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RESEARCH ARTICLE / ARASTIRMA MAKALESI

Robust Function-on-Function Regression: A Penalized Tau-based
Estimation Approach

Ufuk BEYAZTAS !
IMarmara Universitesi, Fen Fakiiltesi, Istatistik Bolimii, 34722, Istanbul, Tiirkiye

Abstract

This study introduces a novel penalized estimation method tailored for function-on-function regression models, combining
the robustness of the Tau estimator with penalization techniques to enhance resistance to outliers. Function-on-function
regression is essential for modeling intricate relationships between functional predictors and response variables across
diverse fields. However, traditional methods often struggle with outliers, leading to biased estimates and diminished
predictive performance. Our proposed approach addresses this challenge by integrating robust Tau estimation with
penalization, promoting both robustness and parsimony in parameter estimation. Theoretical foundations of the penalized
Tau estimator within function-on-function regression are discussed, along with empirical validations through simulation
studies and an empirical data analysis. By incorporating penalization, our method not only ensures robust estimation of
regression parameters but also promotes model simplicity, offering enhanced interpretability and generalization capabilities
in functional data analysis.

Keywords: Functional data, Penalization, Regression, Tau estimator

Oz

Bu ¢alisma, fonksiyon-fonksiyon regresyon modellerine yonelik yeni bir cezalandirilmis tahmin yéntemini tanitmaktadir ve
Tau tahmin edicisinin saglamhgini cezalandirma teknikleriyle birlestirerek aykiri degerlere kargi direnci artirmaktadir.
Fonksiyon-fonksiyon regresyon, fonksiyonel bagimsiz degiskenler ile yanit degiskenleri arasindaki karmasik iligkileri
modellemek igin ¢esitli alanlarda gereklidir. Ancak geleneksel yontemler genellikle aykiri degerlerle basa ¢cikmakta zorlanir ve
bu durum yanli tahminlere ve zayid tahmin performansina yol acar. Onerilen yaklasimimiz, saglam Tau tahminini cezalandirma
ile birlestirerek bu zorlugun Ustesinden gelmekte ve parametre tahmininde hem saglamligi hem de tutarhhg saglamaktadir.
Fonksiyon-fonksiyon regresyon iginde cezalandiriimig Tau tahmin edicisinin teorik temelleri tartisilmakta, similasyon
galismalari ve ampirik veri analizleri yoluyla ampirik dogrulamalar sunulmaktadir. Cezalandirmayi dahil ederek, yontemimiz
yalnizca regresyon parametrelerinin saglam tahminini saglamakla kalmaz, ayni zamanda modelin basitligini tesvik ederek
fonksiyonel veri analizinde daha iyi yorumlanabilirlik ve genelleme yetenekleri sunar.

Anahtar Kelimeler: Fonksiyonel veri, Cezalandirma, Regresyon, Tau tahmincisi

I. INTRODUCTION

Recent advances in data collection technology have markedly enhanced access to high-dimensional, intricately
structured datasets, known as functional data. Consequently, there is a growing demand for analytical tools
designed for functional data analysis. For a comprehensive review of the latest theoretical and practical
advancements in this field, refer to [1], [2], and [3]. One notable method within this domain is function-on-function
regression (FOFR), which has gained popularity for examining the relationships between a response and predictors,
where both the response and predictors are represented as random curves.

Let (Y,X) denote a pair where Y is the response and X is the predictor. Here, Y and X are pressumed to be
stochastic processes whose elements belong to the L_2 Hilbert space; specifically, YEL_2 (1) and XeL_2 (S),
where [ and S are bounded and closed intervals on the real line. Consider {Y i (t),X i(s);i=I,...n} to be a random
sample (Y,X), with tel and seS. The FoFR is then defined as follows:

Yi(0) = a(®) + [° X,()B(s, O)ds + (1), )

where a(t) is the constant function, B(s,t) is the slope function, and ¢;(t) is the functional noise. We pressume that
this functional noise is independen of the predictor variable.
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The main objective in model (1) is to estimate the slope
function B(s,t). Various methodologies have been
developed for this purpose, including those by [4], [1],
[5]1, [6], [7], and [8]. However, these methods typically
rely on least squares estimation procedures, which are
significantly affected by outliers—observations that
deviate markedly from the bulk of the data. In the
presence of outliers, least squares type estimators may
cause biased estimates and unreliable inference.

To address this issue, several robust estimation
methods for the slope function in model (1) have been
proposed. In their work, [9] developed a regression
model that maintains Fisher consistency and
incorporates a decomposition method using functional
principal components for the observed functions. In a
different study, [10] introduced a method for robustly
estimating model parameters using functional partial
least squares, designed to handle outliers effectively.
However, the efficacy of both approaches hinges on the
selected basis dimension for the predictor. This choice
dictates the degree of smoothness in the estimated
functional parameter. As referenced in [7], this decision
can lead to significant under-smoothing, particularly
when the functional parameter inherently possesses a
smoother nature in contrast to the higher-order
components obtained from the partial least squares and
principal component methods.

To achieve robust and smooth estimates for the
regression coefficient function P(s,t), [11] recently
proposed a robust penalized M-estimation strategy.
Their numerical analyses demonstrated that the robust
penalized M-estimator provides improved parameter
estimates and model inferences in the presence of
outliers compared to available methods. Conversely,
the robust penalized M-estimator presented by [11]
lacks the integration of both a high breakdown point
and high efficiency. The breakdown point measures the
estimator's resistance to the influence of outliers,
whereas high efficiency refers to the estimator
maintaining a variance comparable to that of the least
squares estimator under normal distribution conditions,
as elaborated by [12].

In this study, we propose a robust penalized tau
estimator designed to yield a smooth and robust
estimate for B(s,t), integrating both a high breakdown
point and high-efficiency characteristics. The method
represents the slope functions using a tensor product of
B-spline expansion. In addition, the quadratic penalties
are applied to the expansion coefficients to ensure
smooth estimates. The regression functions are
obtained using the tau estimator from [13], known for
its high breakdown point and asymptotic efficiency
under normal conditions. Our approach surpasses
unpenalized estimators by ensuring a level of
smoothness that mitigates overfitting. Unlike the M-
estimator described by [11], our method produces

estimates that maintain both high breakdown point and
asymptotic efficiency under normality. The optimal
smoothness degree is governed by the penalization
term, and the optimum values of the smoothing
parameters are determined through a grid-search
approach with the Bayesian Information Criterion
(BIC).

The rest of this paper is structured as follows. Section
2 introduces the proposed robust penalized tau
estimator. In Section 3, the empirical performance of
the proposed method is evaluated via Monte-Carlo
experiments. Section 4 presents the results of empirical
data analysis results. Finally, Section 5 concludes the

paper.

1. METHODOLOGY

Let us consider the FOFR model in (1). To derive
penalized estimates for the model's parameters,
specifically a(t) and B(s,t), we tackle the following
minimization problem:

argmin T, p[Y,(6) — a(t) — [ X,(s)B (s, )ds]| + 2/, (@) +
Bo.B
2L,). 2

Here, p stands for a loss function, J; and J, represent
penalty functions applied to « and S8, respectively, and
A, and 4, serve as smoothing parameters regulating the
degree of shrinkage in a and S8, respectively.

To derive estimates for « and 8, we initially adopt the
basis representation approach for the functional random
variables, akin to the methodologies outlined in [7],
[11], and [14]. Initially, we express Y;(t) = Y;(t;;) and
X;(s) = X;i(s;), where j =1,...,M; and r =1, ..., G;,
representing the number of observations on the
response and predictor, respectively. For the basis
representation of the functional objects in (2), we
presume that B,(t) follows a B-spline basis expansion
with K, basis expansion functions; «a(t) =
YR i (t), where ¢ (t) (for k = 1, ..., K,) denotes
the B-spline basis expansion function, and «;, signifies
the expansion coefficient. Additionally, we posit that
B (s, t) adopts a basis expansion representation with the
truncation constants K, and K, as follows:

B(s,0) = T2, 505, by (D, (5), ®3)

where 1, (t) and ¥, (s) denote the expansion functions
and by, denotes the corresponding expansion
coefficient. Let A, = s,.,; — s, represent the length of
r-th interval in S. Subsequently, the integral component
in the minimization problem (3) can be approximated
using numerical integration, which can be expressed as
follows:
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fS Xi (S)ﬁ(t' S)dS ~ ?=_11 Arﬁ(t' Sr)Xi (Sr)
= 27(";;11 Ar Z:;yl Zgil blpl/)l(t)ﬂp(sr)xi (ST‘)I (4)
= Zf:l Zsil blpl/)l(t)ép,i

where 9,; = Y521 A, 9,(s.)X;(s;). Replacing the
basis expansion approximation in (1) gives:

Yi(6) = TR, ani (D) + 02, S5 by (09, (5)

For the penalty functionals , J;(a) and J,(B), we
employ quadratic penalties based on the second
derivatives of the basis functions. Let a =
[al,...,aKO]T represent the vector consisting of
expansion coefficient for the constant function. Then,
the penalty functional J, () is approximated as J; (o) =
fl[a(z)(t)]zdt = a’P,a, where a@(t) denotes the
second derivative of a(t), and P, denotes penalty
matrice with dimension K, x K, with entries

f1¢,iz)(t)¢l(2)(t)dt. Let b = (blp)lp denote the K, x

K, dimensional basis expansion coefficients. Then, the
penalty functional J, () is approximated as follows:

- 92 2 92 2
BB = [ =8| dsdt+ [ [ [ =Bt )] dsat =
b"®@Q P, +P, ®Y)b, (6)

where with

Y= [p®Oyp®) dt P(t) =
[¢1(t), ...,npKy]T, 9 = [9(s)8(s)" ds with 9(s) =
[91(s), ...,ﬂKx(s)]T. Here, P, and P, are the matrices

of penalty terms whose elements are computed from the
derivatives of the expansion coefficients.

Subsequently, leveraging the approximate penalty
functionals and the expansion representation of the
functionals, we can rewrite the minimization problem
in (2) as follows:

ar%Tin S Xip [Yi(tj) —-¢"(t)a— (5{ ® wT(tj)) b] +
2@ +2/,(8). @)
To obtain robust estimates for e and b, we consider the
T-gstimator proposed by [13]. Let 8 = [a”,b"]T, Il =
M, .., M,]7 with T, = [¢7(O)F @ yT(©)]". and
P(A4,A,) is a block diagonal matrix whose elements
are 1;P, and 1,(9 ® P, + P,y). Subsequently, we

consider the following optimization problem in a
matrix form:

argmin X7, plY;(t) — 1,0] + P(A;, 2,)0 )]
The T-estimator for @ is defined as follows:

0= arg;nin 7(0), (9)

where the 7-scale estimator 7(8) is given by

72(6) = 52(0) - By pa [122), (10)
with  s(@) is an M-estimator that solves
l n Yi(t)—aTﬂi _ R

~Xi=1P1 [—s(a) ] = u,. Here, the loss functions p,

and p, are symmetric, continuously differentiable, and
bounded functions. The parameters wu; and u,,
conversely, act as tuning parameters utilized to achieve
consistency under normally distributed error terms. The
selection of loss functions p; and p, holds significant
practical and theoretical relevance. In this
investigation, we adopt the optimal loss function
proposed by [15]:

() <2
v 2 v 4
p(v):!0.55—2.69(;2 +1o.76(8;) - i<t (1D)
11.66(%) +4.04(§)
l 1, >1

Following the recommendation of [15], we opt for ¢; =
1.214 and b, = 0.5 for p, and ¢, = 3.270 and b,
0.128 for p,. With these parameter selections, the t-
estimator achieves a 50% breakdown and 95%
efficiency under normally distributed error terms, as
demonstrated by [15].

The t-estimator @ is computed via an iterative
algorithm. We employ a random resampling-based fast
estimation algorithm for this purpose. Initially, random
subsamples are drawn from the entire dataset. For each
subsample, the iteratively reweighted least squares
algorithm is iterated multiple times to obtain potential
estimates. This process continues until convergence,
and the final estimator is selected from the potential
estimates, providing the minimum scale estimate.

Let &= [ab| represent the r-estimate of 6.
Subsequently, the robust estimates of the intercept
function and bivariate coefficient function are obtained
as follows:

a0 =9"0a Bles) =) ®P'®]1b.  (12)
I1l. MONTE CARLO SIMULATIONS

We implement a series of simulations to assess the
estimation and predictive performance of the proposed
method, referred to as "tau." This method's empirical
performance is benchmarked against functional
principal component regression (fpcr), functional
partial least squares regression (fpls), and the penalized
function-on-function  linear  regression  model
introduced by [7] (pffr). For the simulations, we adopt
the data generation process outlined in [11].
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In the data generation process, the predictor is created
at fifty equally-spaced grid points within the unit
interval. Similarly, the elements of response variable
are simulated at sixty equally distance points within the
same interval. The generation of the functional
predictor follows:
Xi(s) = L8 = (G V2 sin(r m5)Giz, V2 cos(r ms)),

where {;;, and {;,, i.i.d. random variables from the
normal distribution with zero mean and unit variance.

Following this, the functional response is generated
using the specified methodology:

Yi(6) = a(t) + [ X,()B(s, 0)ds + €, (D),

where a(t) = 2exp(—(t — 1)?), B(s,t) =
4 cos(2 mt) sin(ms), and ¢; is the random noise where
each €;(t;) ~ N(0,0.01)2. Replacing 5% and 10% of
the data points with outliers, we utilize a*(t) =
4exp(—(t)?), P*(s,t) = 6sin(4 wt)sin(2ms) to
generate atypical observations. Figure 1 presents a
visual depiction of the generated data alongside the
parameter functions utilized in the process.

Y(t) X(s)

00 02 04 08 08 10 00 02 04 06 08 10
Grid point Grid point

. aft) p(s. t)

¥ - o

Nf / 4(._;’“)7_
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~ ’ZW |
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Figure 1. The graphical display showcases the
response (left-top panel), predictor (right-top panel),
constant function (left-bottom panel), and slope
function (right-bottom panel).

In the experiments, a training sample of fixed size
Nerain = 250 1S generated. Based on the training
sample, we build the models and compute the root
relative integrated squared percentage estimation errors
(RISPEE) for the constant and slope functions for
assessing the estimation performance of the methods:

llae) - a@I|;
lla)I;

RRISPEE(@) =100 x

18,0 - B0
B DI

RRISPEE(f) = 100 x

where || - ||, denotes the L, norm. It's essential to
mention that the methods fpcr and fpls presume that the
response and predictor variables are centered, so that
they have mean-zero. That is, RRISPEE(&) Iis
computed only for pffr and tau methods. To assess the
predictive performance of the methods, a test sample of
Size ny.s; = 100 is generated. The models fitted using
the training sets are then applied to the test samples, and
we compute the root mean squared percentage error
(RMSPE) as follows:

7@ - vl

RMSPE = 100 x 5
14BN

In the simulations, 100 Monte Carlo replications are

conducted. For constructing the models using pffr, fpcr,

fpls, and the proposed tau method, a fixed 15 basis

expansion functions are employed.

The computed mean RRISPEE (&), RRISPEE (), and
RMSPE, along with their standard errors, are presented
in Table 1. When no outliers are present in the data, the
proposed tau estimator demonstrates superior
parameter estimation for the intercept function and
achieves better prediction accuracy, as indicated by
lower RMSPE values, compared to all other methods.
This improvement may be due to the random data
generation process, where a 0% contamination level
might still produce small-magnitude outliers. The
proposed method effectively mitigates the impact of
these outliers, yielding enhanced results, whereas other
non-robust methods are influenced by these outliers,
resulting in biased outcomes. However, in this scenario,
the tau method performs worst for RRISPEE (), with
fpcr and fpls showing the best results. When outliers are
introduced into the data, regardless of the
contamination level, the proposed tau method
consistently outperforms all competitors across all
performance metrics. The non-robust methods exhibit
significantly  poorer estimation and predictive
performance in the presence of outliers compared to
their results with 0% contamination. In contrast, the
proposed method effectively down-weights the
influence of outliers, maintaining performance
comparable to that achieved with no contamination.
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Table 1. The mean RRISPEE (&), RRISPEE (), and
RMSPE , along with their standard errors (given in
brackets), are computed over 100 Monte Carlo

replications.

% Metric pffr fper fpls tau
RRISPEE (&) 0.0958 0.0253
0 (0.0940) (0.0052)
RRISPEE(f) 2.3722 1.7457 0.8209 3.5597
(0.0073) | (0.6129) | (0.1517) | (1.0817)
RMSPE 0.7463 3.9089 3.9166 0.0729
(0.0279) | (2.5550) | (2.5646) | (0.0035)
RRISPEE (&) 6.8535 0.0347
5 (1.1207) (0.0053)
RRISPEE () 32.5246 8.6258 9.6036 41152
(13.7395) | (6.4341) | (7.334) | (1.4877)
RMSPE 7.4112 7.9222 8.1117 0.0850
(1.0931) | (1.5537) | (1.6796) | (0.0059)
RRISPEE (&) 12.3480 0.0403
0.6299 0.0089
10 ( ) ( )
RRISPEE(f) 32,6744 | 15.9920 | 12.3848 | 6.0510
(11.6223) | (6.7921) | (2.1659) | (2.7341)
RMSPE 12.2392 12.4304 | 12.2301 | 0.0991
(0.8134) | (1.0484) | (1.0691) | (0.0058)

Moreover, we compare the performance of the
proposed method with existing non-robust methods,
namely, pffr, fpcr, and fpls, in terms of their computing
times. A single Monte Carlo simulation is performed
with a sample size of 250, and the elapsed computing
time for all the methods is recorded. The computations
are executed on a desktop PC with an Intel® Core™ i5-
9500 CPU at 3.00 GHz and 8 GB RAM. The computing
times (in seconds) are recorded as 6.83, 0.25, 0.95, and
72.63 for pffr, fpcr, fpls, and the proposed tau method,
respectively. From the results, it is evident that the
classical non-robust methods require considerably less
computing time than the proposed method. This result
is due to the proposed method utilizing an iterative
approach for estimating both model parameters and
smoothing parameters (grid-search algorithm).

IV. EMPIRICAL DATA ANALYSIS

We employ the Oman weather dataset from the
National Center for Statistics & Information
(https://data.gov.om). This dataset comprises monthly
maximum humidity (in percentage) and evaporation (in
millimeters) measurements from 49 weather stations
across Oman, spanning from January 2018 to
December 2018. Each observation is treated as a
function of the months, resulting in a total of n = 49
functional observations {Y(t),X(s):1 <t,s < 24}.
Figure 2 presents the graphical display of the functional
observations.

Humidity

Evaporation

60 70
|

50
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mm

40
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30

60
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Figure 2. Graphical display of the maximum humidity
(left panel) and evaporation (right panel) variables fort
he Oman weather data.

To assess the predictive performance of the methods,
we repeat the following procedure 100 times: 1)
Randomly split the dataset into training and test
samples, with sizes 33 and 16, respectively. 2)
Construct a model using the training sample curves,
employing 8 basis functions determined by the
generalized cross-validation procedure. 3) Use this
model to predict 13 curves in the test sample. 4)
Calculate the RMSPE for each replication to compare
the predictive accuracy of the methods.

Figure 2 reveals that the Oman weather data contains
clear atypical observations in the response (humidity).
Hence, it's expected that the proposed robust method
would deliver superior prediction results compared to
its non-robust counterparts, namely pffr, fpcr, and fpls.
The mean RMSPE values computed from the methods
and their standard errors given inbrackets are as
follows: 5.9523 (0.9518) for pffr, 5.8333 (0.9255) for
fpcr, 5.2234 (0.8309) for fpls, and 3.1239 (0.4478) for
the proposed tau method. These findings suggest that
our method achieves improved predictive performance,
as indicated by lower RMSPE values compared with its
competitors.

V. CONCLUSION

The FoFR model has emerged as a pivotal tool for
investigating the functional relationship between a
functional response and a set of functional predictor
variables. Numerous methods have been put forth to
accurately estimate the parameters of this model.
However, many of these methods suffer from a lack of
robustness and can be substantially influenced by the
existence of outliers. Consequently, traditional
approaches may produce biased estimates for the
regression parameters, leading to subpar predictive
performance.
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This study introduces a novel penalized robust
estimation method, named "tau," tailored to acquire
outlier-resistant estimates for the slope function of the
FoFR model. The proposed method employs B-spline
expansion to project functional object into a finite-
dimensional space and the penalty functionals obtained
from their second derivatives are applied to the
expansion coefficients to control the smoothness of the
estimates. To assess the estimation and predictive
performance, a series of Monte Carlo experiments and
empirical data analyses are conducted, comparing the
results favorably with existing methods. The findings
indicate that the proposed method yields comparable
estimation and predictive performance to existing non-
robust methods in outlier-free data scenarios. However,
notably, our method demonstrates improved estimation
and predictive accuracy when data are contaminated by
outliers, surpassing the performance of existing
methods in such scenarios.

The estimation approach proposed in this study can be
extended in several research directions. For example,
the current functional regression model includes only
one functional predictor. The proposed method can be
easily extended to models that include multiple
functional predictors. Additionally, the considered
model includes only a functional predictor. However,
fields such as health and medicine often require both
functional and scalar predictors. Therefore, the
proposed method can be extended to robustly estimate
model parameters when both functional and scalar
predictors are included. Moreover, our Monte Carlo
experiments indicate that the proposed method requires
significantly more computing time than existing
methods. To address this, several algorithms, such as
parallel computing, can be applied to reduce the
computational burden of the proposed method.
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Abstract

This paper presents a robust M-estimation approach for first-order panel autoregressive models, addressing the challenges
posed by high persistence levels of the autoregressive parameter and individual heterogeneity. Generalized method of
moments estimators widely used in dynamic panel models exhibit substantial finite sample biases and are sensitive to weak
instruments, particularly as the autoregressive parameter gets close to unity. Our proposed weighted M-estimator, which
uses a power function for the scale parameter in Huber’s loss function, offers a robust alternative. By minimizing the
variance of model parameters through an optimal tuning parameter, our method enhances the efficiency and robustness of
parameter estimates. We demonstrate the superiority of the proposed approach through several Monte-Carlo simulations
and an application to hydro-electric power output data, providing comprehensive comparisons with existing generalized
method of moments estimators.

Keywords: Panel autoregressive models, Robust estimation, M-estimation, Generalized method of moments

I. INTRODUCTION

Dynamic panel data (DPD) models play a pivotal role not only in econometrics but also in engineering and the
natural sciences, serving as fundamental analytical tools, especially when dealing with data that evolves over
time and across individual units. These models allow us to capture the temporal dynamics of data, thus
facilitating the understanding of various phenomena in different fields of research, such as physics, biology,
environmental science, engineering, econometrics and so on. For instance, DPD models can be used to analyze
the long-term effects of greenhouse gas emissions, oceanic circulation patterns, and temperature fluctuations
over time in the field of climatology. As another example, in biology, the growth and development of organisms,
the spread of diseases, and the interactions between species in ecosystems can be investigated via these models,
considering both short-term and long-term dynamics. The behavior of complex systems such as electrical
circuits, mechanical systems, or chemical processes in engineering can also be addressed with these models to
discover hidden patterns, relationships, and trends in data that may not be evident with simpler models.

The flexibility of DPD models highlights their importance as a powerful analytical tool across various
disciplines. By incorporating the unobserved individual-specific effects, these models account for unobserved
heterogeneity across individuals, leading to enhanced insights (cf. [1]). Additionally, the inclusion of lagged
dependent variables as explanatory variables in DPD models is a crucial feature that distinguishes them from
static panel data models. This feature enables them to capture both the short- and long-term dynamics of the data
and allows for modeling of persistence within the data.

Estimating DPD models involves addressing several issues stemming from endogeneity, potential correlation
between the individual-specific effects and the explanatory variables, and unobserved heterogeneity. Using well-
known least squares (LS) techniques for dynamic models may result in obtaining inconsistent estimates of the
parameters when dealing with panel data with a small time dimension. This inconsistency arises due to the
presence of endogenous explanatory variables, which introduce correlation between the regressors and error
terms. Even with large samples, LS techniques, such as fixed effects (LSDV) or random effects (GLS), may still
exhibit bias, as noted in [2]. Furthermore, [3, 4] address the inconsistency of the the maximum likelihood
estimator (MLE) when dealing with a large number of individuals (N) and a fixed number of time periods (T),
which arises from the increase in parameters with the increasing number of individuals, resulting in an incidental
parameter problem. This has prompted likelihood-based approaches aimed at addressing this issue, such as the
conditional likelihood estimator outlined in [5], and estimators based on the the first differences, as proposed by
[6, 7, 8]. Also, for a detailed discussion on the finite sample properties of the MLE within the scope of dynamic
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panel data models, see [9]. More recently, likelihood-
based estimators for autoregressive panel data models,
which are robust in the presence of heteroskedasticity,
have been proposed by [10].

