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Resumen

1. Introduction

In public policy evaluation two populations ( a treatment group and a control) are compared in terms of an
intervention e�ect. Those interventions can be government aids, grants, subsidy, a training program. The
goal of public policy evaluation (PPE) is to determine the magnitude of the impact of the intervention,
in order to take decisions about the design of the program, to evaluate the program e�ciency in terms
of cost-bene�t and the ful�lment of the program objectives.

Program evaluation typically based on process evaluation and outcome evaluation, �rst case o�er possi-
bility to assess if the public policy as implemented as planned, validating whether objectives were met,
target population was blanketed with the program and determine success of the program. Other one
diagnose whether program e�ect generate a change in population behaviour,

Impact revealed by PPE call of special attention since resource allocation may be a�ected directly as
mentioned (?) doing that great programs receive a better resources contribution meanwhile bad projects
could be deleted or corrected. On the case, indirectly resource allocation not always due to technical
criteria, refer to political interests.

As a result, PPE brings an important feature released with counter factual measuring comparing observe
program results in cases where program is present and the results would have been observed in their
absence.

Traditionally the surveys carry on in public policy evaluation studies come from a complex surveys such
as strati�ed and multi-stage designs, nevertheless, practitioners usually ignores the complex survey design
in statistical analysis process. That means that the sample weights are ignored and the conclusions from
this studies can not be extend to the population.

In this work, we will use the proper estimators for the parameters and the variance in order to extrapolate
our results to the population and to get a uncertainty measures with respect to the estimator accurate.
Unbiased estimators will be implement in this work.

Under simulation scenarios we will show the consequences of ignoring the complex survey design in terms
of the estimator bias. A design e�ect (de�) approach will be used to determine sample size for di�erent
scenarios, the power of a test approach to compute sample size will describe in this work.

A comparison between di�erent sampling design will be show (classic inference approach, simple random
sample without replacement, simple random strati�ed sample and two-stage sample.
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2. Objectives

2.1. General objective

Evaluate the e�ect of survey sampling design in the parameters of comparison estimation used in public
policy evaluation and in matching methods.

2.2. Speci�c objective

Develop the state of the art for estimating parameters of comparison used in policy public evaluation
in surveys and their variance.

Develop computational tools for estimating parameters of comparison used in policy public eva-
luation in surveys and their variance.

Evaluate the e�ect of survey sampling design in the parameters estimation of the treatments

3. Theorical frame

Whatever is the study and the statistical technique to apply, always there are an interest population
that we are gonna understand like a �nite set of N identi�able elements with similar characteristics or
traits as described in ?

In all of the studies its impossible to analyse all the subjects of the population for economic or logistic
reasons, so its necessary to select a sample called as a representative subset of the population extracted
from a statistical random selection algorithm based in the sample design selected.

3.1. Observational studies

Empiric investigation that visualize the behaviour of the subjects and measure variables of investigator
interest through the time trying to understand what is the e�ect of an interview.

As idea is to estimate the e�ect for the interview is necessary to generate a preview classi�cation for the
population, understanding as

Treatments: Individuals that have intervention coverage for having speci�c policy characteristics

Controls: Individuals that are part of the target population and have similar treatment group
characteristics, but were not selected for the policy coverage

Since this classi�cation, is necessary to assign the sample using di�erent criteria as a proportional assign
based in the economic possibilities or the number of individuals in each group, such as mentioned ?,
an observational study are structured to resemble a single randomized experiment where treatment is
assigned randomly in cases where the conditions can be observe, and in other case where those conditions
cant be observe. Second model refer to individuals who look comparable in the observed data may not
actually be comparable.

In studies with this characteristics, idea is to meet the estimator, understood as an statistic used to
determine the value of an unknown parameter in the population, thus being able to know a re�ect of an
procedure with a numerical quantity for each groups and decide what's the result of the study.

For facility in the notation, we are gonna refereed to treatment population as population 1 and control
as population 0.
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3.2. Estimation of comparison parameters ignoring sample design

Sometimes parameters estimation is developed in wrong way, cause use the sample like the universe
forgetting the survey weights, as a population estimate, and this practice maybe will be correct in
descriptive process but not in complex survey cases.

