(4.4)

Rain .03
(5.6)

.019
(3.8)

Rain2 -.00003
(4.8)

-.00002
(3.6)

Observations 2517 2517

Instrumental 
variables 
yields a 
more 
plausible 
estimate of 
the impact 
of spraying 



Impact of Intervention 

In
ci

de
nc

e 
pe

r 
10

00
 p

er
 M

on
th

Cumulated depreciated permethrin
0 10000 20000 30000

-5

0

5

10

15

Impact of Intervention 

In
ci

de
nc

e 
pe

r 
10

00
 p

er
 M

on
th

Cumulated depreciated spraying
0 50 100

0

20

40

Impact of Intervention 

In
ci

de
nc

e 
pe

r 
10

00
 p

er
 M

on
th

Number of villages given IEC
0 1 2 3

-5

0

5

10

15

Impact of Intervention 

In
ci

de
nc

e 
pe

r 
10

00
 p

er
 M

on
th

Monthly rainfall in ml
0 500 1000

0

5

10

15



Conclusions 
  Quasi-experimental methods can allow us to 

compare the results in the intervention group 
to a plausible counterfactual 

  There is no magic.  The farther we are from 
experimental design, the more un-testable 
assumptions we must adopt to use the 
method 

  Since failure to evaluate is not acceptable, we 
can proceed with quasi-experimental 
evaluation while we prepare and request 
funds for an RCT. 



P.S.  What’s the secret name for a 
Z-variable? 
  It’s called an “instrumental variable” and 

its theoretical development and 
application dates back to the 1940’s. 

  It’s the foundation of all quasi-
experimental evaluation – because it 
attempts to simulate an RCT. 


