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Integrated education of minority and majority students

I the Hungarian education system is the least efficient in compensating
socio-economic disadvantment and the consequences of social
inequalities among many countries

I good practices in this direction include desegregation/integrated
education

I in Hungary, education of the Roma has been a hot issue for long time,
and the current education policy is not committed to desegregation

I one reason, besides its huge political costs, may be the lack of
evidence on the effects of integrated education

I I does it actually help minority students?
I does it harm majority students? does it hold them back?

I trade-off between tolerance and cognitive development?

I motivation: to supply evidence
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Contribution

I evaluate the impact of integrated education of Roma students in
elementary school

I program of integrated education accompanied by cooperation and
student-centered teaching methods

I effect on several measures of cognitive development, personality traits
and inter-ethnic attitudes

I re-evaluation of that of Kézdi and Surányi (2009)

I testing multiple outcomes increases Type-I errors: multiple hypothesis
testing

I small sample size: size-independent, simulation-based exact testing
(no asympthotic assumptions)

I matching sensitivity
I positive general effect on students’ skills, no difference on minority and

majority students
I no one was harmed, no sign of a tolerance-cognitive development

trade-off
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Outline

I The program and the data

I Identification and selection

I The multiple inference problem

I The general effect of the program

I Robustness checks

I The channel of the impact

I Conclusions
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The program and selection

I OOIH: National Integrated Education Network Program

I participating schools had to provide integrated classroom environment
and received financial and methodological support to use cooperation
and student-centered teaching methods

I assignment is not random
I schools had to apply (self-selection)
I participating schools were chosen based on their expected success

(”cream-skimming”)
I heterogeneity among program schools: some were integrating before

I 30 control schools were chosen 1:1 by propensity score matching
(done by Kézdi and Surányi, 2009)

I unit of treatment: school
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The balance of the matched sample

Table : Sample balance - pre-program treated and control school characteristics

national treated control test stat
Pscore 0.011 0.080 0.062 0.146
Population 225992.435 87363.310 83398.552 0.008
No of students 285.841 320.133 310.767 0.041
Share of Roma minority support 0.048 0.306 0.259 0.155
Share of mothers with less than 8 grades 0.023 0.094 0.074 0.151
Share of mothers with 8 grades 0.209 0.352 0.327 0.112
Share of fathers with less than 8 grades 0.012 0.034 0.047 -0.159
Share of fathers with 8 grades 0.137 0.257 0.247 0.047
Share of non-working parents 0.195 0.286 0.299 -0.069
Share of those having <50 books at home 0.123 0.293 0.262 0.129
Share of those having 50 books at home 0.123 0.164 0.153 0.072
Avg math score 488.743 455.937 446.110 0.163
Avg reading score 488.404 448.645 435.798 0.198
SD of math scores 87.019 87.764 87.858 -0.003
SD of reading scores 88.555 92.253 95.393 -0.111
Share of those receving free meals 0.041 0.144 0.051 0.246
Share of those at risk 0.094 0.160 0.140 0.103
Share of those living at institutions 0.015 0.010 0.022 -0.170
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Test statistic for balance by Imbens and Wooldridge (2009)

I Test statistic:

∆x = X̄1−X̄2√
VAR1+VAR2

, where

X̄1 and X̄2 are treated and control group means, and
VAR1 and VAR2 are treated and control group variances.

I advantage over t-statistic: independence from sample size

I rule of thumb: below 0.25
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The data

I survey data from three years (2005-2007) on 6-8 graders collected by
Kézdi and Surányi (2009)

I no baseline data
I family background, disadvantagment, ethnicity (Roma or not), age,

gender
I outcome measures

I cognitive: standardized reading test results, entry to secondary school
I non-cognitive: personality characteristics (self esteem, locus of control,

etc.)
I tolerance measures: social distance from students of other ethnicity
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Cognitive outcome measures in Kézdi and Surányi (2009)

Cognitive outcomes

Outcome
Interpretation - what is

measured?
Methodology

Literacy test score reading comprehension skills
reading tests were developed
following the principles of the