For our statistical techniques to review, estimation process only require interest information for sample
population in each group generated from the PPE, whereby it is performed an descriptive estimation not
only for total(estimator) if not the variance, so we are gonna talk about some of them

3.2.1. Means di�erence

Analogously, determine if exists a di�erence between the means in two independent groups, its appropriate
to employ Means di�erence technique based on a behaviour like in 1Means di�erence�gure.1, whereby
parameter(di�erence) will be estimating as

θ = µ1 − µ0

µ exposed as the quotient of sum of the interest information for sample individuals and the number of
individuals in the sample, shortly

Figura 1: Means di�erence.

µi =

Ni∑
k=1

Yki

Ni
i = 0,1

And thus ensuring calculate θ as
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θ =

N1∑
k=1

Yk1

N1
−

N0∑
k=1

Yk0

N0

Whilst, theoretical variance refers to

V ar(µ1 − µ0) = V ar(µ̂1) + V ar(µ̂0)

=
σ2
1

N1
+
σ2
0

N0

=

N1∑
k=1

(Yk − Ȳ0)2

N1
+

N0∑
k=1

(Yk − Ȳ0)2

N0

with

Ȳi =

Ni∑
k=1

Yki

Ni
and σ2

i =
1

Ni − 1

N−i∑
k=1

(Yk − Ȳi)2 i = 0,1

However their estimation, in therms of the sample

ˆV ar(µ1 − µ0) = ˆV ar(µ̂1) + ˆV ar(µ̂2)

=
s21
n1

+
s20
n0

=

n1∑
k=1

(Yk − ˆ̄Y1)2

n1(n1 − 1)
+

n0∑
k=1

(Yk − ˆ̄Y0)2

n0(n0 − 1)

where

ˆ̄Yk =

ni∑
k=1

Yki

ni

it is possible to achieve this result cause design is independent for both population, so

cov(µ̂1, µ̂0) = 0

Thus, variance estimation will be given only by the sum of the variance for each population.

3.2.2. Proportion di�erences

Proportion di�erence appear when idea is to observe if exists a di�erence between two proportions(treat-
ment and control), understand a proportion as the number of individuals that meet a condition of interest
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respect to the total population. For example suppose that in a study idea is to estimate which is the
proportion of unemployed in a population in each group for determine if exists a di�erence between both
groups , so, the proportion will calculated as the number of unemployed individuals in the population
respect the total of individuals in it.

Procedure to estimate the di�erence into both groups, with behaviour that looks like 2Proportion
di�erence�gure.2 and obtain the parameter, in this case, is calculate as

θ = p1 − p0

Figura 2: Proportion di�erence.

Where each of these terms are calculated as

pi =

Ni∑
k=1

Dki

Ni
i = 0,1

having a conditional information, denoted as

Dk =

{
1 if k individual meets an speci�c condition

0 in other case

From this, parameter estimation its given by

θ =

N1∑
k=1

Dk1

N1
−

N0∑
k=1

Dk0

N0
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Now, calculation for theoretical variance will expressed as

V ar(p̂1 − p̂0) = V ar(p̂1) + V ar(p̂0)

=
p1(1− p1)

N1
+
p0(1− p0)

N0

and their approximation refer to

ˆV ar(p̂1 − p̂0) = ˆV ar(p̂1) + ˆV ar(p̂0)

=
p̂1(1− p̂1)

n1 − 1
+
p̂0(1− p̂0)

n0 − 1

Newly, assuming independence in the design, covariance between p̂1 and p̂0 will be null.

3.2.3. Di�erence in di�erence

Through means and proportions di�erence, born a di�erence in di�erence concept o commonly called
Dif−Dif , understood as an individuals review over time, such as, an visualize what's the e�ect generated
by the public policy, also seen in 3Di�erence in di�erence�gure.3

Figura 3: Di�erence in di�erence.