The primary focus in literature for the estimation of
dynamic panel data models has been on a class of
generalized method of moments (GMM) estimators.
GMM estimation offers a flexible approach by
exploiting moment conditions derived from the
sample moment counterparts of population moment
conditions, often referred to as orthogonality
conditions, of the data-generating model (cf. [11]). As
pointed out by [11], the main sources leading to the
widespread use of GMM estimators include: (i)
Providing a simple approach for demonstrating the
asymptotic properties of GMM estimators, and (ii)
The capability to construct them without specifying
the complete data generation process. For
comprehensive discussions of GMM estimation with a
wide range of applications, see [12, 13, 14, 15]. The
GMM  estimators based on first-difference
transformation proposed by [16, 17, 18] have led to
the beginning of an extensive literature. Although the
first-difference  based GMM estimators yield
consistent estimates for large cross-sectional size, they
exhibit substantial finite sample bias, particularly
when dealing with strongly persistent data and weak
instruments (cf. [1, 19, 20, 21]). In order to enhance
the finite sample properties of standard GMM
estimators, several alternative estimators, such as level
GMM (LEV) estimator of [22] and system GMM
(SYS) estimator of [19], have been developed. These
estimators can be considered as extensions of the
standard GMM estimators by incorporating additional
moment conditions derived from the level equations
for LEV estimator and from the model in first
differences and levels for SYS estimator. Though
exploiting many instruments, leads to an improvement
in the efficiency of GMM estimators and addresses
weak instrument and incidental parameter issues, as
noted in [23], these estimators still exhibit bias.
Moreover, the SYS estimator may result in
increasingly biased estimates and weak instrument
issues in the presence of a large variance ratio of the
individual-specific effects to the idiosyncratic errors
and/or an autoregressive coefficient that is close to
unity (cf. [2, 24]). The finite sample biases of the SYS
estimators have been investigated by [25].
Furthermore, [26] have proposed a consistent GMM
estimator with less bias in the presence an
autoregressive coefficient that is close to unity.

The aim of this paper is to develop a robust M-
estimator when the value of the autoregressive
parameter is near unity and/or the variance of
individual effects differs from the variance of the error
terms, where the class of GMM estimators is highly
sensitive to the increasing level of persistence and

individual heterogeneity. In this paper, we propose an
extension of the weighted M-estimation approach
introduced by [27] to estimate the parameters of the
first-order autoregressive panel data models. The
proposed robust estimator, based on Huber’s loss
function, is obtained by weighting the M-estimator
with a power function for the scale parameter. Also,
the optimal value of the tuning parameter related to
the loss function has been chosen with the aim of
minimizing the variance of the model parameters and
based on the data distribution, as in [28, 29].

The rest of the paper is organized as follows. In
Section 2, we begin by presenting comprehensive
information on first-order autoregressive panel data
models and existing GMM estimators. Subsequently,
we describe our approach to obtain the proposed M-
estimator, which is weighted by a power function
applied to the scale parameter in Huber’s loss
function. The finite sample properties of the proposed
estimator are demonstrated through an extensive
simulation study, and the results are compared with
those of traditional GMM estimators in Section 3. In
Section 4, we apply our proposed method to hydro-
electric power output data to further validate its
applicability. Finally, a few concluding remarks are
provided in Section 5.

II. METHODOLOGY

2.1. First-Order Autoregressive Panel Model and
GMM Estimators

We consider the first-order autoregressive panel
model described as follows

Vie = QVig1 t i+ & i=1,.,N; t=2,..,T (8]

where «;, &; and 1y, respectively represent
unobserved individual-specific effects, idiosyncratic
error terms and the response variable for an individual
i observed at time t and ¢ is the autoregressive
parameter under the stationarity assumption that || <
1. For this simple DPD model, ;’s are assumed to be
independent and identically distributed (iid) across
individuals, with E(a;) = 0,Var(a;) = o2, and &;’s
are iid across time and individuals, with E(g;) =
0,Var(g;) = o2 (cf. [19]). Also, for mean stationarity
on the process, it is assumed that E(y;;&;;) = 0 and
E(a;e;) =0 (cf. [19]). An additional assumption
developed by [30] has been imposed on initial
observations as follows

Vi1 = 1?—; +pyfori=1,..,N (2)

where w;; = X% @’g;,_; is independent of a;. By
defining y; = iz, -, Yir)'s Vi1 = Yizo s Vir-1)
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and u; = (u;3, ..., w;r)', Equation (2) can be expressed
as

Vi = @Y1ty 3)

where Uiy = a5 + Eit-

Under the assumptions given above, we examine three
commonly used GMM estimators: the first difference
(DIF) GMM estimator, the LEV GMM estimator, and
the SYS GMM estimator. The GMM estimators are
constructed using some moment conditions, with the
asymptotic covariance of these moment conditions as
the weight matrix (cf. [2]). Employing two-step
procedures improves the asymptotic efficiency of the
standard GMM estimators. The one-step GMM
estimate is derived wusing an initial positive
semidefinite weight matrix, which is independent of
estimated parameters (cf. [31]). Then, the weight
matrix, which includes residuals from the one-step
estimation, is used to obtain the two-step GMM
estimate. Also, estimated standard errors using two-
step procedure tend to show a downward bias in small
samples, leading to a preference for one-step estimates
with robust standard errors as noted in [1, 18, 31].
Next, we briefly discuss the one-step and two-step
DIF GMM, LEV GMM and SYS GMM estimation for
first-order autoregregressive panel data models.

2.1.1. First difference GMM estimator

The DIF GMM estimator transforms the model, given
in Equation (3), into a system of equations in first
differences to address the correlation between the
lagged endogenous variable (y; _;) and the error term
(u;) stemming from the individual effect («;).
Therefore, to eliminate the individual effects, [18]
employ the first differences of Equation (3) as
follows:

Ay; = pAy; 1 + Ay

where Ay; = (J’is — Viz» ---:XiT - Yi,T—l)’! Ay;-1 =
(J’iz — Vit - YiT-1 yi,T—Z) ) and Au; =
(wiz = Ugp, o, Uir — Ugr—y) . By exploiting m,
(1/2)(T —1)(T —2)  orthogonality  conditions,
E(zP'u) = 0, where ZP denotes a (T —2) x m,
instrumental variable matrix given below,

Yir 0 00 0
zp=| Prwver 0

00 0 -u-Yir-s
one-step DIF GMM estimator (DIF1) of [18] for ¢ is
calculated as

’ -1 ’
@pir, = (Ay,ZPWPZP' Ay ) Ay, ZPWPZP Ay

Dy_y = (By} 4y By 1) 7D =

(zP',..,Z8"), Ay = (Ay], ..., Ayy)', and

N
1
wP = (NZ Z?’DZ?)
i=1

where D is a (T —2)x (T —2) square Toeplitz
matrix as follows

where

-1

2-10-+00
-12-1-+0 0
D=] + ¢+ -1 i [
000+-2-1
000---12

Using the residuals from DIF;, Afi;, two-step DIF-
GMM (DIF,) estimator is obtained as

Poir, = (AL ZPWPZP' Ay ) Ayl ZPWP 2P’ Ay

where WP denotes the weighting matrix as WP =

(zr Z-D’Aﬁ-AﬁfZ-D)_l.
N =141 4 L
[19] demonstrate that using lagged levels as
instruments to obtain the first difference GMM
estimator results in weak instrumental variables, and
the instruments become invalid when ¢ is close to
unity and/or when o2 /a2 increases.

2.1.2. Level GMM estimator

The primary motivation behind level GMM estimator
developed by [22] has been to remove individual
effects from instrumental variables to address the
correlation problem between error terms, u; and
lagged endogenous variables, y;_, caused by the
presence of individual effects, a;. For consistency
with a large N and a fixed time period T, LEV GMM
estimator requires the mean stationarity of the process,
which implies that the assumption on the initial
observations is satisfied.

The level model described in Equation (3) is used to
obtain LEV GMM estimator, with the assumption that
the m;, = (1/2)(T — 1)(T — 2) moment conditions,
E(zFu;) = 0, hold. Here, Z} represents a (T —2) x
m, instrumental variable matrix as follows
Ay, 0 0 =~ 0 0

ZiL= 0 AJ./iZA.YB'" 0 0
6 0 0 =AYip - BYirq
Using these orthogonal conditions, the matrix of

instruments, ZL = (ZlL',...,Z,%,'), and  weighting
matrix, W, described as,
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-1

1 N
Wt = (ﬁz Zf’Zf)
i=1

one-step LEV GMM estimator (LEV:) of ¢ is
obtained as follows

. , ' -1, ,
PrLev, = (Y—1ZLWLZL Y—1) Y—1ZLWLZL y

wherey_; = (1,1, -, Yy 1) andy = (¥y, o, yn) -

In the second step, the weighting matrix W} is
constructed by using the instrument matrix, which is
weighted by the fitted residuals from the LEV:

estimator, 1;’s, as follows

N -1

1 f,\ N
w) = <NZ zt uiuiZiL>

i=1

and the two-step LEV GMM estimator (LEV>) for ¢
is computed as

. , ' -1, ,
PrLev, = (}’—1ZLW2LZL )’—1) Y—1ZLW2LZL y

2.1.3. System GMM estimator

A System GMM estimator (SYS) introduced by [19]
combines the moment conditions of the DIF and LEV
approaches to handle weak instrument problem and
enhance the efficiency of the estimator. The model
incorporating all equations both in first differences
and in levels can be reformulated as a system of

equations as follows.
Ayi,—l) (Aui)
¢ ( YVi-1 + U;

-

To obtain the SYS estimator, a full set of mg =
(1/2)(T + 1)(T —2) moment conditions and a
2(T —2) xmg block diagonal matrix, Z7, are
described by the following equations, respectively.

E(ZF'uf) = 0 where uf = (Aul,u})’
75 = Z"D 0
i 0 ZiL

Using the matrix of instruments, Z5 = (Z5,...,Z3)
the one-step SY'S estimator (SYS;) of ¢ is obtained as

, . -1, )
‘ﬁsys1 = (}’51ZSWSZS )’51) yf1ZSWSZS y¢

y34
ws =

where  yS = [(Ay;, ¥1), v,
[(Ay1-1,¥1,-1), s (BN -1, V8 -1)]

1N 5 ros) o (D 0
(N i=1Z; GZL-) WIthG—(O Ir—z)'

@y ],
and

In the second step, using the residuals (@) from
SYS;, a weighting matrix, W, and the two-step SYS
estimator (SYS;) are calculated respectively as
follows

s ( sz ) B

@sysz = (yf'IZsWZSZs )’51) yf’lzswzszs y®

Although the SYS estimator yields more efficient
estimates compared to the LEV estimator, the bias of
SYS estimator significantly increases in the presence
of high persistence level of the autoregressive
parameter and/or when the ratio of the variance of
individual effects to that of the error term deviates
from unity (cf. [2]).

In this study, we consider an alternative class of robust
estimators, i.e., M-estimators, since the class of GMM
estimators results in distorted parameter estimates in
the presence of a high persistence level of the
autoregressive parameter and/or when the ratio of the
variance of the individual effects to the error term
variance deviates from one. Next, we describe M-
estimation approach weighted by power function to
estimate first-order autoregressive panel model.

2.2. A Weighted-M Estimation Using Power
Function for Dispersion Parameter

The main objective of this paper is to improve
efficiency using the robust M-estimation approach for
processes where the weak instrument problem arises.
M-estimation approaches involve the minimization of
a loss function that changes slowly in the presence of
abnormal residuals. The novelty of our approach relies
on obtaining weighted M-estimation using a power
function for the scale parameter and choosing the
value of the tuning parameter in the loss function by
minimizing the variance of the estimators, as in [27,
28, 29].

The power function proposed by [32] for the scale
parameter, o, can be expressed in the first-order
autoregressive panel data model as follows:

o =tlpy_,["

where 7 is an unknown dispersion parameter with an
unknown  parameter vector y, and y_, =

(y1-1, ...,y,'\,,_l)'. For the first-order autoregressive
panel data models, the loss function, p(-) is defined as
T

N
ZZ Yie — ‘PYxt 1
p(—%")

i=1t=2



A Robust Approach using M-Estimation

Int. J. Adv. Eng. Pure Sci. 2025, 37(UYIK 2024 Special Issue): <7-20>

~

where & denotes an estimated value of scale
parameter. To obtain the robust M-estimates of the
autoregressive parameter, ¢, and the individual-
specific effects, a;’s, the loss function, which varies
slowly in the presence of outliers, is minimized. One
of the most commonly employed loss function is the
Huber’s loss function described as follows

2

p(w) = 2 2

c|u|—7

iflul <c
(4)

if lul > ¢

where ¢ is a tuning constant that regulates the level of
robustness and is chosen within a range of values of 0
to 3. The default value of c in the R package rIm is set
to 1.345 to achieve 95% asymptotic relative efficiency
under the assumption of a normally distributed data.

Differentiating the loss function defined in Equation
(4) results in the following estimating equations:

T

Vit 1 ylt_(pyi,t—l_ai _

Ulp;a) ZZ 6 o )_O
i=1 t=2

NN y — Y
. - it it-1 i _

Ul ) ZZ(&) )=0

i=1t=

where 1 (u) = min(c, max(u, —c)) denotes the sub-
gradient function of the Huber’s loss function.

Let us consider the idiosyncratic error terms in the
model, &; = y;; — @y;—1 — @;. Then, the solutions of
this estimating functions are obtained by rewriting
U(p; a;) and U, (p; a;) as in the form of the weighted
score functions as follows:

U((p'al) Zzylt IVVltelt_O

1t2

Ua(9; al)_zzmtelt_o

i=1 t=2

(yzr-qoy;,r-rai) and VVit:VJ;e_it)

it
respectively denote the Pearson residuals and
weights. Then, by solving the weighted score
equations, the robust estimators of ¢, @power, and «;,

where ¢, =

@POWER  can be calculated as follows, respectively.
@POWER 1
N T - N T
©)
= ZZ Yie-1 WitlVie-1 ZZ Yie-1 Wielie
i=1 t=2 i=1 t=2
@'iPOWER _ Zt:z(}’it - (pPOWERyi,E—l) (6)

T-1

Here, an iterative method is required since W
depends on ¢, a;, and ¢. This method is based on the
pseudolikelihood approach and entails fixing the

model parameter ¢ and variance parameters (t and y)
alternatively (cf. [27]). To estimate y, we use a robust
estimator with a breakdown point of %50 defined as

A AN ()
sz<yn Oy - ) yual) @)
i=1 t=2 Tl‘pyi,tfll |‘/7yi,t—1|

where y(u) = min (10412, )—0.5 is a bounded

function developed by [33, 34]. Also, to estimate the
dispersion parameter 7, we employ the MAD
estimator expressed as

—$em — ail}/0.674s
|@yi,t—1|

@)

T= Median{b)it

In robust approaches, it is crucial to appropriately
select the tuning parameter, c, related to the loss
function, as it controls the level of robustness in the
estimation. In traditional robust methods, it is
important to pre-specify the tuning constant ¢ in any
chosen loss function based on the desired level of
robustness. When the errors follow a normal
distribution, the optimal value for this parameter is
+o0. However, in heavy-tailed distributions, then c
should be selected as a small positive value. The
selection of the tuning parameter requires careful
consideration as robustness often entails a sacrifice in
efficiency. The value of the tuning parameter c should
be selected based on the potential percentage of
outliers in the data or the data distribution to maximize
the asymptotic efficiency of the estimators. This is
because the primary goal is to enhance the efficiency
of the estimators while maintaining robustness.

In this study, following the approach outlined by [27,
29], the tuning parameter that minimizes the variance
of the model parameters is referred to as the optimal
one. Thus, it is suggested to iteratively estimate the
tuning parameter ¢ from the data for values ranging
between 0 and 3 in Huber’s loss function and select
the value that minimizes the total estimated variances
of the estimators in the model.

The algorithm below provides a summary of the entire
estimating process.

1. Obtain initial M-estimates @, and @ =
M for i = 1,..., N using the default

value of ¢ under the assumption of a constant
variance |@y;_;|" = 1.

2. Calculate the residuals of this model by fixing
® =9, and @; =@ for i =1,..,N and obtain
the robust estimates of the variance parameters,
(¥,1), using Equations (7)-(8).

3. Update ¢ and @&;’s with the Equations (5)-(6), i.e.,
using weighted M-estimators, by setting the
robust estimates of variance parameters, (¥,%),
obtained in the previous step.
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Repeat steps 2-3 till the optimal value of the
tuning parameter, c, is obtained from a finite set
of values ranging from 0 to 3. The best tuning
parameter yields the smallest sum of the
estimated variance of the model parameters.
Finally calculate the robust estimates of ¢ and
a;’s using the best tuning constant.

IHl. NUMERICAL RESULTS

In this section, we carry out a comprehensive
simulation study to investigate the performance of our
proposed estimator (referred to as “POWER” in the
graphs), and we compare our results with the one- and
two-step GMM estimators: DIF, LEV and SYS. Note
that the subscripts used in the abbreviations of the
GMM estimators indicate the number of steps applied
in the GMM estimation. For example, DIF; is used to
show the performance of the one-step DIF estimator,
while DIF, is associated with the two-step DIF
estimator. To assess the finite-sample properties of
each estimator, we consider three different scenarios:
(i) different sample sizes, (ii) varying levels of
individual heterogeneity, and (iii) varying levels of the
persistence. For the data generation process (DGP),
dynamic panel autoregressive model of order one
given in Equation (1) is considered.

To assess the performance of the proposed and
conventional GMM estimators using S 1000
simulations, we calculate the bias and the root mean
squared error (RMSE) of the estimator of
autoregressive parameter, @, as follows:

s
1

Bias = = DS —

ias SZ((P ®)
s=1

S
1
RMSE = §Z Var(p®) + Bias?(p®)

s=1

where @%,s=1,..,S are the estimates of the
autoregressive parameter, ¢, obtained from the
simulated samples. Throughout the experiments, the
initial observations are generated considering the
initial conditions developed by [30] as y;; =1”_’—i(p+

Ui; Where u;;~N(0,1), independent of «; and ¢;;.

3.1. Sample Sizes

To investigate the performance of the estimators under
different sample sizes, the individual effects and the
errors are generated from a normal distribution with
mean zero and equal variances of ¢ = 0.25 and ¢? =
0.25, respectively. This implies that the ratio of the
variance of the individual effect to that of the error

2

term, r = % kept fixed at r = 1. Thus, we exclude
&

the examination of individual heterogeneity and focus

solely on investigating the impact of sample sizes on
the performance of the estimators in this subsection.
To this end, we consider the increasing values of the
cross-sectional dimension N = 25,50, 100, 200, 500,
with a fixed time period T = 8, and the increasing
values of the time dimension T = 4,8,12,18,24
while keeping the number of cross-sectional units
fixed at N =100. The RMSE and bias of the
estimators are compared when a moderate level of
persistence is present with an autoregressive
parameter ¢ = 0.5. Figure 1 illustrates the calculated
RMSE and bias of both the conventional GMM
estimators and the proposed weighted M-estimator
with a power function as the cross-sectional dimension
increases. Figure 2 displays the simulation results for
the increasing time periods. In general, the RMSEs
and bias of all the methods tend to decrease with
increasing N and T, as expected. These figures
demonstrates that the RMSEs calculated for the one-
and two-step LEV estimators are largest relative to the
other estimators, while the one- and two-step DIF
estimators have the largest negative bias values in all
cases. Also, although our proposed weighted M-
estimator with a power function produces slightly
increasing RMSEs and bias with increasing T, our
proposed method (POWER) vyields the lowest RMSE
and bias values, particularly when considering small
values of T. It is conspicious from these figures that
our proposed weighted M-estimator outperforms all
the conventional GMM estimators in all situations.

3.2. Levels of Individual Heterogeneity
In this subsection, we focus on the impacts of different

2
values of the variance ratio, r = % which indicates
&

the level of individual heterogeneity, on the
performance of the estimators because conventional
GMM estimators result in obtaining distorted
estimates of the parameters as heterogeneity level
increases. Thus, we investigate the robustness against
increasing heterogeneity for our proposed estimator,
following the experimental design used by [1]. To
consider the scenarios where the variance ratio is r <
1,r =1, and r > 1, we select four different pairs of
o2 and ¢ as (02,02 =(0.25,0.50),
(0.25,0.25), (2.5,0.5), (2.5,0.25) when (N,T) =
(100,8). We report the results for the selected values
of autoregressive parameter ¢ = 0.1,0.3,0.5,0.7,0.9,
considering a range from weak persistence to strong
persistence.

The plots of the calculated RMSEs of the estimators
versus the variance ratio, r = 0.5,1,5, 10, are given
in Figure 3, whereas Figure 4 presents the bias values
of the estimators versus r. Figure 3 illustrates that
under weak and moderate levels of persistence, all the
estimators, including our proposed estimator, tend to
exhibit increasing RMSEs as the variance ratio r rises.
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Figure 1: RMSE and Bias of conventional GMM estimators and the proposed weighted M-estimator with a
power function when N = 25, 50, 100, 200, 500 with T=8,r =1, and ¢ = 0.5.
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Figure 2: RMSE and Bias of conventional GMM estimators and the proposed weighted M-estimator with a
power function when T =4, 8, 12, 18, 24 with N =100, r =1 and ¢ = 0.5.

For weak and moderate levels of persistence, the
LEV-GMM estimators have the highest RMSEs
among the other estimators. On the other hand, when
¢ = 0.9, indicating strong persistence, all the methods
except the DIF-GMM methods produce decreasing
values of RMSEs as r increases, with the DIF-GMM
estimators providing the largest RMSEs in that
scenario. Our proposed weighted-M estimator with a
power function, yields the smallest RMSE values as r
increases for all values of the autoregressive parameter
considered in this study. Figure 4 demonstrates that
the DIF estimators have the largest bias values among
all estimators and exhibit increasing bias as the level
of heterogeneity increases. This indicates that the DIF
estimators are more efficient than the LEV estimators
at the weak and moderate levels of persistence when
taking into account both performance metrics, i.e.,
RMSE and bias. The bias values obtained by the
proposed POWER estimator are the smaller than those
of the class of conventional GMM estimators for the
weak and moderate level of persistence, even as the

level of heterogeneity increases. At ¢ = 0.9, both
LEV-GMM and our proposed estimator yield
competitive results when bias values are evaluated. In
general, our results demonstrate that that proposed
POWER estimator outperforms conventional GMM
estimators as the heterogeneity level increases across
all persistence levels.

3.3. Level of Persistence

Following the same experimental design used in the
previous subsection, we examine the finite sample
performance of the estimators against increasing
persistence level. To this end, we plot the RMSEs and
bias values of the estimators versus the various levels
of persistence in Figures 5-6. In Figure 5, both the
proposed and conventional GMM estimators result in
decreasing RMSE values as the persistence level
increases across all heterogeneity levels considered.
Under weak heterogeneity (r = 0.5 and r = 1), the
one- and two-step LEV-GMM estimators have higher
RMSEs than the other GMM estimators.
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However, their performance tends to converge closely
with that of the DIF-GMM and SYS-GMM estimators
as the persistence level increases (¢ = 0.9).
Furthermore, as the heterogeneity level increases (r =
5 and r =10), LEV-GMM estimators yield
competitive results to SYS-GMM estimators for
moderate and strong levels of persistence (¢ = 0.7
and ¢ = 0.9). The POWER estimator, proposed in

this study, demonstrates superior performance overall,
except for the case r =0.5 and ¢ = 0.1. This is
despite the fact that the two-step SYS estimator
achieves the lowest RMSEs among all GMM
estimators, particularly with higher values of the
autoregressive parameter. Based on Figure 6, it can be
observed that the largest negative bias values are
obtained by the one-step DIF-GMM estimator.
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For all GMM estimators, the absolute bias values
increase until a moderate level of persistence.
However, they tend to produce decreasing bias in
absolute value when ¢ = 0.7 and ¢ = 0.9. Indeed, the
autoregressive parameter value of 0.5 acts as a critical
threshold for all methods. In all scenarios, our
proposed POWER estimator demonstrates improved
performance over conventional GMM estimators
based on both performance metrics, except for cases
of weak persistence and weak heterogeneity level
(p =0.1andr = 0.5).

The simulation results for different levels of
heterogeneity and persistence are depicted by a three
dimensional scatter plot (3D-scatter plot) in Figure 7.
Figure 7 presents that the RMSE and bias of the
estimators plotted as functions of the autoregressive
parameter ¢ and variance ratio . An increase in the
variance ratio r have a more significant impact on
RMSE compared to an increase in the autoregressive
parameter ¢. The larger RMSE values are obtained for
higher values of r when the level of persistence is
weak and moderate. The bias values of the GMM
estimators are often negative, whereas the proposed
estimator yields bias values that are closest to zero. In
summary, our proposed POWER estimator is

considerably less affected by increasing level of
heterogeneity and/or persistence.

IV. CASE STUDY

In this section, we employ the proposed robust
procedure to examine the monthly hydro-electric
power output data (100 million kwh), available from
the National Bureau of Statistics of China at
https://data.stats.gov.cn/english/easyquery.htm.  This
dataset includes 220 observations (N = 22, T = 10),
representing a cross section of 22 regions across China
from March 2023 to December 2023. Table 1 presents
the regions of China included in this study. Figure 8
displays the marginal distributions of the hydro-
electric power output across 22 regions of China
throughout different months. This figure suggests that
there is heterogeneity in the hydro-electric power
output among different regions of China, with some
regions including outliers in their hydro-electric power
output.

