Ekonomi-tek volume / Cilt: 7 No: 1 Ocak / January 2018

Contents /Icindekiler
Contributors / Katki Yapanlar ... v
Editor’s Introduction / EAitOriin SUNU SU...........cceeeeeeiiiiiiieeeeeeeiiine, v

Articles / Makaleler

Forecasting Inflation Using Summary Statistics of
Survey Expectations: A Machine-Learning Approach................... 1
Bige Kicukefe

The Impact of the Minimum Wage on Wage Distribution
The Evidence from TUIKEY.......ccoooieeieiiiiieeeeeeeee e 17
Selin Pelek

Guide for Authors / Yazarlar Icin Rehber.............cccoveeveveeennnane. 61



iv
Contributors / Katki Yapanlar

Aykut Attar
Recep Kok
Baris Soybilgen
Aysit Tansel
Huseyin Tatan
Ercan Uygur



Ercan Uygur \Y

Editor’'s Introduction

This issue starts the seventh volume of Bébnomi-tekjournal, and it
contains two papers. One is a work on a machingileg approach to infla-
tion forecasting, while the other looks at the ietpaf minimum wages on the
distribution of wages. Both subjects have oftembdebated recently.

The first paper is by Bige Kicikefe, of Namik Kenualiversity, and it
outlines an interesting study of applied machireéng models. More
specifically, the author employs “supervised” maehiearning algorithm
models for short-term inflation forecasting in Teykby making use of infla-
tion expectations surveys conducted by the CeBtak of Turkey (CBT).

The machine-learning models are implemented in d?ytoftware taken
from the Scikit-learn library, an open-source seitev Quarterly data go into
the estimation procedures. Comparison of the faeteparformances shows
that the proposed machine-learning methods notiompyove the accuracy of
the surveyed forecasts but also outperform theciaffforecasts of the CBT
and a univariate model.

The second paper in this issue is by Selin Pelegatatasaray University.
She investigates the effects of the minimum wagewvage distribution in
Turkey, based on the micro data of the Householdot&orce Surveys
(HLFS) for 2003 and 2005, provided by TURKSTAT. elsample used in
the paper includes full-time wage earners in namezatjural activities among
the working-age population (those aged 15 to 65) dclare a net positive
salary in the reference month. Part-time workeesexcluded.

Her findings suggest that a minimum-wage hike i62®&as accompanied
by a significant reduction in wage inequality, esplty among formal wage
earners. Changes in the minimum wage compressegl distgbution in Turkey
between 2003 and 2005, and wage inequality cléapyoved over the period.
The author argues that the driving force of thiséming of wage inequality is
the rise of wages in the lower tail of wage disttibn.

We look forward to presenting you with other instieg papers in our
future issues.

Ercan Uygur
Editor
Ekonomi-tek
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Editérin Sunusu

Ekonomi-tek dergimizin bu sayisi yedinci cildistzamaktadir ve iki ma-
kale icermektedir. Birisi enflasyon dngorisinde maidsrenimi (machine-
learning) yaklaimi konusunda bir ¢glma, dgeri ise asgari Ucretin Ucretga
Imina etkisini inceleyen bir agarmadir. Bunlar, yakin zamanda tafan
konulardir.

Birinci makale, Namik Kemal Universitesi'nden Biggiciikefe nindir ve
yazar bu makalede makingrénimi modelleri konusunda ilginc¢ bir cgha
sunmaktadir. Daha agik olarak, yazar, Turkiye Cumgbti Merkez Bankasi
(TCMB) tarafindan yapilan enflasyon beklentilerkatterinin sonuglarindan
yararlanarak, kisa vadeli enflasyon oéngorileri idenetlenmg” (“supervi-
sed”) makina-grenimi modelleri tahmin etmektedir.

Makalede makinagyenimi modelleri, bir agik-kaynak yazilimi olan Rgh
paketinde yer alan Scikitsbenme yaklami ile uygulanmaktadir. Tahmin
yontemlerinde Ug-aylik veriler kullanilgtir. Modellerin dngorileri karlasti-
rildiginda, onerilip uygulanan making@nimi modelleri yalnizca anket on-
gorulerini iyilestirmemis, ayrica TCMB'ninki de dahil olmak Uzeregér model
ongorulerinden daha iyi performans gostatimi

Bu saymnin ikinci makalesi Galatasaray Universitelin Selin Pe-
lek'indir. Bu makalede yazar, Ti'in 2003 ve 2005 Hane Hallsgiicii An-
keti (HHIA) verilerine dayanarak, Turkiye'de asgari (creitdksismelerin
Ucret da@ihmina etkilerini argtirmaktadir. Cakbmada kullanilan 6érneklem,
yalnizca tarim g1 faaliyetlerde tam-zamanli ve gaha ¢&indaki (15 ile 65
yas aralgindaki) calsanlardan ve anket ayinda net bir tcret alanlardagt o
maktadir. Yari zamanli ¢ahnlar kapsam dinda tutulmugtur.

Makalenin bulgulari, asgari ticretin 2004’te sigramke birlikte tcret git-
sizliginde, Ozellikle kayith icret s@gsizliginde, 6énemli bir azalma olgunu
ifade etmektedir. Asgari Ucret glgmeleri, 2003 ile 2005 arasinda Ucregida
Iminin yayilimini azaltmgi ve bu dénemdes#sizlikte dnemli bir dizelme
olmustur. Yazara gore, Ucresitsizliginde azalmanin gerisindeki asil etken,
dUsUk Ucretlerin gorece daha hizli yikselmesidir.

Sizlere gelecek sayilardagha ilging makaleler sunmayi diliyoruz.

Ercan Uygur
Editor
Ekonomi-tek
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Forecasting Inflation Using Summary Statistics of 8rvey
Expectations: A Machine-Learning Approach

Bige Kiiciikefe

Abstract

This paper aims to produce more accurate short-tefiation forecasts
based on surveys of expectations by employing maeleiarning algorithms.
By treating inflation forecasting as an estimafmwablem consisting of a label
(inflation) and features (summary statistics ofveys of expectations data),
we train a suite of machine-learning models, namelynear Regression,
Bayesian Ridge Regression, Kernel Ridge Regres$R@amdom Forests
Regression, and Support Vector Machines, to fotebasconsumer-price infla-
tion (CPI) in Turkey. We employ the Time Series €& ®alidation Procedure
to ensure that the training data exclude forecastdn data. Our results indi-
cate that these machine-learning algorithms outpartthe official forecasts
of the Central Bank of Turkey (CBT) and a univaiatodel.

JEL Codes: C82, E31

Keywords: Machine learning, forecast evaluation, inflatiorefmasting,
surveys of expectations, summary statistics

! Namik Kemal University, bkucukefe@nku.edu.tr



2 Ekonomi-tek Volume / Cilt: 7 No: 1 Ocak / Januart 0

1. Introduction

Applications of machine-learning algorithms in mdisids have gained
momentum in recent years. In this study, we exptbee use of machine-
learning methods to improve the accuracy of suredysflation expectations
as a viable alternative to existing inflation-foaisting models.

Univariate models, expectation surveys, and Pkiltprve models have
been widely used to forecast future inflation. Cangon across different
forecasting models is difficult due to differendesdata, sample periods, and
country-specific conditions. Debate over model perfances, however, has
attracted many researchers over the years. A cdrepséve study by gling
et al. (2013) used a collection of econometric nwdteat include univariate
models, decomposition-based approaches, a Phdlipge motivated time-
varying parameter model, a suite of VAR and Baye3f&AR models, and
dynamic-factor models to forecast short-term idlatin Turkey. Their result
revealed that a combination of these models leads reduction in forecast
error.

In a similar approach, Kapetanios et al. (2008padgthat a single model
is outperformed by combinations of various modélsmilestone work by
Atkeson and Ohanian (2001) compared the performaheenaive moving-
average model with a series of Phillips curve fastiog models and argued
that the former performed better than the lattesweler, a later work by
Stock and Watson (2007) found that Phillips cunathods performed better
for the period 1970-83, and the results of Atkeand Ohanian were specific
to the period 1984-99.

Surveys of inflation expectations offer an alteiweatpproach to inflation
forecasting. The superior forecasting performarfceuoveys has been high-
lighted by several researchers. In particular, k&@nd Meyler (2015) argued
that short-term inflation expectations derived freanvey and market data for
the euro area and the United States were informatigdictors of future infla-
tion developments. Similarly, Ang et al. (2007pwshthat inflation expecta-
tions from survey data beat a wide variety of fastmg models that include
time-series ARIMA models; regressions using redivitg data motivated
from the Phillips curve, and term structure modékst include linear, non-
linear, and arbitrage-free specifications.

A similar study by Gil-Alana et al. (2012) revealdtht survey-based ex-
pectations outperform standard time-series modeldS quarterly inflation
out-of-sample predictions. Furthermore, Altand Cakmakh (2016) formu-
lated a statistical model of inflation that comlsrdgata from survey expecta-
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tions of inflation and argued that the model withivey expectations yields
superior predictive performance to the model lagkirem, as well as popular
benchmarks, such as the backward-looking Phillipges and the naive fore-
casting rule.

The appeal of machine learning stems from its tgltiti uncover complex
structures hidden in large datasets without expimgramming. Classifica-
tion and regression are two central applications‘safpervised” machine
learning. Both involve making estimations of an niolkn target from a set of
known features by applying various algorithms, sush support-vector
machines, random forests, and deep neural networks.

We employ “supervised” machine-learning modelsstoort-term inflation
forecasting by using the Central Bank of Turkey OB survey of inflation
expectations. We treat summary statistics of sudeta as features without
time stamp for a supervised machine-learning proldter which the label to
estimate is the future inflation. From the viewpadf machine learning, this
is a standard regression problem. We implementedntachine- learning
models in Python software by using the Scikit-le@®adregosa et al., 2012)
library, which is opensource software. The codesaanilable from the author
upon request.

The remainder of this paper is organized as follo8esction 2 briefly
explains the machine- learning methods we employéchprove the forecast-
ing accuracy of inflation-expectation surveys. ##c8 presents the data and
methodology by which we compared the forecaststi@ed discusses the
forecast performance of the machine-learning algms and compares their
accuracy with the survey data, the CBT officiakfmasts, a naive MA method,
and a univariate model, and Section 5 containsahelusion.

