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Examples

• Microcredit is a revolutionary idea. Does it 
work? 

• Millennium development goals: reasonable 
ideas. But do they work?



Examples (cont’d)

• We want to improve school attendance (in the 
belief that attendance leads to learning).

• We implement a program to provide 
incentives to children for attending (prizes 
based on an attendance target).

• How can we evaluate its impact?



Challenge of impact assessment: 
establishing causality

• Outcomes could be produced by something(s) other or in addition to than 
the program.
– By selection: of who gets the program or not (e.g., neediest).
– By omitted variable bias: correlation of treatment with other factors which in 

turn have an impact on the program (most motivated sign up).
– By reverse causation: changes in the outcome cause people to select into or out 

of treatment (those who think they will benefit seek out treatment).
• Impact evaluation:

– Establish the effect of program service receipt on relevant mediators, output, 
and outcome measures.

– Estimate changes brought about by the program above and beyond those 
resulting from other processes and events affecting the phenomena of interest.

– Estimate what their status would have been if they had not received program 
services (i.e., counterfactual state of affairs).

– Alternative explanations for outcomes (x causes y; what else could cause y?)



What is an experiment?
• An experiment refers to a randomized control 

trial.
• Traditionally done in labs where you ensure 

through the controlled setting of the lab that all 
subjects are treated identically, except a 
randomized treatment administered to some 
subjects vs a control treatment to others.

• Now also done in the field, where you can’t 
control background factors as much but where 
you can randomly assign the treatment.



Why do experiments work?
• By randomly assigning the treatment in a lab you 

guarantee that the only difference between 
treatment and control groups is the receipt of 
treatment and that this is not linked in any way to 
background characteristics or outcomes.
– Kills off selection, omitted variables bias, and reverse 

causality.
– Guarantees that the treatment and control groups are 

on average identical along both observable and 
unobservable dimensions.
• Observable, e.g., prior income, health conditions, school…
• Unobervable: e.g., motivation, risk attitudes, parents



A simple idea

No prize 
 

60 classes 

Prize 
 

60 classes 

Prize with 
choice 

60 classes 

 

No prize 
 90 classes 

Prize 
 90 classes 

 



Example
• But we are concerned that prizes can change 

the nature of people�s motivation (intrinsic to 
extrinsic).

• Psychology suggests that external motivation 
can be more effective if people believe in their 
effort.

• Change the curriculum to emphasize 
malleable rather than fixed intelligence. 
– Fixed: I�m smart or not.
–Malleable: if I study I can become smarter.



Example
 Fixed 

intelli gence 
(standard) 
curri culum 

Malleable 
intelligence 

("treatmen t") 
curri culum 

No  prize 
 

30 classes 30 classes 

Prize 
 

30 classes 30 classes 

Prize with 
choice 

30 classes 30 classes 

 



Example
• Now we also become interested in the idea 

that we should treat the parents too.
• And also that perhaps parents need to, but 

don�t, believe that education is valuable.
  Mall eable intelligence curri culum 
 Fixed 

intelli gence 
curri culum 

Classroom 
only 

+ paren t 
treatment 

+ paren t 
treatmen t  

+ returns t o 
educat ion 
treatmen t  

No  prize 
 

15 classes 15 classes 15 classes 15 classes 

Prize 
 

15 classes 15 classes 15 classes 15 classes 

Prize with 
choice 

15 classes 15 classes 15 classes 15 classes 

 



Example
• But we have to worry about treatment 

interference (or spillovers)



Basic elements of research design
� Time: Randomization occurs before treatment; 

treatment occurs occurs before outputs / outcomes / 
impacts you want to measure.

� Programs or treatments: the alternative programs 
you will offer.

� Units (groups or individuals): subjects exposed to the 
treatments(s).

� Observations: What you observe post-treatment.



