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Write down a definition of
Impact evaluation
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Impact evaluations answer the question as
to what extent the intervention being
evaluated altered the state of the world

= th licator with the
. We can see this _
intenv red to what it would have

So we use a

= Yt(1 ) — Y’[(O) comparison

group



» Counterfactual
« Comparison group
« Control group



The attribution problem:
factual and counterfactual

Outcome variable

Start of
} intervention

Impact
varies over

time

Factual .

Counterfactual

10

20

30 40

Time (months)

50

60
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... and is it sustainable?

Start of
intervention

Outcome variable

End of
intervention }

Factual

Counterfactual

T | |

40 50 60 70 80

Time (months)




When to do an impact evaluation?

It all depends on how long you need to see
an impact:

« Supplementary feeding for pregnancy weight
gain — less than nine months

« Learning outcomes, lifetime earning?

« What has been the impact of the French
revolution?”lt is too early to say’Zhou Enlai

* Yahoo — randomly assign 100,000 hits to a
modified design of home page and get results in
one hour




« So where does the counterfactual come
from?

* Most usual is to use a comparison group
of similar people / households / schools /

firms...



Before After

Project

Comparison




* nis the number of units of assignment,
e.g. schools, villages, sub-districts (the
unit of assignment can be different from
the treatment unit and unit of analysis)

* If nis large then we create treatment
(project) and comparison groups which are
iIdentical prior to the intervention...

— And use statistical analysis to assess post-
intervention differences between treatment

and comparison: we say these differences are
caused by the intervention



Project

Comparison




Agricultural
extension Iin
Uganda

Robusta coffee yield kg/ha

Before After
Project (treatment) 720
comparison

The majority of evaluations have just this information ...
which means we can say absolutely nothing about impact



Before versus after single difference comparison
Before versus after = 720 — 620 = 100

Before After
Project (treatment) 620 720
comparison

This ‘before versus after’ approach is outcome
monitoring, which has become popular recently.
Outcome monitoring has its place, but it is not
impact evaluation




Post-treatment comparison

comparison
Single difference = 720 — 680 = 40
Before After
Project (treatment) 720
comparison 680

But we don’t know if they were
similar before... though there are
ways of doing this (statistical
matching = quasi-experimental
approaches)



Benefits of ex ante designs:

- Baseline data
« Better comparison group

(including possible RCT

It's never too early to start your
compariso impact evaluation

impact evaluatiC
matching). SO WE N

FROM PROJECT AND COMPARISON AREAS




Where does the comparison group come from? %6

Experimental: Non-experimental:
« Randomized control « Quasi-experimental
trials (statistical matching)

* Natural experiments « Other statistical
methods (e.g.

— 5 oo | Instrumental
™~ Y variables)
: W Sl coriol crove We will learn more
SRS about these methods
EEEEEEEEEREEY. in future lectures



Complete the table below using one selected outcome

indicator for your intervention
» Before versus after

« Ex post single difference

* Double difference

What conclusions can you draw about (i) the programme
and (ii) methods?

Before After
Project

Comparison
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Theory-based impact evaluation

Howard White
International Initiative for Impact Evaluation



The case of the
Banglades
Integrated
Nutrition
Project (Bl




single difference in z score

Comparison of impact estimates
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Mid-term End-line
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Target group
participate in
program
(mothers of
young
children)

Target group
for
nutritional
counselling is
the relevant
one

Exposure to
nutritional
counselling
results in
knowledge
acquisition and
behaviour
change

Children are
correctly
identified to
be enrolled in
the program

Behaviour change
sufficient to change
child nutrition

Food is
delivered to
those enrolled

Supplementary
feeding is
supplemental, i.e.
no leakage or
substitution

Food is of sufficient
quantity and quality

Improved
nutritional
outcomes




The theory of change

2= — 7 Right target

nutritional

Target group counselling.ie
participate in the relevant
program 2
(mothers of
young

children)

PARTICIPATION
RATES WERE UP I”ng
TO 30% LOWER

FOR WOMEN

LIVING WITH THEIR

MOTHER-IN-LAW

roamantity and quality

ved
onal
nes




The theory of change

Target group
participate in
program
(mothers of
young
children)

Target group
for
nutritional
counselling is
the relevant
one

Exposure to
nutritional
counselling
results in
knowledge
acquisition’_
behaviour
change