2. Machine-Learning Models

The success of machine learning primarily liestinaibility to discover
unknown complex structures hidden in datasets. cdmemon principle that
underlies a supervised machine-learning model isam a target functiorf)(
that maps input variableX) to an output variableY]. Without defining an
explicit solution methodology that may not evensexsupervised machine-
learning models “learn” from sample data and mastmations for out-of-
sample data primarily for the purpose of binanssifcation, multiclass clas-
sification, and regression, among many other agiins.

Dealing with under-fitting and over-fitting problems important when
selecting and tuning supervised machine models. uruer-fitting problem
occurs if the model doesn’t represent the sampbejaately. The over-fitting,
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on the other hand, occurs if a model fits bestampe data and fails on out-
of-sample data.

Therefore, bias-variance trade-off in machine Ile@yms closely related to
model complexity. As the model complexity increades variance tends to
go up, and the bias tends to decrease—and vice \|Btsllainathan and
Spiess, 2017]. Fig.1 depicts the prediction err@raafunction of model
complexity with bias-variance combinations for acimae-learning model
[Hastie et al., 2017, p. 38)].

Figure 1. Test and Training Error as a Function ofModel

Complexity
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Low Variance High Variance
------- e heeaaa -
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The performance evaluation of a supervised macldasiing model
involves dividing a dataset into test and traingegs. The training set is used
to train the model, which is being evaluated agddins test dataset. In our
study, the summary statistics of inflation-expeaotatsurveys (the features)
and the actual inflation (label), without time infmation, are divided into two
groups: the training and forecast sets.

We use five types of machine-learning algorithmsehr Regression,
Random Forests, Support-Vector Machines, BayesidgeRRegression, and
Kernel Ridge Regression. Before introducing eacthetse models, we first
present some fundamental aspects of supervisedmadelrning. See Hastie
et al. (2009) and James et al. (2013) for detaisiathe models.
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2.1. Linear Regression

The underlying assumption of linear regressionhit there is approxi-
mately a linear relation between response (Y) aariblles (X) in a dataset
with only quantitative values. We can write thifat®nship as

Y=ﬁ0+ﬁ1X1+ﬂ2X2+"'+ﬂpo+E (1)

Wherep,, B4, ..., Bp are the regression coefficients anid the error term.
For p = 1, (1) transforms into a simple linear esgion. The regression coef-
ficients in (1) are estimated by using the leasasegiapproach in the formula:

§=Po+Brxs + Bxz + -+ Py + € 2
such that the sum of squared residuals (RSS) ismam. RSS is defined as

N N N N 2
RSS = ¥y (i — (Bo + Puxia + Boxiz + -+ fyxip) ) (3)
2.2. Random Forests Regression

Random Forests (Breiman(2001)) are a collectiorimiple decision-tree
predictors. Each decision tree in a Random Fomstpcoduce a response for
a set of input values. An algorithm determinessipig points, splitting variables,
and topology of a decision tree. The tree growsradblving for each split
until a tuning parameter (tree size), which comstitble model’'s complexity, is
reached. Random Forests aim to improve the preeiperformance of decision
trees by aggregating many of them. FurthermoredBanForests overcome
the problem of the strong predictor estimatiorhie bagged-trees approach by
allowing for a smaller number of randomly selecgpeddictors for each split.
The average of the predictions from all the treethe ensemble estimation of
the Random Forest model. Growing a regression riggaires an algorithm
that automatically decides on the splitting vagatdnd split points. The response
of a model consisting of M regioiig, R, ..., Ry, is determined by

fx) = Zimcil (x € Rin) 4

for each region. Starting with all data, the altfon first considers the pair
of half planes in terms of the splitting varialp#ad the split point as

Ry (j,s) = {X|X; < s}andR,(j,s) = {X|X; > s} (5)

and seeks the splitting variabland split poink that minimize

minc1 inERl(j,s)(yi - Cl)z + mincz ineRl(j,s) (yi - CZ)Z (6)
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For any value of ands, the inner minimization is solved by
G = average(yi|xi € R,(j, s)),

¢ = average(yi|xi € R,(j, s)), (7
By scanning through all the inputs, we determire libst pair ofj, s) is
determined. Then the same process is repeatedsatiimg regions of data
until the tree grows an optimal size according toirdng parameter that de-

termines the model's complexity.

One common strategy is to grow a large tree witmesaninimum node
size, such as 5. Then this large tree is prunatyusiost-complexity pruning
procedure. First, define a sub-tfée T, of any tree obtained by pruniry,
that is, collapsing any number from its non-terrhimades. Letting

NmZ#{xi € RM},

~ 1

Cm = mineRm Vi, (8)
1 )2

on( =7 > =&
m Xi€Rm

where m is the index of terminal nodes in regian we define the cost-
complexity criterion

Ca(T) = Zmiy NnQu(T) + alT| 9)

where|T| denotes the number of terminal node§,imnda is the tuning
parameter ¢ > 0), which governs the bias-variance tradeoff in thedel.
The idea is to find the sub-tré&g < T, to minimizeC,(T) in (9) for eachu.
Small values ofy yield larger trees d and vice versa. The full treg is re-
turned witho = O.

For eacha there is a unique smallest sub-figehat minimizes (9). To
find T, the algorithm collapses the internal mode thadpces the smallest
per-node increase W, N,,Q.,,(T) until it produces the single-node (root)
tree. This method is calledeakest link pruningnd gives a finite sequence of
sub-trees that contalff),. The tuning parameters estimated by choosing the
value@ to minimize the cross-validated sum of squaresnfwhichTy is the
final tree.

Decision trees yield high-variance, low-bias outpDhe way to reduce
high variance is to use the bagging technique, lisimply fits the same
regression tree many times to bootstrap-samplesiover of the training dataset
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and compute the average. Since each tree genandtesl bagging oB trees
is identically distributed, the variance of the i@ge is given by

po? + 1_?’)02 (10)

The second term disappears in (10paacreases (more trees), and, hence,
the benefits of averaging get weaker due to thedilee correlation of pairs
in the bagged trees. The Random Forests aim t@ gblg problem by ran-
domly selecting the input variables in the treewgng process. Before each
split, m variables are selected randomly from the inpuialédes(p) as candi-
dates for splitting. After growing trees with this procedure, the Random
Forest regression predictor is defined as

fEG) =228, T(x 6y) (11)

where®, characterizes the bth Random Forest tree in tefigglit variables,
cutpoints at each node, and terminal-node values.

2.3. Support-Vector Regression

The idea behind Support-Vector Machines (SVM) (MRpi995)) is to
find hyperplanes that separate different classes iraining dataset. SVM
Regression (SVR) is a form of SVM with a numeridapendent variable
instead of a categorical one. SVR relies on ketnedtions (linear, polynomial,
radial basis, etc.) to construct optimal hyperptane

Kernel function transforms the training data froomlinear space to linear
space. This transformation allows SVR to find aimnapin hyper plane. Mapping
back to the original space completes the algoritRor. a linear-regression
model,f(x) = xTB + B,, and estimation of andp, are possible through
minimization of

A
H(B,Bo) =XV (yi — f(x) +§||ﬂ||2 (12)
where
Vo= { 0, if|r| <e,
7 r| = otherwise

The solution functions fgf andf, that minimize H have the form
B=3(8" —@)x (13)
fO) =TE (@ — @) (xx;)+ Bo (14)
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Where @; and@;" are called the support vectors, which solve thedcatic
optimization problem

N N L
Imin EZ(OH* +a;) - Z)’i(“i* —a)+ > Z (" — ;)
= i=1

Li'=1
(ajr = ap){x, x;') (15)
subject to

0<0,0<0q <1/4,
N

Z(“i* —a;) =0,

i=1

aioci* =0

2.4. Kernel Ridge Regression

Kernel Ridge Regression (KRR) (Hsiang (1975) isranfof linear regres-
sion. KRR imposes a penalty on the size of theassgjon coefficients, which

are estimated by obtainifgJi?9¢ values that minimize

?:1()’1‘ —Bo—2j ,Bjxij)z + %%, B> = RSS + ¥F_, B;° (16)

wherel > 0 is a tuning parameter to be calculated separdtehiting the
size of the regression coefficients alleviates igh kariance problem caused
by the large coefficients of the correlated varigbte a model. Writing the
criterion (16) in matrix form,

RSS(D) = (y = XB)"(y —XB) + A" 17)
we estimate the regression parameters as
B = (XTX + AD)71XTy (18)

wherel is the identity matrix with size x p. The choice of quadratic
penalty in (17) makes the KRR solution a linearction of y. If the inputs
are orthonormal, the KRR estimates are a scalesloreof the least-squares

estimategf™49¢ = /(1 + 1)).
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2.5. Bayesian Ridge Regression

Bayesian regression introduces uninformative priorer the hyper pa-
rameters of the model. The output y is assumedet@aussian distributed
aroundX, w such that:

pr(YIX,w,a) = N(w|X,w, a) (19)

Wherea is treated as a random variable and estimated ftata. In a
probabilistic model estimated by Bayesian RidgerBggjon, the prior for the
parameter w is given by a spherical Gaussian:

pwld) = N (w|0,27'L,) (20)

The priors over and\ are gamma distributions (the conjugate prior for
the precision of the Gaussian normal distributidie parameters va, andi
are estimated jointly in the model.

3. Data and Methodology

The Central Bank of Turkey (CBT) conducts a sureach month to
monitor the expectations of experts from the finanand real sectors. The
guestionnaire includes short-term inflation foresagurrent month, next
month, and two months ahead) in addition to mahgroéxpectations of eco-
nomic variables, such as exchange and interes. rake survey reports also
contain summary statistics that consist of modedjiame minimum, arithmetic
mean, and maximum and minimum values. We obtainedtrvey of expec-
tations data from the CBT and the Consumer-Pri@iation (CPI) data from
TURKSTAT. The data cover the period from August 26® December 2017,
for which we produced monthly inflation forecasts three horizons: current
month (h=1), next month (h=2), and two months al{ea8).

The Time-Series Cross-validation (TSCV) procedwesuhe past data only
for the training of the machine-learning modelshaiit any information about
the forecast horizon or beyond, thereby producingof-sample forecasts.
We used an expanding-window rather than the rolmgdow estimation
procedure to permit the use of more data for thenlag process. Expanding
the window-procedure estimates model on a sampieimg from1,2,...,t
and we produced forecasts of variables at dat¢ h: h > 0.