PISA test

Direction of further
studies after completing

elementary school

whether one continues his/her
studies in a higher-tier

secondary school ending with a
graduating examination

administratively observed binary
variable: 1 if accepted to a
higher-tier secondary school

and 0 otherwise.
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Non-cognitive outcome measures in Kézdi and Surányi
(2009)

Noncognitive outcomes

Outcome
Interpretation - what is

measured?
Methodology

Locus of control
the extent to which individuals
believe that they can control

events that affect them

four-item version of the Rotter
locus of control test based on

Rotter (1966)

Rosenberg Self-Esteem
Scale (RSE)

a person’s overall evaluation or
appraisal of his or her own

worth

four-item version of the
Rosenberg Self-Esteem Scale

test basen on Rosenberg (1965)

Harter Self Perception
Profile for Children

(SPPC)

general self-esteem and
self-esteem in specific areas

(academic competence, social
acceptance, external

appearance, behavioral
discipline)

ten-item version of the Harter
Self Perception Profile for
Children (SPPC) based on

Harter (1985, 1983)

Coping ability
the ability that helps individuals

to get over with difficult or
conflict situations

four-item test in the spirit of
the SPPC test
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Measures of inter-ethnic attitudes in Kézdi and Surányi
(2009)

Inter-ethnic relations

Outcome
Interpretation - what is

measured?
Methodology

Ethnic stereotypes

a simplistic, exaggerated and
overgeneralized judgment made
about the members of a social

group

five-item scale adapted from
adult tests based on focus

group conversations

Bogardus social
distance

social distance that one wishes
to keep from the members of a

given social group

eight-item scale; adapted from
the adult Bogardus SD test

based on focus group
conversations

Social Dominance
Orientation (SDO)

the extent to which one
believes in social hierarchy and

ethnic inequality

six-item scale adapted from
adult tests

Social anxiety

discomfort or a fear in social
interactions that involves fear

of a negative judgment, fear of
interaction, and retreat

five-item scale adapted from
children’s test by La Greca et

al. (1988)
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The multiple inference problem

I problem occurs when one considers a set of statistical inferences
simultaneously

I hypothesis tests that incorrectly reject the null hypothesis are more
likely to occur

I on a α% significane level we allow Type-I error (false rejection) with a
α probability:

P(false rejection)=α
P(no false rejection)=1− α

I in case of m simultenouos tests:

P(no false rejection in m tests)=(1− α)m

P(at least 1 false rejection in m tests)=1− (1− α)m
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Probability of at least 1 false rejection in the case of
independent outcomes
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α = 0.05
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Multiple inference - solutions

Two methods based on Anderson (2008):

I reduce the number of tests (outcome variables)

I correct p-values for the number of hypothesis tests performed
I we follow 2 strategies:

I aggregating all outcome variables into one summary index and testing
a general effect of the program

I aggregating all outcome variables into three summary indeces and
correcting p-values by the number of tests performed (3) - testing the
effect of the program on the three types of skilles separately
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Multiple inference - reducing the number of tests

I variables are aggregated to one/three summary indeces
I three advantages:

I including an additional outcome does not increase the number of tests,
thus the probability of false rejection

I provides statistical test whether a program has a ”general effect” on a
set of outcomes

I reduces random errors in outcome measures

I summar index: weighted mean of standardized outcome variables
I weights come from the inverse of the covariance matrix (efficient GLS

estimation of the mean outcome)
I max. information: a correlated variable gets lower weights
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Robustness check 1 - exact testing

I 2 simulation-based exact testing methods
I Fisher’s exact p-values (Imbens and Wooldridge, 2009)
I Bertrand, Duflo and Mullainathan (2002) - BDM-method

I do not rely on large sample assumptions (exact), work irrespective of
sample size

I both use the empirical distribution of estimated effects for placebo
laws

I they don’t rely on any assumptions regarding the error term
I similar procedures but test different hypotheses:

I Fisher’s: whether the program had any effects on at least one
observation?

