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Socio-economic Status and its Effect on Value-added*
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Abstract

The Lisbon strategy requires European educatiatesys to produce appli-
cable graduates in present environment of the m®ireg competitiveness and
social cohesion. Inclusive growth starts with pding effective education to all
children regardless of sex, disabilities or socameomic status (SES). We pre-
sent the methodology of identifying the value-adaedne of the indicators of
school effectiveness. In the sample of 26 schowls1la229 pupils we observe
their results in nationwide cognitive testing, imfmtion about family back-
ground and attitudes. We aim to explain dispromorsi between schools in the
context of equal access to education.
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Introduction

In the middle of 1980°s "... there has been an a®irg interest in the prob-
lem of measuring the performance of teachers, d¢sh@md districts inde-
pendently of factors such as school compositiort #re related to student
achievement, but cannot be easily manipulatgdibpshman, 2004, p. 4).
"Although in many countries, performance of edumadi institutions have
mainly focused on student attainment measures, aadfe average score on
standardised test" (OECD, 2008), this is not am@dtway to measure school
effectiveness.
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One of the main reasons is the fact that "it malk@sense to hold schools
accountable for mean achievment levels when stadamter those schools with
large mean differences in achievemdiiaudenbush, 2004).

Our goal is to present a methodology of computhmg value-added which
is considered a much better indicator of schoaatifeness than standardised
test scores. We also aim to improve the Value-addedel by accounting for
socio-economic background. Chosing correct metlwodhéasure and process
such a complex term as socio-economic status isstnaightforward. In this
article we attempt to present reasonable and veutive method of measuring
this construct — the latent class analysis. Thiglarpresents the methodology
and first results of modelling value added while@amting for socio-economic
status (SES).

1. Theoretical Framework

In line with the idea of subtracting the initiatils of a pupil from school
evaluation, the so-called Value-added scores hdien deen considered as
much better indicators of school effectivenesspfulicy purposes (OECD, 2008).
Value-added is generally considered a measure afr@ss in pupils” school
performance that can be attributed to the influesfca particular school. It can
be calculated as a difference between actual re$wltpupil at a standardised
test and an expected performance of the same papédd on the evaluation of
a Value-added model:

Graph 1
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1.1. Economic Effects of Higher Quality of Education

Although there has been lack of relevant litemton the topic of economic
value of higher teacher/school quality, this aspeight have significant impli-
cations when evaluating profitability of some pwi to the future economic
growth. As Hanushek (2011) claims, "high qualitadieers are the most im-
portant asset of schools'he debate about economic effects of increasedtgual
is mostly present in the context of teacher qualityt it can be easily trans-
formed into the metrics of school qualft¢onsidering economic value of higher
teacher or school quality is especially relevandigtussions about teacher sala-
ries or school financing.

Several studies have shown that increased perfmenat standardized output
tests lead to higher lifetime earnings of individuaurnane et al. (2000) esti-
mate that one standard deviation increase in smostandardized test leads to
15% increase for males and 10% increase for fenialasnual earnings. Uppon
slightly varied frameworks, Lazear (2003) estimétas effect to be 12% and
Mulligan (1999) estimated it to be 11%. All mengohstudies relied on early-
-carrer incomes. Hanushek and Zhang (2009) claamntttis number might even
rise to 20% increase in lifetime earnings. In absolalues, one standard devia-
tion increase in output test might amount to USMD 080 increase in lifetime
earnings of average individual in the USA. We strie fact that this number is
further multiplied by the amount of pupils in teacsi class. These effects were
further subject to several cost-benefit analyseishwtiy to evaluate also costs of
higher teacher performance (see e.g. Belfield andn, 2007). If there would be
a proven straightforward influence of higher teackalary on higher teacher
performance, these economic effects could be agtogument in the campaign
for increasing teacher salaries.

1.2. Practical Use of Value-added Models in Policy

International experience shows that measuringevatided might have nu-
merous policy implications which can improve quatif education by address-
ing and identifying issues rather than just puttithg blame on particular
schools. As OECD (2008) suggests, one possibleypisliplication is to identify
particular schools which stand out both positivalyd negatively in terms of
addedtheir contribution to the progress of pugllsnsequently, the educational
methods and particular specifics of those excelsstiools can be adapted to
those struggling schools. On the other hand, iti@mgj problematic schools is

2 |f we evaluate economic effects of teacher quathis can be easily transformed to school
quality metrics because both teacher and schodityjdabate is based on value added.
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also important, because attention and resourcgmlafymakers can be drawn
towards those struggling educational institutiolms.general, the idea of this
identifying process is following:

An example of practical policy implication is tegaluation of teacher effec-
tiveness in the USA. In some states in the USA,vtilee-added plays role in
general teacher evaluations which might consequeaifect their career pro-
gress and wage. Another policy in the USA caledChild Left Behindobliges
all states to implement school evaluation systesetan the value-added (Hull,
2013). This policy uses the same principle as ds=tiin theGraph 2 and pos-
sible government interventions for schools reqgirassistance for more than
three years in a row might include changing teachwer curriculum, sending
external experts to the school or even prolonging turrent school year
(Jorgensen and Hoffman, 2003). In some countriggi/gpand their parents find
value-added measures useful when deciding whiclooscto attend (Raud-
enbush, 2004). Another examples of successful imn@htation of policies based
on the value-added can be found in Polafatak, 2013) or in the United King-
dom (Kelly and Downey, 2010).
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SourceAvailable on internet: <http://2013.ewd.edu.pl/edtional-value-added-in-poland/> .