Children are
correctly
identified to
be enrolled in
the program

Food is
delivered to
those enrolled

Knowledge
acquired and
used

feedr.,
supplementar, <.
no leakage or
substitution

Food is of sufficient

quantity and quality

proved
Itritional
dtcomes




Target group
participate in
program
(mothers of
young
children)

Target group
for
nutritional
counselling is
the relevant
one

The theory of change

=

Children are /

correctly
identified t
be enrolled in
the program

/ The right

children are

enrolled in t
programme

‘aur change
*q change
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L___ Food i

quantity and quality

s of sufficient

Improved
nutritional
outcomes




The theory of change |I¢
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Target group
participate in
program
(mothers of
young
children)

Target group
for
nutritional
counselling is
the relevant
one

Children are
correctly
identified to
be enrolled in
the program

Extpqsurero - Supplementary —‘
wer | feeding is

knowledge

s |\ SUPPlEmMentary
change N

Food is Supple!

delivered to feeding

those enrolled

supplemental, i.e.
no leakage or

substitution

Food is of sufficient
quantity and quality
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nuanced questions

» E.g. conditional cash transfer second
generation questions:
PANTA\/NID
— Conditions or not? W/ | pirie
o N PROGRAM
— What sort of conditions?

—Who to give money 10?7 Wi e o
— How to give the money? SEALINEARAIN

— When and how often to give money?




Conditionality

1

Odds Ratio

)
[
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w |
- L‘I’ =3 3 el
O 2 4 6
Condition Enforced

Children 60% more likely to be in school with
conditionality which is monitored and enforced

compared to no conditions



Voucher
Scheme
Established

vOou

Students
Attend Private [
School

Students gain
more
knowledge in
private schools
than they
would in public

Higher
test
scores

Better life
(income
etc.)




and Assumptions

Voucher Scheme | Students Attend
Established ‘ Private School

Effective targeting
mechanism

Parents know about the

programme Children do not drop out in

favor of employment,

o housework, etc.
Vouchers distributed

Vouchers provide sufficim Students

incentive for private school attend class
attendance

Students/parents do not prefer to keep children in
public school; e.g. due to distance, discrimination, etc.




Students gain more

Students Attend | knowledge in private
Private School schools than they
would in public
Smaller
student/teacher ratio
AN More parental
Better Private _—"  involvement
discipline schools are
P better . T High
gher
wors — eater performing
training teachers
‘ Better facilities — toilets,
Better water, fans, desks,
motivated and Teacher chalkboards, etc.

monitored attendance




Students gain more
knowledge in private
schools than they
would in public

Assumptions

Higher test

SCOores

Home environment
conducive to studying

Test accurately
measures student
knowledge

Parents can afford
extra classes




Higher test Better life

>
scores (income etc.)
Test scores are Meritocracy in Education
valued by hiring imparts other

employers life skills
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What it really looks like UC

Inputs

. Processes . .




Target
Population
100 PEOPLE

Know
about the
intervention
75 PEOPLE

Intervention
well promoted

Take part ,
Acquire .

45 PEOPLE knowledge Change attitudes Chan
35 PEOPLE 20p

25 PEOPLE behaviour Outputs

Only these people
may experience

improved outcomes

ge

FOPLE realized
15 PEOPLE

Incentives,
Cultural p f\ll necessary
barriers are not an inputs are
Intended Effective : perception of present
beneficiaries  communication InSurmountable them, are
want to and sufficiently
are able to altered

take part

Funnel of Attrition

Outcomes achieved
10 PEOPLE

The theory of
change is right
and other
necessary
complementary
inputs are
present



An example from social funds

The value of the indicator at each step in the causal chain is necessarily lower than the previous step

100 -
©
S 80 -
g
s
o 60 -
(¥
Q
. -
G
o 40 -
ol
| -
Q
gzo—
Q.

0_

Heard of Knew of Attended Spoke at

social meeting meeting meeting
fund

® Malawi
M Zambia

Source: data from Social Funds: Assessing Effectiveness, World Bank, 2002.