I BDM: whether the program has a non-zero avg effect?
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Fisher’s exact p-values*
I compares avg outcomes to an empirical distribution of simulated

outcomes ”caused” by randomly assigned placebo treatments
I clustering: pacebo treatments are randomly assigned to schools

I 400 random draws of placebo effect
I H0: the program has no effect for any unit in the population:

Yi (1) = Yi (0), ∀i = 1, ...,N

I Ha: the program has a nonzero effect for at least one unit:

∃i such that Yi (1) 6= Yi (0)

I test statistic:

T (W,Y) = Ȳ1 − Ȳ0

I under H0 we can deduce the value of the test statistic from each
round:

T (W̃,Y) = Ỹ1 − Ỹ0

I p-value of the statistic: prob that the simulated stat is at least as
large, in abs value, as the observed stat

*Source: Imbens and Wooldridge (2009) 17/39



The BDM method*
I we compare the difference of avg outcomes to an empirical

distribution of simulated such differences ”caused” by randomly
assigned placebo treatments

I clustering: placebo treatments are randomly assigned to schools
I 400 random draws of placebo effects
I whether the real difference is outside the 95/90% of the placebo

distribution
I H0: the program has no effect on average:

Ȳ1 − Ȳ0 = 0

I HA: the program has a non-zero average effect effect:
Ȳ1 − Ȳ0 6= 0

I reject null in each simulations, if Ȳ1 − Ȳ0 is outside of the 95(90)% of
the simulated distribution of differences under placebo rules
Ȳ ∗1 − Ȳ ∗0:

Ȳ1 − Ȳ0 <cutoff(p0.025)
Ȳ1 − Ȳ0 >cutoff(p0.975)

*Source: Bertrand, Duflo and Mullainathan (2002)
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Testing the general effect of the program - results

Dependent variable: one summary index
Measurement: control group SD of the mean outcome

Model:

indexi = α + β ∗ program + δXi + ui
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The general effect of the program on a individual level
sample

Model 1. Model 2. Model 3. Model 4.

Program 0.113 0.113 0.129 0.125
Clustered robust SE 0.033 0.031 0.029 0.028
P-values 0.001 0.001 0.000 0.000

Fisher’s exact p-values 0.000 0.065 0.035 0.023

BDM test rejects on 5% + - + +
BDM test reject on 10% + + + +

Diff-in-diffs setup NO NO YES YES

School-level controls NO YES YES YES
Control for non-compliance NO YES YES YES
Control for individual characteristics NO YES YES YES
Control for social desirability NO YES YES YES
Control for ethnicity NO YES YES YES
N 1183 1183 1183 1183
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Robustness checks 2 - Heterogeneity of the effect with
respect to non-complience

Model:
indexi = α+β1∗program+β2∗integrated+β3∗integrated∗program+δX+ui
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Robustness checks 2 - Heterogeneity of the effect with
respect to non-complience

Model 1. Model 2. Model 3. Model 4.
Program 0.176 0.208 0.218 0.218
Clustered robust SE 0.040 0.044 0.042 0.042
P-values 0.000 0.000 0.000 0.000

Program*non-complier interaction -0.143 -0.223 -0.209 -0.209
Clustered robust SE 0.062 0.076 0.072 0.072
P-values 0.026 0.005 0.006 0.006

Diff-in-diffs setup NO NO YES YES

School-level controls NO YES YES YES
Control for non-compliance NO YES YES YES
Control for individual characteristics NO YES YES YES
Control for social desirability NO YES YES YES
Control for ethnicity NO YES YES YES
N 1183 1183 1183 1183
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Robustness checks 3 - matching sensitivity analysis

I clustered version of Rosenbaum bounds (Hansen et al, 2014)

I idea: under conditional independence, if Xi = Xj , pi = pj
I in the case of unobservables/OVB: even if Xi = Xj , pi 6= pj
I question: how strongly should the OV influence assignment to

treatment in order to kill the significance of the estimated effect?

I let’s define a Γ sensitivity parameter such that
1

1+Γ ≤ Pr(ws1 = 1) ≤ Γ
1+Γ , and ws0 = 1− ws1

I if Γ = 1, no bias, Pr(ws1 = 1) = 1/2

I the bigger is Γ, the higher is the odds ratio of a treated and a control
school

23/39



Robustness checks 3 - matching sensitivity analysis

I procedure: define a test statistics T as the sum of the differences of
the weighted ranks of students with respect to the outcome measure
within each pair

I for each pre-set, theoretical value of Γ, recalculate T to give the lower
and upper bound of treatment probability