1.3. Limitations

Results of value-added shouldn’t be regarded pearfact proxy of school
effectiveness for several reasons. Firstly, thigetpf dataset is very likely to
suffer from imperfections caused by missing datasuifficient representativeness

% The origin of the axis graph represents an avesabeol both in terms of school achieve-
ment and value added. Excellent schools are thabevalues of both indicators above average
and struggling schools are those with values balegvage in both indicators.
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of the dataset. Secondly, there is a serious concern that somésptgnd
to cheat at those test, or some might provide fafsgmation about their per-
sonal characteristics, such as the socio-econotatass Thirdly, a significant
influence of contextual factors might not be coletdofor by the model of value-
-added thus possibly leading to biased estimateslakt-added. Fourthly, stand-
ardised testsdon’t reflect cognitive skills perfectly. Some dkars might also
train their students to perform well at the patacdest rather than to train their
overall cognitive skills. Another problem of valadded models is that they
don’t tell us the particular reasons of excellanp@or school performance. It is
thus crucial to include more methods than just @added alone. And finally,
it is important to realize that linear regressorb&sed on comparing, which
means that high quality of one subject is causetbwyquality of another sub-
ject. Hence this doesn’t reflect adirect persorraldit of a subject. This
is a serious risk of interpreting the results wite@ model of value-added is
misused.

1.4. Value-added Modelling in Slovakia

In 2015, for the first time in Slovakia, the Nata Institute for Certified
Measurements in Education (NUCEM) has providedh® principals infor-
mation about the value-added of their school fst three cohorts of pupils. It
was evaluated by a two-level hierarchical lineadeidn four year time frame
(Kaclik et al., 2015). The model included basicialales of school context and
individual characteristics and the results wererapbrted to the public.

1.5. Contextual Variables as an Improvement of Standard Models

"When attempting to evaluate schools work it ipamant to consider factors,
which cannot be controlled or affected by schoakpenel" (Ju&kova, 2014).
The role of this article is to propose an improveethodology of value-added
modelling in Slovakia which controls for contextudattors in calculating the
value-added thus providing more precise and faiasuee of school effects.
Three contextual variables are regarded as hakimgnbst influence: socio-eco-
nomic status, motivation and intellectual abilities

% In both cases there is a risk of violating basitistical assumptions such as e.g. the normali-
ty of our data. Another possibly violated assumpti® independent observations, since teachers
and students are obviously not independently Bisted into schools.

® Nowadays, Norm Referenced tests (i.e. tests whighlesigned to sort students according to
their performance) are being used in Slovakia. &hests are, however, not able to capture the real
knowledge level of students. Furthemore, testsnatecriterial hence the relationship between
input and output tests is unknown.
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2. Data Description

2.1. Descriptive Statistics

To model the value-added we have used resultsedfe® test in Slovak lan-
guage and literaturdl®) as an input test, and results of the externdlgiaexit
examination in the Slovak language and literatwem output test (further we
will refer to it as EMS.

Our sample comprises of 26 schools with 1 229Ip@ghiogether. The size of
our sample is limited by a small amount of obséovet of the socio-economic
status. We can, however, consider this satisfacamgording to the "rule of
thumb" of 30/30 (number of schools/number of pup#és school) (Kreft, 1996).
Some studies claim more observations are necedsargxample "the results
show that a small sample size at the second lewehifing a sample of 50 or
less) leads to biased estimates of the second-#aetard errors(Maas and
Hox, 2005, p. 86). Based on this reasoning we shaurh to significantly in-
crease the amount of observations in the futurdclwimainly concerns the
measuring of the socio-economic status. Anothesaedor inaccuracies might
be a weaker correlation between the input and otgisty because "with a weaker
correlation between the input and output testsargel gap for inaccuracies
is created, while those inaccuracies are absorlyethé residuals”meaning
by the value-added (lvica, 2013, p. 29). In ouadsdt the correlation equals to
r = 0.542, which is a satisfactory result. In pfeather countries, however, they
have found higher values, e.g. in the United Kimgdoetween 0.52 and 0.87
(Fitz-Gibbon, 1997, p. 35). From the initial deption we observe that in our
data set, grammar schools (GRAM) consist on aveségeore pupils per school
and higher share of girls per in school than voceti schools (VOC).