Seen otherwise, individuals in each review time will denote as

Treatment Control

t0 Y0 | Dk = 1 Y0 | Dk = 0
t1 Y1 | Dk = 1 Y1 | Dk = 0
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For the time being, we will check di�-di� in means cases, in which parameter estimation refer to

θ =
[(
Ȳ1 | D = 1

)
−
(
Ȳ1 | D = 0

)]
−
[(
Ȳ0 | D = 1

)
−
(
Ȳ0 | D = 0

)]
Assuming that exist a natural trend that evolves equal for control and treatment population, so that last
result its equal to

θ = (µ̂11 − µ̂10)− (µ̂01 − µ̂00)

With a µ calculate as

µti =

Nti∑
k=1

Yk

N

where t denote the time, after or before intervention, taking 0 and 1 value correspondingly. i subscript
referring to populations, 0 in control case and 1 for treatments. So that �nally θ is obtained as

θ =


N11∑
i=1

Yk11

N11
−

N10∑
k=1

Yk10

N10

−

N01∑
k=1

Yk01

N01
−

N00∑
k=1

Yk00

N00



However,for variance element

V ar ((µ̂11 − µ̂10)− (µ̂01 − µ̂00))) =V ar (µ̂11) + V ar (µ̂10) + V ar (µ̂01) + V ar (µ̂00)

=
σ2
11

N11
+
σ2
10

N10
+
σ2
01

N01
+
σ2
00

N00

=

N11∑
k=1

(Yk11 − Ȳ11)2

N11(N11 − 1)
+

N10∑
k=1

(Yk10 − Ȳ10)2

N10(N10 − 1)
+

N01∑
k=1

(Yk01 − Ȳ01)2

N01(N01 − 1)
+

N00∑
k=1

(Yk00 − Ȳ00)2

N0(N00 − 1)

and their corresponding approximation
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ˆV ar ((µ̂11 − µ̂10)− (µ̂01 − µ̂00))) = ˆV ar (µ̂11) + ˆV ar (µ̂10) + ˆV ar (µ̂01) + ˆV ar (µ̂00)

=
s211
n11

+
s210
n10

+
s201
n01

+
s200
n00

=

n11∑
k=1

(Yk11 − ˆ̄
11Y )2

n11(n11 − 1)
+

n10∑
k=1

(Yk10 − ˆ̄
10Y )2

n10(n10 − 1)
+

n01∑
k=1

(Yk01 − ˆ̄
01Y )2

n01(n01 − 1)
+

n00∑
k=1

(Yk00 − ˆ̄
00Y )2

n00(n00 − 1)

3.2.4. Discontinuous regression

Particular case where PPE its based on a design where probability to obtain a treatment depend on a
observe continuous variable, also observed in 4Discontinuous regression�gure.4, public policy focuses it
attention in individuals group located after the threshold or also called eligibility margin.

Figura 4: Discontinuous regression.

As it indicated in ?, each k individual in the universe is possible to observe an treatment indicator,
denoted as τk, explained as

τk =

{
1 if k individual is under threshold

0 in other case

at the same time, a set of covariates or additional information and an observable continuous varia-
ble(Score) are present for each k individual. Discontinuous regression(RD) estimator its based on obser-
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ve that nearest individuals to the threshold are very similar to each other, no matter which side of the
threshold are, only di�erence is that a certain group will receive public policy and the other one no.

In this manner, a simple representation of the result variable could be expressed as

Y = α+ β0τk + β1τkSk + ε (1)

In 1Discontinuous regressionequation.3.1 α denote intercept parameter in control population, meanwhile
α+ β0 is the coe�cient for treatment population, hence, β0 will be interpreted as public policy impact.
Likewise β1 represent the Y change given by an increasing in a unit of the Sk, which indicates the score
for k individual, ε is the noise or the error therm.

Through this purpose model, variance estimator

V ar(β̂0) =
σ2(1−R2

M )

Np(1− p)(1−R2
T )

where σ2 denote the variance for the response variable(Y), p is the individual proportion allocated to the
treatment, R2

M is the determination coe�cient for the model and R2
T as the square correlation between

indicator variable(τ) and the score. It estimation correspond to

ˆV ar(β̂0) =
σ̂2(1− R̂M

2
)

np̂(1− p̂)(1− R̂T
2
)

3.3. Estimation of comparison parameters in surveys

Normally, PPE assumes that population contain a determinate number of individuals,named as a �nite
population, cause it relate sate resources or feature with economic restriction. In this way, is generated
a therm representing how likely probably its that an individual will be selected in the sample, which
allow to represent other individuals that were not select through sample random algorithm implemented,
called �rst order inclusion probability, according to (?)