A first-order panel autoregressive model, given in
Equation (1), is fitted to the data. For this data, y;;
represents the hydro-electric power output, and the
indices i=1,..,22 and t=1,..,10denote the
regions of China and months, respectively.
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Table 1: List of regions of China

Beijing Jilin Fujian Hainan Qinghai
Hebei Heilongjiang Jiangxi Chongging  Ningxia
Shanxi Jiangsu Shandong Tibet
Inner . .
Mongolia Zhejiang Henan Shaanxi
Liaoning Anhui Guangxi Gansu

s
o

—

N
o

10-

Output of Hydro-Electric Power

=

|||||||||

Regions of China

Figure 8: Boxplots of the hydro-electric power output
across 22 regions of China

To assess the predictive performance of all estimators,
we calculate the trimmed mean prediction errors due
to the lack of prior knowledge about outliers in
empirical data analysis. To this end, a specified
percentage (e.g., p%) of observations is trimmed by
considering those with the highest squared prediction
errors, followed by computing the mean prediction
error for the remaining portion of the dataset. The
mean prediction error (MPE), excluding outliers, is
calculated as defined below

22 10

1
MPE = mz Z(l = L) Qie — Pu)?

i=1t=1

where y;; and y;, respectively denote the observed and
predicted values of the hydro-electric power output,
and m = % X 22 % 10 represents the number of

outliers in the dataset. Here, I;, represents an indicator
variable that takes the value 1 if y;, is an outlying
observation, and O otherwise. The estimates of the
autoregressive parameter and trimmed MPEs are
reported in Table 2.

Table 2: The estimates of autoregressive parameter ¢ obtained by the conventional GMM estimators and the
proposed weighted M-estimator with a power function, along with MPEs for various trimming percentages, p.

Full Data
Estimator MPE MPE MPE MPE
MPE | P=5% | p=10% | p=15% | p=20%
? lp=0%
POWER | 0.9946 | 10.7786 | 5.2866 2.9803 1.8708 1.2068
DIF1 0.4749 | 61.9876 | 38.7937 | 26.0449 | 17.6564 | 12.5514
DIF2 0.4738 | 62.2326 | 38.9658 | 26.1661 | 17.7376 | 12.6114
LEV: 0.9535 | 10.8289 | 5.5147 3.0137 1.9170 1.2982
LEV: 0.9535 | 10.8296 | 5.5145 3.0136 1.9169 1.2982
SYS: 0.9357 | 11.0653 | 5.7130 3.1685 1.9643 1.3014
SYS: 0.9356 | 11.0666 | 5.7141 3.1694 1.9645 1.3015
We consider trimming percentages as p =  parameter is considerably high, approaching unity, for
5%, 10%,15%, and 20%, with the value zero the proposed POWER estimator. Additionally, the

representing the full dataset. From Table 2, it is
evident that the estimated value of the autoregressive
parameter to be greater than 0.9, indicating strong
persistence within the dataset. The strong persistence
is evident since the DIF-GMM estimators result in the
largest MPEs with estimated values of the

GMM estimators, with the exception of the DIF-
GMM estimators, have estimated the autoregressive
autoregressive parameter near the moderate level of
0.5. As the trimming percentages increase, all
estimators exhibit improved predictive performance
with decreasing MPEs. The proposed POWER
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estimator produces the lowest MPE among all
estimators considered across all trimming percentages.
Although the smallest MPEs are provided by the
LEV-GMM estimators among the GMM estimators,
our proposed POWER estimator vyields better
predictions, ranging from 0.47% to 7.57% across
various trimming percentages, compared to the LEV-
GMM estimators. Moreover, the proposed estimator
produces more accurate predictions, ranging from
2.65% to 8.08, compared to SYS-GMM estimators.
All empirical findings clearly indicate that the
proposed POWER estimator is robust in the presence
of strong persistence and heterogeneity, demonstrating
substantially improved predictive ability compared to
conventional GMM methods.

V. CONCLUSION

In this study, we propose a robust weighted M-
estimation approach for first-order dynamic panel
autoregressive model, which considerably enhances
the precision and robustness of parameter estimates
under challenging conditions of high persistence and
individual heterogeneity. The proposed estimator is
constructed by weighting the M-estimator with a
power function for the scale parameter used in the
Huber’s loss function, with optimization of the tuning
parameter by minimizing the variance of the model
parameters. Through extensive simulations and
empirical data analysis, we have demonstrated that our
method outperforms traditional GMM estimators,
particularly in the presence of weak instruments and
near-unity autoregressive parameters. This robust
estimator provides a valuable tool for researchers
across various fields, including econometrics, biology,
and engineering, facilitating more accurate analysis of
dynamic panel data.
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Tirkiye, Hindistan ve Brezilya’daki Petrol Kiralarimin Otoregresif Kesirli
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Oz

Petrol kiralari, tretim, ithalat ve tiketim vergileri (izerinden elde edilen gelir oldugu igin enerji politikalarinin bir pargasi olarak
degerlendirilir. Turkiye, Hindistan ve Brezilya gibi Ulkelerin enerji politikalar, petrol Uriinlerine ylksek vergiler
uygulanmasindan dolayi bu (lkelerin gelir elde etme yontemlerinin bir pargasidir. Petrol kiralarinin ekonomide énemli rol
gbz online alindiginda, bu calisma, bu Ulkelerin 1970-2016 yillarini kapsayan petrol kira verilerini kullanilarak uzun hafiza
modellerinden biri olan otoregresif kesirli bitiinlesik hareketli ortalama (ARFIMA) modeliyle incelemeyi amaglamaktr. ilk
asamada, Turkiye, Hindistan ve Brezilya'nin petrol kira serilerinin duragan olup olmadigini belirlemek igin klasik birim kok
testleri uygulanmistir. Sonrasinda, serilerin uzun hafizaya sahip olup olmadigini degerlendirmek amaciyla Hurst'in R/S
istatistigi kullanilmistir. ikinci asamada ise p ve q degerleri 2'den kiigiik veya esit olacak sekilde olasi tiim otoregresif hareketli
bitinlesik ortalama (ARIMA) ve ARFIMA modelleri test edilmistir. En iyi model belirlenebilmesi icin Akaike Bilgi Kriteri (AIC)
ve Bayesci Bilgi Kriteri (BIC) iki temel bilgi kriterlerinden yararlanilmistir. En uygun model belirlendikten sonra, bu model
araciligiyla gelecege yonelik tahminler yapilmistir.

Anahtar kelimeler: Petrol kiralari, Uzun hafiza modelleri, ARFIMA modeli, ARIMA modeli.

Abstract

Oil rents are considered as part of energy policies as they are revenues from taxes on production, imports and consumption.
The energy policies of countries such as Turkey, India and Brazil are part of the revenue generation methods of these countries
due to high taxes on petroleum products. Considering the important role of oil rents in the economy, this study aims to
analyse the oil rent data of these countries covering the years 1970-2016 with the autoregressive fractionally integrated
moving average (ARFIMA) model, which is one of the long memory models. In the first stage, classical unit root tests are
applied to determine whether the oil rent series of Turkey, India and Brazil are stationary. Then, Hurst's R/S statistic is used to
assess whether the series have long memory. In the second stage, all possible autoregressive moving average (ARIMA) and
ARFIMA models are tested for p and g values less than or equal to 2 In order to determine the best model, two basic
information criteria Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are used. After the most
appropriate model is determined, forecasts are made by using this model.

Key words: Oil rents, Long memory models, ARFIMA model, ARIMA model.

L.GIRIS

Zamana bagli olarak kaydedilen finansal ve makroekonomik serilerin modellenmesi ve gelecege yonelik tahminler
yapilabilmesi i¢in ekonometriciler ve istatistik¢iler genellikle ARIMA modellerini kullanirlar. ARIMA modelleri,
bugiinkii gézlemler kullanilarak yarmnin tahmin edilmesine olanak saglayan kisa hafizali modellerdir. Ancak,
serinin daha eski goézlemlerinin bugiinii etkilemesi sonucunda uzun hafizali modeller gelistirilmistir. Bu, serinin
otokorelasyon fonksiyonunun hiperbolik olarak azalmasiyla karakterize edilir.

Mevsimsel olmayan Box-Jenkins modelleri genellikle ARIMA(p, d, q) olarak ifade edilir. Burada d parametresi,
serinin duragan olup olmadigini belirler; eger seri duragansa, d = 0 olarak tanimlanir. Cogu zamana bagli seriler
duragan olmadigindan, maksimum iki defaya kadar fark alma islemi yapilir. Serinin birinci fark: duragansa d = 1,
ikinci farki duragansa d = 2 olur. Ancak, 0 ile 1 arasindaki kesirli degerlerin modele dahil edilmemesi bilgi
kaybina yol agabilir. Bu kesirli degerlerin [—0.5, 0.5] araliginda olmasi ARFIMA(p, d, q) modelini olugturur. Fark
parametresi d, serinin uzun hafizali m1 yoksa kisa hafizali m1 oldugunu belirlemeye yardime olur.
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Finansal seriler gibi zaman serisi verileri lizerine uzun
hafiza kavraminin varligini aragtiran ¢ok sayida
calisma mevcuttur. Kutlar ve Turgut, ARFIMA
modelleri ile tahmin ve Ongoriilebilirlik {izerine
Tiirkiye'deki baglica ekonomik serilere
odaklanmiglardir [1]. Barisik ve Cevik, issizlik verisi
iizerine Geweke ve Porter-Hudak (GPH) ve modifiye
edilmis log periodogram (MLP) metotlarini kullanarak
ARFIMA modellerini incelemislerdir [2]. Ayrica, 2001
kriz sonrast 2003-2007 yillarmi kapsayan Tiirk
bankacilik sektoriine ait hisse senetlerini Cevik ve
Erdogan, giiclii hafiza modelleri ile analiz etmislerdir
[3]. Portfoy optimizasyonu tizerine Pekkaya, ARFIMA
ve kesirli Dbiitiinlesik genellestirilmis otoregresif
kosullu degisen varyans (FIGARCH) modellerini
kullanarak inceleme yapmistir [4]. Cevik, Istanbul
Menkul Kiymetler Borsasi’nda (IMKB) islem géren 10
sektor endeksini kullanarak uzun hafiza modellerinin
etkin piyasa hipotezinde kullanilmasinin 6nemini
vurgulamustir  [5].  Karia, Bujang ve Ahmad,
Malezya’daki ham hurma yag1 fiyatlarmi kullanarak
tahmin hesaplamasinda ARFIMA modelin daha iyi
sonuglar gosterdigini kanitlamislardir [6]. Pekkaya ve
Albayrak, IMKB-30 Endeks verileri iizerinde getiri
ongoriileri icin  ARFIMA modelini ve varyans
ongiiriileri i¢in de FIGARCH modelini kullanarak
tahmin yapmislardir [7]. Yilmaz, Brezilya, Rusya,
Hindistan ve Cin’deki hisse senedi verilerini
calismasmna dahil ederek uzun hafiza davranisinin
sergilenip sergilenmedigini ve volatilitenin olup
olmadigmi arastirmak igin bir inceleme yapmistir [8].
Boateng, ve ark., Gana’daki tiiketici fiyat endeksi (CPI)
icin uzun hafizanm sergilendigini, yar1 parametrik ve
parametrik yontemler kullanilarak ARFIMA modelinin
en iyisi oldugunu kesfetmislerdir [9]. Omeraka ve dig.,
ARIMA ve ARFIMA modellerini kullanip Nijerya’daki
ticari bankalarin likidite oran verisi {izerinde en iyi
modelin ARFIMA model oldugunu ileri siirmiislerdir
[10]. Fahreddinoglu, Azerbaycan’daki Tiiketici Fiyat
Endeksi (TUFE) serisini kullanarak ARIMA ve
ARFIMA modellerinin performanslarini kiyaslamistir
ve en iyl modelin ARFIMA model olduguna karar
vermigtir [11].

Bu calismanm sonraki boliimleri asagidaki sekilde
diizenlenmistir. Bolim 2'de, uzun hafizali model
hakkinda temel bilgiler sunulmustur. Béliim 3'te, petrol
kiralar1 ii¢ iilke {izerinde mevcut yontemlerle
kiyaslanarak degerlendirilmistir. Son boliim makaleyi
sonlandirmakta ve sunulan modelinin nasil daha da
genigletilebilecegine dair bazi fikirler sunmaktadir.

ILMETODOLOJI

2.1.Uzun Hafiza Modelleri

Gergek hayatta, gozetim videolari, gercek zamanl
sensorler, hisse senedi fiyatlar1 ve astrofizik gozlemleri
gibi zaman serisi verileriyle sik¢a karsilasiriz. Zaman
serisi verilerini analiz ederken, bu verilerdeki cesitli
noktalardaki bagimliliklar dikkate alinmas: gereken en
onemli unsurlardan biridir. Zaman serisi verileri
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arasinda herhangi bir bagimlilik var m1? Eger dyleyse,
bu degerler birbirlerini etkilemek i¢in zaman agisindan
ne kadar uzak olmalidir? Bu sorulara cevap ararken,
uzun hafiza (long memory) kavrami devreye girer.

Uzun hafiza ve kisa hafiza varligini anlamanin ¢esitli
yollar1 vardir. Kisa hafiza varliginda, noktalar
arasindaki zaman farki arttik¢a farkli zamanlardaki
degerler arasinda bagimlilik hizla azalir. Bu durumda,
otokorelasyon fonksiyonu iistel bir sekilde azalir veya
belirli bir zaman gecikmesinden sonra noktalar
bagimsiz hale gelerek 0'a diiser. Diger bir ifadeyle, eger
bugiiniin gdzlemi ile yarini tahmin etmek istenirse,
serinin ilk gecikmesinde otokorelasyon fonksiyonunda
kisa hafizali bir sire¢ bulunmalidir. Uzun hafiza
stireclerinde ise otokorelasyon fonksiyonunun azalmasi
daha yavas oldugundan, yani bagimlilik daha giiclii
oldugundan, serinin birka¢ zaman onceki goézlemleri
bugiinii etkiler. Bu durum, siirecin uzun hafizali siireg
oldugunu gosterir [12].

Zaman serilerinin istatistiki ¢ikarimlarda Ongoriiler
yapilabilmesi i¢in serinin duraganlik varsayimi iizerine
kurulmas: gerekmektedir. Diger bir deyisle, ilk 6nce
zaman serisinin birim kok icerip igermedigine
bakilarak duraganlik varsayimi kontrol edilmelidir.
Duragan olmayan serilerde varyans, zamanin bir
fonksiyonu seklinde hareket eder. Bu da, gecmisteki
beklenmedik etkilerin seri tarafindan kalici olarak
taginmasina neden olur. Bu yiizden, duragan olmayan
serilerde 6ngoriilerin giivenilirligi sorgulanacaktir [2].
Ancak, ne tam olarak duragan yani I(0) ne de tam
olarak duragan olmayan yani I(1) serileri gibi olan
ekonomik ve finansal zaman serileri, uzun hafiza
stirecinin 6zelligini sergilerler [1]. Uzun hafizaya sahip
olan serilerin biitiinlesik derecesi “d” parametresi
[<0.5,0.5] arasindaki bir kesirli sayr olarak
modellenmektedir [13].

2.1.10¢oregresif kesirli biitiinlesik hareketli ortalama
modeli

Granger ve Joyeux 1980 yilinda [14] ve Hosking 1981
yilinda [15], uzun hafiza siirecinin belirlenmesinde
kullanilan ARFIMA modelini ortaya atmiglardir.

¥, bir zaman serisi olarak tanimlansin. ARFIMA(p, d,
q) modeli,

o)A - L4y, =u + 0(L)e,t = 1,2,...,T

(1)

formunda verilebilir. Burada, £,~iid (0, 6?), L gecikme
operatorii, dL) =1— L — L2 — - — P, LP,
O(L) =1—6,L—0,L> —-—6,L7 ve p, zamann
herhangi bir deterministik fonksiyonu olabilir. Bu
modelde, d degeri kesirli oldugu i¢in kesirli biitiinlesik
(FT) model olarak adlandirilir. Eger d = 0 ise y, trend-
duragan; d = 1 (veya daha biiyiik tamsay) ise y, fark-
duragan; d € (—% ,0) U (0, %) ise FI modeller s6z
konusudur.
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ARFIMA model, ARIMA modelin biitiinlesik
(farklilagtirma) parametresi olan d’yi, tamsayi ile
sinirlamaktan ziyade onun herhangi bir gercek degeri
almasma olanak tanimaktadir. d parametresi, Binom
acilimindan yararlanarak hareketli ortalama (MA)
stireglerinin sonsuz basamagi olarak asagidaki gibi
ifade edilebilir:

(- Dici—_ars2@-D, dd-DE-2)

2! 3!
_ v Tk-a)L*
= Zio [(—d)T(k+1) (2)
Burada, Gamma fonksiyonu,
I(g) = J," x9 e *dx (3)
olarak  tamimlanmir.  ARFIMA  modelinde d

parametresinin roliinii gérmek i¢in y, nin kovaryans
fonksiyonunun bilinmesi gerekmektedir. Varyans y,,

otokovaryans fonksiyonu ¥, ve otokorelasyon
fonksiyonu p, , sirastyla
_ _o’ra-2a)
Yo = r(1-d)r(i-d) (4)
__orA-2d)T(t+d) _
Ve = raraarei-a’ L 1,42, (5)

A%~

_ TA-a)T(t+d)
T 7 (AT (t+1-d)

(6)
bigimindedir.

Eger ¢ (L) ve (L) nin kokleri birim gemberin diginda
ved < |0.5|ise y, slireci hem duragan hem de tersinir
seri olarak tamimlanir. Fakat, T — oo, p, « 2471
oldugundan otokorelasyon fonksiyonlar1i sonlu bir
toplama sahip olmayacaktir. Bagka bir ifadeyle, 0 <
d < 0.5 iken ARFIMA modellerinde uzun hafiza
siirecinin ~ varligindan  bahsedilir. ~ Yani, benzer
otoregresif hareketli ortalama (ARMA) siireglerine
kiyasla bu siireclerin otokorelasyon fonksiyonu daha
yavas bir bozulma sergilemektedir. 0.5 < d < 1.0
iken y,, varyansi sonlu bir toplama sahip olmadigindan
vy, silireci duragan degildir. Boylece, Hosking’in
formiilii olan (6) denklemindeki otokorelasyon
fonksiyonu hala 0’a dogru bir azalis sergileyecektir.

Siireglerin hafizasim sonlu oldugu durumda bir sok
verildigi zaman bu siireclerin ortalama geri déndiirme
egiliminde  (mean-reverting) oldugu  anlamina
gelmektedir. d > 1.0 igin, siire¢ ortalama geri donme
egiliminde degil ve siirece bir sok uygulandiginda
siirecin baglangic noktasindan sapmasina sebep
olmaktadir. Boylece, bir ARFIMA modelinin hafiza
ozelligi onemli bir sekilde d parametresine baglhidir ve
otokorelasyon fonksiyonlari, 1(0) serilerine nispeten
yavas bir sekilde daha kiiciik oranda azalis sergiler [16].

2.2.Uzun Hafiza Modellerinin Tahmin Y6ntemleri
Literatiirde, iki asamali ve tek agsamali yontem olmak
Uzere uzun hafiza tahmin yontemleri iki grup altinda
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toplanmaktadir. Bu ¢alismada iki asamali tahmin
yontemi kullanilmistir [17].

Geweke ve Porter-Hudak (GPH) tarafindan Onerilen
yari-parametrik iki agsamali bir yontem olan GPH
metodunun ilk asamasmda d biitiinlesik parametresi
tahmin edilmektedir [18]. ikinci asamasinda ise diger
otoregresif (AR) ve MA parametreleri tahmin
edilmektedir. Uygulamada da oldukga sik tercih edilen
bir yontemdir [16]. GPH yonteminin temeli log-
periodogram regresyonuna dayandigindan dolayi bir
regresyon yontemi olarak ifade edilir.

Duragan bir serinin spektral yogunlugu,

f) = f(D[2sin(a/2)] (7
bi¢iminde tanimlanir. (7) esitliginin logaritmasi
alinarak asagidaki denklem elde edilir:

logf (%) = logfy(0)—dlog [2 sin /12—1]2 + log [%] (8)

Burada A; = 2mj / n, Fourier frekanslardaki spektral
yogunluktur. Bagka bir ifadeyle, I(4;) periodograminin
logaritmasi agagidaki gibi ifade edilmektedir:

log! (%) = log [152] + togf (3 (9)
(8) ve (9) esitliklerinden yararlanarak,
logl (%) = logfy(0)—dlog [2 sin %]2 + log {le;:+;/2”m} (10)

denklemi elde edilir. y; =logl(4;), a = logf,(0),
B =—d, x; =log[2 sin(lj/Z)]z ve
1(A))[2sin(2/2)]2¢

g = log{
fo(0)
asagidaki regresyon denklemi elde edilebilir:

} biciminde olmak Uzere,

yi=a+pxj+eg, j=1,,m (11)

Bu durumda, f(A,)~f(0)[2sin(4/2)]*"  ve

g~log [%] olmaktadir. Boylece, uzun hafiza
J

parametresi en kiicuk kareler tahmini,

5 _ (%) -7)

= - 12
m Zﬁl(xj_f) ( )
biciminde verilir. Burada, ¥ = X7, x;/m ve y =

X7, y;/mdir [13].

2.3.Model Seciminde Bilgi Kriterleri

Uygulamalarda parametrik olarak belirlenen modeller
icin secim kriterleri yardimiyla en iyi model belirlemesi
yapilmaktadir [19]. ARFIMA modellerinin secimi i¢in
cesitli uygulamalarda AIC, BIC, Schwarz bilgi kriteri
(SIC) ve Hannan—Quinn bilgi kriteri (HQC-HIC) gibi
secim yontemleri mevcuttur [17, 20, 21, 22]. Ancak,
uzun hafizali modellere bu secim yodntemlerin
uygulanmasi sonucunda etkinligi ve/veya yanliligina
iliskin herhangi bir teorik sonu¢ bulunmamaktadir.
Ancak, son zamanlarda pek ¢ok gelismeler mevcuttur.



Int. J. Adv. Eng. Pure Sci. 2025, 37(UYIK 2024 Special Issue): <21-29>

Petrol Kiralarinda ARFIMA Modeli

Crato ve Ray, genis kapsamli bir simiilasyon galismasi
yaparak, li¢ farkli tahmin yontemi ve {i¢ otomatik
model seg¢imi kriterinin tahmin dogruluguna etkilerini
karsilastirmiglardir  [23].  Schmidt ve Tschemig,
ARFIMA(O, d, 0) sireclerinde yanlihg diizeltilmis
AIC (AICc), BIC ve HQC kriterlerinin performansini
degerlendirmek igin kiigiik Olgekli bir simiilasyon
calismas1 gergeklestirmislerdir [24]. Bu kriterler
temelde bir Gauss ARMA(p, q) surecinin log olabilirlik
fonksiyonunun yaklagik maksimum degeri parametre
sayist i¢in bir ceza cinsinden ifade edilmektedir.
Kriterlerin birbirinden farkli olmast, cezanin asir1 uyum
egilimine kagi koymasindan kaynaklanmaktadir. Bilgi
kriterleri arasindan en kiigiik degere sahip olan en iyi
model olarak belirlenir. Bu bilgi kriterleri esitlik 13 ve
14’teki gibi tanimlanir:

AIC=1n62+2(p+q+1) (13)

BIC =NIngZ+ (p+q+1)logN (14)

Burada, 62, akgurlti varyansidir [20].

HNLUYGULAMA

Bu calisma igin petrol kiralar1 (OR)’ye ait seriler
dikkate almmigtir [25]. Seriler, Tiirkiye, Hindistan ve
Brezilya tilkeleri i¢in 1970 ile 2016 dénemini kapsayan
yillik degerler icermektedir. Burada OR, diinyadaki
ham petrol dretiminin degeri ile toplam {iretim
degerleri arasindaki fark olarak elde edilmistir.

Tiirkiye, Hindistan ve Brezilya icin serilerinin
normallik varsayiminin saglanip saglanmadigi Tablo
1’de  sunulmustur. Tiirkiye serisinde normallik
varsayimi saglanmadig1 igin en uygun doniisiim olan
karekok doniisimii uygulanmistir. Tiirkiye, Hindistan
ve Brezilya serilerinin sirasiyla tablo degerlerini
incelersek karekok dontisimii uygulanan Tiirkiye
serisinde Jarque-Bera istatistigine karsilik gelen p =
0.879894 olup 0.05 anlam diizeyinden biiyiiktiir. Bu
nedenle, bu serinin normal dagildigi goriilmektedir.
Ayni sekilde, Hindistan ve Brezilya seriler igin de
Jarque-Bera istatistigine karsilik gelen p degerleri, 0.05
anlam diizeyinden biiyiikk oldugundan, bu serilerin de
normal dagildig1 agikga goriilmektedir.