The performance metric we employed to evaluateftinecasts by the
machine-learning models is the Relative Root Meamage Error (R-RMSE),
which is calculated by dividing the model forecRMSE by the survey fore-
cast RMSE:
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N (- ’
R — RMSE = 2 1)
\12?1:1("1'_125)2

wherer is the actual inflationf™ is the model forecast, argis the arith-
metic mean of survey expectations. A relative RM&liie less than unity
indicates that the model improved on the surveydasts and vice versa.

Furthermore, we computed the Empirical Cumulativstribution Func-
tion (ECDF) for Bootstrap RMSEs of the forecastSDIF is defined as:

number of elements in the sample <SRMSE (22)
N

ECDF (RMSE) =

where N is the total number of elements in the sanffICDF used the data
from the Bootstrap replicates of the forecaststard RMSESs to draw statis-
tical inferences. We used 10,000 bootstrap reggatith replacements.

We compare the forecast performance of the macleiaming models
with a suite of forecasts that consist of survetadidne CBT forecasts, a time-
series forecasting model (TBATS), and a naive ngrémerage model.
TBATS is a state space-modeling framework (de lavet al. (2011)) for
univariate time series forecasting with complexsseal patterns. This trigo-
nometric framework has both linear and nonlinearetseries modeling ca-
pacity with single seasonality, multiple seasogalligh period, and non-
integer seasonality. TBATS incorporates Box-Coxngfarmations, Fourier
representations with time-varying coefficients, axldMA error correction.
We used the R implementation of the TBATS modetampute the point
forecasts for the next three months, starting ftieenfirst month of the respec-
tive quarter, from 2016-Q4 to 2017-Q4.

The CBT doesn’t publish its monthly inflation foests. Hence, we use the
guarterly inflation forecasts for comparison. Aldgh quarterly inflation
forecasts are not provided separately in the CEiflation reports, one can
calculate them by solving the following equatiomlgtically for f;,.

a+ 7T9m)(1 + fQ) =1+ fizm (23)

wherernq,, is the actual past nine months’ inflation gfgl,, is the CBT's
yearly inflation forecast at the end of the quattat is available in the CBT's
inflation report.

Calculating the quarterly inflation forecasts makise of the next month
and two months ahead forecasts from the model$, that the next quarter
inflation forecast#,,,), starting with the current month, is given by



Bige Kiigiikefe 11

figm = (1+ ) (1+£22) (14 fm®) -1 (24)

wherefn'i(”) is the model forecast in monti for horizonn.

As a benchmark, we employ a naive Moving AverageAlNhodel, in
which the next quarter’s inflation is equal to #mhmetic mean of the past
four quarters’ inflation rates (Atkeson and Ohano01).

A~ 1
firrg = 3 (Mg, + g, + Mg, +Tig,) (25)

Even though it is well established that a naive Médel does not perform
well for short time horizons for economies lackistgble inflation dynamics,
the model nonetheless serves as a benchmark.

The results we obtained with the default parametdrdhe machine-
learning models in the Scikit-learn library areisfactory to the extent that
they demonstrate the effectiveness of the propapptbach.

4. Forecasting Performance Evaluation

The forecast period covers five quarters, from 2Q46to 2017-Q4. We
evaluate the forecast performance of the machimetieg models, the sur-
veys, the CBT, the TBATS model, and a naive MA nlcskerving as a
benchmark. The ECDF of Bootstrap mean of RMSEsr®fteseful infor-
mation for comparing forecasting performances.

Table 1 shows the probability of fractional improwent by the machine-
learning models at each time horizon, based oBdwtstrap mean of fractional
improvements. At horizon 1, only the LR provideBactional improvement,
with a 68% probability, whereas the other modelmaim below the 50%
critical level, which indicates no improvement.

On the other hand, RFR performs better than theegumwith an 87%
probability at horizon 2, followed by the KRR an®RR, with 74% and 60%.
Both the LR and SVR remain below 50% at horizom&aning that they fail to
improve the accuracy of survey forecasts.

Significant fractional improvement is achieved hg models at horizon 3,
with 99% probability by RFR and 98% by KRR, BRRd&@WVR. The accuracy
gain by LR occurs with lower probability than thther models, but with
68%, it can still improve the survey forecast atizmn 3.
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Table 1. Probability of Fractional Improvement by
Machine-Learning Models

Forecast horizon RFR KRR | LR BRR SVR
h=1 0.33 0.36| 0.68 | 0.32 0.39
h=2 0.87 0.74 0.49 0.60 0.30
h=3 0.99 0.98 0.68 0.98 0.98

Note: Forecast horizons are in months. Bold text indisdhe most accurate model
for the forecast horizon.

Abbreviations: RFR: Random Forests Regression,
KRR: Kernel Ridge Regression, LR: Linear Regression
BRR: Bayesian Ridge Regression, SVR: Support VeRegression

Table 2 gives RMSEs and relative RMSEs for thedases. Although the
survey forecasts performed worse than the CBT &@WTB, all the models
scored smaller RMSEs, in the range of 0.76 to Ov8Bh 0.76 RMSE, LR
outperformed the other machine-learning models theitdifference is negli-

gible, except for KRR, which has an RMSE of 0.8BATS produced better
forecasts than the CBT.

MA vyielded the worst forecast performance due @ thpidly changing
inflation dynamics during the forecast period. T®BT scored only 7% less
than the RMSE. By comparison, the TBATS scored 1fdter than the sur-

vey forecasts. The machine-learning models imprarethe survey forecasts
by up to 38%.

Table 2. Quarterly CPI Forecast Performances

Forecast RMS Relative RMSE Relative RMSE
by E (MA) (Survey)
MA 1.70 1.00 1.39
CBT 1.14 0.67 0.93

TBATS 1.01 0.59 0.82
Survey 1.23 0.72 1.00
LR 0.76 0.45 0.62
BRR 0.78 0.46 0.64
RFR 0.77 0.45 0.63
KRR 0.83 0.49 0.68
SVR 0.77 0.45 0.63

Note: Forecast period from 2016-Q4 to 2017-Q5.

Abbreviations: CPI: Consumer-Price Inflation, MA: Naive Moving énage forecast,
CBT: Central Bank of Turkey forecasts, TBATS: A waniate model by de Livera et
al. (2011). See note to Table 1 for other abbr@niat
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The quarterly inflation forecasts of the machinadténg models, surveys,
CBT and TBATS are shown in Figure 2. Due to thdtikch number of fore-
casting points and changing performances of theetsddr different periods,
it is difficult to judge the forecast accuraciesnr the figure. On the other
hand, Figure 3 shows the ECDF of the Bootstrap smedriorecast absolute
errors, which reveals the forecasting performances.

It is apparent from the figure that the machinere® models outperform
the CBT forecasts, which are slightly more accuthtn the surveys. Even
though the TBATS produced the best forecasts,dtfopnance was not con-
sistent, and large forecasting errors moved the T840 a ranking between
the CBT and the machine-learning models.

Figure 2. Quarterly CPI Forecasts

v
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-
%
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& SWR
& CBT ¢
TBATS
0
2016-Q4 2017-Q1 2017-Q2 2017-Q3 2017-Q4

Note: See the note to Table 2 for abbreviations.

To summarize, even though the surveys performedevtran the CBT
and the TBATS forecasts, the machine-learning nsodaling only on the
summary statistics of the survey data producedfgignt levels of accuracy,
which led to better forecasts than those of the @Bd the TBATS, as measured
by the RMSE. In particular, the RFR yielded thetlpesformance among the
selected machine-learning models.
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Further accuracy improvement of the models is ptsshrough parameter
optimization and an increase in the size of thinitng data. In addition,
extending the forecast period with new data as thegome available will
contribute to better evaluation of the machinedesy models and improve
the forecasting capability of inflation-expectatisurveys.

Figure 3. Bootstrap Means of Forecast Errors.
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Note: See the note to Table 2 for abbreviations.

5. Conclusion

We have employed a suite of machine-learning maodeisiprove the ac-
curacy of surveys of inflation expectations, contdddy the Central Bank of
Turkey (CBT). A training set consisting of only tls&mmary statistics of
survey data and actual inflation in Turkey was ugdd comparison of fore-
cast performances vis-a-vis the forecasts by th& @il a univariate model
(TBATS) shows that the proposed method not onlyrawes the accuracy of
the surveyed forecasts but also outperforms the @BT TBATS, which are
themselves more accurate than the surveys.

We treat the inflation forecasting as an estimatiooblem in machine
learning. The summary statistics of survey datanfthie features set and the
actual inflation is used as labels. The time-seci®ss validation procedure
ensures that the forecast horizon data are natded in the training set for
the machine-learning model. Among the models,RR® yielded the best
fractional improvement.
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The Impact of the Minimum Wage on Wage Distribution
The Evidence from Turkey

Selin Pelek

Abstract

In this paper, we investigate the effect of theimum wage on the entire
system of wage distribution. More specifically, agdress the issue of wage
inequality by taking into account the potentialtdisutional outcomes of
minimum-wage legislation. We decompose the wagerdiices and the vari-
ations in the wage inequality before and after simble minimum-wage
boost in 2004, following the methodology introdudgdDiNardo, Fortin, and
Lemieux (1996). We use a non-parametric reweighipgroach to decom-
pose the effects of the minimum-wage hike as welbther factors that may
have affected the wage distribution. Our main figgi confirm that the mini-
mum wage played a pivotal role in reducing wagejuradity for both Turkish
male and female wage earners between the yearsa2@023005.

JEL Codes:J31, J38
Keywords: Minimum wage, wage inequality, counterfactual dlisttions
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1. Introduction

Turkey’s stellar economic performance over the kestade has been
accompanied by a shift in its labor market—a risehie share of salaried
workers and a considerable decline in the agricailgpopulation (Ben Salem
et al., 2011). However, in tandem with the remalkajvowth rates that were
experienced after two severe economic crises, @ 20id 2001, the inequality
issue has arisen to occupy center stage in Turkeyh-+h political debate and
as a subject of economic research. An OECD repatitlesd Divided We
Stand: Why Inequality Keeps Risiamphasizes that the gap between the rich
and the poor widened after the global economids;rénd the social contract
has started to unravel even in OECD countries (OEZ21). According to
the inequality indicators of the OECD, Turkey, @hiend Mexico are the
emerging countries with the highest rates of incamguality.