Table 1
School Size and Share of Girls

# of # of # of pupils per school % of girls in school

pupils | schools average | st.Dl min max | averageé st. D.| min| max

OVERALL 1229 26 47.27 20.87 17 93 53.85 254 D .797
GRAM 691 13 53.15 21.38 24 93 63.78 | 11.77 | 41.7| 80.6
VOC 538 13 41.38 19.37 17 89 | 43.92 | 32.06 0 97.7

Source:Own calculations.

5 T9 (Testovanie deviatakov) — External testing ofilsupf 9th grade at primary schools. Test
comprises of 20 questions (always one correct anameng four possible choices).

" EC MS (Extern&Cag’ Maturitnej Skasky) — External Part of Graduatioxaf, high-stakes
test of high schools. Test comprises of 64 questiquestions 1 — 40 have always one correct
answer among four possible choices. Questions@ildemand short written answers.
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The results in EMS are not only influenced by input results fras In this
initial description we are looking for the variablthat might explain the differ-
ences in achievement irCEIS. We observe that GRAM pupils achieved signif-
icantly better results than VOC students (p-valugB01) and also the fact that
girls attained significantly better results thary®p-value < 0.001).

This suggests that sex and school type might babse predictors for ex-
plaining the differences in@MS scores. Another possible factor is a different
power of a linear relationship betwee@MS andT9 for GRAM/VOC schools
and for boys/girls. We have compared average slopéss linear relationship
for different types of schools and different gersder

Table 2a
School Achievement across School Types and Genders
Average score St. D.
OVERALL 76.06 10.28
GRAM girls 77.41 9.51
boys 73.63 11.15
OVERALL 59.82 12.96
VvOC girls 63.12 12.73
boys 57.34 12.59
Source:Own calculations.
Table 2b
School Achievement of Girls and Boys
Average score St. D.
girls 72.51 12.68
boys 64.62 14.45

Source:Own calculations.

Table 3
Comparing Slopes ofT9 — ECMS Relationship across School Types and Genders
Average slope St.D. Min Max
GRAM girls 0.2598 0.2553 -0.04 0.72
boys 0.2455 0.3116 -0.10 0.86
VOC girls 0.3672 0.3036 0.01 0.93
boys 0.3015 0.2556 0.03 0.78

Source:Own calculations.

Table 3 depicts a substantially higher averagpesfor VOC compared to
GRAM and higher average slope for girls comparebays. This might indicate
that for certain groups (e.g. girls from VOC) tlesult inT9 is a stronger predic-
tor of a success in@MS. The interaction terms @9 with sex and school type
might be necessarry in estimating the value-added.
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2.2. Adjusting Variables

Including unadjusted explanatory variables int® vhlue-added model might
cause problems with interpreting the numericallte®f a regression. Therefore
"it is necessarry to consider including relevarntleratory variables and correct-
ly decide the form in which we include them inte tmodel (a problem of cen-
tering, a level, a random intercept, a random slape)" (Kaclik et al., 2015,
p. 12). The modification of variables is perfornatording to this cited manual
of modeling the value-added.

The major exogenous variable in the Value-addedaiis an achievement of
a pupil in the input test9. If we aim to interpret the intercept as reastmab
average value, we must implement the group mederieg:

T9_groug =T§ - T9 (1a)

where T9; = iZTgu. (1b)

i =

andn; represents the number of pupils in il school. After this adjustment
the intercept of a simple model consisting of thiy cexogenous variable —
T9_group can be interpreted as an average result of d puBCMS within the
particular school. According to our statistical dgstion, GRAM and VOC rec-
orded on average different results IGNES.

We have to account for these differences by inmatuthe variableschool_Type
which we recode as follows:

School_Type 4 -, for GRAM (2a)
School_Type = -, for VOC (2b)

Wherer represents the relative share of GRAM in the data"A thorough
look at mutual interactions of pupils within théheol system shows that a group
of excellent schoolmates can escalate the perfarenarfi previously poorly
achieving student — so called 'peer effect™ ¢akdva and Falath, 2015, p. 7).
We again use centering to create a proxy for tffesce this time we use the
grand mean centering:

MTO9. = 12T9; (3a)

T9_peef = T9; — MTQ (3b)
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This variable describes to what extent an averagealt inT9 within the par-
ticular school differs from the mean value of aleeges of schools 9. In
the model containingl 9 _ peer as the only explanatory variable, the intercept
can be interpreted as the average scoreGME of pupils from an average
school. We have also found out that girls perfornsgghificantly better in
ECMS than boys, therefore using the same logic weulshaccount for an
equivalent of peer effect represented by the pesigenshare of girls in a particu-
lar school:

Girls_Ratio, = RGirls; - 0.5 4)

whereRGirls is the share of girls ijith school andsirls_Ratiois the gap of-th
school from equilibrium ratio of girls and boysgD.With Girls_Ratiobeing the
only explanatory variable of @MS, the intercept can be explained as an average
result in EEMS of pupil coming from the school with equal gensleares.