Unit of analysis
• Randomizing at individual level is usually best
– More cases (true randomness)
– More independence (not nested)

• Problem of randomizing intact groups
– Fewer cases (less likely to be truly random)
– Units within groups not independent

• Ecological fallacy: Making inferences about individuals when 
it�s really their ecology (institution, social group)



Design notation

� X = Program, Cause, Treatment

� O = Observation (Measure, Data)

� R = Random Assignment

� N = Non-Equivalent Comparison Groups

� Multiple Horizontal Lines = Groups

� Multiple Vertical Markers = Time Points
R O X O

R O O



What makes an evaluation flawed?
1. Fails to accurately measure the outcomes

– If don�t have good measures – how to know that the �constructs� really 
changed (or didn’t change).

2. Fails to rule out alternative explanations
– Internal Validity

• Degree to which the design allows us to attribute the results/findings to the 
program

3. Fails to establish counterfactual
– Comparing information about outcomes for program participants with 

estimates of what their outcomes would have been had they not participated
4. Fails to link outcomes to program

– Rossi definition of Program Effect (Program Impact):
• Change in target population that has been brought about by the program
• If no program, the effect would not appear

• A well run experiment solves problems 2-4 (although a badly run 
experiments can create it’s own problems of internal validity…)



How to interpret a negative impact
• Evaluation flawed.
• Program (impact) theory flawed.
• Process (implementation) theory flawed.
• Actual implementation flawed.

– Good program, bad Evaluation vs
– Good evaluation, bad program



Internal vs external validity

• Internal Validity

– Accuracy of the experimental conclusions

• Is the manipulated variables (the program) the only possible cause of the 

observed outcome?

• Would the effects have occurred without the program?

• External Validity (Generalizability)

– Inferences about whether the causal relationship holds over variation 

in persons, settings, treatments, and measurement variables

• Do my results apply only to the people, settings, situations in my study? 

(SCC: units, treatments, observations, settings)

• Construct Validity

– Inferences about the degree to which the units, treatments, 

observations, settings on which data are collected accurately represent 
the higher-order constructs they are supposed to represent.



Internal vs. External validity



Threats to internal validity 

A well-run experiment solves 1-5, 6 (unless differential 
attrition), and 8 (somewhat) but not 7 & 9.



Further threats to internal validity
• Differential attrition

– People may drop out of treatment differentially.
• Social experience of being in an experiment

– Diffusion of Treatment (Contamination)
– Compensatory Rivalry
– Compensatory Equalization
– Resentful Demoralization

• Generalizability
– Artificiality of Situation

• Able to do RA
• Process of doing RA/Experiment (changes program)
• Enough controls (expensive – affects external validity)
• When RA (representativeness of sample – external validity)



Internal validity: ruling out 
alternative explanations

• By design (random assignment)
• By preventive action (experimental design)

– If worried about drop-outs, use incentives
– If worried that control group will become resentful, provide alternative 

program
• By argument

– Assess plausibility of alternative explanations
• Using evidence from literature, previous studies, logic

– A priori vs A posteriori
• By analysis

– Statistically control for alternative explanations
• Good measures of the right alternative explanations
• Valid means of statistically controlling for them



Other strategies for enhancing internal validity

•Expand across time - measurements
–Pretest
–Posttests

•Expand, vary treatment
–Add and remove
–Partition into different levels/types

•Sensitivity (Dosage)

•Expand measurements
–More and better outcome measures

•Add groups
� Applies to non-random assignment as well.



Further threats and solutions for 
internal validity

•Refusal rates (non-compliance): may need agreement to be randomly 
assigned – subjects may refuse or not comply.

–Two options for analysis: intent-to-treat analysis (take intended assignment 
to treatment as the de facto treatment) and/or scale intent-to-treat effect 
by differential participation rate.