The funnel operates within steps in the causal chain

Show up
« Attend

| - Stay awake
¥ ' . Pay attention
« Understand
« Agree

e Absorb

* Retain

* Act



Free male circumcision:
25% If free down to just
10% with partial subsidy

Pre-school in Mexico,
fewer than 10% of
parents who registered
actually took part

Insurance schemes
typically less than 10%
take up




« 1% households stopped
using improved
cookstoves by 8 month
follow up survey

« Water treatment: fewer
than 1/3 households
using filters in Cambodia
and pasteurising in Kenya
after 3-4 years.. And only
5% disinfecting in
Guatemala after just one
year

And participation declines over time

3
1C
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Examples of weak links UC

Improving hygiene in
catering facilities in UK

Ghana cookstoves

VERY GOOD




3ie: Improving lives through impact
evaluation

Thank you

Visit www.3ieimpact.org

Behaviour Change Interventions to Prevent HIV among
Women Living in Low and Middie Income Countries

“Padkages fo
Neonatal Outc

and Mortality and rovin

Sandra McCoy, R. Abigail Kangwende and Nancy S. Padian
Decamber 2009

Zohra S Lass}, Batool A Haider, and Zulfiar A Bhutta
March 2010
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Randomized control trials

Howard White, 3ie



Establish the
counterfactual using a
comparison group



« Comparison groups are nothing new

 What is new Is attention to threats to
validity of comparison group from
— Selection bias
— Contamination
— Spill over effects (e.g. from FFS)



The problem of selection bias

* Program participants are not chosen at random,
but selected through

— Program placement
— Self selection

* This is a problem if the correlates of selection
are also correlated with the outcomes of interest,
since those participating would do better (or
worse) than others regardless of the intervention



Selection bias from program placement

A productivity enhancement programme is targeted
at poor and marginal farmers

These farmers have less land and other assets like
capital, literacy, access to labour and so on... so
their outcomes (productivity) will be lower than that
of non-participants, maybe even with the project

Hence productivity for project farmers will be lower
than the average for other farmers

The comparison group has to be drawn from a
group of similarly deprived farmers



Selection bias from self-selection |]€

« A farmer field school programme recruits farmers from a
community on a voluntary basis

« But those farmers who join are likely to be ‘more
progressive, i.e. more interested in changing practices

« So those farmers who join the programme are more
likely to adopt new practices and have better outcomes
than those who don't join... even in the absence of the
programme

And it may be that those
communities in the programme may
be better performing than non-
programme communities as a result
of either self-selection or progamme
placement




Examples of selection bias

* Hospital delivery in Bangladesh (0.115 vs 0.067)

« Secondary education and teenage pregnancy in
Zambia

« Male circumcision and HIV/AIDS in Africa



.

NS
N e
NSO S TR
RN -.ry"- )
NS
SN

Men typically
uncircumcised

Men uncircumcised

HIV/AIDs and
circumcision:
percentages of HIV cases

(AIDS belt): Botswana, Burundi, ) 2 ..}:-."-.'; geog raph ical
Central African Republic, o Overlay

Kenya, Malawi, Rwanda,

until recently

Areas with highest

Southern Sudan, Uganda, Zambia

Cities to which large populations of uncircumcised men have
recently migrated, and where HIV levels are high



Main point

There is ‘selection’ in who benefits from
nearly all interventions. So need to get
a comparison group which has the
same characteristics as those selected
for the intervention.



Randomization addresses
the problem of selection
bias by the random
allocation of the treatment

Unit of assignment may
not be the same level as
the unit of analysis, e.g.

— Randomize across villages
but measure individual
learning outcomes

— Randomize across sub-
districts but measure village-
level outcomes






Computer-assisted Early marriage, India
learning, China




* The unit of assignment
* The unit of treatment
* The unit of analysis?
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When can we randomize?

* When there is ‘over subscription’ (and we
can generate over subscription through a
raised threshold)

* When a programme will be rolled out over
time
» Using an encouragement design for a

universally available but not universally
adopted intervention



Pipeline

N

Prior matching, e.g.
matched pairs can
reduce necessary sample
size

By analogy, could expand
eligible area and randomize
within that



Matched pairs randomization

Prior matching, e.g. 20 villages in eligible
matched pairs can reduce  sample, e.g.
necessary sample size « 2 much larger than others

« 2 very close to town
« 2 different ethnic group

In these pairs, one is treated and one
control, hence making balance more likely



Don’t need randomize
across whole eligible
population

S T e
1oReRRtanstnageszon

Just use these guys
for the RCT

Encouragement design

No universal scheme is
universally adopted.