3. Measuring Socio-economic Status

"A general trend, observed in the recent liteeatoin measuring SES and its
effects, is that of moving from a conception of S&&Sa single composition to-
ward a multidimensional normally distributed conts latent construct that
imposes its effects differently at different levas observation, for example,
students and schools" (Munck and Hansen, 20121;pSiin, 2005). To put it
simply, there might exist unobserved groupings wlbjects (latent classes),
which are linked within groups and which differ groups by characteristi-
cal system of answers or features (latent profiles)

We have performed a latent class analysis usiligay "poLCA" in a sta-
tistical program R (Linzer and Lewis, 2011). Aftdetermining the number
of latent classes, the program assigns each pupildne of the latent classes.
Afterwards it displays latent profiles based on ditianal probabilities which
describe probabilities with which members of a ipatar latent class record
high values of the SES indicators.

For example, for a hypothetical latent class we @atain its latent profile by
depicting the probabilities with which its membdrave the index of family
wealth higher than 15have more than 200 books at home, at least orenfpar
has finished university etc.

8 The thresholds determining the categories of hagierage and low attainment in the indexes
of SES were chosen by us based on our perceptibavofaffluent and disadvantaged person looks
like within our Slovak population.
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3.1. Indicators of the Socio-economic Status

Latent classes are formed based on the fact th@tspappear to be similar
within classes and to differ across classes inatent profiles described by the
indicators of the SESWe have recoded values of those indicators inteeth
gualitative levels (1, 2, 3) as follows:

Table 4
Recoded Values of SES Indicators

Highest education level of parentsl — Without secondary school graduation (9%)
(HISCED) 2 — Graduated secondary school (61.5%)
3 — University education and higher (29.5%)

1 — Occupational status coding HISEI, score 0 {38%%)

Highest occupational status

of parents (HISEI) 2 — Occupational status coding HISEI, score 47 {4812%)
3 — Occupational status coding HISEI, score 62rantk (20.2%)
Home educational resources (number of answers "yes" to the list of educaticteahs

2 — score HEDRES 7 — 10 (47.4%)

Number of books at home 1 -0 - 25 books (0%)
(BOOKS) 2 —26 — 200 books (76.1%)

3 — viac ako 200 books (23.9%)

] ) (within objects: literature, poetry, work of art)
The index of cultural possessionp 1 — has 0 objects at home (12.1%)

(CULTPOSS) 2 —has 1 — 2 objects at home (42.6%)
3 — has all objects at home (45.2%)
The index of family wealth 1—Score 0~ 11 (4.3%)

3 — Score 16+ (69.5%)

Source:Own calculations.

3.2. Criteria for Chosing the Final Model

Our task was to chose the optimal amount of latdéadses which will de-
scribe the data properly and which will have laterdfiles that can be well in-
terpreted and will correspond with theory. The tigeexpects three factors of
SES to have the main influence: social (educat@eupation of parents), cul-
tural (number of books at home, home educatiorsduees, cultural posses-
sions) and economic status (family wealth). Beaiimgnind that "among the
factors of SES, we can expect the influence ofdhléural capital for GRAM
students, for students of VOC the influences ofaand economic status add
up but with small power." (Judkova and Falath, 2015), the experience from
factor analysis therefore suggests relatively wiedlkience of all factors with
cultural capital being the strongest.

® The formation of all subindexes of SES with deitlescription of scoring of items can be
found in the SES manual (Kudacsekova andakava, 2012, pp. 16 — 26).
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For comparing model quality we will use the Bagesinformation criterion
(BIC) (Schwartz, 1978) as the main indicator alsa$ proven to be one of the
most reliable criteria for determining the optimalmber of latent classes
(Nylund, Asparouhov andMuthén, 2007, pp. 556 — 559). We also employ the
Akaike information criterion (AIC) and the value lofg-likelihood function as
auxiliary indicators. The main reason the BIC igof@d lies behind the fact that
it penalizes more for an excessive amount of patensiend classes which is
suitable for our caseWe will try to minimize the value of BIC and AlGd to
maximize the value of log-likelihood.

3.3. Results of Latent Class Analysis™®

Factor analysis in (Judkova and Falath, 2015) suggests that components of
the SES aggregate into up to three latent factaecial, cultural and economic.
Meaningful model should therefore consist of u@e 8 latent classes.Oppos-
ing to the theoretical claims, SES has not proeenetthe stable construct in our
data set, partly because of the fact that our samipks not perfectly represent
the whole population. Alarmed by this fact, we héested whether pupils from
GRAM and VOC have the same latent class decompasifihe hypothesis of
two school types having different latent class degositions was rejected with
both VOC and GRAM pupils having almost identicaéfat profiles of SE$?

We have computed the criteria for all possible amg of latent classes
resulting in the following devliopment of the BlQterion.