Many economists argue that wage evolution is céndr@xamining in-
equality, claiming that the main reason for charigaéaequality is the move-
ment in the rate of wage dispersion (Houller et20112). Given that employ-
ment earnings constitute the greatest share dftiotesehold income among
the working-age population in most OECD countrtbs, correlation between
wage dispersion and rising inequality is not s@ipg (OECD, 2011). Conse-
quently, more economists are becoming interestethendynamics of the
changes in wage distribution, especially in thosantries where income
inequality is relatively higher, such as the USL.atin American economies.
In this study, we focus on the wage inequality imkey, where the share of
wage earners in total employment exceeds 67% 281af.

The economic literature on wage inequality in deped countries has
mostly concentrated on the role of increasing dehfanskilled labor due to
technological advances, international trade, amdsgarch frictions (Juhn et
al. 1993; Acemglu, 2002; Attanasio et al. 2004; Moore and Ranp005;
Kumar and Mishra, 2008; Mortensen, 2005). Thesdietuwsually ignore the
potential effects of institutional factors on ttaddr market. However, Bour-
guignon et al. (2007) highlight the importance woétitutional changes for
gaining an understanding of inequality trends, egjig in developing countries.
According to their results, the direction for reséainto inequality needs to
focus on the costs and benefits of public polisiesh as taxation, the social-
security system, subventions, or the minimum wage.

In their influential study, DiNardo et al. (1996jnphasize that labor-
market institutions, especially the minimum wage, as important as market
forces in explaining the changes in wage distriyuin the US in the early
1980s. Another important study, by Lee (1999), asgthat the erosion of the
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US federal minimum wage in real terms during th8QKaccounts for much
of the worsening in wage inequality in the lowar t¢d the distribution, par-
ticularly for women. Autor, Katz, and Kearney aldaim that the decline in
the real minimum wage is the primary source of riseng wage inequality
seen in recent decades in the United States (Attalr, 2005).

In their comprehensive paper on the effects ofnii@mum wage in the
UK, Butcher et al. (2012) have developed a modelitich the minimum
wage has an impact on wage inequality but no saamif effect on employ-
ment. Moreover, they suggest that the introductibthe UK minimum wage
in 1999 explains a key part of the evolution of eagequality in that country
between 1998 and 2010. In sum, there is growindeece that, under the
influence of an efficient minimum-wage policy, tddéference between high
and low wages becomes smaller, in favor of thedatt

The research on the effect of the minimum wage ageadistribution in
developing countries is scarcer than it is in depetl ones (Gindling and
Terrell, 2005). However, the limited evidence fremerging markets indi-
cates that the wage-compression side effect ofmih@amum wage is stronger
there than it is in developed countries (Lemos,9200he labor market in
these nations is mainly characterized by a larggpgrtion of informal
employment. In this framework, the commonly usedotitical model for
testing the distributional effect of the minimumgeais the Welch-Gramlich-
Mincer Two-Sector Model (Welch, 1976; Gramlich 19K6ncer, 1976).

Under the assumption that workers are perfectly iraplihis model
suggests that a higher minimum wage could push dbemwages in the un-
covered sector (meaning that the minimum-wage litips is not applied to
all sectors) due to the movement of workers from ¢bvered sector to the
uncovered sector. Thus, the expected effects ofmihénum wage on other
wages in both the covered and uncovered sectoirs the opposite direction.
However, contrary to the predictions of the TwoiBedlodel, the evidence
from (mostly) Latin American economies indicateattthe minimum wage
has a positive distributional effect not only ire ttormal sector, but also in the
informal one (Lemos, 2009; Cunningham, 2007; Majoaled Mendez, 2004;
Neumark et al., 2006; Fajnzylber, 2001; Khamis, 80Fajnzylber (2001)
highlights the seeming presence of minimum-wagectdfacross the whole
distribution, including informal salaried workersBrazil.

Maloney and Mendez (2004) point out the redistidnal impact of the
minimum wage on the wage distribution of formal anfibrmal workers in
Latin American countries. Furthermore, in theiedretical paper, Fugazza
and Jacques (2003) develop a model in which laksmket institutions,
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including the minimum wage, are efficient for reuhgcthe informal sector, and,
under certain circumstances, the labor earninghenformal and informal
sectors move in the same directfoEspecially in an emerging economy,
where there is substantial wage inequality, it asttvinvestigating the binding-
ness of the minimum wage. If a minimum wage is igdone could get a
preliminary idea of its enforcement or coverageedrtetically, enforced
minimum-wage legislation with high compliance wowédnerate a censored
distribution at the level of the minimum wage, with workers earning below
that level. Nevertheless, noncompliance is wideshrparticularly in developing
countries (Maloney and Mendez, 2004); thus, thedation at the minimum-
wage level may not be obvious. However, if a sgigpears around the mini-
mum wage in wage distribution, one can assumethgminimum wage is
somewhat binding (Cunningham, 2007).

This study investigates the effects of the minimuage on wage distribu-
tion in Turkey, based on the micro data of the Htadd Labor Force Sur-
veys (HLFS) provided by TURKSTAT. The Turkish labmarket is known
for its late but rapid adaptation to urbanizatiaerothe last several decades.
This urbanization process implied a major labofloeation from agriculture
to industry and services. As mentioned above stiee of wage-earners in
total employment jumped, from 50% to 67%, while share of unpaid family
workers plunged between 2003 and 2016. Howeven, msiny other parts of
the developing world, e.g., in Latin America, thypical process of sectoral
reallocation has been followed by persistently higiemployment in urban
areas and substantial levels of informal employraeming salaried workers.

Although we observe a slight decline in the slehri@formal employment in
recent years, this fact is due to the ongoing E®cd economic restructuring
from agriculture towards urban-based employmentosgcrather than the
result of a successful public policy to combat infality (Ben Salem et al.,
2011). A noteworthy share of salaried employeesuyradt 26% according to
the Labor Force Survey in 2010, is still outsidelaifor-market legislation,
i.e., have informal jobs. The evidence of laboreme differentials between
the formal and informal segments in the Turkishofaimarket confirms the
existence of an informal penalty. This is in linghathe traditional theory of
the formal salaried workers being paid more thanitifiormal ones (Tansel
and Kan, 2012; Baltagi et al., 2012). In a receaths Tansel et al. (2019)
identify the rising tide of wage inequality for tyears 2005 through 2011 in

2 |tis a common practice in the literature on dep@lg countries to use the terms uncovered
and informal interchangeably (Gindling and Terr2005); we use them in the same way in
this paper.
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Turkey, theorizing that this phenomenon could be tuweak labor-market
institutions, as well as weak enforcement, and spdead informality.

Over the past decade, Turkish wage earners hawfiteehfrom two hefty
raises in the real minimum wage. One of the higbestirred in 2004, when
the minimum-wage commission decided to raise i26y6% in real terms.
The second one was implemented more recently, inaig 2016: the net
minimum wage was upped from 1,000 TL to 1,300 TtheD increases that
were granted between 2004 and 2016 were minothisnpaper, we investi-
gate the effects of the big raise of 2004 on th&esprofile of Turkish wage
distribution. More specifically, we address theussf wage inequality by
taking into account the potential distributionalt@ames of the minimum-
wage legislation.

With the methodology introduced by DiNardo, Fortiand Lemieux
(1996—DFL hereafter), we decompose the wage diifage and the varia-
tions in wage inequality before and after the miummawage increase in 2004.
We use a non-parametric reweighting approach tordpose the impact of
the raise as well as other factors that may hafleeimced the wage distribu-
tion. Our main findings confirm that the minimum geaplayed a pivotal role
in reducing wage inequality for both male and fesnaurkish wage earners
between 2003 and 2005. We control for changesdrrttiividual characteris-
tics over two years and show that they do not Isgeificantly affect wage
distribution. This result seems reasonable, sinweoayear period is short for
a robust change in individual attributes.

The rest of the paper is organized as follows.i8e@ discusses the evo-
lution of the minimum wage in the Turkish labor keir over recent years.
Section 3 describes the data set and discussasdréssues. Section 4 pre-
sents a detailed explanation of the methodologyl,used Section 5 reports
our empirical results. Finally, Section 6 contathe conclusion and offers
suggestions for further research.

2. The minimum wage in Turkey over the past decade

After a severe economic crisis in 2001, Turkey gagba speedy recovery
ushered in by a single-party government that haggesdtin power since the
end of 2002. The economic growth rates reacheavarage of about 6% a
year between 2003 and 2016, even including 200&nwBGDP actually
contracted. We observed a similar recovery aft@924s well. The minimum-
wage increases also averaged about 6% during ithe gariod.

Figure 1 below presents the annual growth rat&Di®P and the minimum
wage in real terms during a period when the Justiee Development Party
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(abbreviated as AKP in Turkish) was in power (il &), between 2003 and
2016° Note that except for 2006 and 2007, the real mimimvage was raised
consistently. As mentioned above, the biggest jumpbhe mandatory mini-

mum wage in the wake of the AKP coming to power2B02 were put

through in January 2004, just before local elesticand in January 2016.
Although the total magnitude of the raising of thal minimum wage equaled
GDP growth between 2003 and 2016, this was moreflection of the big

boosts given in 2004 and in 2016. The main purpbdkis study is to inves-
tigate whether and to what extent the 2004 subatantrease in the mini-
mum wage affected wage distribution and counteragennequality.

Figure 1. GDP Growth Rates and the Real Minimum Wag
Increases (%, Per year)
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3 We exclude the economic crisis years 2000-2001thedirst year of the recovery period,
2002. The single-party government formed by AKP edmpower at the end of 2002 and
has provided a more stable macroeconomic environsiece 2003.

These are the monthly net minimum wages for warlegred 16 and older. The average of
the minimum wages was taken into account for ttegs/baving more than one adjustment,
and all wage levels were deflated by 2003 pricasguhie Consumer Price Index.
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For an international comparison of minimum wages,use the minimum
wage/mean and median-wage ratio. This ratio, aleovk as the Kaitz (1970)
index, is the most preferred indicator for crosaftoy studies, since it pro-
vides a basis for the relative level of the minimwage (Burkhauser et al.,
2000). Even though we have used both the mean @uliamwages as de-
nominators, opting for only the median wage asdieominator is superior,
as it omits extreme earnings (Maloney and Mend@@420ECD, 1998).