There are three groups: (a)
always adopt, (b) never
adopt, and (c) may adopt
with encouragement

An encouragement design
provides an incentive to
group (c) to adopt in
treatment versus no
Incentive in control



Don’t need a ‘no
treatment’ control

In medicine the control gets the
standard practice of care ie the
existing treatment. This comparison
is often the one of most interest to
policy makers

So everyone can get basic
package, with some addition in the
control to ‘make it work better’




« Low cost (<US$100k) impact evaluation in
6-12 months

* How is that possible?
— Simple RCT i.e. individual level randomization

— Measure outputs or intermediate outcomes
(e.g. adoption)




What sort of things can weu
ramdomize at individual level?

 Vouchers

ekers) SCHOOL VOUCHER
This vouches entites Smt, Namita Das and Shei Shankar Dias ,{ 6000 /

to remirtances on the vearly education expendimure upto the

amount of rupees Six thousand on the scl
Srikant Kumar Das thormn on |_H an
Std. 4 duning

school of their choice,

oling of their child

academic vear 2 n any participating

Sponsor DATE OF ISSUE VOUCHER NUMBER
name & logo 28 March 2007 CCS-SV-0001

e |Information

in- On3 SEIIVEN
Lomiad. Sl LI 000t b b
o ————




Refresher

Simple RCT (can be stratified sampling)
Cluster RCT

Pre-matching e.g. matched pair
randomization

Pipeline randomization S




Intention to treat effect (ITT): the total impact
averaged over all those targeted by the

Intervention

Treated of treated effect (ToT): the impact
just on those who actually take part



Control

Treatment

Non-
Compliers

Adopt

Don’t adopt
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Calculating ITT and ToT

» Total income In treatment = 200

* Total income in control = 140

» Ex-post single difference = 200- 140 = 60
 [TT=60/10=6

« ToT 60/6=10

Intention to treat effect is ‘diluted’ by non-
compliance (remember the funnel)

Which measures true impact?



ATE vs LATE

« ATE = average treatment effect

« Can also do sub-group analysis (have to
allow for this in your power calculations,
and mean you will probably use
stratification)

 LATE = Local average treatment effect:
treatment effect is just for those for whom
you are measuring impact



3

Examples of LATE 1C

4
* 8 9
. * :“."
* L o®
’ott,
P4 . ®

.0 I
Land holding (ha)

‘Caliper raised
threshold’ 500

600
400




Dealing with ‘cross-overs

Treatment

Control

Always adopt . . . [
> : p ¢ 3 » : > :

Adopt if offered

Never adopt .
> >




3
Dealing with ‘cross-overs’

* Y(T) =400 Y(C) = 200

* Impact = 400 — 200 = 200
« Change in take up = 4

« ITT =200/8 =25

» ToT =200/4 =50

Cross-overs cause ‘under-estimate’ of
impact (but not really)



Before Income(tc)=200 | After Income (1) =240, c=200

Treatment Control Treatment Control
Adopt Already
adopted
Don’t
Adopt




Encouragement design: calculation

Dif ference
n x proportion new adopters

Impact ToT =

40

= gx05 10




Preparing for an RCT Yo

Has to be an ex-ante design

Has to be politically feasible, and confidence that
program managers will maintain integrity of the
design

Perform power calculation to determine sample
size (and therefore cost)

Collect baseline data to:
— Test quality of the match
— Conduct difference in difference analysis



Thinking about RCT designs i)

What are my
- Unit of analysis (what outcomes are you measuring?
- Unit of assignment?

Do | have sufficient units of assignment (i.e. power
calculation)

How many ‘treatment arms’ will | have?

What do the comparison group get?

What sort of spillovers might there be?

How likely is contamination of treatment or control?
How much of the programme am | going to randomize
and how (e.g. pipeline)?