Tablo 1. Seriler i¢in tanimlayic istatistikler

Tiirkiye, Hindistan ve Brezilya serilerinin ¢izgi
grafikleri Sekil 1’de sunulmustur. Her {i¢ serinin
duragan olmadig1 agikga goriilmektedir. Ayrica,
Tiirkiye serisi i¢in 1970 ile 1980 yillar1 arasinda,
Hindistan serisi i¢in ise 1975 ile 1985 yillar1 arasinda
bir artig goriilmektedir. Brezilya serisinde ise 2000 ile
2005 yillart arasinda bir artig, 2005°ten sonrasi igin ise
bir azalis s6z konusudur.

Sekil 1. TURKIYE, HINDISTAN ve BREZILYA
serilerinin ¢izgi grafikleri

Tablo 2’de serilerin duraganliklarini kontrol etmek icin
Augmented Dickey-Fuller (ADF) ve Phillipps-Perron
(PP) birim kok testlerinin sonuglar1 yer almaktadir.
Tablodaki serilerin ADF ve PP birim kdok testlerinin test
istatistigi ve olasilik degerlerine bakildiginda, Tiirkiye,
Hindistan ve Brezilya serilerinin her iki birim kok
testinde p-degerlerinin 0.05 anlam diizeyinden biiyiik
oldugu goriilmektedir. Bu nedenle, serilerin birim kok
icerdigi ve dolayisiyla duragan olmadigi yorumu
yapilabilir.

Tablo 2. Serilerin ADF ve PP birim kok test sonuglari

ADF Testi PP Testi
Sabit Trend Sabit Trend
Sabit Sabit
t-
TURKIYE istatistigi -2.691  -3.152 -2.644  -3.056
Prob 0.083 0.11 0.092 0.129
t- -
HINDISTAN  istatistigi ~ -2.613 -2.350 -2.475  2.088
Prob 0.098 0.08 0.1281 0.539
t-
BREZILYA istatistigi -1.968 2477  -1.888 -2.456
Prob 0.300 0.338 0.335 0.347

Tablo 3’te ise birinci farki alinan her ti¢ serinin birim
kok testlerinin sonuglar1 sunulmustur. Sonuglar
incelendiginde, serilerin p-degerleri 0.05 anlam
diizeyine gore kiyaslandiginda serilerinin duragan
olduklari agikca goriilmektedir.

TURKIYE HINDISTAN  BREZILYA Tablo 3. Birinci fark seriler igin ADF ve PP birim kok
Mean 0.359 0.973 0.851 test sonuglari
Median 0.335 0.971 0.599 ADF Todti 5P Testi
Maximum 0.710 2.090 2.328 Sabit Trend Sabit Trend
Sabit Sabit
Minimum 0.059 0.002 0.000 .
Std. Dev. 0.151 0.542 0.693 TURKIYE istatistigi  -7.328  -7.509 7450  -7.662
Prob 0.000  0.000 0.000  0.000
Skewness 0.181 0.125 0.695 -
. HINDISTAN istatistigi -7.932  -8.132  -8.022  -9.323
2.989 2.590 2251
Kurtosis Prob 0.000 0000 _ 0.000 _ 0.000
Jarque Bera 0.256 0.452 4.879 t-
i 0.880 0798 0.087 BREZILYA istatistigi ~ -7.927  -7.907  -7.937  -7.919
Probability : ' ' Prob 0.000 _0.000 _ 0.000 _ 0.000
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Serilerin duraganlik varsayimi incelendikten sonra,
uzun hafizanin varligindan bahsedebilmek igin
Hurst'tin R/S istatistiginden yararlanilmistir. Bu test
istatistiginde, giliven araliklar1 kiyaslanarak serilerde
uzun hafiza varligmm olup olmadig: belirlenir. Tablo
4'te bu serilere ait uzun hafiza varliginin sonuglar1 yer
almaktadir. Sonuglar incelendiginde, test istatistikleri
degerlerinin %90, %95 ve %99 giiven diizeylerinin
tamaminda araligin disinda kaldig1 goriilmektedir. Bu
durum, her ii¢ serinin uzun hafizaya sahip oldugunu
gostermektedir.

Tablo 4. Serilere ait R/S test sonuglari

Giiven TURKIYE HINDISTAN BREZILYA
Diizeyleri
90% [0.861, 1.747] [0.861, 1.747] [0.861, 1.747]
95% [0.809, 1.862] [0.809, 1.862] [0.809, 1.862]
99% [0.721, 2.098] [0.721, 2.098] [0.721, 2.098]
Test 2.51 2.21 2.78
Istatistigi

Bu caligmada, p,q < 2 i¢in tiim ARFIMA(p, d, q) ve
ARIMA (p,d, q) modelleri iizerinde durulmustur. En
iyi modelin belirlenebilmesi igin parametrelerin
istatistiksel ~ anlamliligina  bakilmisti. ~ Anlamh
parametreler * olarak isaretlenmistir. Tablo 5’te
Tiirkiye serisine ait ARFIMA ve ARIMA modellerinin
parametre tahmin sonuglar1 verilmistir. Her bir model
icin sonuglar incelendiginde, %5 anlam diizeyine gore
kiyaslandiginda ARFIMA(1, d, 0) modelinde sabit ve
AR(1) parametrelerinin anlamli oldugu, ancak d
parametresinin anlamli olmadigr ve ARFIMA(1,d, 1)
modelinde ise sabit ve AR(1)’in anlamli oldugu, fakat
MA(1) ve d’nin anlamli olmadigi goriilmektedir.
Bunun yani sira, ARFIMA(2,d,0) ve ARFIMA(0,d,2)
modellerinde de bazi parametrelerin anlamli oldugu
goriilmektedir. ARIMA modellerinden, ARIMA(1,1,1)
modelinde sadece AR(1) parametresi anlamli iken,
diger ARIMA modellerinde ise hicbir parametre
tahminleri anlamli degildir. Yani, serideki iligkiyi
aciklamakta ARIMA modeller yetersiz kalmaktadir.
Seri i¢in en iyi modelin ARFIMA(0,0.423,1) oldugu
acikca goriilmektedir.

Tablo 5. TURKIYE serisi i¢cin ARFIMA-ARIMA
model sonuglar1

anlam diizeyine gore kiyaslandiginda istatistiksel
olarak anlamli parametre tahmini bulunmadigindan bu
modeller seriyi acgiklamada yetersiz kalmaktadir.
ARFIMA modellerden ise ARFIMA(0,0.442,1) ile
ARFIMA(0,0.342,2) modelleri disinda diger ARFIMA
modellerinin bazi parametre tahminleri anlamli
olmadig1 agik¢a goriilmektedir.

Tablo 6. HINDISTAN serisine i¢cin ARFIMA-ARIMA
model sonuglart

Sabit AR() ARQ) MA()  MAQ) d
ARFIMA(1,d,0)  0.857*  0.862* 0.127
ARFIMA(0,d,1)  0.182* 0.262* 0.442*
ARFIMA(1,d,1)  0854%  0.858* -0.025 -0.103
ARFIMA(2,d,0)  0.850%  0.804* 0043 -0.079
ARFIMA(0,d,2)  0.836* 0382%  0411*  0342*
ARIMA(1,1,0) 0007  -0.184

ARIMA(0,1,1) 0.008 -0.196

ARIMA(1,1,1) 0.010 0.345 -0.537

ARIMA(2,1,0) 0007  -0.182 0013

ARIMA(0,1,2) 0.008 20.202  -0.031

Hindistan serisi igin iki model arasindan en iyiye karar
verebilmek amaciyla Tablo 7°de yer alan AIC ve BIC
bilgi kriterlerinden yararlanilmistir. AIC ve BIC bilgi
kriterlerinden en kiiciik olan ARFIMA(0,0.342,2)
modelinin bu seri i¢in en iyi model oldugu agik bir
sekilde goriilmektedir.

Tablo 7. HINDISTAN serisinin bilgi kriteri sonuglar1

ARFIMA(0,0.442,1) ARFIMA(0,0.342,2)
AIC 46.956 43.928
BIC 54.356 53.179

Ayni sekilde, Brezilya serisine ait ARFIMA ve ARIMA
modellerinin parametre tahmin sonuglari Tablo 8’de
sunulmustur. Bu tabloya gore, ARIMA modeller ile
serideki iliskiyi agiklamak yetersiz kalirken, ARFIMA
modellerde ise sadece ARFIMA(0,0.462,1) modeli
seriyi aciklamada yeterli olmaktadir.

Tablo 8. BREZILYA serisi i¢cin ARFIMA-ARIMA
model sonuglari

Sabit AR(I)  ARQ)  MA()  MAQ) d
ARFIMA(1.d,0) 0.761*  0.927* 0.136
ARFIMA(0.d,1) 0.804 0.322* 0.462*
ARFIMA(1.d,1) 0.751* 0.905 -0.133 -0.013
ARFIMA(2.d,0) 0752*  0785%  0.1097 -0.028
ARFIMA(0.d,2) 0.788 0274 0266 -0.028
ARIMA(1,1,0) 0.021 -0.184
ARIMA(0,1,1) 0.022 -0.210
ARIMA(1,1,1) 0.024 0.282 -0.484
ARIMA(2,1,0) 0.022 0.110  -0.088
ARIMA(0,1,2) 0.023 -0.201 -0.065

Sabit AR(1) ARQ2) MA(l) MAQ2) d
ARFIMA(1,d,0) 0.323* 0.856* -0.079
ARFIMA(0,d,1) 0.320* 0.403* 0.423*
ARFIMA(1.,d,1) 0.327* 0.870* 0.105 -0.172
ARFIMA(2,d,0) 0.329* 1.008* -0.118 -0.204
ARFIMA(0,d,2) 0.321* 0.413* 0.184 0.388
ARIMA(1,1,0) 0.004 -0.108
ARIMA(0,1,1) 0.004 -0.144
ARIMA(1,1,1) 0.001 0.864* -1
ARIMA(2,1,0) 0.004 -0.122 -0.126
ARIMA(0,1,2) 0.004 -0.121 -0.121

Hindistan serisine ait ARFIMA ve ARIMA

modellerinin parametre tahmin sonuglar1 Tablo 6’da
yer almaktadir. Sonuglara gére, ARIMA modellerde %5
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Sekil 2’de birinci farki alinan Tiirkiye, Hindistan ve
Brezilya serilerinin ~ korelogramlari strastyla
sunulmustur. Bu korelogramlar incelendiginde, birinci
farki alinan serilerin sirasiyla otokorelasyon ve kismi
otokorelasyon degerlerinin giiven aralig1 i¢inde oldugu
goriilmektedir. Bir baska deyisle, bu seriler i¢in AR ve
MA terimlerinin etkisi devreden ¢iktigindan dolay1
ARIMA modeller anlamli degildir. Boylece, her ii¢ seri
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hem uzun hafizaya sahip hem de iligkiyi agiklamada

ARFIMA modelinin en iyi oldugu yorumu yapilabilir.

Sekil 2. TURKIYE, HINDISTAN ve BREZILYA
serilerinin korelogramlar1

En iyi model belirlendikten sonra, bu modellerin
artiklar1 i¢in varsayimlar kontrol edilmelidir. Baska bir
ifadeyle, modellere ait artiklarin akgiiriiltii (white-
noise) dzelligine sahip olmasi gerekmektedir. Sekil 3°te
Tirkiye serisi i¢cin ARFIMA(0,0.423,1) modelinin
artiklarinin otokorelasyon fonksiyonu (ACF) ve kismi
otokorelasyon  fonksiyonu  (PACF)  grafikleri
verilmistir. Bu grafikler incelendiginde, modelden elde
edilen artiklarin gecikme degerleri giiven bdlgesinin
icinde yer aldigindan iligkisiz oldugu goriilmektedir.
Ayni sekilde, Sekil 4’te verilen Hindistan serisi igin
ARFIMA(0,0.342,2) modelinin artiklari
incelendiginde, artiklar arasinda PACF grafiginde
dokuzuncu ve on dordiincii gecikmelerde giiven
bolgesinin disina ¢ikildigi goriilmiistiir. Ancak, bu
durum ihmal edilerek artiklarin iliskisiz oldugu yorumu
yapilabilir. Brezilya serisi icin ARFIMA(0,0.462,1)
modelinin artik iliski grafikleri ise Sekil 5’te
sunulmustur. Burada da PACF grafiginde birkag
gecikme giiven araligmin disindadir. Fakat, ilk on
gecikmenin Gtesi ithmal edilerek artiklarm iliskisiz
oldugu sonucuna varilabilir.

Sekil 3. TURKIYE serisi icin ACF (iistteki) ve PACF
(alttaki) grafikleri
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Sekil 4. HINDISTAN serisi i¢in ACF (iistteki) ve
PACEF (alttaki) grafikleri
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Sekil 5. BREZILYA serisi i¢in ACF (iistteki) ve PACF
(alttaki) grafikleri

Artiklar i¢in diger 6nemli varsayimlardan biri de
otoregresif kosullu degisen varyans (ARCH) testi ile
degisen varyanshiligin olup olmadiginin
belirlenmesidir. Tablo 9°da sirasiyla Tiirkiye, Hindistan
ve Brezilya serileri icin ARCH testi p degerlerinin
sonuglart yer almaktadir. Sonuglar incelendiginde, ilk
¢ gecikmenin olasilik degerlerinin %5 anlam
diizeyinden biiyiik oldugu goriilmektedir. Bu nedenle,
her ii¢ serinin artiklar1 degisen varyansa sahip degildir.

Tablo 9. Seriler icin ARCH testi p degerleri sonuglar

1 2 3
TURKIYE 0.286 0.627 0.665
HINDISTAN 0.286 0.627 0.665
BREZILYA 0.743 0.950 0.998

Aslinda akgiiriiltii, modelin gegerliliginde ve tahmin
edilmesinde nemli rol oynamaktadir. Artiklar i¢in son
varsayimlardan biri de akgiiriiltii 6zelligine sahip
olmast gerekliligidir. Bunun ic¢in Bartlett ve
Portmanteau testlerinden yararlanilmistir. Tablo 10°da
yer alan Bartlett ve Portmanteau testlerinin sonuglari
incelendiginde, her iki testin parantez i¢inde yer alan
olasilik degerlerinin 0.05 anlam diizeyinden biiyiik
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oldugu goriilmektedir. Bu nedenle, her ii¢ serinin
artiklar1 akgiiriiltii 6zelligine sahiptir. Baska bir deyisle,
Tirkiye, Hindistan ve Brezilya serileri i¢in kurulan
modeller gegerlidir ve ileriye yonelik tahmin
yapilabilmektedir.

Tablo 10. Seriler i¢in Bartlett ve Portmanteau istatistik
sonuglari

Bartlett’in (B) Portmanteau (Q)

istatistigi istatistigi
"l_"UR_KTYE 0.719(0.679) 8.402(0.135)
HINDISTAN 0.698(0.715) 1.170(0.948)
BREZILYA 0.864(0.445) 2.641(0.755)
Biitiin varsayimlar incelendikten sonra, Tiirkiye,

Hindistan ve Brezilya serilerinin gergek ve kestirim
deger grafikleri sirasiyla Sekil 6’da yer almaktadir.
Grafiklere gore her ii¢ seri i¢in gercek degerler ile
kestirim degerlerinin birbirine yakin olmasi sebebiyle
ARFIMA modellerinin seriler i¢in uygun oldugu
sOylenebilmektedir.

1900
date

2000 201 2020

SQRTURKIYE_OR xb prediction |
~ 1

1980 201 2020
date

[ HINDISTAN_OR % predicuon” |

1970 1980 1990 2000 2010 2020

date

[ BREZILYA_OR x5 proviction |

Sekil 6. TURKIYE, HINDISTAN ve BREZILYA
serilerinin gercek ve kestirim deger grafikleri

Tablo 11°de her ii¢ seri i¢in gelecek 5 yilin tahmin
sonuglart ve parantez iginde gercek degerleri yer
almaktadir. ARFIMA modeli ile tahmin sonuglari
incelendiginde, Tiirkiye serisinde bir artisin oldugu ve
bu artisin  belli bir siirede kalict olabilecegi
goriilmektedir. Hindistan serisi i¢in de yine bir artis ve
belli bir siirede kalicilik s6z konusudur. Brezilya serisi
icin ise belli bir déonem artis sonrasinda bir azalis
oldugu goriilmektedir. Hata Kareler Ortalamasinin
Karekokii (RMSE) degerleri incelendiginde, ARFIMA
modeli Tiirkiye i¢in ¢ok iyi, Hindistan i¢in makul ve
Brezilya igin nispeten diisiik bir tahmin performansi
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gostermektedir. Modelin farkli iilkelerde farkli
performans sergilemesi, her iilkenin petrol kiralari
dinamiklerinin ve degiskenliklerinin farkli olmasimdan
kaynaklanabilir. Tirkiye i¢cin ARFIMA modelinin
oldukea iyi bir tahmin yapmasi, modelin uzun hafizal
verilerde basarili oldugunu ve Tiirkiye'nin petrol
kiralarinin belirgin bir uzun hafiza varligi oldugunu
diisiindiirebilir. Hindistan ve Brezilya igin RMSE
degerlerinin daha yiiksek olmasi, bu iilkelerin petrol
kiralarinda daha fazla kisa dénemli dalgalanmalar veya
modelin yakalayamadigi belirli olaylar olabilecegini
gosterebilir.

Tablo 11. Seriler i¢in 2017-2021 tahmini deger

sonuglart
TURKIYE HINDISTAN BREZILYA
2017 0.070 (0.054) 0.4351 1.120
(0.313) (1.128)
2018 0.078 (0.108) 0.608 1.1261
(0.447) (1.901)
2019 0.082 (0.103) 0.719 1.123
(0.305) (1.676)
2020 0.085 (0.061) 0.7593 1.115
(0.144) (1.079)
2021 0.087 (0.138) 0.783 1.106
(0.326) (2.605)
RMSE 0.031 0.310 0.794

IV.TARTISMA VE SONUCLAR

Uzun hafizaya sahip bir zaman serisinin Onceki
donemlerdeki davranislarini modele yansitmak, FI
modellerinde 6ngorii basarisini artirmaktadir. ARIMA
gibi modeller ise kisa hafizalidir ve genellikle serinin
son donemlerdeki davranislarma dayanarak modelleme
yaparlar. Ayrica, AR(10) ve AR(20) gibi bircok
parametre igeren modeller, basitlik (parsimoni) ilkesine
aykir1 olduklar1 ve basari seviyeleri diisiik oldugu i¢in
uygun olmayabilir. Bu sebeple, ARFIMA modelleri,
uzun hafizali olmalari ve genellikle az sayida parametre
ile tahmin edilebilmeleri nedeniyle daha avantajlidir
[26].

Bu calismada, ekonomik seri olan petrol kiralar
tUzerinden verimli bir tahmin yapabilmek i¢cin ARFIMA
modelini sunuyoruz. Bolim 2’de tartisilan teorik
calisma, petrol kiralarmin tahmin edilmesinde klasik
modele kiyasla parametreleri tahmin etmede ve ileriye
yonelik tahminlerde daha iyi sonuglar vermistir. Klasik
ARIMA modelleri parametre tahmininde diisiik bir
performans sergilemistir. Sayisal sonuglara ve grafige
baktigimizda da ARIMA modeli ile parametre tahmin
etmede  ARFIMA  modeli alternatif  olarak
diisiiniilebilir.

Bu calismada sunulan ARFIMA modeli, diger yari-

parametrik veya parametrik yontemlerle
genisletilebilir. Ornegin, model performans: ve
belirlenmesi, Whittle metodu gibi  tekniklerle
saglanabilir. ~ Yari-parametrik  veya  parametrik

yontemlerle yapilan karsilagtirmali analizler, modelin
avantajlarmi ve sinirlamalarmi daha iyi anlamamiza
olanak tanir. Bu karsilagtirmalar, ARFIMA modelinin
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farkl veri setlerinde ve kosullarda nasil davrandigini
incelemek i¢in faydali olabilir.

ARFIMA modeli ¢alismasinda, modelin belirlenmesi
ve optimizasyonu igin  bilgi  kriterlerinden
yararlanilmaktadir. Modelin, en iyi bilgi kriterine gore
degerlendirilmesi, farkli yapilandirmalarda nasil
performans gosterdigini ve en uygun parametrelerin
nasil belirlendigini ortaya koyabilir. Ayrica, ARFIMA
modelinin gesitli veri setleri ve uygulama alanlarinda
test edilmesi, modelin genellestirilebilirligini ve pratik
faydasini artirabilir. Ornegin, finansal zaman serileri,
iklim verileri veya ekonomik gostergeler gibi farkl
alanlarda modelin performansi incelenebilir. Bu,
modelin dogrulugunu ve genel performansini artirma
potansiyeline sahiptir.
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Abstract

In this study, the validity of imputation techniques for deep learning methods in time series analysis is investigated using
datasets based on daily closing data in the stock market. Datasets of daily closing stock prices for Turkish Airlines, Deutsche
Lufthansa AG, and Delta Airlines, as well as a simulated dataset, are used. LSTM, GRU, RNN, and Transformer models, which
are deep learning models, are employed. The original dataset and datasets with 5%, 15% and 25% missing data are analyzed
imputing linear, spline, Stineman, mean and random imputation techniques. The results show that model performance varies
depending on the imputation technique and the rate of missing data. GRU and Transformer models are favored for their
robustness and excellent performance. For handling missing data, using spline and Stineman imputations is advisable to
maintain high model accuracy. This study emphasizes the usability of various imputation techniques and deep learning
models in time series analysis. It assesses model performance using both MAPE and RMSE to gain a comprehensive
understanding of predictive accuracy and reliability, aiming to guide future research by comparing these methods.
Keywords: Missing Data, Synthetic Data, Transformer Model, RNN, Simulation, Airline Stocks.

I. INTRODUCTION

Financial markets are characterized by their complex and dynamic nature. Time series analysis is a tool for
identifying historical trends and patterns in financial data, aiding in the prediction of future movements. In
financial markets, time series analysis and panel analysis are used for a variety of data types, including exchange
rates, stock prices, etc. These analyses provide insights to make investment decisions, overcome risk management
problems, and develop market strategies [1]. On the other hand, panel data analysis, which includes both cross-
sectional and time dimensions, can also be applied [2].

Time series analysis employs a range of methods, from traditional statistical techniques, such as ARIMA,
SARIMA, and Exponential Smoothing, to modern deep learning models (DLMs) like long short-term memory
(LSTM), Gated recurrent unit (GRU), recurrent neural network (RNN), and Transformer model (TM). In
particular, the widespread use of TM [3], which is a relatively new method, shows the speed of development in
this field. On the other hand, the Box-Jenkins (BJ) method, which is traditionally used in time series analysis, and
the Artificial Neural Networks (ANNSs) method are compared for demand forecasting [4]. The time series data on
Rwanda's and Brazil’s GDP per capita are modeled using the conventional BJ approach and the innovative ANNS,
respectively [5-6]. While ANNs and DLMs have advantages over traditional methods, it should not be overlooked
that they also pose challenges such as hyperparameter tuning [7].

One of the significant challenges in time series analysis is the problem of missing data. Missing data can arise for
various reasons and negatively impact analysis accuracy, reducing model prediction reliability and potentially
leading to incorrect decisions. Various imputation techniques, such as linear, spline, Stineman, mean, and random
imputation, have been used to estimate missing values and reconstruct the time series. The performance of these
techniques varies with the nature and the proportion of missing values. The choice of imputation method is crucial
to improve the accuracy and reliability of time series analysis [8-9].

In literature, the performance of three machine learning models (ARIMA, LSTM, GRU) is compared for time
series forecasting using a Bitcoin price dataset, finding ARIMA to be superior to deep learning-based regression
models [10]. The effectiveness of ARIMA and GRU models is assessed in predicting high-frequency stock prices,
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demonstrating that the GRU model outperformed the
ARIMA model in accuracy [11]. In a comprehensive
literature review comparing ARIMA and machine
learning algorithms for time series forecasting, as well
as their integration in hybrid models, artificial
intelligence algorithms exhibit superior predictive
performance in most applications, hybrid statistical-
artificial intelligence models outperform individual
methods by leveraging the best features of both [12].
On the other hand, providing an overview of utilizing
Transformer architecture in time series analysis, the
study details core components such as self-attention
mechanism, positional encoding, multi-head, and
encoder/decoder, along with various enhancements and
best practices for addressing time series tasks,
showcasing the effectiveness of TM [13].
Systematically investigating the usage of TM in time
series analysis, the study examines adaptations from
both network structure and application perspectives,
emphasizing empirical analyses, model size
evaluations, and seasonal-trend decomposition to
showcase TM's performance and potential for future
research [14]. The importance of imputation techniques
in handling missing data alongside time series analysis
is a separate topic, and has been addressed in [15],
investigating imputation of missing values in time
series data using deep learning methods [15]. The
effects of various imputation methods—including
linear, spline, and Stineman interpolation, as well as
mean and random sample imputation—on the goodness
of fit of statistical models, using synthetic data to
control for missing data rate and dataset size has been
investigated [16].

The rest of this article is organised as follows. The
second section of the study presents the methodologies
employed. The third section shares the findings
obtained from the analysis. The final section
comprehensively assesses and discusses the results.