πk = Pr(k ∈ S) = Pr(Ik = 1) =
∑
s/∈k

p(s)

where Ik is an indicator function for kth individual, de�ned as

Ik(s) =

{
1 if k ∈ S
0 if k /∈ S

Also possible to know the inclusion probability for kth individual, is possible to determine probability
that two individuals will selected in the sample, which is known as second order inclusion probability,
expressed as

πkl = Pr(k ∈ S and l ∈ S) = Pr(IkIl = 1) =
∑
s/∈k,l

p(s)

All estimation will be expressed under sample simple random(MAS) design, given opportunity to use
another design and compare di�erent complex survey estimations using e�ect design(Deff), understood
as an comparison of two sample designs, MAS as the base design and another one, either in accuracy
therms in the weak of being compare respective design variance.

Facultad de Estadística Trabajo de Grado Junio 2016



10 Nicolás Ramírez Vargas. & José Fernando Zea Castro.

Deff =
V arp(·)

V arMAS

Thus, Deff ∈ R+, indicating which design is better(e�cient) into compare design exposed as V arp(·)
and MAS variance. When comparison is less than 1, that is, any design it is many times more accurate
than MAS, contrary case, Deff > 1, represent a major scenario for denominator design.

3.3.1. Means di�erence

Parameter estimation for means di�erence in surveys require πk information, in such a way that popu-
lation behavior could be explain through the sample as a means estimation, assuming a known universe
for both populations it result as

θ̂ = µ̂1 − µ̂0

=

∑
s(1)

Yk1
πk

N1
−

∑
s(0)

Yk0
πk

N0

s(0) and s(1) denoted their respective sample, on the other estimation, variance for sample random sample
without replacement design will be expressed in therms of

ˆV arMAS(µ̂1 − µ̂0) = V ar(µ̂1) + V ar(µ̂0)

=
N1

n1

(
1− n1

N1

)
S2
1 +

N0

n0

(
1− n0

N0

)
S2
0

where the variance must be calculated as it is shown in the following result for both populations

S2
i =

1

ni − 1

ni∑
s

(Yk − Ȳ )2

In other case,employee design refers to a strati�ed design

ˆV arEST−MAS(µ̂1 − µ̂0) = V ar(µ̂1) + V ar(µ̂0)

=

H∑
h=1

(
Nh1
nh1

(
1− nh1

Nh1

)
S2
h1 +

Nh0
nh0

(
1− nh0

Nh0

)
S2
h0

)
regardless of the population to which it belongs Nhi correspond to the universe for each stratum, as well
as nhi which denotes sample size in stratum h for i population, and each stratum variance will calculated
in the same way as in V arMAS . Last one case refer to a multi stage design,

ˆV arEST−MAS−MAS(µ̂1 − µ̂0) = V ar(µ̂1) + V ar(µ̂0)

=

H∑
h=1

(
NIh
nIh

(
1− nIh

NIh

)
S2
tj ,1

)
+
NIh
nIh

nIh∑
j=1

ˆVj,1+

H∑
h=1

(
NIh
nIh

(
1− nIh

NIh

)
S2
tj ,0

)
+
NIh
nIh

nIh∑
j=1

ˆVj,0
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For this variance estimation process,

t̂j = t̂
(0)
j + t̂

(1)
j having that t̂

(i)
j =

Ni
ni

n
(
ji)∑
k=1

Yki

V̂j = V̂
(0)
j + V̂

(1)
j given by V̂

(i)
j =

N2
i

ni

(
1− ni

Ni

)
S2
i

where

S2
i =

1

ni − 1

∑
Sj,i

(Yk − Ȳ )2

3.3.2. Proportion di�erence

Proportion di�erence estimation will be given through contrast between both populations and use of the
sample weights based on πk(�rst order inclusion probability).

θ̂ = p̂1 − p̂2

=

∑
s(1)

Dk1

πk

N1
−

∑
s(c)

Dk0

πk

N0

Estimation process use Dk as a dummy variable(contain 0 or 1) depending to the ful�llment an speci�c
condition. Likewise exist a way to calculate a theoretical variance for the parameter, perhaps, its a
di�cult process and require an estimation given by sample and intrinsically respective design.