Who needs to agree to a RCT? Have they? Cultural
factors?
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Steps in carrying out an RCT

-stablish outcomes, theory of change, evaluation
questions

Design data collection instruments

Unit of assignment, treatment and analysis?
Establish eligibility criteria and eligible population
Power calculation and draw random sample
Randomly assign intervention and control
Conduct baseline

Check balance

Endline and impact estimates

Influence policy




There is probably an untreated population
anyway

Need not randomly allocate whole programme
just a bit

Exploit different designs which make less
difference to the programme

Don’t need ‘no treatment’ control
Randomization is more transparent

RCTs are not unethical, spending money on
programmes that don’t work is unethical



https://cdnapisec.kaltura.com/index.php/kwidget/cache_st/1370375027/wid/_619672/uiconf_id/4782181/entry_id/1_uw8syk2l

Some issues

 RCTs can’t handle complexity - FALSE

 RCTs are not applicable to all development
interventions - TRUE

« RCTs can’t be done for interventions with
‘intangible’ outcomes - FALSE

« RCTs are unethical - FALSE but can be
better



Exercise

* |s your intervention (or any component of
it) amenable to randomization?

* What are the unit of assignment, treatment
and outcome measurement?



Thank you

Visit www.3ieimpact.org



Inputs Activities Outputs Outcomes

T 1 |
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An RCT theory of change (@

Inputs Ever,tiing in
(intervention) Letwaen
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Statistical matching and other
quasi-experimental designs

Howard White |
International Initiative for Impact Evaluation



Quasi-experimental
approaches (advantage
IS can be ex post, but
can also be ex ante)



| 3
Where o where art thou, baseline?(1C




, 3
Where o where art thou, baselme?

Existing datasets SRR M e
— Previous surveys o T -
— Monitoring data, but no comparlson

Recreating baselines

— From eXIStlng data (e g. 3Ie ‘ on
Pakistan post-disaster) B g

— Using recall: be realistic
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Matching methods

« Quasi-experimental methods (construct a
comparison group)
— Propensity score matching (PSM)
— Regression discontinuity design (RDD)
— ‘Intuitive matching’

* Regression-based

— Instrumental variables: need to be well-
motivated

Difference in difference (DID) often listed as a
method, but DID best done with matching



 Need someone with all the same age,
education, religion etc.

Treatment Comparison




score matchinc

« But, matching on a single number calculated as
a weighted average of these characteristics
gives the same result and matching individually
on every characteristic — this is the basis of
propensity score matching

« The weights are given by the ‘participation
equation’, that is a probit equation of whether a
person participates in the project or not

PART = By + BLAGE + B,EDUC + B3ASSETS + ...



score matching:!
what you need

» Can be based on ex post single difference,
though double difference is better

* Need common survey for treatment and
potential comparison, or survey with
common sections for matching variables
and outcomes



Variable

Rural resident

Richest wealth quintile

H/h higher education

Outcome (diarrhea

incidence children<2)

Example of matching:

water supply in Nepal

Before matching

Treatment: 29%
Comparison: 78%

Treatment: 46%
Comparison: 2%

Treatment: 21%
Comparison: 4%

Treatment: 18%
Comparison: 23%

OR =1.28

After matching

Treatment: 33%
Comparison: 38%

Treatment: 39%
Comparison: 36%

Treatment: 17%
Comparison: 17%

Treatment: 15%
Comparison: 23%

OR =1.53




Regression discontinuity: an example —
agricultural input supply program

1.0 1.5
Land holding (ha)

:
* % o
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Nalve impact estimates

Total = income(treatment) — income(comparison) = 9.6
Agricultural h/h only = 7.7

But there is a clear link between net income and land
holdings

And it turns out that the program targeted those
households with at least 1.5 ha of land (you can see this
In graph)

So selection bias is a real issue, as the treatment group
would have been better off in absence of program, so
single difference estimate is upward bias




Reqgression discontinuit

Where there is a ‘threshold allocation rule’ for program
participation, then we can estimate impact by comparing
outcomes for those just above and below the threshold
(as these groups are very similar)

We can do that by estimating a regression with a dummy
for the threshold value (and possibly also a slope
dummy) — see graph

In our case the impact estimate is 4.5, which is much
less than that from the naive estimates (less than half)

Where threshold is not perfectly applied use ‘fuzzy RDD’



 Want a variable which is correlated with
having the intervention but NOT the
outcome

» Can be hard to find in practice (random
assignment is being treated as an
iInstrument when regression used to get
the treatment effect)

« E.g. Duflo paper on dams, uses gradient
as instrument



Exercise

* For each evaluation question identify if it is
arge n or small n

* For the large n studies, for an ex ante
design, could you randomize?