1. METHOD

2.1. Estimation Techniques

In this section, the modeling techniques and imputation
methods utilized in the research are presented. Time
series modeling techniques includes the traditional
approach of ARIMA, while deep learning methods
such as LSTM, GRU, RNN, and Transformer models
are discussed. As for imputation techniques, commonly
used methods in the literature are discussed, and
presented, including Linear, Spline, Stineman, Mean,
and Random imputation techniques.

The ARIMA model, characterized by the parameters (p,
d, g), integrates the autoregressive (AR) component of
order p, differencing of order d, and moving average
(MA) component of order g. Specifically, the AR
component involves lagged values of the time series up
to p periods, with coefficients denoted as «; for i =
1,2,...,p. The MA component incorporates ¢ lagged
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forecast errors, with coefficients 6; for j = 1,2, ..., q.
The differencing parameter d indicates the number of
times the time series is differenced to ensure
stationarity. The ARIMA model is represented as in
Equation (1):

p

(1 - Z aiLi> (1-L)4x, = (1 - zq: eij> &

i=1
(1)

where X, represents the time series value at time t, &, is
the error term at time t, capturing any residual variation
not explained by the ARIMA model, and L denotes
backshift (lag) operator such that L¥X, = X,_.

While traditional methods like ARIMA are still useful,
especially for simpler, linear time series problems and
for their interpretability, the flexibility, scalability, and
performance of deep learning models make them
increasingly preferable for more complex and large-
scale time series forecasting tasks. Deep learning
approaches like RNN, LSTM, and TM are gaining
popularity because they can handle complex, non-
linear relationships and long-term dependencies in time
series data more effectively than traditional methods
like ARIMA. Additionally, they require less manual
feature engineering, scale well with large datasets, and
can adapt more easily to changes in data patterns.

RNNs update their hidden state based on the input at
the current time step and the hidden state from the
previous time step. The hidden state update and output
calculation are presented in Eq. 2, respectively.

hy = o, (Wyx; + Uphe_q + by)

Ve = 0y(Wyh, + by) (2)
where h; and x, denote the hidden state and input at
time step t, respectively, and h,_; is the hidden state
at the previous time step t — 1. Here W), U}, b, and
oy, represent the weight matrix for the input x;, the
weight matrix for the hidden state h;_, the bias term,
and the activation function for the input layer,
respectively, while y,, W, b, and o,, denote the output
at time step t, the weight matrix for the output, the bias
term for the output, and the activation function for the
output layer, respectively.

The LSTM model can capture long-term dependencies
in sequential data and is presented through five
equations: the forget gate, input gate, cell state update,
output gate and hidden state update. Among these five
steps, the forget gate step, presented in Eq.3, is often
considered the most significant.

fe = o(Wr . [hey, x¢] + byf) (3)

where f; and x, represent the forget gate activation
vector at time step t and the current input,
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respectively; Wy and by denote the weight matrix and
bias vector for the forget gate, respectively; o is the
sigmoid activation function; and [h,_,, x,] denotes the
concatenation of the previous hidden state h,_, .

GRU networks simplify the LSTM architecture by
combining the forget and input gates into a single
update gate and merging the cell state and hidden state.
The hidden state update equation is as presented in
Eq.4.

he=1-2)OQhy +2,OQhy (4)
where h,, z,, and h, represent the hidden state, the
update gate, and the candidate hidden state at time
step t, respectively; h,_; is the hidden state at time at
the previous time step t — 1, and (© denotes matrix
multiplication.

The TM is a type of neural network architecture that
utilizes  self-attention  mechanisms to capture
dependencies between different time steps in the data
[3]. The key equation in the Transformer model is the
self-attention  mechanism, which computes the
weighted sum of values based on the similarities with
keys. This mechanism is as presented in Eq.5:

output(Q,K,V) = softmax (Q—KT) vV (5)

Nep

Q, K,V represent the query, key, and value matrices,
respectively. d;, denotes the dimensionality of the key
vectors.

2.2. Imputation Techniques
Information about the commonly used imputation
techniques used in the study is briefly presented below:

e Linear Imputation: This method fills missing
values with a linear interpolation between adjacent
known data points. It assumes a linear relationship
between consecutive observations [8].

Spline Imputation: Spline interpolation is a non-
linear method that fits a series of polynomial
functions between data points to create a smooth
curve, providing a smooth estimation of missing
values [17].

Stineman Imputation: Stineman imputation could
theoretically refer to using the Stineman
interpolation method to estimate missing values in
a dataset. The Stineman interpolation method aims
to preserve the data's monotonicity and
convexity/concavity [18].

Mean Imputation: In mean imputation, missing
values are replaced with the mean of the available
data. It is a simple and commonly used method but
may not capture the underlying patterns in the data
[19].
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Random Imputation: This technique fills missing
values with randomly selected values from the
observed data. While it is easy to implement,
random imputation may introduce noise into the
dataset and distort the original distribution [8].

Each imputation method has its advantages and
limitations, and the choice depends on the nature of the
data and the specific objectives of the analysis.

1. FINDINGS

3.1. Simulation

A synthetic dataset of 4,500 units is produced for the
years 2006-2024. The stock price is modeled with a
linear trend, starting from 50 Turkish Liras and
reaching 150 Turkish Liras. Normally distributed
random variables are used to create random noise in
price changes, with the dataset representing end-of-day
data and daily fluctuations in stock prices. The seasonal
component of prices is modeled with a sine function
[f(.) =sin(.)] repeated at certain intervals. To
increase the realism of the simulation, outliers with
high volatility are added to randomly selected time
periods to represent the impact of unexpected market
events or news.

For time series analysis, deep learning approaches such
as RNN, LSTM, GRU, and Transformer models are
used. Various data imputation techniques, including
linear, spline, Stineman, mean, and random imputation
methods, are employed. The models are tested with 0%
(complete data), 5%, 15%, and 25% missing data. The
uniform distribution is used to reduce the data [20]. The
Python programming language is used for the analysis,
and the results are presented in Table 1.

For non-imputation (0%), TM performs the best in
terms of the mean absolute percentage error (MAPE)
and R2 but has a higher the root mean square error
(RMSE) compared to RNN, LSTM, and GRU. Linear,
spline, and Stineman imputations maintain high
accuracy with moderate increases in errors as
imputation rates increase. Mean and random
imputations result in significant errors and a decrease
in prediction accuracy. TM generally provides the best
accuracy (lowest MAPE and highest R2), making it the
preferred choice when imputation rates are low to
moderate. GRU and TM perform better with higher
imputation rates compared to LSTM and RNN. Linear,
spline, and Stineman imputations are preferred for
maintaining model performance across all estimators.
Mean and random imputations result in significant
errors and should be avoided if possible.

3.2. Analysis of stock market data

End-of-day data for the stock prices of Turkish Airlines
(THYAO), Lufthansa (LHA.DE), and Delta Airlines
(DAL) are analyzed. These three airlines, which are
among the top 10 leading airlines in the world, are
included in the study. The same stages applied in the
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simulation are used in this analysis as well. Our goal is
to compare the results from the synthetic data with
those from real data applications [21]. The analysis of
the stock prices of these three airline companies from
2006 to 2024 is presented in Tables 2-4 for THYAO,
LHA.DE, and DAL, respectively.

For the THYAO dataset, TM and GRU exhibit the best
performance with low MAPE and RMSE, and high R?,
indicating accurate and reliable predictions without
missing data under non-imputation (0%). Linear and
spline imputations are more effective, with spline being
slightly better. Stineman imputation is also effective,
but mean and random imputations lead to poor
performance. GRU and TM are the most robust and
accurate, especially with the appropriate imputation
methods. GRU and Transformer models also show the
best overall performance, particularly when using
spline and Stineman imputations.

For the LHA.DE dataset, GRU exhibits the best
performance with the lowest RMSE and relatively low
MAPE, indicating accurate and reliable predictions
without missing data. TM also shows strong
performance under non-imputation (0%) since it
produces smallest MAPE. Linear and spline
imputations are more effective, with spline being
slightly better. Stineman imputation is also effective,
but mean and random imputations lead to poor
performance. GRU and Transformer models show the
best overall performance, particularly when using
spline and Stineman imputations.

For the DAL dataset, the results are similar to those
obtained for other datasets when imputation is
employed. GRU and TM outperform the other methods
considered in this study when combined with the spline
and Stineman imputation techniques, particularly as the
imputation rate increases.

IV. CONCLUSION

The comparison of traditional and deep learning
methods on both original and imputed data has not been
extensively explored in the literature as far as we know.
This study investigates the imputation of missing data
and evaluates the performance of deep learning
techniques, utilizing datasets from Turkish Airlines,
Lufthansa, Delta Airlines, and simulated synthetic data.
The study employs RNN, LSTM, GRU, and TM. The
datasets are imputed to include 5%, 15%, and 25%
missing data, which are then imputed using Linear,
Spline, Stineman, Mean, and Random imputation
methods. The analysis of the four tables for datasets
THYAO, LHA.DE, DAL, and Synthetic datasets across
various  imputation  techniques  provides a
comprehensive overview of model performance under
different conditions.
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Performance without missing data (0% imputation):
Across all datasets, TM consistently shows the lowest
MAPE and RMSE, indicating superior accuracy and
reliability. GRU and LSTM models also perform well,
with RNN exhibiting slightly higher error rates. The
high R? values for all models across datasets indicate
that the models explain a significant proportion of the
variance in the data without any missing values.

Impact of imputation techniques: Linear and Spline
Imputations generally result in moderate increases in
MAPE and RMSE across all models and datasets, with
spline imputation showing slightly better performance
than linear imputation. RNN models exhibit a more
significant increase in errors compared to LSTM, GRU,
and Transformer models. Stineman imputation
maintains low and stable MAPE and RMSE values,
particularly for GRU and Transformer models,
indicating effective handling of missing data. Mean and
random imputations led to significant increases in
MAPE and RMSE across all models and datasets, with
random imputation resulting in the most drastic
deterioration in performance. This indicates that these
methods are ineffective for handling missing data in
time series forecasting.

While performing adequately without missing data,
RNNs struggle significantly with higher rates of
imputation, particularly with mean and random
methods. LSTM  models demonstrate  robust
performance, handling linear and spline imputations
well but showing moderate increases in errors with
higher rates of mean and random imputations. GRU
models consistently show the best overall performance
across all imputation techniques and datasets,
maintaining low error rates and high R? values. TM
models excel particularly with spline and Stineman
imputations, maintaining very low MAPE and RMSE
values. However, they also exhibit increased sensitivity
to mean and random imputations, similar to other
models.

The comprehensive analysis of the THYAO, LHA.DE,
DAL, and Synthetic datasets under various imputation
scenarios reveals several key conclusions.

For model performance: TM and GRU models
consistently outperform RNN and LSTM models,
particularly in the presence of missing data. This is
evident from their lower MAPE and RMSE values
across different imputation techniques.

For effective imputation techniques: Spline and
Stineman imputations are more effective in maintaining
model performance, while mean and random
imputations lead to significant  performance
degradation. This underscores the importance of
selecting the appropriate right imputation technique in
time series forecasting.
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For robustness to missing data: GRU and TM exhibit
greater robustness to missing data, maintaining
accuracy and low error rates across different imputation
methods and missing data rates.

For metric correlation: The correlation between MAPE
and RMSE suggests that both metrics should be
considered for a comprehensive evaluation of model
performance. Although they generally align, their
different  sensitivities to  outliers  provide
complementary insights into model accuracy.

For practitioners in the field of time series forecasting,
GRU and Transformer models are recommended due to
their robustness and superior performance. When
dealing with missing data, spline and Stineman
imputations should be preferred to ensure minimal
degradation in model accuracy. Avoid using mean and
random imputations, as they significantly impair model
performance. Finally, always evaluate model
performance using both MAPE and RMSE to capture a
complete picture of the model's predictive accuracy and
reliability.

Future research can further expand on the findings of
this study by examining additional deep learning
architectures and prediction techniques to assess their
effectiveness in handling missing data. Extending this
to include not only time series prediction but also other
types of data, such as health and environmental science
datasets, would increase the generalizability of the
results.
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APPENDICES
Table 1. Results for synthetic dataset
SYNTHETIC Lin. Imp. Spl. Imp. Sti. Imp. Mea. Imp. Ran. Imp.
0% 5% 15% | 25% | 5% 15% | 25% | 5% 15% | 25% | 5% | 15% 25% 5% 15% | 25%
RNN MAPE | 0.90 1.24 1.27 1.60 1.12 1.16 1.84 1.01 | 1.10 1.63 | 4.24 | 5.09 13.62 | 5.83 11.92 | 28.67
R? 098 099 |099 |099 |0.99 0.98 0.99 099 |099 |099 |0.81 |0.77 0.26 070 |0.32 |0.24
RMSE | 0.57 1.61 1.73 | 2.02 1.45 151 2.40 131 | 145 | 209 |924 |10.19 | 19.95 |12.40 | 22.43 | 33.92
LSTM MAPE | 0.85 1.79 183 | 191 1.60 1.64 1.66 142 | 152 1.81 | 4.65 | 3.59 10.13 | 4.29 10.15 | 12.12
R? 098 |099 |099 |098 |0.98 0.98 0.98 099 |099 |098 |0.82 |0.83 0.40 0.73 | 035 |0.22
RMSE | 053 |230 |233 |242 |210 2.12 2.13 191 | 197 | 232 |891 |871 17.99 | 11.65 | 21.95 | 26.72
GRU MAPE | 0.86 | 0.91 094 |099 |0.90 0.91 1.10 088 | 090 |096 |3.74 |3.55 13.12 | 4.31 11.08 | 14.91
R? 098 |099 |099 |099 |0.99 0.99 0.99 099 |099 |099 |0.82 |0.83 0.39 0.73 |0.33 |0.23
RMSE | 0.53 1.19 124 |131 1.15 1.18 1.45 115 | 117 123 |8.82 | 873 18.11 | 11.71 | 22.21 | 26.53
™ MAPE | 0.15 | 0.17 021 |0.27 |0.19 0.20 0.22 0.18 |0.19 |0.21 |890 |313 10.66 | 4.10 10.90 | 16.10
R? 0.99 099 |099 |[099 |0.99 0.99 0.98 099 |[099 |099 |0.50 |0.60 0.45 041 |0.38 |0.22
RMSE | 1.76 196 | 213 | 250 1.96 2.01 2.48 198 |207 |213 6.10 | 2.60 6.90 3.60 | 8.60 10.14
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Table 2. Results for Turkish Airlines stocks’ dataset

THYAO Lin. Imp. Spl. Imp. Sti. Imp. Mea. Imp. Ran. Imp.
0% 5% 15% | 25% | 5% 15% | 25% | 5% 15% | 25% | 5% 15% | 25% | 5% 15% | 25%
RNN MAPE | 2.71 | 7.18 |824 |10.09 |6.11 7.85 9.52 6.35 | 7.86 | 1255 |24.30|52.82 | 3452 |46.83 | 96.7 176.24
R? 099 |094 |09 |087 |0.95 0.95 0.92 094 |093 |081 |051 |0.28 0.16 043 |031 0.11
RMSE | 3.64 | 17.41 |21.38 | 25.74 | 14.04 | 1548 | 1791 | 17.01 |17.72 | 31.37 | 48.96 | 57.53 | 59.13 | 89.17 | 87.53 | 84.14
LSTM MAPE | 324 | 410 |440 |4.44 | 286 3.41 3.95 292 347 |460 |2461|3354 |4284 |49.74 | 8176 | 122.00
R? 099 |099 |099 |099 |0.99 0.99 0.99 099 |099 |099 |069 |0.70 0.51 0.35 | 0.26 0.22
RMSE | 3.77 |474 |6.09 |6.78 |3.35 3.98 4.02 518 |6.23 |580 |38.60|36.79 |4517 |8557 |86.04 |88.21
GRU MAPE | 2.05 | 252 |275 |294 |245 2.55 2.72 265 |282 |298 |2442)39.76 | 48.62 | 36.46 | 79.11 | 130.58
R? 099 |099 |099 |099 |0.99 0.99 0.99 099 |099 |098 |0.89 |0.72 0.66 0.10 | 0.24 0.21
RMSE | 271 |312 |319 |336 |3.08 3.60 3.82 435 | 462 |478 |2321|3560 |3757 | 7527 |85.09 |87.71
™ MAPE | 041 |068 |108 |143 |046 0.47 0.54 044 050 | 058 |2547|49.42 |57.53 |94.03 | 122.60 | 179.70
R? 099 |099 |098 |098 |0.99 0.99 0.99 099 |099 |099 |0.86 |0.66 0.45 051 | 0.22 0.22
RMSE | 225 |243 |258 |438 |241 2.47 3.34 245 | 258 |388 |2876|4365 |5436 |5559 |84.75 |8542
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Table 3. Results for Deutsche Lufthansa AG stocks’ dataset

LHA.DE Lin. Imp. Spl. Imp. Sti. Imp. Mea. Imp. Ran. Imp.
0% 5% 15% | 25% | 5% 15% 25% | 5% 15% | 25% | 5% | 15% 25% 5% 15% | 25%
RNN MAPE | 1.91 193 |203 |299 |193 2.01 2.08 1.9 2.03 | 2.04 6.12 | 8.18 19.95 | 18.38 | 16.02 | 26.04
R? 0.99 099 |099 |098 |0.99 0.99 0.99 099 |[099 |099 |091 |0.78 0.53 059 |043 |0.25
RMSE | 0.21 022 |023 |031 |0.22 0.23 0.24 021 |022 |022 |0.82 |1.25 1.77 2.01 2.64 | 3.47
LSTM MAPE | 1.72 203 | 194 |418 |1.85 1.90 2.03 1.88 | 1.90 1.94 6.20 | 9.52 12.38 | 9.31 15.23 | 25.07
R? 0.99 099 099 |097 |0.99 0.99 0.99 099 |[099 |099 |0.91 |0.80 0.69 069 |045 |0.25
RMSE | 0.20 | 0.23 | 0.22 046 | 0.21 0.21 0.23 021 |021 |022 |0.82 |1.20 1.44 1.76 2.60 | 3.46
GRU MAPE | 1.65 188 |189 |238 | 180 1.78 1.86 1.78 | 1.86 187 | 557 |9.84 1195 |9.49 12.96 | 22.28
R? 0.99 099 |[099 |099 |0.99 0.99 0.99 099 |[099 |[099 |0.91 |0.80 0.68 069 |045 |0.29
RMSE | 0.19 020 |0.21 0.27 | 0.20 0.21 0.22 021 |021 |021 |0.83 |1.20 1.46 1.75 259 |3.38
™ MAPE | 038 | 039 |044 |051 |0.39 0.40 0.45 048 |045 |050 |9.30 |871 10.88 | 7.00 10.85 | 17.97
R? 0.99 099 099 |091 |0.99 0.99 0.97 097 |09 |097 |042 |053 0.34 047 |0.23 |0.22
RMSE [ 034 |[(035 |[043 |0.72 |0.35 0.39 0.62 0.53 | 047 |053 |092 |0.83 0.99 0.99 151 |85.43
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Table 4. Results for Delta Airlines stocks’ dataset

DAL Lin. Imp. Spl. Imp. Sti. Imp. Mea. Imp. Ran. Imp.
0% 5% 15% | 25% | 5% 15% 25% | 5% 15% | 25% | 5% | 15% 25% 5% 15% | 25%
RNN MAPE | 1.86 | 2.07 |265 |294 |201 2.08 2.63 205 | 210 |260 |8.66 |13.23 | 16.21 |13.13 |22.88 | 36.33
R? 0.99 098 | 0.97 097 | 0.99 0.99 0.96 099 |098 |[097 |0.78 | 0.54 0.36 0.68 |0.38 |0.22
RMSE | 1.01 110 |1.43 1.49 | 1.07 1.10 1.76 1.09 |1.13 135 | 459 | 6.55 7.52 594 |9.01 11.11
LSTM MAPE | 1.82 201 |227 |416 |1.95 2.01 2.93 198 |203 |3.87 7.06 | 11.15 | 13.38 | 13.64 | 25.88 | 35.13
R? 0.99 098 |098 |095 |0.99 0.99 0.94 099 |(098 |095 |0.81 |059 0.48 0.67 | 035 |0.21
RMSE | 0.99 1.09 |118 |219 |1.06 1.09 1.95 1.07 |109 |203 |4.23 |6.13 6.79 5.99 9.29 11.10
GRU MAPE | 1.78 196 |216 |224 |1.92 2.00 2.73 195 |198 |236 6.41 | 1341 | 17.68 | 14.31 | 23.59 | 35.20
R? 0.99 099 |099 |098 |0.99 0.99 0.97 099 |[099 |[099 |0.92 |0.77 0.66 082 |0.61 |0.46
RMSE | 0.99 1.09 |1.14 1.17 | 1.05 1.07 1.49 1.06 |1.08 |0.62 2.24 | 3.38 3.96 3.28 | 491 |5.96
™ MAPE | 0.37 0.44 | 0.47 0.48 | 0.39 0.4 0.44 041 | 044 | 0.46 7.83 | 1359 | 18.32 | 9.06 20.49 | 29.94
R? 0.99 098 098 |097 |0.99 0.98 0.97 097 |097 |097 |0.92 |0.79 0.67 089 |0.71 | 0.50
RMSE | 0.98 128 | 1.44 147 | 1.16 121 141 124 | 1.27 1.44 2.30 | 3.67 4.34 276 | 452 |5.75
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Mekansal Nokta Verilerinin Mekansal Istatistiklerle Analizi: Yenilenebilir
Enerji Kaynaklar: Uygulamasi

Analysis of Spatial Point Data with Spatial Statistics: Renewable Energy Resources
Application
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Oz

Arastirma konusuna yonelik olarak elde edilen verinin konum bilgisi icermesi durumunda veri, mekansal veri olarak
adlandirilir. Nokta ve raster biciminde tanimlanabilen mekansal verilerin analizinde mekansal istatistikler kullanilir. Savunma
ve bilisim teknolojileri, saghk, ¢cevre bilimi, yer bilimi, eneriji, sehir ve bolge planlama gibi alanlarda mekansal verilerle siklikla
karsilasilir. Bu calismada, Turkiye’de yer alan rlzgar turbinleri ve gines panellerine iliskin nokta verilerin mekénsal
istatistiklerle analizi yapilmistir. Enerji Piyasasi Dizenleme Kurumu (EPDK) tarafindan lisans verilen isletmelerden riizgar
turbinleriicin Canakkale ili verileri ve glines panellerine iliskin ise Glkemizde lisans verilen tiim nokta verileri dikkate alinmistir.
Nokta verilere iliskin 6znitelik i¢in kurulu giic degerleri ile ilgilenilmistir. Mekansal Betimsel istatistikler, Mekansal Oriinti
Analizi, Mekansal Otokorelasyon Analizi ve Mekansal Enterpolasyon basliklarinda RStudio programi kullanilarak mekansal
istatistikler elde edilmistir. Bu mekansal istatistiklere gore, Turkiye’de yer alan rizgar enerji santrali (RES) ve glines enerji
santrali (GES) kurulu glc degerlerinin mekansal dagiliminin rastgele olmadigi gérilmistur. RES’ler ve GES'ler igin 10-kat ¢apraz
dogrulama ile Kriging Analizi uygulanarak nokta verilerin kurulu gii¢ degerleri igin 6ongoriler yapilmistir.

Anahtar Kelimeler: Mekansal Nokta Veri, Mekansal istatistiksel Analizler, Yenilenebilir Eneriji

Abstract

Data is referred to as spatial data if it contains location information relevant to the research issue. The analysis of spatial data,
which can be described in raster and point forms, uses spatial statistics. Spatial data is frequently encountered in areas such
as defense and information technologies, health, environmental science, earth science, energy, urban and regional planning.
In this study, spatial statistics were used to assess point data pertaining to solar panels and wind turbins in Turkey. All point
data licensed in our country for solar panels and data from the province of Canakkale were considered for wind turbines
licensed by the Energy Market Regulatory Authority (EMRA). Installed power values were of interest for the attribute related
to point data. Spatial statistics were obtained using the RStudio program under the titles of Spatial Descriptive Statistics,
Spatial Pattern Analysis, Spatial Autocorrelation Analysis and Spatial Interpolation. According to these spatial statistics, it was
observed that the spatial distribution of the installed power of wind power plant (WPP) and solar power plant (SPP) in Turkey
was not random. Installed power predictions of point data were made by applying Kriging Analysis with 10-fold cross
validation for the WPPs and the SPPs.

Keywords: Spatial Point Data, Spatial Statistical Analysis, Renewable Energy

I. GIRIS

Mekansal kelimesi, verideki her bir birim, olay veya durumun ilgili harita Uzerinde nerede meydana geldiginin
bilinmesini saglayan cografi bir referansa sahip oldugu anlamma gelmektedir [1]. Mekansal veri, mekénsal
nesnelere iliskin 6znitelik degerleriyle birlikte nesnelerin konum bilgilerinin de yer aldig: veridir. Oznitelikler
farkli bigimlerde ele alinabilir. Bazilar1 dogasi geregi fiziksel veya gevresel iken bazilari ise sosyal veya ekonomik
niteliklerdir. Mekansal veriler, 6zniteliklerin atifta bulundugu mekéansal nesne tlrine (nokta, cizgi, alan) ve bu

Sorumlu Yazar: OZLEM TURKSEN, Tel: 0312 216 86 97, E-posta: turksen@ankara.edu.tr
Gonderilme: 02.08.2024, Kabul: 20.08.2024


https://orcid.org/0009-0001-1860-8917
https://orcid.org/0000-0001-6388-6249
https://orcid.org/0000-0002-5592-1830

Int. J. Adv. Eng. Pure Sci. 2025, 37(UYIK 2024 Special Issue): <40-49>

Mekansal Nokta Analizi

Ozniteliklerin  Olcim diizeyine gore smiflandirlir.
Z1,Z3,---,Zpnin p rastgele deZiskeni ve S'nin nokta
konumunu ifade ettigini varsayilir. Buna gére mekansal
veri genel olarak matris bigiminde Sekil 1°deki gibi
temsil edilebilir [2].