•E.g., assign 50% to treatment and control.
•Of treatment group 80% (or 40 percent of total sample) comply, likewise in the the control.
•Just compare treatment vs control accepting that 20% of the treatment group was 
untreated and 20% of control group was treatment. E.g., average wages in intended 
treatment group ($800) – average wages intended control group ($200)=intent-to-treat 
effect ($600).
•But we know that percent actually treated is 40% in the intended-to-treat group and 10% 
in the intended-not-to-treat.
•Scale intent to treat effect by the difference: $600/(0.4-0.1)=$2000 is the effect of the 
actual treatment.



Further threats and solutions for 
internal validity

• Not allowed to randomly assign (e.g., for entitlement 
programs).
– Can randomly “promote” the treatment among a random set of 

individuals, and not promote it among others.
– Will work if take-up of the entitlement program is <100%.
– But then analysis is like non-compliance – take into account differential 

participation in treatment with and without random promotion.



How do you actually randomize?



Randomization check
• If you are analyzing the data, then check that 

the randomization worked. How?
– Confirm that all measurable variables are 

balanced across treatment and controls groups.
• And hope the same is true for the unmeasured…

• If you are the evaluator / designing the 
experiment:
– Confirm that your proposed randomization 

balances pre-treatment / baseline characteristics.
• What to do if it does not? Re-randomize or ex post 

adjustment. 



Examples



Solomon four group design



Field and Pande

• Most microcredits require a steady flow of 
repayments. In theory flexible repayment 
schedules are better for the client (can time 
payments efficiently), but MFI�s claim that 
steady repayment imposes financial discipline.

• But key incentive is probably the dynamic one: 
want to borrow again.



The experiment

• Field and Pande randomize whether 
borrowers had weekly payments or monthly 
payments (but still weekly meetings with the 
group).

• Otherwise classic Grameen-type loan (joint 
liability, weekly group meetings, women).



Results



Results



Group liability

• Gine and Karlan tackle group liability.
• Look at a bank in the Phillipines that took 

away this feature.
• Treatment is some exposure to individual 

liability.



Successful randomization



Gine and Karlan results



Gine and Karlan results



Angrist and Lavy: education 
example

• A program wants to improve high school 
matriculation rates (in Israel -- the bagrut) by paying 
students to take the matriculation exam.

• How can we evaluate this?
• Ideally, the simplest case is randomize some students 

to the incentive and not others.
• But program administrators might (did) object to 

this.
• So the scheme was more complex.



Angrist and Lavy: what they did

• Figure out who really needs the program, and 
assign them for sure.

• Don�t offer it to those who clearly don�t need 
it.

• Randomize the middle range.
• But even in the middle range you want those 

who need the incentive to be more likel to get 
it.



The design
• Estimate Logit regressions with information from the previous cohort of 

students: predict the probability of Bagrut certification as a function of 
number of Bagrut subject tests they had taken previously and their 
maximum score on these tests, denoted here by p1i for student i.

• The population of 1302 seniors enrolled in the 1999-2000 school year are 
enterred into three groups :

• All students with a very low probability of Bagrut attainment (p1i<.053) 
were offered the opportunity to earn a bonus. It was inexpensive and 
politically expedient to offer bonuses to this group, about 15 percent of 
enrolled seniors in the Southern cohort.

• Students with a very high probability of success were excluded; in 
particular, we did not offer bonuses to 612 students with p1i>.66, about 
half of seniors.



The design (cont�d)
• The remaining 491 students were potentially eligible.
• Treatment was assigned to these students as a function of family size and 

father�s education, with students of lower socioeconomic status more 
likely to be in the treatment group.

• Used the previous cohort of seniors to estimate the probability a student 
would obtain a Bagrut certificate as a function of family size and father�s 
schooling,denoted p2i.

• Then randomly assign a high or low threshold to each student. Assigned 
the incentive if their p2 < q.22, never if p2>q.7, and in between based on 
coin toss of Z.



The design



Basic results

Independent variable is being offered a high threshold (randomly assigned to Z=1). 
Dependent variable is whether you were offered the incentive or not (basically 
everyone with high threshold - half the sample - is offered the incentive) and then 
whether you eventually matriculated.