ˆV arMAS(p̂1 − p̂2) = ˆV ar(p̂1) + ˆV ar(p̂2)

=
N1

n1

(
1− n1

N1

)
S2
1 +

N0

n0

(
1− n0

N0

)
S2
0

where

S2
i =

p̂i(1− p̂i)
ni − 1

Last results needs universe(N) in each population as well as respectively sample size, and the sample
variance, calculate as a descriptive measure.

Variance estimation in proportion di�erence for others interest designs(strati�ed simple random and
multi-stage) will be estimate in the same way as was done for means di�erence, only changes the interest
variable, cause in this case estimation process it is performed on Dk variable and not on Yk.

3.3.3. Di�erence in di�erence

Di�erence in di�erence known as double di�erence in some cases, employs a similar process viewed in
means di�erence, cause parameter estimation,θ will be estimate with the same strategy, but incorporating
information in both times, before public policy and posterior of them.
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Perhaps, is totally necessary to observe in detail what happened with the individuals in course of time
between both observation, well is possible than a group of individuals in any population leave the process,
generating a sample size reduction for second moment. For practicality, we will denote previous moment
as initial time or t0, and other one as t1

This possible individuals reduction, will be denoted as an overlap, representing a percentage of population
that leave the policy, so that sample size and posterior estimation for parameter will be in�uence. At
the same time, correlation between both stages, indicating if the participation of an individual in second
time depend of previous participation.

Finally, parameter estimation will be

θ̂ = (µ̂11 − µ̂10)− (µ̂01 − µ̂00)

As universe size is knowing and both population are �nite, is not necessary to estimate the universe, in
such a way parameter estimation is establish as a double means di�erence including time di�erentiation.

Additionally, variance estimation could be expressed as the product into the sum of the variance for both
populations in both periods and the individuals overlapping

V arMAS (θ) = V ar (µ̂11) + V ar (µ̂10) + V ar (µ̂01) + V ar (µ̂00)

= σ2
11 + σ2

11 + σ2
11 + σ2

11 + (1− (T ∗R))

=

(
N11

n11

(
1− n11

N11

)
S2
11 +

N10

n10

(
1− n10

N10

)
S2
10+

N01

n01

(
1− n01

N01

)
S2
01 +

N00

n00

(
1− n00

N00

)
S2
00

)
∗ (1− (T ∗R))

Here, is possible to observe what is the role of the correlation and overlapping, �rst one denoted as R in
an ideal case takes the value of 1, while second one takes the value of 0 in lass result as T .

Well now, last result present variance estimation for simple random sample design(MAS), nevertheless
to a di�erent design as strati�ed design, estimation will be

V arEST−MAS (θ) = V ar (µ̂11) + V ar (µ̂10) + V ar (µ̂01) + V ar (µ̂00)

= σ2
11 + σ2

11 + σ2
11 + σ2

11 + (1− (T ∗R))

=

(
H∑
h=1

Nh11
nh11

(
1− nh11

Nh11

)
S2
h11 +

H∑
h=1

Nh10
nh10

(
1− nh10

Nh10

)
S2
h10+

H∑
h=1

Nh01
nh01

(
1− nh01

Nh01

)
S2
h01 +

H∑
h=1

Nh00
nh00

(
1− nh00

Nh00

)
S2
h00

)
∗ (1− (T ∗R))

Also the variance is expressed in di�erence and proportion di�erence for strati�ed design, h represent
each stratum

3.3.4. Discontinuous regression

Response variable estimation through this technique incorporating the design generate a estimation
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Ŷ = α̂+ β̂0τk + β̂1τkSk + ε (2)

which allows to estimate the variance for simple random sample design as in the follow equation

ˆV ar(β̂0)MAS =
(

1− n

N

) σ̂2(1− R̂M
2
)

np̂(1− p̂)(1− R̂T
2
)

3.4. Sample size

Public policy evaluation studies require a minimum measure of individuals for ensure coverage in the
e�ect estimation re�ected in an ideal sample size given by costs, speci�c con�dence level, relative error
or power test purpose by practitioners, in this work costs won?t be analyse. It will be feasible based on
previous information or pilot test, where population behaviour be evidence.