I the distribution of T and its bounds converges to a normal
distribution - estimate lower and upper bounds of p-values

I as long as the upper bound of p-values from a two-tailed test stays
under 0.05, results are insensitive to an OV affecting the probability
of treatment by a factor of Γ
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Matching sensitivity analysis - results

Lambda P-value upper bound

1 .0051572
1.1 .00986059
1.2 .01692729
1.3 .02673975
1.4 .03956087
1.5 .05553146
1.6 .07468042
1.7 .09694171
1.8 .12217389
1.9 .15017928
2 .18072131
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Heterogeneity of the effect with respect to ethnicity

Model:
indexi = α+β1∗program+β2∗nonRoma+β3∗nonRoma∗program+δXi +ui
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Heterogeneity of the effect with respect to ethnicity 1.

Model 1. Model 2. Model 3. Model 4.
Program 0.069 0.049 0.059 0.059
Clustered robust SE 0.056 0.055 0.052 0.052
P-values 0.219 0.378 0.262 0.262

Program*non-roma interaction 0.058 0.082 0.091 0.091
Clustered robust SE 0.060 0.056 0.057 0.057
P-values 0.334 0.148 0.118 0.118

Roma 0.137 0.191 0.216 0.216
Clustered robust SE 0.042 0.041 0.041 0.041
P-values 0.002 0.000 0.000 0.000

Diff-in-diffs setup NO NO YES YES

School-level controls NO YES YES YES
Control for non-compliance NO YES YES YES
Control for individual characteristics NO YES YES YES
Control for social desirability NO YES YES YES
N 1173 1173 1173 1173
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Heterogeneity of the effect with respect to ethnicity 2.

Share of Roma students in class
0-20% 20-40% 40-60% 60-80% 80-100%

Program 0.065 0.089 -0.079 0.143 0.197
Cl robust SE 0.107 0.076 0.103 0.134 0.250
P-values 0.549 0.253 0.453 0.326 0.474

Program*non-Roma interaction 0.073 0.004 0.140 -0.136 0.222
Cl robust SE 0.111 0.092 0.108 0.237 0.250
P-values 0.515 0.969 0.217 0.586 0.425

Roma 0.155 0.091 0.085 -0.206 0.327
Cl robust SE 0.080 0.070 0.083 0.035 0.064
P-values 0.064 0.206 0.319 0.001 0.007
N 518 462 189 77 55
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Identifying the channel of the impact

I 3 indeces: cognitive, non-cognitive and tolerance measures

I 3 hypothesis tests at a time - multiple testing correction
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Multiple inference - correcting p-values

I trade-off: precision vs. power

I Familywise Error Rate (FWER): probability that at least one true
hypothesis is rejected

I limits the probability of ANY Type I. error
I used when the cost of a false rejection is high

I False Discovery Rate Control (FDR): limits the expected proportion of
rejections that are Type I. errors

I in this case we may tolerate SOME Type I. errors in exchange for
greater power

I less penality for each additional outcomes
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Steps of the FWER p-value correction method
I let’s denote p1, p2, ..., pM the p-values corresponding to the M

hypotheses and α the significance level.
I the first step is to rank the p-values starting with the smallest. Let k

be the place of each p-values in the new order.
I investigate every single hypothesis in the rank with respect to the

following individually corrected p-values: p∗k = α
M+1−k . In the case

of three hypothesis and α = 0.05, the smallest individual p-value will
be investigated with respect to 0.05/3, the second smallest to 0.05/2,
etc.

I investigation stops when the first hypothesis in the rank is left
non-rejected. For example, if the smallest p-value (thus the first
hypothesis in the rank) is not smaller than 0.05/3, no hypothesis can
be rejected.

I this method ensures that FWER≤ α.

*The procedure is built into Stata (multiproc command, ”Holm” method). **The method of

Westfall and Young (1993). ***Source: Anderson (2008)
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Steps of the FDR p-value correction method

I rank the p-values p1, p2, ..., pM corresponding to the M hypotheses in
an increasing order

I investigate them one-by-one starting with the highest (thus, this is a
step-up procedure). Let τ be the place of each p-values in the new
order.