Table 5

Values of BIC for Latent Class Models
2 classes 3 classes| 4 classes 5 classes 6 classes 7 classes 8 classes
11586 11529 11514 11561 11 601 11 663 11721

SourceOwn calculations

Values of AIC and log-likelihood, stating of whiete omit, are constantly
improving with increasing amount of latent clasge®/ing our suspicion of their
insufficient penalizing for excessive amount ofsskes. Our main indicator (BIC)
reaches its minimum for the model with 4 latensekand it rises significantly

10 Model with too many classes can in our case leathtlear interpretation of classes which we
need to be able to make conclusions and colleeraedisons about the behaviour of our population.

1 The number of possible combinations of latentifgsfif we evaluate each factor as either
disadvantaged or not.

12\We omit results and the proof for this part to ke argument line clear and not to focus
on too many small problems. Latent class analysstgaed VOC and GRAM almost identical set
of latent classes with almost the same latent lesofi
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afterwards=? The model with four latent classes therefore tunmisto be optimal
and it has following graphic interpretation of lat@rofiles.

The interpretation of results is now straightforsva

« The first latent class, designated by #esymbol, has almost zero probability of
the highest educiation or occupation level of pramd also of all three cultural varia-
bles. This latent class can therefore be descaledcially and culturally disadvantaged
group. This is not, however, the case of an economidicap as we will explain in the
next paragraph.

» The second class, designated by #heymbol, has an obvious cultural handicap,
high values of family wealth and relatively low uak in terms of the social status. After
looking more thoroughly one can find out that mafsthe members of this class have an
average value (2) for both parent education andrparccupation thus this class should
be evaluated asulturally disadvantagedith no social handicap.

» The third class, designated by tkesymbol, has an obvious social handicap while
having substantially high values of the other twotérs. We label this clasocially
disadvantaged otherwise affluéfit.

« The fourth latent class, designated by @heymbol, is simphaffluentin all factors
of the SES.

Graph 3

Latent Profiles of the Four-class Model
0,9

0,8
0,7
0,6
0,5
0,4
0,3
0,2

0,1 X

~—

0
Parent Parent # of Books Cultural Educational

Education Occupation  in Household Possessions Resources

| SOCIAL | | CULTURAL | | ECON |

Family Wealth

Source:Own calculations.

13 The"rule of thumB for significantly worse model based on BIC is therémse of this crite-
rion by 10 or more.

1 \We emphasize the affluence of this class becausmpefor the social disadvantage its latent
profile copies the profile of the affluent group.
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Remarkable is the fact that no latent class caddseribed as economically
disadvantaged. Despite the fact that @assl has a low probability of having
the highest level of an economic status, almosbthker pupils within the class
have an average level of economic status thus weotaharacterise this class
as aconomically disadvantag€dlhis observation compliments the fact that the
economic factor has proven to be the factor with weakest influence on the
school achievement among all the SES factors. Wisider this model the final
one and it will enter the Value-added model as dymmariables of the latent
class membershilasdl, Clas2, Class, Clasgl.

3.4. Socio-economic Status at the School Level

Dummy variables of a latent class membership appssed to explain the
variability which is caused by an individual so@oenomic status. From our
experience, an average socio-economic status artecplar school can also
have an impact on pupil as a form of a "peer €ffebd test this hypothesis
we have created thaf fluent_ratiovariable which describes the share of pu-
pils belonging to the affluent class within the tparlar school. Values of this
ratio span from 0% to 35% and the average valualeqli7.15% of affluent
pupils within a school. Another possible influengifactor might be the share
of the most disadvantaged pupils within a schooé Néve therefore created
the Disadvantated_ratiovariable as some form of a "negative peer effect".
Values of this ratio span from 4.4% to 50% and #werage value-equals
to 21.31%.

4. Value-added Model

4.1. General Value-added Model

As we have already stated, modelling the valuesddd a linear hierarchic
problem because of the clustering effect at thedclevel. Gradual creation of
the model and its variants, adding and removinthefvariables, or determining
the randomness of intercepts and slopes, is astfitati exercise based on the
empirical findings from the past, statistical asaly of the particular data set and
on understanding theoretical reccomendations. Aeiggrform of the value-
-added model is:

15 An attentive reader might notice that only abot 4f pupils have the lowest rating of
family wealth. It might therefore be hard for aratent class to record economic disadvantage.
However, even after recoding the variable in otdencrease the size of disadvantaged group, no
economically disadvantaged latent class was found.
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Yi =By T B B X (5a)
p
Boi = Voo t zy(kvvkj T Uy (5b)
k=1
q
ﬁlj =V t zyzkwkj (5¢)
k=1
,sz =V t ZyZ(ij (5d)
k=1
where
Y, —the result of the i-th pupil within the j-th sl in the output tesECMS),

X. —the result of the i-th pupil within the j-th sl in the input testT9),

[

Xj = the first (individual) level characteristicsgesex, SEp
W, - the second (school) level characteristics @cpool_Type, Girls_ratjp
r. —the residual at the individual level,

ij
— the residual at the school level — thus beirg/ilue-added of a particular school.