Normally, pilot test allow to inferring how will be the population concerning to estimate the accurate
sample size. Complex surveys needs a preliminary n for estimate, so the size used in test could help in
the way to purpose an initial size, that in the same time represent the inference case.

Though initial size and observed parameters its possible to include survey design information, namely, a
correction factor �nitude , denoted as

Fcf = 1− n‘

N

where n‘ represent inference sample size, and N as the population.

This raises another alternative, applied when design correspond to a di�erent of simple random sample
without replacement(MAS), cause is possible to calculate a sample for each design based on Deff

np(·) = nMAS ∗ deff

In this way, for our interest techniques, in calculations for simplicity its assumed that n1 = n0, treatments
and controls correspondingly, clarifying that in the practice usually n1 = k ∗n0, now, sample size is given
by

3.4.1. Means di�erence

To evaluate the mean e�ect of the public policy in treatments and controls, is possible to assume that
both random sample come from a normal distribution with a means distribution µ1 and µ0 and variance
σ1 and σ0 respectively.

In cases, when study idea is to measure if the mean into two groups is equal, is necessary to establish a
relative range error, that indicate whats the maximum amount allowed in the means.

From this amount, is possible to pose this hypothesis:

H0 : µ1 − µ0 = δ0 vs H1 : µ1 − µ0 6= δ0

where µ1 represent the means treatment , µ0 control mean, herewith statistical test for measure it refer
to
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Z∗ =
µ̂1 − µ̂0√
σ1
n1

+
σ0
n0

Which contrasts with a standard normal distribution critical value (Z1−α/2) permit to evaluate the
hypothesis .This approach, from the rem indicated avouch a minimum and ideal sample size

nMAS ≥
n0

1 +
n0
N

where n0 =
Z2
1−α/2 ∗ σ

2
10

rem2

We will denote the range relative error as rem and the variance σ2
10, that will be calculate as

ˆV ar(µ1 − µ0) =
σ2
1

n1
+
σ2
0

n0

=
k ∗ σ2

1 + σ2
0

k ∗ n1

In other situation, calculating the sample size through power test, refer to

nMAS ≥
n0

1 +
n0
N

where n0 =

(
Zβ + Z1−α/2

)2 ∗ (k ∗ σ2
1 + σ2

0

)
k ∗ (δ0 − δ1)

2

3.4.2. Proportion di�erence

When idea is to check if two proportions are di�erent or the same trough an expected di�erence, denoted
δ0 like the maximum allowed, whereby two-tailed test is appropriate for gauge it, so hypothesis to evaluate
makes reference to

H0 : p̂1 − p̂0 = δ0 vs H1 : p̂1 − p̂0 6= δ0

For the test used the statistical test

Z∗ =
p̂1 − p̂0√

p1(1− p1)

n1
+
p0(1− p0)

n0

Which contrasts with a standard normal distribution critical value (Z1−α/2). Under the null hypothesis
we are gonna allowed a speci�c error range, to obtain a correct parameter estimation, so minimum sample
size is given by

n0 =
Z2
1−α/2 ∗ (p1(1− p1) + p0(1− p0))

er2

where er is de�nite as the error range(δ0). Based in the previous result, sample size will be

nMAS ≥
n0

1 +
n0
N
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This is the error range sample size estimation, but if the study require a power test, the sample size refer
to

n0 =
(Z1−α/2 + Zβ)2 ∗ (P1Q1 + P0Q0)

(δ0 − δ1)
2

generating a sample size as:

nMAS ≥
n0

1 +
n0
N

3.4.3. Di�erence in di�erence

To establish the minimum sample size require to determine an e�ect generated by the policy, arises the
hypothesis contrast

H0 : (µ11 − µ10)− (µ01 − µ00) = δ0 vs H1 : (µ11 − µ10)− (µ01 − µ00) 6= δ0

Sample size will be determined by correlation between waves(times) and the overlap percentage into
individuals, expressed in 1 if all individuals studied previous to the public policy application continue
to the second stage, so the following expression represent the way to estimate the require sample size in
relative error case

n0 =
Z2
1−α/2 ∗ (σ2

11 + σ2
10 + σ2

01 + σ2
00)(1− (T ∗R))

rem2

3.4.4. Discontinuous regression

Through power test, a minimum sample size will be

n0 =
(1−R2

M )(Z1−α/2 − Zβ)2

σ2p(1− p)(1−RT )2

where p is the proportion of individuals who receive public policy intervention, while RT is the squa-
red correlation between individuals score and indicator variable for determine if a person receive the
intervention(dummy), RM is the determination coe�cient for the adjust model and σ is the variance in
response variable.