Table 1 below provides the ratio of the monthly iminm wage to both the
mean and median wage for full-time wage earneisyden 2003 and 2016 in
OECD countries. According to the previous literatua lower Kaitz index
indicates that the minimum wage is relatively weaid probably does not
affect a large number of employees, while a higkaitz index is generally
associated with a bigger share of minimum-wageezarn.e., a higher mini-
mum wage relative to other wages, which, in tuould have large ramifica-
tions on the labor market (Rycx and Kampelmann2201

Table 1 highlights Turkey’s position in first pladgehas the highest Kaitz
index among the countries listed. Other countreagry a relatively elevated
Kaitz index are France, Belgium, Ireland, New Zgnd|aAustralia, Slovenia,
and Latvia. According to OECD statistics, anothgnigicant point is that the
ratio of the minimum wage to the median wage isoaintdouble that of the
minimum wage to the mean wage. This may be duéh¢oeixistence of
extreme high wages and/or the compression of wage¢se bottom of the
distribution. Nevertheless, it should be kept imdhthat the OECD bases its
estimates of the mean and median wages on thet8&uwaf Earnings Survey.

These data, which are provided by TURKSTAT, coeemployees who
are registered wage earners in all establishmentdoging 10 and more
employees. Thus, the estimated wages, especialpn meages, might be
upwardly biased, given that wage earners in the $SBtte informal employees
are not covered in this data base. With the notalsheup in the Turkish
minimum wage in 2004, the Kaitz index for the caymhanged dramatically.
The ratio of the minimum wage to the median wagaresh from 58% to
75%, and it has not deviated much from that sihea.tEven the more recent
increase of 2016 did not alter the minimum wagméan/median wage ratios.

Therefore, it is worth examining the distributiomdiects of the minimum
wage in the Turkish labor market, where the bitehid economic factor is
significantly deeper than in the other countrie® #tus on the effects of the
hike of 2004 by measuring the changes in wageildigion in the country
between 2003 and 2005.
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3. Data

We use the 2003 and 2005 HLFS annual micro datéded by TURK-
STAT. In Turkey, the HLFS is the main data sourmeldbor-market statistics
as it collects detailed information from the lalsopply perspective and as-
sembles a broad range of facts on the socio-ecanconiditions of both for-
mal and informal workers. The definitions and dfésstions of the variables
in the HLFS have been harmonized with internaticstahdards, as deter-
mined by Eurostat and the ILO. Economic activiiesl occupations are coded
at four-digit levels, according to the NACE and (388 classifications, and
results are given within nine main groups. These dagularly survey the
main demographic and socio-economic characteristitshouseholds’
members, such as age, gender, marital status,-madédet status, tenure,
hours worked, income from paid employment, inforreahployment, and
unemployment duration.

Thus, the HLFS enables us to control for certailevwant individual
characteristics that may affect wages. Being thdymt of standardized sampling
and weighting methods, these data are designe tegresentative of the
whole non-institutional population of Turkey. Thanaal results are pub-
lished as a cross-sectional design. Of coursegadize that the lack of longi-
tudinal data structure over this period somewlmaitdi the empirical research;
nevertheless, we make up for this by taking adwgentd the large sample size
of the HLFS and using appropriate estimation nmaghior repeated cross-
sectional data.

A question about earnings from paid employment added to the HLFS
in 2003. However, the date of inclusion of thisieiddal information does not
pose a problem since our period of interest cemer2004, when the massive
boost was enacted. By taking into account the piadeime-lagged effects of
this increase, we investigate changes in wagdhlisons from 2003 to 2005.

Note that our sample includes full-time wage eariernon-agricultural
activities among the working-age population (theggeed 15 to 65) who
declare a net positive salary in the reference mdme simply exclude those
wage earners who work less than 30 hours per wa&ekpart-time workers.
This restriction is completely conventional for @asch into wage structure
(Katz and Murphy, 1992; Verdugo et al., 2012).

Furthermore, the percentage of part-time emplogessng all wage earners
is miniscule (about 0.8% in 2004 and 1.4% in 20@;ording to the labor
surveys provided by TURKSTAT,; there was no specdieestion about
employment type in 2003), contrary to industriatizeountries. Since the
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minimum wage and the reported employment earningee HLFS are on a
monthly basis, we prefer to work with monthly wagEmally, we exclude

observations of the lowest 1% as well as the high¥sof the wage distribu-
tion in order to avoid the effect of outliers orethstimation. Consequently,
our sample comprises 33,023 men and 8,821 wom2@d8, and 53,978 men
and 13,476 women in 2005. Table 2 reports the susnsiatistics of the

sample.

Table 2. Characteristics of Full-time Wage Earnersn Turkey (%)

Men Women
2003 2005 2003 2005
Average age 33.5 33.8 30 30.5
Years of schooling 8.5 8.5 10.5 10.3
Education
llliterate 1 1 1 2
Literate, but not completed 1 2 1 2
any school
Primary school 41 39 23 22
Secondary schoql 15 17 9 10
High school, vocational oy 27 27 32 31
technical high schoq|
University, faculty or uppe 15 14 34 33
Married 76 75 48 46
Urban population 78 84 85 89
Tenure (year) 19 19.3 13.5 14.2
Sector
Industry 31 33 31 30
Construction 9 9 1 1
Services 60 58 68 69
Unskilled 13 13 10 12
Informal wage earners 27 28 22 25
Below minimum wage 13 14 17 16
At or near the min. wage 9 16 13 20
Number of obs. 33,023 53,978 8,821 13,476

Source The HLFS, 2003 and 2005; own calculations

We do not observe any significant changes in treratdteristics of full-
time wage earners from 2003 to 2005 for either memwomen. It is not
surprising given the fact that a two-year periodimfe is not long enough for
any structural changes in a labor market to shamgelves. However, the
workforce has become more educated. The sharaemsérschool graduates
has declined slightly, while the average years abfosling have remained
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unchanged. The most remarkable shift has occurred in theeslodrurban
workers. The urbanization rate has gone up througtiee country, and the
urban population among wage earners has expandegspgondingly while
the sectoral decomposition has remained stable.

The share of unskilled wage earners has increaseth@women, from
10% to 12%. Another key indicator is the informatpoyment rate, which
has remained almost stable among male wage easmiilg, it has moved
upward among women, from 22% to 25%, over two years

The proportion of workers who earn at or near theimum wagé has
jumped from 9% to 16% and from 13% to 20% amongeraald female wage
earners, respectively. In light of the minimum-wénglee in 2004, this growth
in the minimum-wage population seems plausiblenEsg an unusual feature
is puzzling: the proportion of workers paid beloe tminimum wage has
stayed almost unchanged.

Furthermore, according to the data provided by TISRKT, the un-
employment rate did not worsen; on the contrargipped slightly between
2003 and 2005. The total unemployment rate was’d{$3.8% nonagricul-
tural) in 2003 and 10.6% (13.5% nonagriculturalpd05. By gender, it was
10.7% (12.6% nonagricultural) in 2003 and 10.5%4%2nonagricultural) in
2005 for men, while it was 10.1% (18.9% nonagrimalt) in 2003 and 11.2%
(18.7% nonagricultural) in 2005 for women.

In order to get a more detailed picture of workems,divide our sample into
two sub-groups: formal wage earners who are covbyed social-security
program due to their primary jobs and informal wageners who are not
covered. Those having social-security coverage reweth23,857 males and
6,811 females in the 2003 sample; and 38,848 naalds10,055 females in
the 2005 sample. The informal wage earners’ sammmheprises 9,166 men
and 2,010 women in 2003; and 15,130 men and 3,42den in 2005.

Tables 3 and 4 provide the individual and job cbmastics of these
workers separately.

We do not go into detail on the comparison betweate and female workers within our
framework. However, we would like to highlight thigmale wage earners are younger,
more urbanized, and more educated than male wagerea64% of female full-time wage
earners have completed high school or above, cadpgar41% of males.

Following the previous literature, we define ainear minimum wage those workers whose
monthly salaries are between 0.95 and 1.05 of thermam wage (Lemos, 2004b).
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Table 3. Characteristics of Formal Full-time Wage B&rners
in Turkey (%)

Men Women
2003 2005 2003 2005
Average age 34.5 34.7 30.5 31.1
Years of schooling 9.3 9.2 11.4 11.4
Education
llliterate 0 0 0 0
Literate, but not completeg 0 1 0 1
any school
Primary school 33 33 16 16
Secondary schoqdl 14 15 7 8
High school, vocational oy 33 32 35 33
technical high schoaol|
University, faculty or upper 20 19 42 42
Married 81 80 51 50
Urban population 79 84 86 90
Tenure (year) 19.2 19.5 13,1 13.7
Sector
Industry 33 35 27 26
Construction 4 4 1 1
Services 63 61 72 73
Unskilled 12 12 8 9
Below minimum wage 4 3 6 4
At or near the min. wage 9 16 14 20
Number of obs. 23,857 38,848 6,811 10,055

Source The HLFS, 2003 and 2005, own calculations

Similar to the entire population of Turkish wagereas (and ignoring the
growth in the urban population), the characterssti€ formal and informal
wage earners did not change markedly over the 2003-period. However,
the minimum-wage variables display a noteworthyiatem over the same
period. Note that a non-negligible segment of tifermal wage earners are
paid near the minimum-wage level. In fact, fullyfhed informal female wage
earners and around 40% of informal male wage esuarerearning below the
minimum wage. In addition, among formal full-timeage earners, 3-4% of
men and 4-6 % of women declared that their salay l@ss than the mini-
mum wage. This could reflect a measurement error.

On the other hand, keeping in mind that a lowerimmirm wage (around
85% of the adult minimum wage) is typically giventhose under the age of
16, one can assume that certain percentage of thabers are between 15
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and 16. Another explanation could be over-reporting disoms due to the

other advantages of being registered in the seaalrity system, such as
retirement or health insurance. After all, it isanlly seen that the 2004 wind-
fall widened the proportion of minimum-wage earneys/% and 8% among
formal and informal wage earners, respectively.