0j

This model can be rewritten into more intuitivenfio(Kaclik et al., 2015, p. 13):
P
Yi - (Voo VW F Byt X+ By %J = Uy * 1 (6)
k=1
actual achievement expected achievermenVA + residua

4.2. The Null Model

The extent to which the hierarchic character @ tlata influences school
achievement can be determined by using the nulleinetich is the basic model
of multilevel modelling. The result in output tg&CMS) will be in our case
explained only by a constant and random terms dém the individual and school
level:

ECMS, = By + | (7a)

ﬁoi = Voo t Uy (7b)
where ), is the average score within the whole data setodshhowever, dif-

fer in average scores thus they vary from the tatakage score by the random
term u, . After summing these two terms we obtalf), , the intercept that

equals the mean score of a particular school. upldviously, differ in scores
within a particular school from a school mean bgredom tern; .
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The null model divides the total variability intioe variability within schools
and the variability across schools. This enable® usfer how much of the vari-
ability can be ascribed to differences across dshoo

Var(ECMS,) = Var(y,,+ w + f) = Vafuy + 1) = o>+ 1°  (8)

To validate whether the data set has a hierarchei@re we calculate the
ICC coefficient (Intra class correlation coefficiemvhich can be calculated as
the ratio of the deviance at the school level ®tthtal deviance (McCoach and
Adelson, 2010, pp. 152 — 155):

ICC = 105.52/(111.71 + 105.52) = 0.4857

The ICC suggests that 48.57% of the total vaiitglid caused by the hierar-
chical nature of our data set hence the hierarchodel is needed.

4.3. Criteria for Chosing the Final Model

The creation of the Value-added model will congsistsequential addition
and exclusion of variables at both the school lewvel the individual level. The
suitability of a model will be evaluated by foudinators:

» ICC — a ratio of the variability unexplained at #@hool level to the total variability
unexplained

» PVE, — a ratio of the variability explained at the widual level to the initial varia-
bility at the individual level

» PVE, — a ratio of the variability explained at the schievel to the initial variabil-
ity at the school level

« Deviance — an indicator of a model fit, equals BI®*In(n) (= —2*Restricted log-
-likelihood)

Obviously, we will attempt to minimize the sharktbe variability at the
school level (ICC) and at the same time to maxinthee share of variability
explained at both levels. It is not, however, neaay to apply this strategy in
all circumstances because in some cases the PVihcaase even by adding
inappropriate predictors.

A deviance is the indicator of a model fit and wi# try to minimize it. The
final model doesn’t ultimately have to be the oaeilg the best statistical par-
ametres, because "the aim of model creation isntbd model which explains
the data properly and has simple and reasonal#epnetation of parameters"
(Kaclik, et al., 2015).

181t is also worth noting that part of the unexpéinvariability will show in the value added
itself thus there is no need to explain all thaalzility.
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4.4. Variables at the School Level

Thanks to the null model, we have been able tatiffe a substantial
amount of the variability at the school level. Focorrect inference of scores
in ECMS we have to account for the differences betwenasls. We include
several combinations of variables at the schocéllend identify an optimal
model’’

The addition of any of the three variables deasahe share of variability
unexplained at the school level to the total valitglband explains a substantial
part of the differences between schools. The bestligtors are variables
School_TypgVOC/GRAM) andT9_peer (peer effect) and if we include them
both we achieve the best model so far in all indica We have also tried the
model containing all three variables at the schexdl and it appears to be opti-
mal. The ratio of the variability unexplained at tbchool level to the total varia-
bility unexplained decreased to 9.62% and we werzessful in explaining
88.73% of variability between schools.

Table 6
Adding Variables at the School Level
Intercept | School_Type | T9_peer Ratio_Girls | ICC PVE, | PVE; Dev.

0 ] 48.6 - - 9 376
1.1 [ [ ] 18.87 0 75.38 9 339
1.2 ] | 14.71 0.03| 81.75 9338
13 ] | 39.1 -0.01| 32.02 9 361
1.4 [ [ ] [ ] 12.35 0.01| 85.09 9 329
1.5 ] u u u 9.62 0.03 | 88.73 9318

Source:Own calculations

4.5. Variables at the Individual Level

The main variable in each Value-added model atintbe/idual level is the
score in the input test, in our case it is reprixkhy thel9_group The statisti-
cal description has shown significant differenaeghie results between girls and
boys thus we also employ the variaBtec. Because the final model will have to
explain as much variability at the school levelpassible, we will keep all se-
cond-level variables and try to further improve thedel 1.5 by including com-
binations of first-level variable€§.The description of our data set suggests that
slopes of the relationship betwee@NS andT9 might differ between school

Y To illustrate how the table works, we have alsdiuded the null model into the table. Its
ratios of variability explained are obviously za&ince it has no explanatory variables.