« What matching strategy could you use if a
guasi-experimental approach




Thank you

Visit www.3ieimpact.org
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Power calculations

Howard White, 3ie



Some sampling basics

Population mean: the true value of a

parameter, i.e. the average weight for age of
all children aged under in the region of
interest

Sample mean: the average weight for age in
a sample drawn from the population

The larger the sample the more likely it is
that the sample mean is close to the
population mean (provided our sample is a
random sample)




Distribution of sample means

959 of estimates fall So as sample
% of estimates fa _ _
within 1.96 standard Size Increases

deviations (sd) of we are more
population mean, and n =500 likely to get a

sd falls as sample sample estimate
size increases nearer the true
population
mean

n =100

16 2022 2.8 34 36 4.0



This is the basis for large n designs. The
sample is large enough to be representative
of the populations, so we are reasonably
sure that programme effects we measure
are not exceptions



Distribution of WFA z score in the treatment
and control populations before treatment

Treatment
group

Control group



There are quite a lot So with too small a

of children in control sample we may find
group with higher treatment ineffective,
WFA than children or even harmful
in the treatment
group d

X ™~ N Treatment

/ \group

N\
N







So how large a
sample do we need?



Less variability in
the outcome

variable



Less variability in
the outcome
variable

/'\
\

-0.2

-0.6

Control group

So we need to know
that for our power
calculation, but we
can't affect it (though
we can change
outcome variable)

\
\

Treatment
group



It's easier to detect
a big impact than a
small one

N e
/ 2\ \ Treatment

/ \ \group
N\ \
N\

S

Control group



Policy makers

It's easier to detect determine the tThhe biggel,rkthlis s,
C L e more likely we
a big impact than a minimum effect we are 16 be able o
small one want to observe to measure impact
make programme
worthwhile

s\ Treatment
\ group

/

Control group



A larger sample




A larger sample

Treatment
group

-0.6 -0.2

Control group



More formally



So the minimum
effect you can
detect (with 80%
power) Is

(ta +t1-B) SEs

Null hypothesis

ta SEs

\
\

Alternate
hypothesis

\
\

S



* The noisier your outcome indicator, the
harder it is to detect an effect

 We need an estimate of oy from another
data source (as we haven't collected our
own data yet)



MDE = (t, +t;_g) 0y

X P(1—-P)n

MDE is the Minimum Detectable Effect, that is the
smallest effect you can expect to find with these
sample characteristics. So you want MDE to be as
SMALL as possible so you can find small effects.



MDE = (t, + t1-g) o),

1
JP( - P@
And obviously
increasing n helps

5(MDE)/SP = (1-P) =P =1-2P=0=>P = 1%

MDE = f[1/P(1-P)]

0?(MDE)/6P? = -2 so maximize MDE
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Average income in project area is Rs. 5,000 per
month

Using state data from national household
iIncome and expenditure survey oy = 1,000

What sample size do we need to detect a 5%
increase in monthly income?

The poverty line is Rs7,500. What sample size
do we need if reaching that is the MDE?

What is the risk of taking the goal of lifting
people out of poverty for our power calculation?



p . A1=p
P(1—-P)] P(1-P)n

MDE = (t, + t;_p)

 trefers to number of clusters, i.e. J-2 degrees of
freedom

« pis intra-cluster correlation coefficient.

 Number of clusters drives power, not no. of
observations in a cluster



f Table

cum. prob L50 L5 T30 g5 L) L5 Lars T g9 I 995 L 999 I 9995
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We want variation within clusters
So a lower value of p is better

If there Is no variation it is as if each
cluster is just one observation

You need to use existing data to get a
value of p, which will usually be in the
range 0.15- 0.25
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» We can increase power by covariate
matching e.g. matched power
randomization

* The formula for the power calculation
varies with the design — see the 3ie Power
Calculation Spreadsheet



 Households which can’t be located

 Oraren'tin

* Or refuse

* Or return unusable data

* Or don’t comply with treatment
Rule of thumb is to add 20%

Exercise: How many clusters and total
observations do you need?



MANAGING IMPACT
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Howard White ‘ B
International Initiative for Impact Evaluation
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What to ‘impact evaluate”’ (@

 Different stuff
— Pilot and innovative programs
— Innovative programs
 Established stuft
— Representative programs
— Important (flagship) programs

* Look to fill gaps
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What do IE managers need to know?