In this way is possible to guarantee a minimum coverage level aslant probability to commit an error of
type II.

4. Simulation

Simulation way were addressed reviewed techniques, employing R software, has been possible to determine
the e�ect of Public Policy in some cases using numerical methods called MonteCarlo.

In seeking to obtain comparable results, was proposed to study some complex sample surveys, making
reference to an inference base case exposed as the pilot test, from which it has succeeded in raising other
designs. First design correspond to a simple random sample design without replacement, second proposed
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design refers to a strati�ed case, where interest unit will be selected by MAS, last one is a multi stage
design, two stages will be evaluated in this case.

Graphic diagrams below are presented to understand in a more detailed way what is the procedure in
each purpose design, therefore, each of them has been evaluated in the revised statistical techniques for
evaluate public policy.

Suppose it is possible to have census or administrative information about an speci�c population, so that
can be implemented as a pilot test to know population behaviour in an interest information and �nally
selecting a sample as in Inference Diagram

Figura 5: Inference diagram.

For example, think you have access to district information about the sudent registration in education
system, and idea is to select a sample for apply the initial phase of a nutrition public policy, so it will
be a pilot test for determine a minimum sample size for another purpose design.

Now, through this recolected information it is possible to decrease the sample size guaranteeing estima-
tions by means of a simple random sample design with a determine con�dence level or relative error, so
that in MAS Diagram

Figura 6: MAS diagram.

Last diagram present the MAS procedure, thus being able to select a sample with a minimum size
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according to a random algorithm, in context, select a students sample for give them public bene�t, then
evaluate the e�ect of this policy intervention.

Evaluating the population a little more rigorously using additional information, is possible to implement
a strati�ed design as well as in EST-MAS Diagram

Figura 7: EST-MAS diagram.

where in an initial moment, interest population is classi�ed through additional information for the uni-
verse, it correspond to a categorical variable or a feature that is possible to evaluate for all individuals,
usually variables as socioeconomic level or geographic distribution are taken into account at this stage,
according to this process suppose that students are classi�ed under municipality residence.

Once it has been classi�ed the population, it proceeds to select by means of MAS way a sample in each
group, called stratum, so that in each municipality some students will be selected. Sample allocation could
be proportional for each stratum or in cases where it is possible to use auxiliar information allocation
can be based on a variance or cost analysis.

Last, multi stage design turns out to be similar to an strati�ed design, since it require to classify the
population, but in this case not all stratum will be selected in sample as in EST-MAS-MAS Diagram

Figura 8: EST MAS-MAS diagram.

inasmuch as random process with speci�c condition somo stratum are selected, think that the classi�ca-
tion delivery 20 strata(municipalities) and only are taken into account including 6 aslant MAS selection.
Later, in each of strata selected some individuals are included in the sample using simple random sam-
ple(MAS) design.
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However, having a clear conception of the design to evaluate, it can clear up that simulation way were
analyzed and estimated the e�ect of the public policy intervention for di�erent settings or statistical
techniques previously reviewed and visualized complex survey design.

See in detail basic elements used in proposals simulations correspond to a set of initial parameters for
the mean and for the variance as is possible to observe in Figure 9

Figura 9: Allocation of initial µ parameters

Treatment means will be �xed, while mean for controls will have sequence variations about more or

less
1

5
standard deviation, thereby generate nine contrasts to evaluate for each technique achieving to

determine respective sample size and parameters estimation

Figura 10: Allocation of initial σ parameters

Likewise, variance parameters have been determined, varying values for controls and remaining �xed
treatment variance, as in Figure 10

In this way, speci�c stage will be given as

µ
(c)
i = µ(t) ± 1

i
µ(t) i = 0, 1, 2, 3, 4

For both parameters, mean and variance, will be used exactly the same dynamic. Now, some of purpose
design use a strati�cation concept also observed in Figure 11

Figura 11: Strati�cation process
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where initially universe correspond to single population, more or less two million individuals as for the
other simulations, which is strati�ed according to an auxiliary information, generating a determine num-
ber of strata. Once constructed limits and characteristics for each strata, proceeds to classify individuals
in treatments or controls depending on the classi�cation conditions given by the public policy.