18 We have tested all the possible combinations adetmincluding all the stated variables.
For the simplicity we are displaying mostly thoseps which lead to the model improvement.
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types and genders. It is therefore suitable tothtessignificance of interactions
School_Type*3_groupandSex*™_group

Table 7
Adding Variables at the Individual Level
T9 group | Sex| T9_group*School_Type ICC PVE PVE; Dev.
2.1 [] 11.54 15.74 88.37 9117
22 |* n 9.79 0.016| 88.69 9 296
2.3 n n 11.63 16.40 88.35 9 105
2.4 [ [ [ 11.66 16.60 88.34 9 106

Note: * All models include variableSchool_Type, T9_peand Ratio_Girlsin the random intercept. In the
table we display only variables that we have addetle model 1.5.

Source:Own calculations.

After including the interaction of school type af@ the model appears to be
statistically more suitable unlike the model comitag the interaction of sex and
T9 which is not fitting the data better. The deaisies between models 2.3 and
2.4. The interaction term of school type artlis significant which supports the
initial finding of different slopes between GRAM&NOC. Therefore we chose
the model 2.4 as optimal while it explains 16,6%hef variability at the individ-
ual level with the share of variability explainetithe school level remaining
approximately the same. This model provides ushemdinding that success in
the input test is more important for GRAM pupilathfor VOC pupils when it
comes to determining success in teves.

4.6. Extending the Model with the Socio-economic Status

In our last step we will attempt to improve thesbmodel so far (2.4) by
adding another variable at the individual leveluminy variables of member-
ship into latent classes of the SES. We will naflude the dummy variable
Classl membership into which will show in the intercépt.

Table 8
Adding SES to the Value-added Model
SES | Affluent_ratio Disadvantaged_ratio ICC PVE | PVE; Dev.
3.1 [ ] 11.35 | 16.54 | 88.68 9 100
3.2 . [ [ 11.46 16.54 88.56 9 092
3.3 ] ] 1117 | 16.56| 88.89 9101
3.4 ] ] ] 11.71 | 16.55| 88.29 9 095

Note: * All models include every variable from the mo&e. The table states those variables which adechd
to the model 2.4 in order to improve it.

Source:Own calculations.

19 This allows us to interpret the intercept as tbers of an average pupil belonging to the
most disadvantaged class.
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The model 3.2 has decreased the deviance butattigblie Af fluent_ratio
was not significant (p-value 0.383) hence we will not include it. The same
problem applied to our two variables in models a3d 3.4. Considering very
wide confidence intervals of both variables we khilnat by including them we
would reduce the model accuracy. We have alsoddbte presence of different
slopes of SES in explaining(BS. The tested interactior8ES * School_Type,
SES * Sex, SES * cRGirls a SES * T9_peweere all insignificant thus we
will not include them in the model. The only impesaent compared to the
model 2.4 can in some cases be the inclusion dbEf® as a variable at the first
level. The SES was, however, insignificant in aliminy variables thus we
don’t reccomend using this variable in the cursstuation of having too few
observations.

4.7. The Final Model

We present two final models of the value-addeck Titst one contains the
SES as an explanatory variable as an extensioeaantly published models
(Kaclik et al., 2015).

We emphasize that this model is an example of taadelogy of modelling
the value-added on bigger, more representativeseiatin our case we suggest
not to include SES into the equation because ihsgnificant in all dummy
variables. We also present more simple versionhef Yalue-added model,
without SES. This model meets all criteria for #igance.

The First Model: with the SES

ECMS, = B, + B, T9_group + B, Sex+ B, Clags +
+ ,84jCIassaj + ,st Clase1rJ +r

By = Voo *+ VorSchool Type + y, Girls ratio+ yo, B_ peer+ y(9b)

(9a)

B = Vi + yuSchool Typg (9¢)
B = Vo (9d)
Bsi = Vao (9¢)
By = Vao (91)
Bsi = Veo (99)

Resulting coefficients are:
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Table 9

Results of the Value-added Model with SES as a Rezgsor
Parameter Estimate Std. df t Sig. Low Upper

Error 95% 95%

Intercept 65.8863| 1.0038 62.317 65.639 0.000 68.880 67.8925
T9_peer 0.6754| 0.1868 22.017 3.616 0.002 0.28811.0627
Girls_Ratio 6.8947 | 3.3536 24.995 2056 0.050 B0 13.8018
School_Type 6.7859| 2.7722 20.918 2448 0.023 0194 | 12.5525
Sex 2.1938| 0.6376 1197.641  3.4#1 0.001 0.9429 3.4446
T9_group 0.3040| 0.0224 1197.5]1 13.594 0.000 0036 0.3478
School_TypeT9_group| -0.0841| 0.0434 1197.484 -1.939 0.053 90.16 0.0010
Class2 0.7423| 0.9336 1212.315 0795 0427 -4.089 2.5740
Class3 0.0563| 0.7693 1208279 0.073 0942 -0.453 1.5656
Class4 1.0941| 0.8383 1216.223  1.305 0.192  -8.550 2.7389

Source:Own calculations

All dummy variables of latent class membership iasgnificant thus the
influence of the SES on the leaving exam achievémerery weak. This might be
partially ascribed to the small amount of recor@&b questionnaires. Another
reason might be the fact that the effect of the BEfready contained in the input
performance of a pupil, in thE9_groupvariable. Results support the opinion that
"in general, slovak schools base education on owatic principals and elimi-
nate the reproduction of social inequalitiéili¥ékovéa and Falath, 2015).