Oznitelikler Konum
Zy Z, Zp S
(1) 2(1) 21 s purum 1
22 %@ .. 2@ s@| puum?2
[zltn) z(M) .. z,(n) s('n)J Durumn

Sekil 1. Mekansal veri matrisi

gosterimi,
biciminde

Mekansal verinin  aldig1
220,20} _,,

yapilabilir. Burada, z;, degisken Z, (k=1,2,...,p)
'nin bir gergeklesmesini belirtirken, parantez igindeki
sembol i, belirli bir durumu ifade eder. Her bir i
durumuna i=1,2,...,n, mekansal neshenin
konumunu temsil eden bir s(i) konumu eklenir.

degerlerin

Mekansal veri analizi, iizerinde galigilan sistem iginde
her bir nesne veya veri degeri ile iliskili olan mekénsal
referanslar1  kullanan  modeller ve  yodntemler
toplulugudur. Olaylar arasindaki mekansal iliskiler
veya mekansal etkilesimleri tanimlamak igin mekéansal
veri analizi yontemlerinde wverinin gorsel olarak
gOsterimine ihtiyag duyulmaktadir.

Mekansal istatistigin temel amaci, mekansal dagilima
iliskin betimsel istatistiklerin {retilmesi, hipotezlerin
gelistirilmesi ve bu hipotezlerin test edilmesidir [3].
Mekansal istatistikler kullanilarak veri setlerinin
dagilim 6zellikleri belirlenir. Bunlar, tekdlze, rastgele
ve kiimelenmis olmak {iizere ti¢ kategoride adlandirilir
[4]. Mekansal nokta verilerin Oriintiileri Sekil 2’de
gorilmektedir.

Tekdiize

Rastgele Kiimelenmis

Sekil 2. Mekansal nokta verilerin ériintl drnekleri [4]

Gelisen teknolojiye paralel olarak ortaya c¢ikan
gereksinimlerin her gecen giin artmasindan dolayi
cogalarak artan elektrik enerjisi tiiketimi, iireticileri ve
kullanicilar1 yeni ve ¢evreye uyumlu enerji kaynaklari
aramaya zorlamaktadir [5]. Yenilenemeyen ya da
yeralti enerji kaynaklar1 olarak da adlandirilan fosil
enerji kaynaklar1 olan komiir, petrol gibi enerji
kaynaklarmin ¢evreye olumsuz etkilerinin olmasi ve
tikenebilir olmasi nedeniyle alternatif enerji
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kaynaklarina yonelim hizla artmistir. Glines, riizgar,
biyokditle, hidro, gel-git ve dalga enerjisi seklinde
siralanabilen  yenilenebilir  enerji  kaynaklari,
karbondioksit ~ emisyonunu  azaltarak  doganin
korunmasina yardimct oldugu gibi enerjide disa
bagimliligi azaltmakta ve ayni zamanda istihdamin
artmasina da katki saglamaktadir [6].

Yenilenebilir enerji kaynaklar1 yatirimlari, basta arz
giivenligi olmak tizere, iklim degisikligi, g¢evresel
faktorler ve siirdirilebilirlik bakimindan artis
gostermektedir. Ulkemizde son yillarda artan niifus ve
artan sanayi Uretimi ile birlikte enerji ihtiyaci da
artmigtir. Yenilenebilir enerji kaynaklarindan riizgar ve
giines  enerjisi  Ozellikle  elektrik  enerjisinin
karsilanmasi konusunda oncii iki enerji kaynagi olarak
karsimiza ¢ikmaktadir. Elektrik enerjisinin kurulu giicii
son on yilda neredeyse iki katina ¢ikmustir (Sekil 3).

113.000
108.000
o 103000, e
- 93.000 T

Kurulu Glig (MW)

2014 2015 2018

2017 2018 2015 2020
il

2021 2022 2023 2024

Sekil 3. 2014-2024 yillar1 arasinda Turkiye elektrik
enerjisi kurulu giic degerleri [7]

Tablo 1. Yillara gore Tiirkiye’nin elektrik tiretiminde
kullanilan yenilenebilir enerji kaynaklar1 orani [8]

Yil Hidrolik

(%)

Jeotermal
(%)

Kémiir
(%)

Dogal Gaz
(%)

Riizgar
(%)

Giines
(%)

Diger
(%)

2014

2015

2016

2017

2018

2019

2020

2021

2022

2023

2024

305

31.0

315

320

325

28.9

285

28.0

275

27.0

26.5

26.0

255

25.0

214

232

29.3

28.0

27.0

26.0

250

24.0

230

220

21.0

36.3

20.2

51

55

6.0

6.5

7.0

75

8.0

85

9.0

10.4

112

2.6

3.0

35

4.0

45

50

55

6.0

6.5

5.7

117

13

15

17

18

2.0

22

24

2.6

2.8

3.4

16

23

25

23

22

2.0

20

16

14

12

32

25

Elektrik enerjisi ihtiyacini karsilamak amacryla birgok
yatirim yapilmistir. Yapilan yatirimlarm ¢ogunlugunun
yenilenebilir enerji kaynaklarma yoneldigi
goriilmektedir (Tablo 1). Bu durumun baglica nedeni;
iilkemizdeki yenilenemeyen enerji kaynaklarmnin
tamaminin ithal edilmesidir. Bunun sonucunda,
elektrik enerjisinde disa bagimlilik ve maliyetler
artmaktadir. Yenilenebilir enerji kaynaklar1 arasmda
riizgar ve gilines enerjisi, temiz, tilkenmez ve maliyet
bakimindan rekabet¢i bir gli¢ kaynagi saglama
potansiyeliyle 6ne ¢tkmaktadir. Ozellikle diisiik karbon
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ayak izi  ve diger enerji  kaynaklariyla
kargilastirildiginda, emisyonlar1 hizli bir bi¢imde
dengeleme yetenegi nedeniyle de son yillarda yatirim
miktarlart olduk¢a artmistir.

Bu calismada, yenilenebilir enerji kaynaklarindan
riizgar ve giines enerjileri ile ilgilenilmistir. Riizgar
Enerji Santralleri (RES) ve Giines Enerji Santralleri
(GES) i¢in EPDK’dan elde edilen mekéansal nokta
veriler analiz edilmistir. Mekansal analizde mekansal
istatistiksel yontemler uygulanmistir. Caligmanin ikinci
bélumiinde, mekansal betimsel istatistikler, mekéansal
oruntl analizleri, mekénsal global otokorelasyon ve
mekansal enterpolasyon konulari hakkinda agiklayici
bilgiler verilmistir. Caligmanin tiglincii boliimiinde,
RES’ler ve GES’ler i¢in iki ayr1 uygulama yapilmistir.
Elde edilen sonuglar ayrintili bigimde sunulmustur.

Il. MATERYAL VE YONTEM

Mekénsal istatistik yontemlerinin  hemen hemen
tamammin ¢ikis noktasi nokta ile ifade edilebilen
gozlemlerin analizidir. Nokta wveri icin mekansal
istatistik, objelerin ya da olaylarin mekénsal konum
bilgisine sahip nokta ile ifade edilebildigi ortamlarda,
bu noktalarin geometrik yapilarini ve desenlerini analiz
ederek mekansal diizenler ve iligkiler hakkinda
derinlemesine bilgiler saglamaktadir. Bu yOntemler,
karar vericilerin ve arastirmacilarin, mekansal verileri
anlamalarmi  ve etkili ¢6ziimler gelistirmelerini
saglamaktadir.

2.1. Mekansal Betimsel istatistikler

Mekansal nokta veride, nokta dagiliminin merkezi
egiliminin tespit edilmesi ve dagilimin orta noktasimin
bulunmast son derece Onemlidir. Mekansal nokta
verinin merkez noktasinin tespiti i¢in kullanilan birden
fazla Olglit bulunmaktadir [3]. Bunlar, ortalama
merkez, agirlikli ortalama merkez ve ortanca merkez
degerleridir.

2.1.1. Ortalama merkez

Mekansal istatistikte ortalama merkez (mean center),
olaylarin mekansal dagilimlarinin merkez noktasini
goOstermektedir [9]. Ortalama merkezin
hesaplanmasinda orneklemdeki elemanlarin
koordinatlar1 kullanilir. Ortalama merkez

D1 X N1 Vi
n

1
(Fmer Ime) = ( , @

n

biciminde elde edilir. Burada, (%,,c, Vmc) Ortalama
merkezin koordinatlar, (x;,y;), i = 1,2,...,n gozleme
ait koordinatlar1 olup n ise orneklem biiyikligiinii
gostermektedir.

2.1.2. Agwrlikli ortalama merkez

Mekéansal istatistikte agirlikli  ortalama merkez
(weighted average center), ortalama merkezin bir
degisken ile iliskilendirilerek agirliklandirilmasiyla
elde edilir [3]. Agirliklt ortalama merkez
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()

n ’ n
i=1 Wi i=1 Wi

x G ) = (2‘1:1 wiX; Xty Wi)’i)
wmer» Jwme) T

olarak tanimlanir. Burada, (X,mc Vwme) agirlikli
ortalama merkez koordinatlar1 (x;,y;), i =1,2,...,n
gozleme ait koordinatlar, w;, i =1,2,...,n sayih
gbzleme ait agirhigi olup n ise 6rneklem biiyiikliiglini
goOstermektedir.

2.1.3. Ortanca merkez

Mekénsal istatistikte ortanca merkez, istatistikteki
ortancaya karsilik gelmektedir.  Ortanca merkez
noktast (median center) (Xpac) Ymac), diger tim
noktalara olan uzakliklarin toplaminin minimum
oldugu noktada konumlanmaktadir.

Literatlirde ortanca merkezin diger noktalara olan
uzakliklarinin Ol¢iilmesinde farkli metrikler
kullanilmistir. Bu metriklerin en yayginlar1 Oklid ve
Manhattan uzakliklaridir. Oklid uzakhiginda, ortanca

merkez koordinatlara olan x-ekseni ve y-ekseni
uzakliklarinin  mutlak degeri esas almmakta ve
?:1 \/(xj - xmdc)2 + (yi - ymdc)z ifadesi ile

minimize edilmektedir. Manhattan uzakliginda, ortanca
merkez koordinatlarina olan dogrusal uzakliklarm
toplami esas alinmakta ve X7, l|x; — Xpqcl + 1y —
Xmac| ifadesi ile minimize edilmektedir [3].

2.1.4. Standart uzaklik

Standart uzaklik gozlemlerin mekansal dagilimimimn
ortalama merkezden ne kadar uzaklastigini gosteren bir
oOlgittiir. Standart uzaklik

Yin (i — Xne)* + X1 3)

n

(yi — ymc)z

Sp =

olarak tanimlanmaktadir. Burada, s, standart uzaklik,
(%) Vme) Ortalama merkez, (x;,y,), i =1,2,...,n
saylli gozleme ait koordinatlar olup n ise 6rneklem
bityiikligidiir [3].

2.1.5. Standart sapma elipsi

Standart sapma elipsi, standart uzaklik ile birlikte
mekansal istatistikte gézlemlerin mekansal dagilimini
betimlemek igin kullanilan en yaygmn Olgiitlerden
biridir. Bu elips, gozlemlere ait ortalama merkez
cevresinde cizilir [3].

Mekansal veri i¢in standart sapma elipsinin tespitinde,
x-ekseni ile y-ekseninden sapmalar ve y-ekseninden
sapma acist (0) hesaplanmaktadir. Standart sapma
elipsi, Sekil 4’te goriilmektedir [10].
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/ 0

Sekil 4. Standart sapma agis1 [10]

Sekil 4’te gorulen 6 agismin pozitif olmasi elipsin
kuzeydogu-giineybati dogrultusunda, negatif olmast ise
elipsin kuzeybati-giineydogu dogrultusunda oldugu
anlamina gelmektedir [11].

2.2. Mekansal Oruintu Analizi

Mekéansal istatistikte en o6nemli konulardan biri,
mekansal dagilimm veya kiimelesmenin 6l¢iilmesidir.
Bu yontemlerin amaci, nokta verilerin deseninin veya
dagilimmin tekdiize, rastgele veya kiimelenmis olup
olmadigini belirlemektir.

Nokta verilerin 6riintii analizinde kullanilan En Yakin
Komsuluk Analizi ve Kuadrat Analizi yontemleri,
g6zlemlenen nokta verinin mekansal érintisini ya da
dagilimini  analiz etmek igin oldukca giicli
yontemlerdir.

2.2.1. En Yakin Komsuluk Analizi

En Yakin Komsuluk Analizi, her birimin kendine en
yakin birime olan uzaklik iizerine kurgulanmis bir
yontemdir. Oznitelik degerlerinden bagimsizdir ve
sadece mekansal olarak mesafeleri dikkate almaktadir.

En Yakin Komsuluk Analizi'nde gézlemlenen nokta
verilerin mekansal dagilimmin rastgele olup olmadig
test edilir. Her gozlem igin kendisine en yakin gézlem
tespit edilerek tiim goézlemler i¢in hesaplanan en kisa
mesafelerin ortalamasi alinarak gézlemlenen en yakin
noktaya ortalama uzakligi, rops [3]
n
i=1
n

d; (4)

Tobs =

olarak bulunur. Burada, d;, i = 1,2,...,n noktasinin
kendisine en yakin uzakliktaki noktaya olan dogrusal
uzaklig1 ve n, toplam nokta sayisin1 gostermektedir.

Beklenen en yakin komsuya uzaklik degeri ise, rexp

1 (5)

Texp = 2\/n/A

olarak hesaplanir. Burada, A, toplam ¢alisma alani
biiyiikligiidiir.
Tobsr Texp degerine boliinerek R-istatistigi

Tobs

(6)

R — istatistigi =
Texp
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biciminde elde edilir. Buna gore, R — istatistigi >
1ise mekansal dagilim tekdiize, R — istatistigi <
1ise mekansal dagilim kiimelenme egiliminde, R —
istatistigi ~ 1 ise mekansal veri, rastgele dagilimlidir
yorumu yapilir.

2.2.2. Kuadrat Analizi

Kuadrat Analizi nokta verinin mekansal dagilimmimn
incelenmesi amaci ile gelistirilmis bir yontemdir.
Calisma alanmin esit bilyiikliikteki alanlara (kuadrat)
bdlinmesine ve kuadrat iginde bulunan nokta sayisinin
dagiliminin teorik ya da kurgusal dagilimlar ile
karsilastirilmasina dayanmaktadir [3].

Kuadrat Analizi’nde temel amag, nokta verilerin
mekansal  dagilmmm tekdlze, rastgele veya
kiimelenmis olup olmadigini belirlemektir. Kuadrat
Analizi’nin ilk asamasinda, c¢alisma alan1 es
biiyiikliikteki alanlara boliiniir. Kuadratlarin kare ya da
dikdortgen olmasi durumunda tek bir kuadratin alani

(7)

2A
k=%
n

formulli ile belirlenir. Burada, K, kuadrat alani, A,
toplam calisma alam bityiikliigiinii, n, nokta gozlem
sayisini ifade etmektedir.

Kuadrat formu kareye yakin ise karenin bir kenar1

k=\/?=\]£
n

olarak bulunur.

(8)

Kuadrat Analizi’nin ikinci asamasinda, kuadratlarin
icerisine diisen noktalarin sayilar1 tespit edilerek
frekans dagilm tablosu hazirlanir ve dagilim
Kolmogorov-Simirnov (K-S) testi araciligiyla hipotetik
veya kurgusal dagilimlarla karsilagtirilir. Bunun i¢in K-
S istatistigi

mexm
K-S = [ xmax|P, — Pl
meo+my

bigiminde hesaplanir. Burada, m,, gézlemlenen veriye
ait kuadrat sayisini, my, hipotetik gozlemlere ait
kuadrat sayisimi, P,, gOzlemlenen veri kimulatif
frekansin1 ve Py, hipotetik veri kiimilatif frekansini
gostermektedir.

(9)

K-S istatistiginin, istatistiksel anlamlilig1 i¢in kurulan
hipotez testinde incelenen iki mekansal dagilimin ayn1
ya da farkli kitleden segilip se¢ilmedigi test edilir.
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2.3. Global Mekéansal Otokorelasyon

Nokta  verinin  orlinti  analizinde  kullanilan
ybéntemlerde, gobzlemlenen nokta verilerin sadece
konumlar1 dikkate alinmakta fakat, noktalara ait
oznitelik degerleri dikkate alimmamaktadir. Global
mekéansal otokorelasyon ise, her mekéansal nokta
verinin  Oznitelik degerinin olmasi durumunda,
gozlemler arasindaki iligskiyi ortaya koymaktadir.
Moran (1948) tarafindan gelistirilen Moran’m |
indeksi, degisken degerlerine sahip nokta verinin
dagiliminin analizinde kullanilan en yaygin global
mekansal otokorelasyon yontemidir [12]. Moran’in |
indeksinde gbzlemlenen verinin mekansal dagilimmimn
rastgele olup olmadigi test edilir.

Moran’m | indeksi, noktalarin sahip oldugu degisken
degerlerinin benzerlik ve yakinlik degerini

B 22?:1 27wy (o — ’E)(xj - x)
S, 2 —%)?

/ (10)

bigiminde tek bir degerde birlestirir. Burada, n,
orneklemdeki nokta sayisii, x;, i=12,...,n
noktasma ait Oznitelik degerini, x;, j=1,2,...,n
noktasma ait Oznitelik degerini, X, Oznitelige ait
ortalama degeri ve S, ise, drneklem icin mekéansal
agirliklar toplamii belirtir ve

n

N (11)
=0, 0%
i=1j=1
olarak hesaplanir.
Beklenen indeks degeri E() = (—1)/(n—1),
Moran’m | indeksi degeri ile karsilagtirilarak
yorumlanir. [ > E(I) oldugu durumda gozlemlenen
mekansal nokta veride kiimelenme egiliminin

bulundugu, I < E(I) oldugu durumda tekdiize dagimin
bulundugu ve [ = E(I) durumunda ise noktalarin
rastgele dagildigi ve oznitelige bagli bir kiimelenme
egiliminin olmadig1 degerlendirmesi yapilir [11].

2.4. Mekénsal Enterpolasyon Yontemleri

Mekansal enterpolasyon, belirli bir cografi alandaki
Olciim noktalar1 arasindaki degerleri tahmin etmek icin
kullanilan bir yontemdir [13]. Mekansal enterpolasyon
amaciyla Kriging analizi uygulanmistir.

Kriging Analizi, 6l¢timii yapilmis konumlardan, 6lgtim
yapilmamis olan 6znitelik degerini dngérmek igin son
yillarda jeoistatistik alaninda yaygin olarak kullanilan
bir enterpolasyon yoéntemidir [14], [15]. Kriging ile
variogram  olusturularak ~ mekénsal  korelasyon
modellenmekte ve bu modelden tahminler elde
edilmektedir.

Variogram, mekéansal nokta verilerde mekénsal
korelasyonu 6lgmek igin jeoistatistikte kullanilan temel
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bir aractir. Veri noktalar1 arasindaki mesafe arttikca
veri benzerliginin nasil azaldigini agiklamaktadir.
Variogram modeli, mekénsal enterpolasyon yoéntemi
olan Kriging'in gerceklestirilmesi i¢in ¢ok onemlidir.
Sekil 5, variogram modeli tahmini yapilmis deneysel
bir variogramin grafigini gostermektedir. Her kirmizi
kare, deneysel variogramin bir gecikmesidir. x-ekseni,
nokta ciftleri arasindaki mesafeyi ve y-ekseni de
variogramin hesaplanan degerini temsil etmektedir.
Grafikte goriilen biiyiikk bir deger, nokta ciftleri
arasindaki  korelasyonun daha disik oldugunu
gostermektedir. Sekil 5’teki grafik ayrica variogram
modelinin uyumunu kontrol eden Nugget, Range ve
Sill olarak adlandirilan {i¢ Onemli parametreyi
gostermektedir. Nugget, variogramm y-ekseni ile
kesisimidir ve verilerin kiigiik 6lgekli degiskenligini
diger bir deyisle 6l¢lim hatalarin1 temsil etmektedir.
Range, variogramin diizlestigi mesafedir. Range
degerinin fiziksel anlami, bu mesafede veya daha fazla
uzaklikta olan nokta ¢iftlerinin mekansal olarak iligkili
olmamasidir. Sill ise, toplam varyans1 gostermektedir
[16]. Literatiirde kullanilan gesitli variogram modelleri,
Kiiresel Model, Ussel Model, Gauss Model, Dogrusal
Model, Baslangic Degeri Modeli  bigiminde
tanimlanabilir. Mekansal veri analizlerinde en sik
kullanilan ve kisa mesafelerde giiclii korelasyonlari
temsil eden yontemler ise Kiiresel ve Ussel
modellerdir.

Variogram

u Experimental variogram data

= Variogram mod d

(uncorrelated)

Distance

(correlated)
Sekil 5. Variogram grafigi

Kriging Analizi, diger tahmin yontemlerine kiyasla
daha yansiz sonuglar saglamakta ve minimum varyans
ile tahminin standart sapmasini hesaplama olanagi
sunmaktadir. Krigingi diger enterpolasyon
yontemlerinden ayiran en 6nemli 6zellik, tahmin edilen
her nokta veya alan icin bir varyans degeri
hesaplanabilmesidir. Bu yontemin bir diger avantaji
ise, kriging varyansi sayesinde tahmin hatasinin
biyiikliigiinii degerlendirme imkani sunmasidir [17].
Yaygin olarak kullanilan Kriging yontemleri arasinda
Siradan Kriging (Ordinary Kriging), Basit Kriging
(Simple  Kriging), Evrensel Kriging (Universal
Kriging), Blok Kriging (Block Kriging), Gostergeli
Kriging (Indicator  Kriging), Ayrik Kriging
(Disjunctive Kriging) ve Ko-Kriging (Cokriging)
yontemleri bulunmaktadir [1].
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Ordinary Kriging yonteminin ilk adimi, enterpolasyon
yapilacak noktalar kimesinden bir variogram
olusturmaktir. Tkinci asamada, deneysel variogramdaki
trendi modelleyen basit bir matematiksel fonksiyon
olan teorik variogram belirlenir. Ordinary Kriging
yonteminde, bilinmeyen degerlerin belirlenmesi,
degiskenlerin duragan oldugu ve ortalamanin sabit
oldugu varsayimma dayanmaktadir. Variogram
fonksiyonundan agirliklarin belirlenmesi sirasinda,
tahmin agirliklar1  variogram modellerine  gore
hesaplanir.

1. UYGULAMA

Bu c¢alismada, Tirkiye’de yer alan RES’lere ve
GES’lere iligkin mekansal nokta verilerin mekénsal
istatistiklerle analizi yapilmistir. EPDK tarafindan
lisans verilen isletmelerden RES’ler i¢in Canakkale ili
verileri ve GES’ler i¢in ise lisans verilen tiim nokta
verileri ile 0Oznitelik degerleri olarak Kkurulu gig
degerleri dikkate alinmistir. Mekansal istatistikler, RES
ve GES nokta verilerine dort temel baslikta
uygulanmustir: (i) Mekansal Betimsel Istatistikler
(Mekansal Ortalama, Standart Uzaklik, Standart Sapma
Elipsi), (ii) Mekansal Oriintii Analizi (Kuadrat Analizi,
En Yakin Komsuluk Analizi), (iii) Mekansal
Otokorelasyon (Moran’in | indeksi) ve Mekénsal
Enterpolasyon  (Kriging).  Mekéansal istatistik
analizlerinde RStudio (1.1.456 versiyon) programi
kullanilmustir.

3.1. Ruzgar Enerji Santrali (RES)
EPDK Seffaflik Platformundan RES verileri temin
edilmistir. 433 adet mekansal nokta veriler koordinat ve
kurulu gl 6zniteliklerini icermekte olup Canakkale ili
icindeki RES’leri temsil etmektedir. RES’lere ait
veriler Sekil 6’da gorsellestirilmistir.

b

Sekil 6. EPDK Verilerine Gore Canakkale’deki
RES’ler

e RES icin Mekdnsal Betimsel Istatistikler

Sekil 7’de Riizgar tiirbinlerine ait koordinatlarmn
ortalama merkezi (40.057, 26.588) yesil renk ile
koordinatlara ait Kurulu Gii¢ degerlerine iliskin
agirlikli ortalama merkezi (40.064, 26.611) kirmizi
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renk ile ortanca merkez ise  (40.033, 26.585) mor renk
ile gosterilmistir. Mekansal ortalama ve mekénsal
agirlikli ortalama birbirine yakin bulunmustur.