For example, suppose that is possible to know in detail users of health system, and idea is to classify
the population according to an auxiliary information, as SISBEN score, in three strata, in which will be
selected individuals by simple random sample design(MAS).

Means di�erence

Parameters have been �xed seeking to represent reality cases, and most important criteria, is the
possibility to compare all stages, so coe�cient of variation is constant in nine stages.

For each population, mean and variance parameter will be the same. Given that treatment para-
meters will be �xed for all stages, it will be take a value of $1'131.645, suppose that it represent
mean income for this population, as well as standard deviation. Control parameters will vary based
on treatment parameters according to the respective stage.

Inferential and simple random sample design estimation will be made directly while strati�ed
designs require auxiliary information, which should also be simulated.

Information for EST-MAS design will be simulated based on Income information, with a 0.6 co-
rrelation, whereby possible to construct homogeneous strata inside and heterogeneous between
strata.

EST-MAS-MAS design required external information then suppose that the primary sampling
unit correspond to a Colombia municipalities and second one correspond to an individuals, in this
manner DANE population registries have been used for strati�ed this units in 5 strata. First one of
them turns out to be dorced inclusion, since capture biggest municipalities. Finally, were selected 30
municipalities in �st design stage, second one require a sample ideal allocation, whereby geometric
allocation based on ?, municipalities with many population will be assigned as many surveys, but
in smaller municipalities ensures a signi�cant number of surveys.

Proportion di�erence

Initial population parameters have been �xed as follows:

• Treatments: Proportion of individuals with an speci�c condition correspond to 0.5.

• Controls: It proportion varies between 0.7 and 0.3, with a variation between each stage of
0.05.

These values permit to evaluate nine stages, which will be constructed as the same as in means
proportion technique. Strati�ed process for both cases, take into account the same information.

Di�erence in di�erence

As di�erence in di�erence evaluate two periods, parameters for mean and variance were �xed for
treatments in both cases and vary for controls alike in means di�erence.

Mean in time prior to the public policy intervention correspond to $600.000, as the same as the
variance, and value after intervention to $840.000, assuming an increase of approximately 40% in
the wake of the e�ect given by the policy.

Parameters for control population, are variants for each of the nine stages, perhaps relation between
mean and variance remained constant and equal in each variation, dynamic is the same that in
means di�erence.

Discontinuous regression

Cases for generate shift in this technique does not correspond to evaluate mean or variance parame-
ters insomuch as in this opportunity we will vary the distance between the lines in the adjustment
model
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5. Results and conclusions

1. Estimations under simple random sample design coincide with case when sample design has been
ignored, only di�erence in this case is that when correction factor �nitude is incorporated sample
size decrease, meaning that MAS design always have less sample size than inferential case.

2. When di�erences to found between both populations, treatment and controls, becomes more
strict,its necessary to have a larger sample size, since normally in this cases both populations
will be similar.

3. Di�erence to assess is in�uential for the sample size estimation, since universe, mean and variance
for each population are required for estimate it, so in populations with much variability for response
variable generate a signi�cant weight in sample size.

4. Relative bias generally is less when complex sample survey is taken into account, given that sample
weights allow to obtain more precise estimations.

5. EST-MAS e�ect design(de�) in most cases turns out to be lower than simple random sample design,
i.e, its more e�cient than base design(MAS). In such a way it require smaller sample size and yet
precision of the estimates amounts to be the same.

Another is the outlook when the proposed design refers to EST-MAS-MAS, since particularly is
necessary to have more sample size, which it is understood at the sample allocation, where the
primary sampling unit generates homogeneous strata.

6. Relative bias ignoring complex sample survey comparing to EST-MAS-MAS design exhibits a
particular behaviour, cause sample is so heterogeneous in the wake of that �rst unit has been
strati�ed, so inferential estimation process present a supremely high bias, while contemplating
multi stage design captures adequately the behaviour of the population according to the stratum
that belongs.

Future investigation way

Initially, we have possibility
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