I we are looking for the largest τ for which pτ <
ατ
M . In case of three

hypotheses and α = 0.05, the largest p-value in the rank will be
investigated against p∗ = 0.05 ∗ 3/3, the second one against
p∗ = 0.05 ∗ 2/3, and the first one against p∗ = 0.05 ∗ 1/3.

I when we find the largest p-value that meets the applicable criteria, we
reject the corresponding hypothesis and all the rest with smaller
p-values.

I the procedure controls FDR at level α

*The ”sharpened” two-stage method, in the fashion of Benjamini, Krieger and Yekuteli (2006).
**The procedure is built into Stata (multiproc command, ”Krieger” method).

***Source: Anderson (2008)
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The comparison of FWER and FDR

The FWER procedure is more conservative then FDR. To see this,
consider when the two procedures reject the median p-value, p′ = pM/2:

FDR: if pM/2 < α(M/2)/M = α/2, while
FWER: if pM/2 is higher than a family of M/2 simulated p-values at a rate
less than α.

Roughly,

FDR corrects the median p-value in the row upwards by a factor of 2, while
FWER corrects them upwards by a factor of M/2.

In case of large M the difference can be substantial.
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Identifying the channel of the impact - results
Index of cognitive Index of non-cognitive Index of tolerance

outcomes outcomes measures
Model 1 - Program 0.119 0.117 0.119
Cl robust SE 0.068 0.048 0.053
P-values 0.088 0.019 0.030
FDR rejects on 10% 5% 5%
FWER rejects on 10% 10% 10%
Model 2 - Program 0.086 0.107 0.145
Cl robust SE 0.050 0.037 0.050
P-values 0.090 0.006 0.005
FDR rejects on 10% 5% 5%
FWER rejects on 10% 5% 5%
Model 3 - Program 0.142 0.123 0.153
Cl robust SE 0.041 0.039 0.048
P-values 0.001 0.003 0.002
FDR rejects on 5% 5% 5%
FWER rejects on 5% 5% 5%
Model 4 - Program 0.142 0.123 0.153
Cl robust SE 0.041 0.039 0.048
P-values 0.001 0.003 0.002
FDR rejects on 5% 5% 5%
FWER rejects on 5% 5% 5% 5%
N 1173 1173 1173
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Identifying the channel of the impact - effect on the
non-Roma

Index of cognitive Index of non-cognitive Index of tolerance
outcomes outcomes measures

Model 1 - Program*non-Roma -0.067 -0.067 0.182
CL robust SE 0.137 0.084 0.076
P-values 0.628 0.425 0.020
FDR rejects on - - 10%
FWER rejects on - - 10%
Model 2 - Program*non-Roma -0.100 -0.027 0.216
CL robust SE 0.115 0.080 0.085
P-values 0.388 0.737 0.014
FDR rejects on - - 5%
FWER rejects on - - 5%
Model 3 - Program*non-Roma -0.074 -0.019 0.222
CL robust SE 0.112 0.079 0.086
P-values 0.512 0.807 0.013
FDR rejects on - - 10%
FWER rejects on - - 10%
Model 4 - Program*non-Roma -0.074 -0.019 0.222
Cl robust SE 0.112 0.079 0.086
P-values 0.512 0.807 0.013
FDR rejects on - - 10%
FWER rejects on - - 10%
N 1173 1173 117335/39



Further robustness checks

I Low sample size-appropriate matching sensitivity analysis

I Missing data points - imputation of missing values
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Conclusions
I the program has a robust general effect on students’ skills based on

an index capturing cognitive, non-cognitive and tolerance measures
I we do not find any significantly negative effects on non-Roma

students, it definitely did not harm majority students
I the effect of the program seems to be more robust on the

non-cognitive skills and tolerance measures of the students, rather
than on their cognitive skills

I using exact testing methods may change program evaluation results
quite a lot - hard to interpret

I fits into the literature (i.e. Bertrand, Duflo and Mullainathan (2002))
I identification is the shakiest part - 4 types of robustness tests

I extra controls on school and individual level
I ”diff-in-diffs” results
I heterogeneity of the effect with respect to integration before
I matching sensitivity analysis

I what if we do not believe it? Still, our results support that a sensitive
approach to integrated education is beneficial for both minority and
majority the students - independently from program participation.37/39
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Thank you for your attention!
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