Table 4. Characteristics of Informal Full-time WageEarners
in Turkey (%)

Men Women
2003 2005 2003 2005
Average age 30.8 31.5 28 28.7
Years of schooling 6.4 6.7 7 7.1
Education
llliterate 2 2 5 6
Literate, but not completeg 2 5 4 7
any school
Primary school 62 52 48 40
Secondary schoql 17 21 15 19
High school, vocational or 13 17 23 23
technical high schoqgl|
University, faculty or upper 2 3 5 5
Married 62 61 37 35
Urban population 76 83 82 86
Tenure (year) 18.4 18.9 15 15.6
Sector
Industry 28 28 42 41
Construction 22 21 1 1
Services 50 51 57 58
Unskilled 15 17 19 21
Below minimum wage 37 39 56 51
At or near the min. wage 7 15 11 19
Number of obs. 9,166 15,130 2,010 3,421

Source The HLFS, 2003 and 2005, own calculations

The other way to measure bindingness of the minimage is to examine
the distribution of wages. In order to see if thanelatory minimum wage is
binding, and how the wages are distributed, we takeommonly used
graphical approach. Kernel density plots providelesrer representation of

" Unfortunately, we could not exclude them becahsse age groups are determined as 15-19

in the LFS. However, the share of the 15-19 agemamong formal wage earners who are
paid less than the minimum wage is only about 14%regy men and 19% among women.
Thus, the wage earners aged between 15 and 16td®@m to be overrepresented in this

group.
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wage levels and spotlight where the minimum-wadesdi Kernel density
estimators are essentially a continuous versiomdistrete histograms and
approximate the density f(w) based on observationhey smooth a line
between each observation along the x-axis within a selected bandwidth.
More formally, Kernel density estimation can bereggsed as:

w — Ww;

A =0,
faw) = Y K=
i=1

where n is the size of the classss the sample weight of observation i, h
is the bandwidth, K(.) is the kernel function, andome point along the x-
axis. Kernel function simply estimates the dengjtgx) from the fraction of
the sample that is close toixg,.the fraction that falls into the bandwidth, h.

Thus, the choice of the bandwidth is critical sikbernel estimation is
sensitive to the bandwidth chosen to smooth. & phaper, we use 2,000 point
estimates and the GausSidternel estimator. The optimal bandwidth is
specified with Sheather and Jones’ selector base&ilverman’s method
(Silverman, 1986.

Figure 2 and Figure 3 display Kernel estimateshefreal monthly wages
of full-time workers by gender in 2003 and 2005.

It is clearly seen that the minimum wage is soméwilireding in Turkey;
however, it is not necessarily enforced as a whmg®.fA considerable num-
ber of full-time workers are subminimum earnersialhis similar to the situ-
ation in other developing countries. It is wortHing that the minimum wage
produces a sharper spike in the wage distributfomoonen than of men. This
difference indicates that the wages of female wiarkege more concentrated
around the minimum-wage level, which accords wlith tesults presented by
Calavrezo and Pelek (2011) in their research iotw-Wwage workers in
Turkey.

The most significant change over the two yeardias the left side of the
wage distribution has shifted to the right while ttight side has remained
almost stable.

The Gaussian Kernel function is a conventionaliahan literature. However, the use of
other functions does not change the results draelbti

For a more detailed explanation of Kernel estiorgtisee Deaton (1997), Maloney and
Mendez (2004), and Cunningham (2007).
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Figure 2. Kernel Density Plots of Full-time Male Wae Earners
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Figure 3. Kernel Density Plots of Full-time Femalé&Vage Earners
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Figures 4-7 display the wage distributions of thierfal and informal wage

earners by gender.
Figure 4. Kernel Density Plots of Full-time FormalMale Wage

Earners
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Source The HLFS, 2003 and 2005, own calculations
Figure 5. Kernel Density Plots of Full-time FormalFemale

Wage Earners
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Source HLFS 2003 and 2005, own calculations
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Figure 6. Kernel Density Plots of Full-time Informd Male
Wage Earners
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Figure 7. Kernel Density Plots of Full-time Informd Female
Wage Earners
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The minimum wage clearly truncates the wage distidim of the formal
wage earners. The spikes at the minimum-wage air both for men and
women. A significant wage increase is observechathiottom of the wage
distribution of the formal wage earners, while tn@arning high wages did
not vary notably from 2003 to 2005. The shift isrkea only on the left side
of the wage distribution. Therefore, the minimumgeaike in 2004 seems
particularly important for the distribution of wagyamong formal workers. At
the same time, the minimum wage is not well enfdras a wage floor in
Turkey, given that a great number of wage earnersiat registered with the
social-security system and earn below the minimuagey as mentioned
above. However, although informal workers are raseced by labor legisla-
tion, the spikes are observed around the minimumgew&@he wage curve of
the informal wage earners as a whole shifted toritifg between 2003 and
2005, unlike formal ones.

Cumulative density plots provide an alternativastration of wage distri-
bution. Bear in mind that no assumption about badithws required for plot-
ting cumulative density distribution. If a visibkertical “cliff” appears around
the minimum-wage level, one can assume that theliison of wages is not
continuous, the minimum wage truncates (or probahltiplies) the wage
distribution, and, thus, it is binding. If all enogees are paid at least the
minimum wage, this suggests that the minimum wagmforced perfectly.

In the Appendix, we plot the cumulative density dtions of the real
monthly wages of full-time workers by gender in 3Ghd 2005.

The vertical cliffs around the minimum wage becoohearer in 2005.
Both for male and female wage earners, the verttfis around 2003’'s
minimum wage are not remarkable. Nevertheless,otteervednumeraire
(ripple) effects are very small, and so are nepl&in the wage distribution.
Cumulative density functions do not indicate tHa¢ wage distribution in
Turkey has cliffs at three times the minimum waggile only a barely visible
vertical line appears around two times the mininwage. This evidence is in
line with the assumption that minimum wages maagnfigct the earnings of
those who are paid at or below that level (Brow899, DiNardo et al., 1996).

As for the wage inequality trend in the Turkishdaimarket over the period
under study, we observe that wage inequality deedkaubstantially between
2003 and 2005 according to the standard inequalidycators. Table 5
summarizes the inequality measures for full-timgevaarners.

The standard deviation of log wages; the differsrinehe 9% and %' per-
centiles, between log wages at thd @bd 18 percentiles, the $0and 56
percentiles, the 75and 2% percentiles, the 5and 58' percentiles, the 50
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and %" percentiles, the 3Dand 18 percentiles, the S0and 28 percentiles;
the Gini, Theil, and Atkinson coefficients of reehges indicate that the wage
inequality decreased over the period both for mah \@omen. It should be
noted that inequality decreases are sharper folother tail of the distribu-
tion.

Table 5. Inequality Measures of Full-time Wage Earers

Men 2003 2005 Difference 2010
Standard Deviation* 0.583 0.527 -0.055 0.519
p95-p5** 1.877 1.723 -0.154 1.691
p90-pl0** 1.437 1.240 -0.196 1.258
p90-p50** 0.826 0.729 -0.097 0.759
p75-p25** 0.865 0.731 -0.134 0.763
p75-p50** 0.476 0.421 -0.055 0.435
p50-p5** 0.860 0.811 -0.049 0.803
p50-p10** 0.610 0.511 -0.099 0.497
p50-p25** 0.389 0.310 -0.079 0.302
Gini*** 0.326 0.287 -0.039 0.294
Theil*** 0.175 0.135 -0.04 0.142
Atkinson*** 0.084 0.066 -0.018 0.069

Women 2003 2005 Difference 2010
Standard Deviation* 0.617 0.565 -0.051 0.558
p95-p5** 1.948 1.871 -0.077 1.883
p90-p10** 1.500 1.369 -0.131 1.345
p90-p50** 0.858 0.810 -0.049 0.867
p75-p25** 0.957 0.781 -0.176 0.837
p75-p50** 0.565 0.508 -0.057 0.548
p50-p5** 0.890 0.862 -0.028 0.729
p50-p10** 0.642 0.560 -0.082 0.550
p50-p25** 0.392 0.273 -0.119 0.223
Ginj*** 0.341 0.306 -0.035 0.312
Theil*** 0.190 0.153 -0.037 0.159
Atkinson*** 0.092 0.074 -0.017 0.076

Source The HLFS, own calculations

* Standard deviation of log wages;

**Difference between the 90th and the 10th perdestof the log wage distribution.
Similar for the other measures.

*** Gini, Theil and Atkinson coefficients of real ages.

For instance, the wage gap between the log wagike &3 and 16' per-
centiles decreased considerably, while the wagebgapeen the 90and 56
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percentiles did not change notably. The Gini, Thedl Atkinson coefficients
went down almost by the same amount for male anmhlie wage earners. In
sum, all inequality measures suggest that the wagee compressed from
2003 to 2005, both for men and women. Moreoverjribguality measures of
the year 2010 show that this equalizing trend Hetdthe following years.
Although the inequality measures are slightly highe 2010, it should be
noted that wage inequality lessened sustainabledfier. Thus, we suggest
that the change in wage inequality occurring betw2@03 and 2005 was not
illusory. The compression of the wage distributioay arise from a relative
increase in the real wages in the lower tails, wagmo remarkable change
appears in the upper tails of the wage distribstion

In order to refine the descriptive analysis, we orepthe inequality
measures for formal and informal workers in Tablan® Table 7, respec-
tively. As these tables indicate, the wage inetyatends have gone in the
opposite direction for formal and informal wagereas during the 2003-2005
period. The wage gap plummets vis-a-vis all ineigpiaheasures among
formal wage earners, while this evolution is nosetved among informal
wage earners.