Sekil 7. Canakkale’deki RES’lerin mekénsal ortalama,
mekansal agirlikli ortalama ve mekénsal ortanca
merkezi

T T T T T
396 308 400 402 404

Sekil 8. RES’lere ait standart sapma elipsi

Mekansal yayilim igin Sekil 8’den standart sapma
elipsine gore RES’lerin kuzeydogu-glineybati yoniinde
dagilim gosterdigi sdylenir.

e RES icin Mekansal Oriintii Analizi

Sekil 9’da en yakin komsu mesafelerinin dagiliminin
saga carpik oldugu goriilmektedir. Bu durum RES’lerin
cogunlugunun yakinlarinda bir bagka RES’in
bulundugu anlamina gelmektedir. Cok kii¢lik mesafe (<
0.01)  araliklarinda en  yiiksek  frekanslar
gozlemlenmistir. Bu durum, RES’lerin ¢ogunlukla ¢ok
kiiciik mesafelerde kiimelendigini gostermektedir. Orta
ve Yiksek Mesafe (> 0.01) araliklarinda frekanslar
hizla diismektedir. Bu durum, daha uzak mesafelerdeki
RES’lerin sayisinin az oldugunu ve RES’lerin daha
genis alanlara yayillmadigini gostermektedir.

2 5
8

3
g
8

Frekans
150 200 250

100

50

Mesafe

Sekil 9. RES’lerin en yakin komsuluk dagilimi
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RES’ler i¢in Kuadrat Analizi’nde 6ncelikle Canakkale
ilinin yiiz6l¢limiine gore kuadrat kenar uzunlugu

2(9817)
k=vK = |——=
VK 433

olarak elde edilmistir.

= 6.733804 km?

Canakkale ili i¢in kisa kenar, 67 km ve uzun kenar ise
140 km olarak bulunmusgtur. Buna g0re, sirasiyla,

) 67
kuadrat satir ve siitun sayilar1 r, = =10 ve
140 6.733804
C = = 21 olarak elde edilmistir.
6.733804

Kuadrat Analizi ile RES’lerin siklig1 baz alinarak nokta
verilerin mekandaki dagilimi gosterilmektedir. 10x21
’lik Kuadrat Analizi yapildiginda, Sekil 10’a gére RES
rizgar hizlarmm  kuzey doguda  yogunlastig
gozlenmigtir. Sekil 10°dan, bazi bolgelerde RES’lerin
kurulu olmadig1 goriilmektedir. Bu durumun olasi
nedenleri, riizgar verimliligi, arazi ve zemin yapist,
cevresel alanlar ve yasal duzenlenmelerin uygun
olmamasi olarak degerlendirilebilir.

Sekil 10. RES’ler i¢in kuadrat grafigi

¢ RES icin Global Mekénsal Otokorelasyon

Global mekéansal otokorelasyon analizi sonucunda
Moran’1n | indeks degeri, | = 0.9796 bulunmustur. [ >
E(I) oldugundan Canakkale’de yer alan RES’lerin
kullanim giiciniin mekansal dagilimmin rastgele
olmadigr séylenebilir. Deger +1’¢ yakin oldugu i¢in
pozitif mekansal otokorelasyonun oldugu yani benzer
degerlerin kiimelenmis oldugu sdylenebilir. Buna gore,
gozlemlenen mekansal nokta veride kimelenme
egiliminin oldugu yani benzer degisken degerlerine
sahip noktalarin birbirlerine mekansal olarak yakin
konumlandig1 sonucuna ulasilmistir.

Sekil 11°deki Moran sag¢ihm grafiginde, her bir
gozlemin standartlastirilmis degeri (x-ekseni) ve bu
degerlerin mekénsal agirhikli ortalamast (y-ekseni)
gorllmektedir. Cizgi, pozitif bir egim géstermektedir.
Gozlemlerin biiyiik cogunlugunun ¢izgiye yakin olmasi
pozitif — mekénsal  otokorelasyonun  oldugunu
gostermektedir.
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Sekil 11. RES’ler i¢cin Moran sagilim grafigi

¢ RES i¢in Mekéansal Enterpolasyon

Variogram analizinde Nugget = 0.1, Sill = 1.1 ve Range
1 bulunmustur. Nugget degerine gore kiiciik
mesafelerde gozlemlenen varyans ve Olglim hatalart
oldukga diisiiktiir. Sill degerine gére RES’lerin toplam
varyanst 1.1°dir. Bu deger veri setinin genelindeki
degisimi gostermektedir. Mekansal otokorelasyonun
etkili oldugu mesafe yaklasik olarak 1 km’dir. Bu,
RES’lerin ¢cogunlukla 1 km iginde mekansal olarak ve
ayrica kurulu giig ile iliskili oldugunu géstermektedir.

Klglk mesafede diigiikk semivaryans, RES’lerin
birbirine yakin olanlarin benzer kurulu giiclere sahip
oldugu ve giiclii bir mekansal otokorelasyonun oldugu
Sekil 12°deki variogram grafiginde goriilmektedir.

T T T T T T
10 2 30 40 50 60

Mesafe

Sekil 12. RES variogram grafigi

Kriging Analizi ile 6ngorii yapilabilecegini gostermek
icin 10 katli ¢apraz dogrulama (Cross Validation-CV)
uygulanmugtir. 433 adet mekansal nokta veri
incelenmistir. 433 adet mekansal nokta veri i¢in kurulu
gii¢ degerleri ongoriilmiistiir. Bilinen gercek kurulu giig
degerleri ile ongorii degerleri karsilagtirilarak hatalar
hesaplanmigtir. Hata Kareler Ortalamasinin Karekoki
(Root Mean Squared Error - RMSE) hesaplanmustir.
Her yinelemede elde edilen bu degerler Tablo 2’de
gosterilmigtir.  Tablo 2’deki RMSE  degerleri
incelendiginde test verisinde Kriging modelinin iyi
performans gosterdigi sdylenebilir. Ortalama RMSE
degeri, 0.1863 olarak hesaplanmustir.
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Tablo 2. RES’ler igin CV iterasyonu RMSE degerleri
Iterasyon RMSE
0.1016
0.1773
0.1979
0.2028
0.3207
0.1299
0.0875
0.1650
0.2260
0.1412

SBoo~vooahrwnR

3.2. Giines Enerji Santrali (GES)

EPDK Seffaflik Platformundan GES verileri temin
edilmigtir. Temin edilen veriler, Tirkiye’de EPDK
tarafindan lisans verilen kurulu GES’leri temsil
etmektedir. 1306 adet nokta veri olarak elde edilen
verilerin koordinat ve kurulu gii¢ degerleri mevcuttur.

Tirkiye’deki GES’lere ait veriler kurulu giig
degerlerine gore boyutlandirilarak Sekil 13’de
gorsellestirilmistir.

e

Sekil 13. Tiirkiye’deki GES’lere ait koordinatlar

o GES icin Mekdnsal Betimsel Istatistikler

Sekil 14’te Giines Panellerine ait koordinatlarin
ortalama merkezi (37.3660, 34.7092) (Adana, Pozant1)
kirmizi renk ile koordinatlara ait kurulu gii¢ degerlerine
iliskin agirlikli ortalama merkezi (37.7318, 34.4665)
(Nigde-Bor) mavi renk ile ortanca merkez ise (37.1889,
33.6009) (Karaman-Yesildere) mor renk ile
gosterilmistir.  Ortalama ve agirlikli  ortalama
degerlerinin birbirine yakin oldugu Sekil 14’ten
gorilmektedir.

o
= = Ortalama
& Agirlikii Ortalama

= Ortanca Merkez

@ *
@

@
o

= LX)
©

w©
12}

Sekil 14. GES’lerin mekansal ortalama, mekansal
agirlikli ortalama ve mekéansal ortanca merkezi
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375 380 385 390 395 400

365 370

Sekil 15. GES’lere ait standart sapma elipsi

Sekil 15°te yer alan standart sapma elipsine goére giines
panelleri kuzeydogu-glineybati yoniinde dagilim
gOstermistir.

e GES icin Mekansal Oriintii Analizi

Sekil 16’da, en yakin komsu mesafelerinin dagilimmin
saga carpik oldugu gorilmektedir. Bu durum,
GES’lerin ¢ogunlugunun yakinlarmda bir bagka
GES’in bulundugu anlamina gelmektedir. Cok kiigiik
mesafe (< 0.01) araliklarinda en yiksek frekanslar
gozlemlenmistir. Bu durum, GES’lerin ¢ogunlukla ¢ok
kiiciik mesafelerde kiimelendigini gostermektedir. Orta
ve Yiiksek Mesafe (> 0.01) araliklarinda frekanslar
hizla diismektedir. Bu durum, daha uzak mesafelerdeki
GES’lerin sayisinin az oldugunu ve GES’lerin daha
genis alanlara yayillmadigini gostermektedir.

Frekans
0 200 400 600 800

T T T 1
0.000 0.005 0010 0015

Uzaklik

Sekil 16. GES’lerin en yakin komsuluk dagilimi

GES’ler i¢in Kuadrat analizinde oncellikle Tiirkiye’nin
yizo6lglimiine gore kuadrat kenar uzunlugu (k)

2(783562) _
1306

k=vVK = 34.64 km?

olarak elde edilmistir. Tirkiye i¢in kisa kenar 490 km
ve uzun kenar ise 1600 km olarak bulunmustur. Buna

gore, srrastyla, kuadrat satir ve siitun sayilari r, =
490 1600

—=14.145=14 ve ¢, =—— =46.189 =46
34.64 34.64
olarak elde edilmistir.

Kuadrat Analizi ile GES’lerin sikligi baz alinarak

mekandaki dagilimi  gdsterilmektedir.  14%16 °1ik
Kuadrat analizi yapildiginda Sekil 17°de, GES’lerin,
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sicakligin fazla oldugu Konya, Nigde ve Antalya
illerinde daha ¢ok olmak {izere giineyde yogunlastigi
gorilmektedir.

39.5

385

375

£%

365

T T T
30 35 40

Sekil 17. GES’ler i¢in kuadrat grafigi

¢ GES i¢in Global Mekénsal Otokorelasyon

Global mekéansal otokorelasyon analizi sonucunda
Moran’in | indeks degeri, | 0.8944 olarak
bulunmugtur. I > E(I) oldugundan Tiirkiye’de yer
alan lisansh giines panellerinin kullanim giiciiniin
mekansal dagilimmin rastgele olmadig1 sdylenebilir.
Deger +1’e¢ yakin oldugu icin pozitif mekansal
otokorelasyonun oldugu yani benzer degerlerin
kiimelenmis  oldugu sdylenebilir. Buna gore,
gozlemlenen mekéansal nokta veride kimelenme
egiliminin oldugu yani benzer degisken degerlerine
sahip noktalarin birbirlerine mekansal olarak yakin
konumlandigi sonucuna ulasiimistir.

Sekil 18°de goriilen Moran sacilim grafiginde, her bir
gozlemin standartlastirilmis degeri (x-ekseni) ve bu
degerlerin mekéansal agirlikli ortalamast (y-ekseni)
gorllmektedir. Cizgi, pozitif bir egim gostermektedir.
Gozlemlerin biiyiik cogunlugunun ¢izgiye yakin olmasi
pozitif =~ mekansal  otokorelasyonun  oldugunu
gostermektedir. Ayrica noktalarin  orijine yakin
olmasinin bu noktalarin kapasitelerinin benzer ve
nispeten diisiik kapasitelere sahip oldugu sdylenebilir.

Sekil 18. GES’ler i¢in Moran sagilim grafigi

o GES i¢in Mekansal Enterpolasyon

Variogram analizinde, Nugget = 0, Sill = 24.2189 ve
Range = 25.7299 bulunmustur. Nugget degerine kiigiik
mesafelerde gozlemlenen varyans ve ol¢lim hatalart
yoktur. Sill degerine gére GES’lerin toplam varyansi
yaklasik olarak 24.22°dir. Bu deger veri setinin
genelindeki  degisimi  gostermektedir. Mekansal
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otokorelasyonun etkili oldugu mesafe yaklasik olarak
25.73 km’dir. Bu, GES’lerin ¢ogunlukla 25.73 km
icinde mekansal olarak ayrica kurulu giic ile iliskili
oldugunu gostermektedir.

Kiiciikk mesafede diisiikk semivaryans, GES’lerin
birbirine yakin olanlarin benzer kurulu gii¢ degerlerine
sahip oldugunu ve giiglii bir mekansal otokorelasyonun
oldugu  Sekil 19°da  variogram  grafiginde
gorilmektedir.

Semivaryans

T T T
200 300 400

Mesafe

T
100

Sekil 19. GES variogram grafigi

Kriging Analizi ile 6ngorii yapilabilecegini gostermek
icin 10 katli CV uygulanmistir. 1306 adet mekansal
nokta veri incelenmistir ve bu mekansal nokta veriler
icin kurulu giic degerleri Ongoriilmiistiir. Bilinen
gercek kurulu giic degerleri ile Ongdrii degerleri
karsilastirilarak hatalar hesaplanmistir. Her yinelemede
RMSE degerleri hesaplanarak Tablo 3’te gosterilmistir.
Tablo 3’teki RMSE degerleri incelendiginde, test
verisinde Kriging modelinin iyi performans gosterdigi
s@ylenebilir. Ortalama RMSE degeri ise 1.2406 olarak
hesaplanmistir.

Tablo 3. GES’ler i¢in CV iterasyonu RMSE degerleri
Iterasyon RMSE

1 2.6157
0.0819
0.1211
1.0477
0.2599
0.0888
0.2513
1.6281
2.1425

0.24335

© 00 N O O b WDN

10




Int. J. Adv. Eng. Pure Sci. 2025, 37(UYIK 2024 Special Issue): <40-49>

Mekansal Nokta Analizi

IV. SONUC

Bu calismada, iilkemizde yer alan RES’lerin en yogun
oldugu illerden biri olan Canakkale’deki RES mekansal
nokta verileri ile iilkemizdeki mevcut GES’lere iligkin
mekénsal nokta wverilerin mekénsal istatistiksel
yontemler ile analizi amaglanmistir.

RES’lere iliskin elde edilen bulgular dogrultusunda,
Canakkale ili nokta verisinde mekénsal ortalama ve
mekansal agirlikli ortalamanin birbirine yakin oldugu,
standart sapma elipsine gore kuzeydogu-glineybati
yoniinde dagilim gosterdigi, En Yakin Komsuluk
Analizi’ne gore ise en yakin komsu mesafesinin
dagiliminin saga carpik yani RES’lerin ¢ogunlugunun
yakinlarinda RES’lerin oldugu goriilmiistiir. Kuadrat
analizi sonucunda ise, RES riizgar hizlarinin yogun
oldugu yerin kuzey doguda oldugu gozlemlenmistir.
Moran’1n | indeksine gore gézlemlenen mekéansal nokta
veride kiimelenme egiliminin oldugu yani benzer
degerlere sahip noktalarin birbirlerine mekansal olarak
yakin konumlandig1 sonucuna ulasilmustir. Kriging
Analizi’nde ise 10-kat CV uygulanarak her iterasyonda
RMSE degerleri elde edilmistir. Kriging Analizi sonucu
Canakkale bolgesinde 10-kat CV’de yer alan test
verileri i¢in RES’lerin ger¢ek kurulu giigleri ve tahmini
kurulu gii¢leri karsilastirildiginda yakin sonuglar elde
edildigi goriilmiistiir.

GES’lere iligkin elde edilen bulgular dogrultusunda,
lisanshi tiim nokta verilerin mekénsal ortalama ve
mekansal agirlikli  ortalamanin  birbirine  yakin
oldugu,standart sapma elipsine gore kuzey dogu/giiney
bat1 yoniinde dagilim gosterdigi, En Yakin Komsuluk
Analizi’ne gore ise en yakin komsu mesafesinin
dagiliminin saga carpik yani GES’lerin ¢ogunlugunun
yakinlarinda GES’lerin oldugu goriilmiistiir. Kuadrat
analizi sonucunda ise, GES’lerin sicakligin fazla
oldugu gilineyde yogunlastigi  gozlemlenmistir.
Moran’m | indeksine gore goézlemlenen mekéansal
nokta veride kiimelenme egiliminin oldugu yani benzer
degerlere sahip noktalarin birbirlerine mekéansal olarak
yakin konumlandigi sonucuna ulagilmistir. Kriging
Analizi'nde ise 10-kat CV uygulanarak her
iterasyonda RMSE degerleri elde edilmistir. Elde edilen
RMSE degerleri incelendiginde Kriging modelin bazi
test veri kiimelerinde daha iyi performans gosterdigi
goriiliirken bazilarinda ise performansin beklenildigi
kadar iyi olmadigi s6ylenebilir.
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Oz

Bu ¢alismanin amaci, Turkiye’de 1960-2014 dénemleri arasinda, ekonomik blylime, elektrik tiiketimi ve enflasyon arasindaki
iliskinin kisa ve uzun dénemdeki etkilerinin arastiriimasidir. Genisletilmis Dickey-Fuller (ADF) ve Phillips-Perron (PP) birim kok
testlerinden faydalanilarak degiskenlerin birinci diizeyde duragan olduklari tespit edilmistir. Boylece degiskenler lzerinde
uzun dénemiiliskinin belirlenmesiigin Pesaran vd. (2001) tarafindan gelistirilen Gecikmesi Dagitiimis Otoregresif (ARDL) Model
yaklasimi yapilmistir. Uzun donemde ARDL sinir testi katsayilarinin incelenmesinden sonra kisa donem dinamiklerine iliskin
hata dlzeltme modeline (HDM) bakilarak katsayilar tizerinden yorum yapilmistir. Model (izerinde yapisal kirilma olup
olmadigini arastirmak icin CUSUM ve CUSUM Kare testleri kullanilmis ve modelde yapisal kirlma olmadigl sonucuna
ulasilmistir. Bunun yaninda, hata terimiyle ilgili varsayimlarin saglanip saglanmadigi incelenmistir. ARDL sinir testi yaklasimi
ile uzun dénemde Tirkiye'deki enflasyon ve elektrik tiiketiminin ekonomik blylimeyi olumlu veya olumsuz etkileyecegi
Gizerinde durulmustur.

Anahtar Kelimeler: Ekonomik Biiyliime, Enflasyon, Elektrik Tiketimi, ARDL Sinir Testi, Gecikmesi Dagitilmis Otoregresif Model.

Abstract

The aim of this study is to explore long and short term effects of relations among consumption of electricity, inflation and
economical growth by using the annual data between period of 1960-2014 in Turkey. It is observed by using Augmented
Dickey-Fuller (ADF) and Phillips-Perron (PP) unit root tests that the first differences of the variables are stationary. Thus, the
Autoregressive Distributed Lag (ARDL) Model approach given by Pesaran et al. (2001) is used in order to determine long term
realtionship. After examining the long-term ARDL bound test coefficients, the error correction model (ECM) for short-term
dynamics is interpreted based on the coefficients. In order to explore whether there is a structural break in the model,
CUSUM and CUSUM Square tests are used and in view of the results of these tests there is no structural break. Moreover, it
is examined whether the assumptions related with the error term are satisfied or not. It is emphasized that inflation and
electricity consumption in Turkey will affect the economic growth positively or negatively in the long term by using the ARDL
bounds test approach.

Keywords: Economical Growth, Inflation, Consumption of Electricity, ARDL Bounds Test, Autoregressive Distributed Lag
Model.
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Ekonomik Biiyiimenin ARDL ile incelenmesi

Tarihte iktisatcilarin hemfikir olamayip tartigmalara
sebep oldugu konulardan biri ekonomik biylime ve
enflasyon arasindaki iliskidir. Ikinci Diinya Savasi’na
kadarki siirede, fiyatlarm umumi diizeyinde degisme
goriilmemisken, savas sonrasmda yasanan yiiksek
enflasyon, enflasyon ile ekonomik biiyiime arasindaki
iliskiye kars1 duyulan ilgiyi arttirmistir. Bu dogrultuda
ekonomik buytime, enflasyon ve elektrik tiiketimi
arasindaki nedensellik iligkinin incelenmesi i¢in ARDL
yaklasimdan faydalanilmistir.

Bu calisma dort temel boliimii kapsamaktadir. Ilk
bolimde, ekonomik biyime, enflasyon ile elektrik
tiiketimi konulari iizerinde durulmus olup konuyla ilgili
yakin zamandaki literatiir taramas1 yapilmistir. ikinci
boliimde, materyal ve metod tizerinde durulmustur.
Ugiincii boliimde, konuyla ilgili analizler yapilmustir.
Dordunci  bolimde, elde edilen analiz sonuglari
yorumlanmugtir.

1.1. Literatiir Arastirmasi

Halicioglu [1], 1960-2005 dénemleri arasinda yillik
veri setinden faydalanarak Tiirkiye’de uzun dénemde
karbondioksit salmmmn enerji tiiketimi, gelir ile dis
ticaretten etkilendigini ifade etmistir. Oztirk ve
Acaravel [2], 1968-2005 donemlerindeki yillik verileri
kullanarak ekonomik bilyiime, karbondioksit salinima,
enerji tiiketimi ile istthdam degiskenlerinin uzun
donemli iligki varligini ileri stirmiislerdir. Polat vd. [3],
1950-2016 doénemleri arasinda yillik veri setinden
yararlanarak Tirkiye’de kisa donemde sadece
istihdamdan elektrik tiuketimine olumlu yonde
nedensellik oldugunu uzun doéneme bakildiginda ise
istihdam ile elektrik tiiketimi degiskenlerinden reel
gayri safi milli hasila (GSMH)’ye dogru pozitif
nedensellik oldugunu belirtmislerdir. Fuinhas ve
Marques [4], 1965-2009 dénemleri arasinda yillik veri
seti kullanarak, Portekiz, italya, Yunanistan, ispanya ve
Tiirkiye’de enerji tiiketimi ile ekonomik biiylime
arasinda geri beslemeye dayali nedensellik oldugunu
ileri siirmiislerdir. Ocal ve Aslan [5], 1990-2010
donemlerinde  Tirkiye’de  yenilenebilir  enerji
tiketiminin ekonomik biyumeyi negatif yénde etki
ettigini tespit etmislerdir. Kogak [6], 1960-2010
doénemleri arasinda yillik veri setinden yararlanarak
Tiirkiye’de uzun donemde enerji kullanimmin
karbondioksit salimimini arttirdigini ifade etmistir.
Ozcag [7], 1960-2013 dénemleri arasinda yillik veri
kullanarak Tiirkiye’de kisa ve uzun dénemde ekonomik
biiylimeyle enerji tiiketimi arasinda pozitif nedensellik
oldugunu belirtmistir. Pata ve Terzi [8], 1964-2014
donemleri arasinda yillik veri kullanarak Tiirkiye’nin
uzun dénemde turizm ile ekonomik biiyiime iliskisinin
bulunmadigini fakat kisa déoneme bakildiginda turizm
sektoriinden gayri safi yurtici hasila (GSYH)’ye dogru
pozitif nedenselligin varligmi ifade etmislerdir.
Tiiremez ve Goktas [9], 1984-2017 donemleri arasinda
yillik veri seti kullanarak Tirkiye’de turizm talebinin
Avrupa Birligi toplam geliri ile Gilimriik Birligi’ne
katilim1 anlaml olarak etki ederken, reel déviz kuru ile
Avrupa Birligi adaylik asamasinda iilkeye giris yapan
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turist sayisin1 anlamli olarak etki etmedigi sonucuna
varmiglardir. Terzi ve Bekar [10], 1974-2014
donemleri arasinda yillik  verileri  kullanarak
Tiirkiye’deki dogrudan yabanci yatirimlar, turist sayisi
ile disa agikligin birbirini etkiledigini ifade etmislerdir.

Il. MATERYAL VE METOD

Caligmada, 1960-2014 donemleri arasindaki 55
gozleme sahip yillik  veriler World Bank
(https://data.worldbank.org/) [11]’tan elde edilmis olup
EViewsl0 paket programindan yararlanilmistir.
Bagimhi degisken olan gayri safi milli hasila ile
bagimsiz degiskenler olan elektrik tiiketimi ile
enflasyon arasindaki hem kisa hem de uzun dénem
iliskilerinin incelemesi amaglanmigtir.

Oncelikle,  degiskenlere  logaritmik  déniisiim
uygulanmistir.  Logaritma  doniisimii  uygulanan
degiskenlerin gosterimi, gayri safi yurt ici hasila
(GSYH), elektrik tuketimi (EL), enflasyon (ENF)
seklindedir. Ardindan, normallik varsayiminin saglanip
saglanmadigi incelenmigtir. Sonrasinda,
duraganliklarinin incelenmesi i¢in birim kok testinden
yararlanilarak duraganliklarimin birinci farkta oldugu
sonucuna varilmistir. Uzun dénemde degiskenler
arasindaki denge iliskisine bakilmak icin, diger bir
deyisle degiskenler arasindaki esbiitiinlesme iligkisinin
olup olmadigi ARDL yaklagimi araciligiyla
incelenmistir.