The Second Model: without the SES
ECMS, = B, + B T, + By Sex + i (10a)
,é’oj = Voo t VorSchool TYpe + Ve Girls. ratip+ Yos B_ peer+ 4 (10b)
B = Vi t yuSchool Type (10c)
B = Vao (10d)

Resulting coefficients are:

Table 10

Results of the Value-added Model without SES as agressor

Parameter Estimate Std. df t Sig. Low Upper

Error 95% 95%

Intercept 66.3579  0.8449 30.218 78.534 0.000 64.632 68.0826
T9_peer 0.6832  0.1890 22.046  3.615 0.002 0.2913 0751.
Girls_Ratio 6.8791)  3.3910 24.872 2029 0.053 0666l 13.8648
School_Type 6.8617  2.8064 20.918 2445 0.023 4102 12.6992
Sex 2.1066| 0.6345| 1200.384  3.320 0.010 0.8618 3518.
T9_group 0.3052]  0.0223] 1200.334 13.701 0.000 0.26150.3489
School_TypeT9_group| -0.0854  0.0433  1200.384 -1.973 0.049  68.17 -0.0005

Source:Own calculations.
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Each variable is now significafft The intercept has a value of 66.36 which is
a score in output test of an average boy withimaye school with equal propor-
tion of boys and girls. Furthemore, we can makk¥ghg interpretations:
« with every 10% increase in the share of girlg-tht school, students of this
school scored on average 0.68617 points more inutput test;
« with each one-point improvement against the aversgme of his/her
school, students achieved on aver%fge:
- 0.25396 points more in the output test if he/shaenfrom GYM?
» 0.33936 points more in the output test if he/sheeofrom VOC,;
« with each one-point improvement in average scorgtlefschool, students
of this school achieved on average 0.6832 point®nmothe output test.

Conclusion

We have successfuly performed a latent class sisatlyat suggests that we
can observe four different types of socio-econob@ckground of pupils — so-
cially and culturally disadvantaged, culturally atisantaged, socially disadvan-
taged otherwise affluent and affluent in all fieldibis simplifies the complicated
construct of plenty socio-economic subindexes athbles into small number
of easy-to-use dummy variables which can be easifyemented into the equa-
tion. Remarkable is our finding that no latent slés economically disadvan-
taged thus proving that family wealth plays lititée in high school achievement
of children in Slovakia.

In the Value-added model we have found two sigaiit regressors at the
individual level 19, sex) and several significant regressors at thed level
(peer effect, school type, girls ratio, interceptsohool type and9). We have
shown that the SES has very weak predictive powectwied into exclusion of
this variable. The final model without the SES expéd 16.6% of the variability
at the individual level and 88.34% of variabilitythe school level. Our experi-
ence has shown a weak impact of the SES on the-aalded and this might
have several reasons. Firstly, the effect is prigblidden to the large extent in
the results of input test because analyses shawst@ has a significant impact
on test scores. Secondly, despite the fact that3&8 might lower chances of
pupils to achieve good scores, this appears toobenyger true in the terms of
the value-added. This finding would imply that Sl&vschools don’t further

2 The significance of variabl@irls_Ratio is questionable (p-value = 0.053). We are keeping
it in the model because of its very convincing aderfice interval.

21 The discrepancy betwen slopes is here causedebyréisence of the interaction teSohool
_Type*P_group
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deepen inequalities caused by socio-economic sthiting the observed time
and they appear to be providing the value-adddady'faegardless of the socio-
-economic status. We would like to stress the fiett this work proposes the
methodology of implementing improved model of vahdeled in Slovakia and
its main purpose is to present methods and wagsdount for contextual factors
when evaluating school performance. After develgpihe methodology for
implementing other contextual factors, future reseawill aim to apply this

complete methodology on more complete, robust aliahle dataset.

Special attention needs to be drawn towards thigaliions of our study. The
main problem in modelling the value-added was ifigieht amount of the SES
observations which might have led to insignificaoefficients and exclusion
of the SES from the model. In spite of this facg ave presented the method-
ology that can be used in the future to accountHersocio-economic status in
explaining value-added. Future development of thethodology should also
include another contextual variables, namely poqaitivation and test of general
abilities. Schools have no impact on these vargaties their effect should be
accounted for in explaining school achievementfuriher analyses, we also
suggest investigating whether adding hierarchitialciure to the latent class
analysis can improve the quality of analysis.
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