This fact strengthens our contention that the msedn the minimum wage
played a key role in easing wage inequality betw2@d3 and 2005, even
though the minimum-wage laws only cover registenaitkers. Among in-
formal wage earners, only the differences betweendg wages around the
middle of the wage distributions are slightly lowehile the gap between the
top and bottom of the wage distribution is somewhiater. This result is in
line with the Kernel density estimations, indicgtithat the minimum wage is
located somewhere in the middle of the wage digiién in the informal sec-
tor. However, we must not lose sight of the thmeeguality parameters, the
Gini, Theil, and Atkinson coefficients, which arditde lower in 2005 than in
2003, both for male and female informal wage eatner

In sum, these results suggest that the minimum-vbageis of 2004 was
accompanied by a reduction in wage inequality, esfig among formal
wage earners. However, a part of this equaliziagdrcould be attributable to
changes in the individual characteristics of waskén the next section, we
estimate a hypothetical density that assumes tieaintlividual characteristics
of workers remain at the 2003 level in order tcestigate the potential effects
of this compression of the wage distribution. DERY6) methodology allows
us to decompose the effects of institutional fagt@uch as the minimum
wage or unions, and the individual characteristicsvage distribution under
specific assumptions. We present the methodologyetail and discuss the
assumptions of the model.
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Table 6. Inequality Measures of Full-time Formal Waye Earners

Men 2003 2005 Difference
Standard Deviation* 0.536 0.468 -0.067
p95-p5** 1.631 1.411 -0.220
p90-p10** 1.373 1.158 -0.215
p90-p50** 0.697 0.630 -0.067
p75-p25** 0.853 0.743 -0.111
p75-p50** 0.411 0.372 -0.039
p50-p5** 0.759 0.588 -0.171
p50-p10** 0.676 0.528 -0.148
p50-p25** 0.443 0.370 -0.072
Ginj*** 0.301 0.263 -0.038
Theil*** 0.146 0.111 -0.035
Atkinson*** 0.071 0.054 -0.017
Women 2003 2005 Difference
Standard Deviation* 0.546 0.486 -0.060
p95-p5** 1.632 1.444 -0.188
p90-p10** 1.354 1.185 -0.169
p90-p50** 0.657 0.655 -0.002
p75-p25** 0.929 0.795 -0.134
p75-p50** 0.398 0.386 -0.011
p50-p5** 0.779 0.589 -0.190
p50-p10** 0.697 0.530 -0.167
p50-p25** 0.531 0.409 -0.122
Ginj*** 0.306 0.273 -0.033
Theil*** 0.152 0.120 -0.032
Atkinson*** 0.073 0.058 -0.015

Source LFS, own calculations;

* Standard deviation of log wages;

**Difference between the 90th and the 10th perdestof the log wage distribution.
Similar for the other measures.

*** The Gini, Theil and Atkinson coefficients of a¢wages

4. Methodology

We follow the decomposition method developed by &, Fortin, and
Lemieux (1996), as mentioned above. The DFL ismai-parametric decom-
position approach, which is an extended versionthef standard Oaxaca
Blinder method (OB hereafter). The OB analyzes ahéy/ counterfactual dif-
ferences in mean wages, while the DFL generalizesrtethod to the whole

distribution.
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Table 7. Inequality Measures of Full-time InformalWage Earners

Men 2003 2005 Difference
Standard Deviation* 0.462 0.471 0.009
p95-p5** 1.586 1.601 0.015
p90-p10** 1.138 1.160 0.022
p90-p50** 0.540 0.531 -0.008
p75-p25** 0.526 0.530 0.003
p75-p50** 0.260 0.265 0.005
p50-p5** 0.873 0.882 0.008
p50-p10** 0.598 0.629 0.030
p50-p25** 0.267 0.265 -0.002
Ginj*** 0.253 0.249 -0.004
Theil*** 0.116 0.108 -0.008
Atkinson*** 0.055 0.052 -0.003
Women 2003 2005 Difference

Standard Deviation* 0.452 0.476 0.024
p95-p5** 1.515 1.581 0.065
p90-p10** 1.155 1.192 0.037
p90-p50** 0.478 0.448 -0.030
p75-p25** 0.541 0.597 0.055
p75-p50** 0.226 0.201 -0.025
p50-p5** 0.783 0.947 0.164
p50-p10** 0.677 0.744 0.067
p50-p25** 0.315 0.396 0.080
Ginj*** 0.256 0.251 -0.005
Theil*** 0.127 0.114 -0.013
Atkinson*** 0.058 0.055 -0.003

Source LFS, own calculations;

* Standard deviation of log wages;

**Difference between the 90th and the 10th perdestof the log wage distribution.
Similar for the other measures.

*** The Gini, Theil and Atkinson coefficients of a¢wages.

The estimated counterfactual distributions &hdne called “the density
that would have prevailed if individual attributead remained at their level
and workers had been paid according to the wagedsid observed in.”
(DiNardo, Fortin, and Lemieux, 1996). In our regbame obtain the counter-
factual distributions that give the density of waga 2005 (assuming the
characteristics of workers are the same as thosenadd in 2003. Therefore,
the difference between the actual density of wag@605 and the counterfac-
tual density estimated by DFL methodology reflébts potential effect of any
factor, e.g., the minimum wage, the unionizaticie ratc.. Before getting into
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the details of the methodology, we will give a loaskplanation of wage de-
composition.

The standard assumption in the OB decompositiothas the outcome
variableY of two groupsA andB is linearly related to the covariates, and
the error ternv is independent oX:

Ygi = ﬁgo + Zgzlxik.ggk + 17gi ng,B (1)

whereE(v,;[X;) = 0 andX is the vector of covariates for each observa-

tion i. Thus, the overall difference in average outcobesveen two groups
can be written as:

Bo=Yz - Y,

K K
Ay= (.3;0 - .B/A\O) + Z X (ﬁBk - ﬁAk) + Z(X — Xai)Bar
k=1 Bk k=1 Bk
A,= As + Ay 2)

where ,Bgo andﬁgk are estimated intercept and slope coefficientpeae-

tively. The j_i[St term in Equation (2) is typicaligferred to as /tﬂwage struc-
ture effect(Ag) , and the second term is tbemposition effedA ), which is
is also called thexplained effednh the OB decomposition.

In their comprehensive review, Firpo et @010) suggest that the wage-
structure effect could be interpreted as a treatnwdfect that captures
observed changes in a policy over time, such aenwation status or a
minimum-wage hike. In this study, we attempt toatepose the changes in
wage distribution into two components: the compaositeffect based on
individual attributes and the wage-structure effigked to the minimum-
wage boost of 2004.

An important limitation of OB decomposition is thiatsometimes esti-
mates the wage structure and composition effecthenaverage outcome,
which is linear. However, going beyond the meanrged by many econo-
mists in order to get a more detailed idea of tfieces of a treatment on
overall distribution. DFL methodology serves thiggose via a reweighting
procedure, which will be summarized below.

We begin with the illustration of each observatama joint density func-
tion f over (w, z, mw,, t); wages, individual attributes, minimum wages, and
dates. In this study, our groups are determinadrims of datet andt-1. The
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density of wageg; (w) at a given date, can be expressed as the integral of
the density of wages at datg conditional on a set of individual attributes
and the minimum wagew,, over the distribution of individual attributes

at datet,,.

fo(w) = f FWlzmwe by, = DAF(2lt, = ©)

ZEND,

= f(w;mwy, ty, =t t, =t) (3)

where (), is the domain of definition of the individual chateristics. Un-

der the assumption that the distribution of indidtcharacteristics does not
depend on the level of the minimum wage, the hygtathl density of wages
that would have prevailed if the individual attries had remained as they
were at timg — 1 can be expressed as:

e = [ f vl ty = G mw AR (et = £ = 1)

= Jyen, f Wiz ty = Emw),(2)dF (z]t, = 1) (4)
where the reweighting functioh. (z) in Equation (4) is defined as:
Y,(z) = dF(z|t, =t — 1)/dF (z|t, = t). (5)

One can see that the unobservable counterfactnaltgés identical to the
actual density at except for the reweighting functiog, (z). Therefore, the

critical point is the estimation of this reweigrgifunction,tlj(z).

Applying Bayes'’s rule, this reweighting functionncae specified as in
Equation (6):

__ Pr(t;=t-1|z) Pr(t,=t)
¥2(2) = Pr(t,=t|z) Pr(tz=t—1) (6)

The probability of being in periog given individual attributeg, could be
estimated using a simple probit model:

Pr(t, = t|z) = Pr(e > ~f'H(2)) = 1 — $(—f'H(2)) @)

where in Equation (7) is the cumulative normalriisttion, andH(z) is a
vector of covariates that is a functionzof
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Consider the actual density function for a groujpibging to date, f, (w)

and the counterfactual densiﬂzt'l(w)- We can decompose the overall

changes into the composition effect and the wagestsire effect by the fol-
lowing specification:

Ao= few) = fe—1(w) 8
Bo=(fiw) — 772 W)) + (77 W) — frea (W)

where the first term in Equation (8) is the compoai effect and the se-
cond term is the wage-structure effect, referrmghie minimum wage in our
case. The obtained results are presented in tHesaetton.

5. Results

To decompose the effects of the changes in the dmgebution, we ob-
tain a counterfactual distribution by keeping timglividual characteristics
constant, as of 2003. The individual attributesduisethe probit regressions
are educational level, marital status, living afedban or rural), experience,
experience squared, activity (industry, construgtand services), occupation,
and being registered with the social-security systéigures 8 and 9 plot ac-
tual Kernel density estimations of full-time wagem®ers in 2003 and counter-
factual Kernel density estimations in 2005, assigninat the individual
characteristics remained constant from 2003.

The figures below show that the bottom part of wase distribution has
shifted to the right even if the individual chaextdtics kept constant to their
2003 level. Thus, the wage-structure effect seamsetthe driving force in
this equalizing period, both for male and femalitime wage earners. We
suggest that if the measurable characteristicsulbitiine wage earners in
2005 had been the same as in 2003, we would obsgjai@ a remarkable
shift to the right of wages located at the bottart pf the wage distribution.

In order to clarify the counterfactual analysise @an estimate the inequality
measures by using the hypothetical density of wadeble 8 reports the
inequality measures in 2005, which were obtaineckdsping constant the
individual attributes in 2003.
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Figure 8. Kernel Density Plots of Male Full-time Wakers in 2003
and 2005, with 2003'’s Individual Attributes
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Figure 9. Kernel Density Plots of Female Full-timéVorkers in
2003 and 2005, with 2003’s Individual Attributes
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Table 8. Estimated Inequality Measures of Full-timéVage Earners
Using Counterfactual Density in 2005

Men 2003 2005CF Difference

Standard Deviation* 0.583 0.526 -0.056
p95-p5** 1.877 1.713 -0.164
p90-p10** 1.437 1.237 -0.199
p90-p50** 0.826 0.726 -0.101
p75-p25** 0.865 0.733 -0.132
p75-p50** 0.476 0.421 -0.055
p50-p5** 0.860 0.810 -0.050
p50-p10** 0.610 0.511 -0.099
p50-p25** 0.389 0.312 -0.077
Gini*** 0.326 0.286 -0.04
Theil*** 0.175 0.133 -0.042
Atkinson*** 0.084 0.065 -0.019

Women 2003 2005CF Difference
Standard Deviation* 0.617 0.562 -0.055
p95-p5** 1.948 1.861 -0.087
p90-p10** 1.500 1.341 -0.159
p90-p50** 0.858 0.800 -0.059
p75-p25** 0.957 0.781 -0.176
p75-p50** 0.565 0.503 -0.062
p50-p5** 0.890 0.862 -0.028
p50-p10** 0.642 0.541 -0.101
p50-p25** 0.392 0.278 -0.114
Gini*** 0.341 0.303 -0.038
Theil*** 0.190 0.150 -0.040
Atkinson*** 0.092 0.073 -0.019

Note: 2005 is weighted to individual characteristic2003.