If an |IE is needed and viable
Your role as champion

The importance of ex ante designs with
baseline (building evaluation into design)

— Funding issues

The importance of a credible design with a
strong team (and how to recognize that)

— Help on design
Ensure management feedback loops



Issues In manaqing IEs .

What team to commission?

Different objective functions of managers and
study teams

Project management buy-in QUARTERLY
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Overview on data Collectlon

Baseline, midterm and endline
Treatment and comparison
Process data

Capture contagion and spillovers
Quant and qual

Different levels (e.g. facility data, worker
data) — link the data

Multiple data sources



Costs largely
driven by large
survey so
additional rounds
Increase costs
(marginal costs of
iIncreasing sample
Size are not so
great)
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Data used in BINP stud

Project evaluation data (three rounds)
Save the Children evaluation

Helen Keller Nutritional Surveillance
Survey

DHS (one round)
Project reports
Anthropological studies of village life

Action research (focus groups, CNP
survey)




Use of existing survey
Add

— Oversample project areas
— Additional module(s)

Lead time is longer, not shorter

But probably higher quality data and less
effort in managing data collection



Some study costs 1C
|ADB vocational training studies:

US$20,000 each

IEG BINP study US$40,000-60,000

|IEG rural electrification study US$120,000
IEG Ghana education study US$500,000
Average 3ie study US$300,000 +

Average 3ie study in Africa with two
) rounds‘_‘of surveys US$500 OOO +




Some timelines

* Ex post 12-18 months

* Ex ante:
— |lead time for survey design 3-6 months

— Post-survey to first impact estimates 6-9
months

— Report writing and consultation 3-6 months
— Then wait 5 years
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Budget and timeline 1C

* EX post or ex ante

 Existing data or new data

* How many rounds of data collection?

* How large is sample?

* When is it sensible to estimate impact?




Exercise

* Propose for your intervention @
— Team composition
— Management structure (quality assurance)
— Timeline for impact evaluation
— Budget



Thank you

Visit www.3ieimpact.org



5

International Initiative for Impact Evaluation ||

Using impact evaluations for
better policies and
programmes, and better lives

Howard White
International Initiative for Impact Evaluation
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The rapid growth in impact evaluations  [je
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1C

Lesson One

Rigorous impact evaluations
can and have yielded
evidence which can be, and
has been, used by policy
makers for better policies and
programmes



What should evidence be used for?

_ ~ Oportunidades
GOIng to scale ‘;,.,,.m:. \; f N 2~ nu., ‘,‘ . "
» Oportunidades R |

(Mexico): national and
iInternational

 Pre-school
(Mozambique)

 School-based
nutrition (China)




What should evidence be used for?

Changing policy
 LEAP (Ghana): raise
amount of the transfer

 PKH (Indonesia):
revise targeting
mechanism

* Irrigation (West
Bengal): ease access
for small farmers

30

25

20

15

=
NP € PROGRAM

Table 1: Transfer as share of beneficiary consumption

® Transfer Share

KEILIADRCA




Pilot to learn
what works

» Cookstoves (Ghana)

« Wage subsidy (South
Africa)
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And close what doesn'’t




Lesson Two

Design studies to answer
second generation (policy-
relevant) questions
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. onde
Second generation impact questio

| Cash Computer( CA:ii)Sted
itiona P
'(I?::Lifers (CCTs) Lea d

. Oprtunidades

’B' RNO F DER¢




|3
And including formative research and evaluationf |
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1C

esson three

Credible identification matters,
but it is not being a RCT which
makes an impact evaluation a
gold standard, that also requires
paying attention to context and
answering the policy question of
Interest



The cult of
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Lesson Four

The competing incentives of
researchers and policy-makers
needs careful management
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Lesson Five

Policy influence is about both
the product and the process



Drocess right

* Plan stakeholder engagement
* And do it from the start

* And monitor how you do it

* And present it right



Multivitamins to tackle

anemia
nemia the power of the
anecdote

04

03

02

01

.04

03

02

01

0.5
0.4

0.3
0o | Maths test

0.1 - SCOres

For just 4 cents a day Wang
went from being a C student
0 ‘ ‘ to a B student

Control Treatment
(Vitamin/day)



Please visit: www.3ieimpact.org/

Improving Lives with Impact Evaluation
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