* Standard deviation of log wages.

**Difference between the 90th and the 10th perdesif the log wage distribution.
Similar for the other measures.

*** The Gini, Theil, and Atkinson coefficients otal wages.

The estimated inequality measures confirm thatwhge-structure effect
has played a key role in this equalizing period,the composition effect. For
both women and men, the differences between thgalaand hypothetical
inequality measures are very small, even closesto.zThese results suggest
that the changes in the structure of wages haddh tawger impact on wage
distribution than shifts in individual attributesrfall wage earners. Keeping in
mind that a period of two years is insufficient #orobust evolution of indi-
vidual or demographic attributes in a labor markes, are not surprised to
find that the wage-structure effect lies behindatrthe total change in wage
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distribution. Another interesting point is that theage differentials in the
lower percentiles were mostly reduced among meilgvehsimilar shrinkage

for women occurred in the middle percentiles.

Similar to the descriptive part, we prefer to rapear analysis for two
sub-groups of full-time wage earners. Figures 1(fhd Table 9 report the
results for full-time formal workers. Figures 12-a48d Table 10 report those
for full-time informal workers. We keep the sameiahles to control for the

individual attributes in probit regressions.

Figure 10. Kernel Density Plots of Male Full-time ermal Workers
in 2003 and 2005, with 2003’s Individual Attributes
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The results for full-time formal wage earners confithat the wage-
structure effect played a key role in bringing atitve changes in wage distri-
bution between 2003 and 2005. For both males andlés, the Kernel plots
do not evince any notable change, while the indigid¢haracteristics are kept
constant with their 2003 levels. The estimated uladity measures suggest
that the change in the measurable individual charnatcs explains only a
tiny part of the changes in wage distribution. @a dther side, we argue that
low wage earners in formal jobs benefited from hi@imum-wage hike in

2004.
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Figure 11. Kernel Density Plots of Female Full-timé&ormal Workers
in 2003 and 2005, with 2003’s Individual Attributes
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The wage differentials between the upper and lotads of the wage
distribution were reduced substantially for bothnmend women. Minor
changes show up on the upper side of the wagebdistm when we control
for the individual attributes, designating themramaining as they were in
2003. For instance, the wage differentials in tl¢hSand 50th percentiles
become positive among females, albeit not muchekexo. For both male and
female wage earners, the major declines were settre ilower percentiles of

the wage distribution.
As mentioned above, the changes in the wage disiits of informal
wage earners are small in comparison with the fbinas. Differences in

individual attributes explain a part of this vaidat Note that this result is
plausible, given that the wage-structure effectsdoa extend to the informal

sector.

If wage differentials are taken as a measure @juabty, one could expect
wage inequality among female informal workers to dhightly higher—if
individual characteristics had remained unchangéiesr 2003 levels.
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The estimated measures for men have mostly negsitims, though they
approach zero, indicating that the wage differénti@creased over the period
under study. However, the shift in the wage distitn of informal workers
needs to be explained by other labor-market facsush as low-high produc-
tivity or supply-side changes.

Table 9. Estimated Inequality Measures of Formal Flirtime Wage
Earners Using Counterfactual Density in 2005

Men 2003 2005CF Difference
Standard Deviation* 0.536 0.469 -0.066
p95-p5** 1.631 1.408 -0.223
p90-p10** 1.373 1.158 -0.215
p90-p50** 0.697 0.625 -0.072
p75-p25** 0.853 0.748 -0.106
p75-p50** 0.411 0.372 -0.039
p50-p5** 0.759 0.593 -0.166
p50-p10** 0.676 0.533 -0.142
p50-p25** 0.443 0.375 -0.067
Ginj*** 0.301 0.263 -0.038
Theil*** 0.146 0.111 -0.035
Atkinson*** 0.071 0.054 -0.017
Women 2003 2005CF Difference
Standard Deviation* 0.546 0.486 -0.060
p95-p5** 1.632 1.440 -0.192
p90-p10** 1.354 1.175 -0.179
p90-p50** 0.657 0.660 0.003
p75-p25** 0.929 0.792 -0.137
p75-p50** 0.398 0.394 -0.003
p50-p5** 0.779 0.578 -0.201
p50-p10** 0.697 0.515 -0.182
p50-p25** 0.531 0.398 -0.134
Ginj*** 0.306 0.272 -0.034
Theil*** 0.152 0.120 -0.032
Atkinson*** 0.073 0.058 -0.015

Note: 2005 is weighted to individual characteristic2003.

* Standard deviation of log wages.

**Difference between the 90th and the 10th perdesf the log wage distribution.
Similar for the other measures.

*** The Gini, Theil, and Atkinson coefficients otal wages.
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Figure 12. Kernel Density Plots of Male Full-time hformal Workers
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Figure 13. Kernel Density Plots of Female Full-timénformal Workers
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Table 10. Estimated Inequality Measures of InformalFull-time
Wage Earners Using Counterfactual Density in 2005

Men 2003 2005CF Difference
Standard Deviation* 0.462 0.464 0.002
p95-p5** 1.586 1.576 -0.010
p90-p10** 1.138 1.147 0.008
p90-p50** 0.540 0.518 -0.022
p75-p25** 0.526 0.523 -0.003
p75-p50** 0.260 0.258 -0.002
p50-p5** 0.873 0.878 0.005
p50-p10** 0.598 0.629 0.030
p50-p25** 0.267 0.265 -0.002
Gini*** 0.253 0.243 -0.010
Theil*** 0.116 0.102 -0.014
Atkinson*** 0.055 0.049 -0.006
Women 2003 2005CF Difference

Standard Deviation* 0.452 0.473 0.021
p95-p5** 1.515 1.579 0.064
p90-p10** 1.155 1.190 0.035
p90-p50** 0.478 0.448 -0.030
p75-p25** 0.541 0.612 0.070
p75-p50** 0.226 0.206 -0.020
p50-p5** 0.783 0.957 0.174
p50-p10** 0.677 0.743 0.065
p50-p25** 0.315 0.406 0.091
Gini*** 0.256 0.248 -0.008
Theil*** 0.127 0.109 -0.018
Atkinson*** 0.058 0.053 -0.005

Note: 2005 is weighted to individual characterisiic 2003.

* Standard deviation of log wages.

**Difference between the 90th and the 10th perdesiof the log wage distribution.
Similar for the other measures.

*** The Gini, Theil, and Atkinson coefficients otal wages.

These results verify the findings of previous reskainto the wage-
compression effect of the minimum wage in otherntoes. Autor et al.
(2010) point out that the decline in the real vadfighe minimum wage in the
UK is responsible for 30-50% of the growth of lowaill inequality there.
Butcher et al. (2012) propose that the fall in wageguality in the bottom
half of the wage distribution has been most maikeitie lowest segments of
the labor market, which is consistent with the iise¢he national minimum
wage in Turkey. Lemos (2004a) indicates that ame@mse in the minimum
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wage strongly compresses wage distribution in Br&uir results are in line
with these studies.

6. Conclusion

In this paper, we focus on wage distribution inkKeyr, a developing country
with a dynamic labor market. We assess the chamgyegge distribution
between 2003 and 2005. We find this relatively speriod interesting as an
area to investigate due to the remarkable minimwgeauptick of 2004. The
wage distribution indicates that the minimum wages@mewhat binding in
Turkey.

However, a significant part of full-time wage easare paid less than the
minimum wage due to the informality issue. Furtheme Turkey has the
highest Kaitz index among all OECD countries, iatiing that wages are
clustered around the minimum wage to some extdr. résults obtained by
using the HLFS data suggest that the minimum wagepcessed wage distri-
bution in Turkey between 2003 and 2005. Wage inldguzearly improved
over the period.

We argue that the driving force of this lessenihgvage inequality is the
rise of wages in the lower tail of wage distributi@aused by the minimum-
wage hike. The results also signal that higher wdgeve not varied notably.
We estimate a counterfactual distribution by kegpive measurable individual
attributes constant at their 2003 level. The ecatdmresults confirm the
influence of the 2004 generosity on easing wageuakty in the country,
with this wage-structure effect being especiallgible in the formal sector.
The changes in the individual attributes do notespgo have any impact on
the wage-distribution trend over the period undadg—not surprising con-
sidering the two-year period was insufficient faick an effect to manifest
itself.

However, the lighthouse effect of the minimum wagethe informal sec-
tor seems to be small. Also, the distributiona¢effof the minimum wage has
not been reflected on the informal side of the tabarket. As for the gender
issue, the results indicate that the equalizingdrs observed almost to the
same degree among male and female wage earners.

Nevertheless, we would like to emphasize the needdditional and bet-
ter research into wage inequality in Turkey, peshajth different databases
and methodologies. Since empirical studies are Goatpd by the limited
availability of panel data, the way forward appdarbe investigations under-
taken conjointly into the employment and distriboal effects of the mini-
mum wage. At the same time, future researcherglcmek out the impact of
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the minimum wage on inequality in a broader semseyeas like poverty or
income inequality. In this paper, we argue thatrtti@mum wage is an effec-
tive tool for reducing wage inequality despite ot having found any evi-
dence of its ameliorating income inequality in Teyk
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Appendix

Figure A1l. Cumulative Density Function of Log ReaWages of
Men in 2003
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Figure A2. Cumulative Density Functions of Log RealWages of
Formal and Informal Male Workers in 2003

jj

Cumulative Probability

\ \ \
4.4 7.8

Inrealwage



Selin Pelek

Figure A3. Cumulative Density Function of Log ReaWages of
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Figure A4. Cumulative Density Functions of Log RealWages of
Formal and Informal Male Workers in 2005
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Figure A5. Cumulative Density Function of Log ReaWages of
Women in 2003
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Figure A6. Cumulative Density Functions of Log RealWages of
Formal and Informal Female Workers in 2003
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Figure A7. Cumulative Density Function of Log ReaWages of
Women in 2005

Cumulative Probability

J

e

o

59

4.4

Inrealwage

7.8

Figure A8. Cumulative Density Functions of Log RealWages of
Formal and Informal Female Workers in 2005
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