2.1. Gecikmesi Dagitilmis ve Otoregresif Modeller

y degiskeni, x degiskenine belirli bir zaman boslugu
sonrasinda cevap verdigi takdirde, bu bosluga gecikme,
ilgili modele ise gecikmeli iliski denilmektedir.
Dinamik modeller gecikmeli ve otoregresif modeller
olarak adlandirilmaktadir. Bagimli degisken bagimsiz
degiskenlerin gecikmeleri tarafindan aciklaniyorsa
gecikmesi dagitilmis model olarak ifade edilmektedir.
Gecikmesi dagitilmis model asagida gosterilmektedir:

Ve = a+ Boxe + PrXe—q + BoXe—p + o+ Bixe_;
+&; t=12,..,n

(1)

En kiglk kareler (EKK) yonteminden yararlanilarak
model tahmini yapilmaktadir. Fakat bagimsiz
degiskenler  kendi  gecikmelerinden = meydana
geldiginden ¢oklu dogrusal baglant1 problemi olusmasi
ihtimali vardir. Ayrica gecikme uzunlugundan dolay:
tahmin edilen modelde gozlem kaybi yasanmasi
ihtimali mevcuttur.

Gecikmesi dagitilmis modeller bese ayrilmaktadir.
Bunlar; Koyck modeli, Almon (Polinomiyal) gecikme
modeli, Nerlove kismi iyilestirme modeli, Cagan’in
uyumcu beklenti modeli ve gecikmesi dagitilmis
otoregresif (ARDL) modeldir.


https://data.worldbank.org/
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2.1.1. ARDL modeller

Uzun doénemdeki iliskilerin sinanmast maksadiyla
yararlanilan ~ farkli  yaklagimlar  vardir. Bu
yaklagimlardan, Engle-Granger esbiitiinlesme testi,
Johansen esbiitiinlesme testi ve sinir testi (Bounds Test)
en ¢ok kullanilanlaridir.

Pesaran ve Shin [12], Pesaran [13] ve Pesaran vd.
[14]’a gore ARDL yaklagimi, duraganlik dereceleri
ayni olmayan zaman serilerinde, esbiitiinlesme
analizinin yapilamamasmdan kaynaklanan problemi
ortadan kaldirmak igin gelistirilmistir. Modelde,
serilerin duraganlik derecelerinde meydana gelen
farkliliklar1 yok ederek, hem uzun hemde kisa donemde
iliskinin olup olmadiginin incelenmesinde
yararlanilmaktadir. Eger ¢alismadaki serilerin, bir ve
daha fazlasmin diizey halinde duragan oldugu
goralirse yani 1(0) s6z konusu ise egbiitiinlesme
iligkisinde inceleme yapilamamaktadir. Ancak, ARDL
yaklagimi ile serilerin diizeyde ya da birinci farkta
duragan olmalar1 goz ardi edilerek seriler arasindaki
esbiitiinlesme iligskisine bakilabilir. Buna ek olarak,
ARDL yaklasimi, az gOzlemli veri kimeleri igin
kullanighdir [15].

ARDL yaklasimi iki adimdan meydana gelmektedir.
Ik adim, ¢alismadaki seriler arasinda uzun dénemde
bir iligkinin varliginin test edilmesidir. Sonraki adimsa
kisa ve uzun dénemdeki parametrelerin iiretilmesi ile
tahminlerin gergeklestirilmesidir. ARDL smir testi
yaklasimi uygulanirken uyulmasi gereken en 6nemli
hususlardan biri, ilgili degiskenlerin ikinci veya daha
yiksek  farklarda  duraganliginin sz  konusu
olmamasidir.

ARDL yaklasiminda, ilgili degiskenler arasinda
esbiitiinlesmenin olup olmadigmin arastirilmasi i¢in ilk
olarak degiskenler arasindaki iliskilerin incelenmesi
gerekmektedir. Bunun i¢in kullanilacak modellerin,
kisitsiz hata diizeltme modeli (KHDM) bigiminde
kurulmasi gerekir. ARDL yaklagimi KHDM olarak da
anilmakta ve EKK yontemine dayanmakta olup, kiigiik
hacimli &rneklemdeki c¢alismalarda kullanilabilme
olanag1 saglamaktadir. ARDL simir testi yaklagimi,
KHDM kullanildiginda, Engle-Granger nedensellik
analizinden daha iyi istatistiki niteliktedir. Ayrica,
disiik sayidaki gozlemlerde, Johansen ile Engle-
Granger nedensellik analizlerinden daha guvenilir
sonug elde etmektedir [16].

KHDM, incelenilen modelin kisa ve uzun dénemli
bilesenlerinin otokorelasyon problemine sahip olup
olmadigmnin tahmin edilmesine olanak saglar. Breusch-
Godfrey LM testiyle kestirilmis modelin yapisinda
mevcut bir otokorelasyon problemi olup olmadigi
belirlenir. Wald testi ile esbiitiinlesik bir iliskinin
varligma karar verilir. Testin yokluk hipotezi “ele
alman degiskenler arasinda esbiitiinlesik iliski yoktur”
seklindedir ve hem uzun hem de kisa doneme sahip
parametreler arasinda iliski olup olmadig1 sinanur.
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Gecikmesi dagitilmis modellerde bagiml degisken ile
bagimsiz degiskenlerin gecikmeli degerlerinin modelde
bagimsiz degisken seklinde bulunmasi durumu ARDL
model olarak adlandirilmaktadir. ARDL model genel
olarak asagidaki gibi gosterilmektedir:

14 q
Ye=u+ Zaiyt—i+zijt—j+5t; t=12,..,n (2)
i=1 =0

Burada, p’ler y, uzerindeki gecikmeleri, q’lar ise x;
Uzerindeki gecikmeleri verir. Modelde y ve x sirasiyla,
bagimli ve bagimsiz degiskeni temsil etmektedir.
Esitlik (2) agilarak yazildiginda,

y=p4t gy q Tt Ve T VoXe T ViXpoq t ot

3)

+ YaXt-q + &

elde edilir. y, ve x.’nin duraganlik diizeyleri y* ve x*
olarak ifade edilirse,

y'= Bo+ Pix”

(4)

elde edilir. Burada, x* = x; = X4 =+ = X¢_q dir.
Hata terimleri olmadan modelin uzun dénemdeki
¢oziimii, Esitlik (3)’de yerine konuldugunda,

S 2V x
y 1-Ya 1-Ya

(5)

biciminde verilir. Esitlik (5) daha agik sekilde

yazildiginda,
. u itvet+vm) "

Y Tl-—a—ay——ay l—a -, = —a, (6)
veya

y* =By + B;x” (7)
elde edilir. Modelin uzun dénemdeki sonucuna
varilmast };1 a; <1 sartinin  saglanmasiyla
mevcuttur.
Pesaran vd. [14]’nin belirtildigi gibi, ARDL

yaklagiminda uzun doénem iligkisinin tespit edilip
bagimsiz degiskenlerin katsayr tahmini yapildiktan
sonra degigskenler arasinda kisa donem iligkisini
incelemek i¢in KHDM’nin kurulmasi gerekmektedir.
Sinir testi, temel olarak KHDM’nin EKK yontemi ile
tahmin edilmesine baglidir. S6z konusu KHDM
asagida gosterilmektedir:

p-1

Ay, = ¢o+ gt + MyyYe-1 t MyxxXe—1 T Z (pL[ Az,
i=1

(8)

+ w'Ax, + &
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Modelde vyer alan Ay,ve Ax, kisa donem
dinamiklerinin, T, ve Ty, uzun dénemdeki
parametresini, t trendi, c, sabit parametreyi ifade
etmektedir. ¢, = —(my,, Ty )i + [Vyx + (Tyy My )lyy @
(nyy, nyx_x)y ve Typa = Myy — @My olarak
tanimlanmaktadir. ARDL sinir testinde, Esitlik (8)
kullanilarak bes farkli model elde edilmistir.

Model 1: Sabitsiz ve trendsiz (c, =0 ve ¢, =0) ise;

p-1
Ay, =Ty Yeq + TypaXe 1 + z @i Az, + w'Ax, + &

i=1

(9)

Model 2: Kisitli sabitli ve trendsiz ( ¢ = ~(Ttyy, Ty ) 1
ve ¢;=0) ise;

p-1
AYt = T[yy(yt—l - /‘Ly) + T[yx.x(xt—l - .ux) + Z (P{ AZt—i

i=1

(10)
+ &

Model 3: Kisitsiz sabitli ve trendsiz (c, # 0 ve ¢;=0)
ise;

p—-1
Ay, = o + Ty Yeoq + My xXeq + Z @i Az, + w'Ax,

— (11)
+e
Model 4: Kisitsiz sabitli ve kisitli trendli ise;
Ay, = ¢ + T[yy(yt—l - yyt) + T[yx.x(xt—l - yxt)
-1
< (12)
+ Z Qi Az + w'Ax, + &
i=1
Model 5: Kisitsiz sabitli ve kisitsiz trendli ise;
p-1
Ay, =co+ ot + MyyYe-1+ MyxxXe—1 + Z (lai Az,
= (13)
+ w'Ax, + &
. . . s
Denklemlerin temel hipotezi, H,””:m,, =0 ve
T . . .
H,”*:my,, =0 olup alternatif  hipotezleri,

sz I” My #0 ve H7"*:im,.  #0 seklinde ifade
eattir.

Sinir testinin uygulanabilmesi i¢in 6ncelikle, uygun
gecikme uzunlugunun belirlenmesini saglayan, Akaike
bilgi kriteri (AIC), Schwarz bilgi kriteri (SIC) ve
Hannan-Quinn  (HQ) gibi bilgi  kriterlerinden
yararlanilmaktadir. En kiiciik degere sahip gecikme
uzunlugu ele aliarak olusturulan  modelde
otokorelasyon problemi olmasi durumunda bu model
ele almmayarak ikinci en kiiglik degerdeki gecikme
uzunlugu segilir. Buna ragmen otokorelasyon problemi
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ayn1 sekilde devam ediyorsa, problem yok olana dek
islem siirdiiriiliir. Esbiitinlesme iliskisinin olup
olmadigi, bagimli ile bagimsiz degiskenlerin birinci
gecikmesinin denklemdeki anlamliligina tabidir.

Hipotezlerinin smnanmasi F testi veya Wald testi
yardimiyla yapilir. Parametrelere iliskin F istatistigi,
tablo kritik degerleriyle karsilastirilirken ilk olarak
serilerin duraganlik derecelerinin benzer olmasina
6nem verilir [17].

Modeldeki degiskenlerden birisi diizeyde duragan,
digerlerinin birinci farkinin duragan olmastyla, tablo alt
ve lst kritik degerleri araciligiyla sayet degiskenlerin
timi diizeyde duragan olmasi durumdaysa, tabloda
bulunan alt kritik degerleriyle kiyaslama yapilir. Ayni
sekilde, degiskenler birinci farkta duragan ise iist kritik
degerleriyle kiyaslama yapilir. Degigskenlerden birinin
diizeyde, digerlerinin birinci farkta duragan olmasi séz
konusu oldugunda hesaplanan F istatistik degeri, st
kritik ~ degerin  iizerindeyse  seriler  arasinda
esbiitiinlesme iligkisinin olduguna, alt kritik degerin
altindaysa esbiitiinlesme iliskisinin olmadigina isaret
eder. Fistatistiginin alt ile tist kritik degerlerin arasinda
bulunmasiyla, net karara varilmamakla birlikte
alternatif yontemlere bagvurmak zorunda kalinir.
Degiskenlerin diizeyde duragan olmasi ve F
istatistiginin tablo alt kritik degerinin iistiinde kalmasi
durumunda  degigskenler arasinda esbiitiinlesme
iligkisinin var oldugu, tersi halindeyse esbiitiinlesme
iligkisinin bulunmadig1 sonucuna varilir. Ayrica,
degiskenlerin hepsinin birinci farklar1 alinip duragan
olmalar1 durumunda, F istatistiginin yalnizca tablo {ist
kritik degerinden biiyiik olmasi ile degiskenler arasinda
esbiitiinlesme iliskisinin oldugunu isaret eder [18].

2.1.2. Esbiitiinlesme testi
Esbiitiinlesme analizi, fark alma yoluyla degiskenler
arasinda kisa ve uzun doénem iliskilerinde bilgi

kaybinin yasanmamasi agisindan  avantajli  bir
yontemdir. Bununla birlikte, her bir egbiitiinlesik
serinin  hata  dizeltme  modelinin  (HDM)

kurulabilmesiyle, uzun ve kisa dénem iligkilerini fark
etme olanag1 saglar.

Esbiitiinlesme analizi ikiye ayrilmaktadir. Engle ve
Granger [19]’a gore, diizeyde duragan olmayip birinci
farki alindiginda duragan olan zaman serilerinin, diizey
hallerinde modellenebilmesi ve bilgi kaybinin
yaganmamasi saglanir. Fakat gelistirilen bu yaklagim
ile iki degiskene sahip bir seride, degiskenlerden birinin
esitliginde esbiitiinlesme iligkisi goriiliirken, diger
degiskenin esitliginde aym1 sekilde bir iliski
gozlenmeyebilir. Bununla birlikte, degisken sayisinin
artmasiyla birden fazla uzun dénemli iligkinin ortaya
cikabilmesi olasiligina karsilik Engle-Granger testi
coklu egbiitlinlesme yapisin1 ayirt edememektedir.
Diger esbiitiinlesme analizi ise, Johansen [20] ve
Johansen ve Juselius [21]’nin vektor otoregresif (VAR)
modellerine dayanarak birden fazla esbiitiinlesme
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iligkisinin ~ aragtirtlmasi  i¢in  elverigli olan bir
esbiitiinlesme testidir. Johansen esbiitiinlesme yontemi,
olabilirlik oranlarmi elde etmek igcin HDM’nin
hesaplanmasin1 gerektirir.

HDM asagidaki sekilde verilebilir:

14 q
6, + z 0; Ay,_; + z 8 Dx; + Ay + &

i=1

Ay, (14)

j=0
Burada 0,, sabit parametreyi; A, hata dizeltme
parametresini ifade etmekte olup -1<A < 0°dr.
1,_, ise denge hata terimi veya hata diizeltme terimi
olup, @l;—1=yY¢—1 — Bo — P1X:—, bigiminde tanimlanir.

Incelenen bir modelde, deterministik bilesenlerde
gozlemlenen tek bir farkliligm s6z konusu olmasi

durumunda Johansen yaklagimiyla elde edilen sonuglar
farklilik gostermektedir [22].

III. SONUCLAR VE TARTISMA

Bagiml ve bagimsiz degiskenlere logaritmik doniisiim
uygulandiktan sonra elde edilen ¢izgi grafikleri Sekil
1’de ve degiskenlere ait tanimlayici istatistik sonuglar

Tablo 1°de verildigi gibidir.

* Sekil 1. Degiskenlere ait gizgi grafik incelemesi

Tablo 1. Degiskenlerin tanimlayici istatistikleri ve
normallik incelemesi

GSYH EL ENF
Minimum 22,8034 45251 0.8554
Maksimum 27,5803 7.9566 49676
Ortalama 25,2761 6.5196 3.0460
Ortanca 252163 6.6478 3.1653
Standart Sapma 1.4118 10253 1.0846
Jarque Bera 2.5631 3,6309 40268
p degeri 0.2776 0.1627 0.1333

Tablo 1 incelendiginde, tiim degiskenlere ait Jarque-
Bera test istatistiklerine karsilik gelen p degerlerinin
0,05’ten biiyiik olmasiyla birlikte degiskenlerin normal
dagildigr s6ylenebilmektedir.

3.1. Birim Kok Testi

Caligmada serilerin duraganlik diizeyleri, Dickey-
Fuller [23] ile Phillips-Perron [24]’da verilen birim kok
testleri ile analiz edilmistir. Serilerin fark alinmamis
halleri icin test sonuglar1 Tablo 2’de verildigi
sekildedir.
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Tablo 2. Dlizeyde ADF ve PP birim kok test sonuglari

ADF Birim Kok Testi PP Birim Kok Testi
. Sabitli ve - Sabitli ve
Sabitli Trendli Sabitli Trendli
t degeri 0,0004 -3,4894 0,0004 -3,8320
GSYH - < I =
p degerl 0,9542 0,0507 0,9542 0,0222
EL t degeri -4.1339 -0,9404 -4.2394 -0,9267
p degeri 0,0019"*  0,9434 0,0014™" 09452
ENE t degeri -1,6502 -1,3693 -1,6141 -1,1749
p degeri 0,4503 0,8587 0,4684 0,9053

Not: ™™ " strastyla %1, %5 ve %10 diizeyinde anlamliligy ifade stmektedir

Sekil 1 goz oOniinde bulundurularak Tablo 2
incelendiginde, bagimli degisken olan GSYH igin test
sonuclarinda  serinin  duraganliginin  olmadig
sOylenebilmektedir. Bagimsiz degiskenler olan EL ve
ENF icin ADF ve PP test sonuglarina bakildiginda ise
sabiti ve  trendli ~ durumda  degiskenlerin
duraganliklarmmm s6z konusu olmadig1 kanisina
varilmaktadir. Serilerinin birinci farki alinmig bigimleri
icin birim kok sonuglari Tablo 3’te verildigi gibidir.

Tablo 3. Birinci farkta ADF ve PP birim kok test

sonuglari
ADF Birim Kok Testi PP Birim K&k Testi
. Sabitli ve . Sabitli ve
Sabitli Trendli Sabitli Trendli
t degeri -8,5267 -8,3846 -8,5267 -8,3847
GSYH Hapr ok s s snn
p degeri 0,0000 0,0000 0,0000 0,0000
L tdegeri -4,8929 -6.2512 -4,9290 -6,1993
p degeri 0,00027"* 0,00007*" 0,00027* 0,0000""
ENF t degeri -7,6932 -7,9439 -7,7037 -10,2635
p degeri 0,0000" 0,0000"** 0,0000""* 0,0000""*

Not: ™" " sirastyla %1, %35 ve %10 di o1 1fade

Tablo 3’e gore, bagimhi ve bagimsiz degiskenlerin
sabitli ile sabitli ve trendli durumlarmm p degeri
sonuclarma bakildiginda, tiim degerlerin 0,05’ten

kiiciik oldugu  gozlemlenmektedir. Boylece
degiskenlerin  birinci  farkta duragan  oldugu
sOylenebilmektedir.

3.2. Esbiitiinlesme Testi

Esbiitiinlesme testinde, gecikme saylsimin

belirlenebilmesi i¢in yapilan analiz Tablo 4°te verildigi
gibidir.

Tablo 4. Gecikme sayisinin tespit edilmesi

Lag LogL LR FPE AIC SIC HQ
0 ms,-2033 NA 0.0228 47321 4.8501 47763
1 101,8439 3843415  4,39.06  -3.8231  -3,3508°  -3,64547
2 105,6155 64198 3532e.06  -3,6007  -2,7740  -3.2896
3 118,6097 204589  4,72e.06  -3.7706  -2,5897  .3.3262
4 128,0745 13,6937  4,74e-06  -3,7904 22552 -32127
5 1433826 20,1941° 3,77e-06" -4,0588°  -2.1683 -3.3478
5 1476934 51339 490e06 - 16155 50149
7 139,3620 12,6262  4.73e-06  -39814  -1,3833  -3.0037

Tablo 4’¢ gore Likelihood Ratio (LR), Final Prediction
Error (FPE), AIC olgiitleri incelendiginde gecikme
sayist 5 olarak belirlenmigtir. SIC ve HQ bilgi kriterleri
gecikme sayisini 1 olarak saptamasina ragmen daha
kapsamli olan 5 gecikme modeli ele almmuistir.
Sonrasinda, smir testi yaklagimiyla seriler arasinda
esbiitiinlesme iliskisinin varligina iliskin sonuglar
Tablo 5°de verildigi gibidir.
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Tablo 5. Sinir testi sonuglart
%03 Anlamlilik Diizeyinde

Bagimsiz Foodn e Eritik Degerler

- F Istatistigi =

Degigken Sayisi = AlLS Tt &
2 5,1808 3,79 4,83

Degiskenler arasinda esbiitiinlesme iliskisini tespit
etmek amaciyla F istatistik degeri ile alt ve {ist sinir
degerlerinin - bulundugu Tablo 5’e¢ bakildiginda,
hesaplanan F istatistik degeri, iist smir degerini
astigindan dolayr seriler arasinda egbiitiinlesme
iligkisinin varlig1 belirlenmistir. Bu sebepten kisa ve
uzun donem iliskilerinin saptanmasinda ARDL modeli
olusturulabilir.

3.3. ARDL Modeli

Caligmada serilerin Oncelikle sabitli daha sonrasinda
sabitli ve trendli modeli incelenerek en iyi model ele
almmustir. Sekil 2°de verilen grafige gore denenen 20
alternatif model arasmdan en iyisinin en kiigiik AIC
degerine sahip ARDL(1,4,0) oldugu saptanmustir.

Akaike Information Criteria (top 20 models)
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Sekil 2’ye gore, ARDL(1,4,1) modeli ile ARDL(2,4,0)
modelinin birbirine yakin oldugu ama ARDL(1,4,0)
modelinin diger modellere nazaran daha biyiik bir
farkla en iyisi oldugu goérulmektedir. ARDL(1,4,0) icin
sabitli model sonuglar1 Tablo 6’da sunuldugu gibidir.

Tablo 6. ARDL(1,4,0) sabitli model sonuglar1

Degiskenler Katsay1 t istatistigi p degeri

GSYH(-1) 0,6769 6,3100 0,0000™"

EL 1,8594 2,9860 0,0047"*
EL(-1) -1,4378 -1,4417 0,1566
EL(-2) 0,8110 0,8569 0,3962
EL(-3) 0,4977 0,5567 0,5806

EL(-4) -1,2008 -2,1447 0,0377**

ENF -0,0459 -2,0349 0,0481"*

C 4,7526 2,6383 0,0116"*

Durbin-Watson 19134

Not: *** ** * sirastyla %1, %5 ve %10 diizeyinde anlamlilig: ifade etmektedir

Tablo 6’daki  ARDL  modelinin  sonuglari
incelendiginde, GSYH(-1), EL, EL(-4), ENF
degiskenleri ile sabit p degerlerinin 0,05’ten kiigiik ve
anlamlt  oldugu gozlenmektedir. Durbin-Watson
degerinin 2’ye yakin olmasindan dolayi, hata terimi
icin birinci dereceden otokorelasyon probleminin
olmadigr kanisma varilmustir. Sekil 2°de sabitli ve
trendli model sonuglar1 verilmektedir.
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Sekil 3’e gore, AIC i¢in 20 en iyi model arasindan
ARDL(1,0,3) modelinin en iyl sonucu verdigi
gozlenmektedir. ARDL(1,0,3) icin sabitli ve trendli
model sonuglar1 Tablo 7’de sunuldugu gibidir.

Tablo 7. ARDL(1,0,3) sabitli ve trendli model

sonuglari

Degiskenler Katsayl t istatistigi p degeri
GSYH(-1) 0,5637 6,0018 0,0000"**
EL 1,3175 4,1091 0,0002""*

ENF -0,0726 -1,5274 0.1340

ENF(-1) 0,0066 0,1209 0,9043

ENF(-2) 0,0178 0,3227 0,7485
ENF(-3) -0,0042 -2,1539 0,0369™
C 3,9869 1,9878 0,0532"
TREND -0,0404 -2,3245 0,0249™

Durbin-Watson 1,8803

Not: ***,** * sirastyla %1, %5 ve %10 diizeyinde anlamlihg: ifade etmektedir.

Tablo 7°de sunulan sabitli ve trendli model sonuglari
incelendiginde, GSYH(-1), EL, ENF(-3) ve trendin p
degerlerinin 0,05’ten kiiciikk oldugu gozlenmektedir.
Durbin-Watson degeri 2’ye yakin oldugundan, hata
terimi icin birinci dereceden otokorelasyon problemi
olmadigr kanisma varilmistir. Sekil 2 ve Sekil 3’e
bakildiginda, en kiiciik AIC degerine sahip olan sabitli
ARDL(1,4,0) modelinin uzun dénem tahmini
incelenmistir.

3.4. ARDL Uzun Dénem Modeli

iki en iyi model arasindan AIC’si daha kiigiik olan
ARDL(1,4,0) modelinin tahmin sonuglarina gore
hesaplanan esbiitiinlesme iligkisi ile uzun doénem
katsayilar1 Tablo 8’de verildigi gibidir.

Tablo 8. ARDL(1,4,0) esbiitiinlesme incelemesi

Degigkenler Katsay1 t istatistigi p degeri
C 47526 2,6383 0.0116™
GSYH(-1) -0,3231 -3,0116 0.0043"
EL(-1) 0,52035 34213 0.0014™
ENF* -0,0439 -2,0349 0.04817
D(EL) 1,8004 2,9860 0,0047°
D(EL(-1)) -0,0989 -0.1674 0,8678
D(EL(-2)) 07120 12123 0,2320
D(EL(-3)) 1,2007 2,1447 0,0377"

Wot: ™" " srrasyla %1, %3 ve %10 diizeyinde anlamlilizy ifade etmelktedir.
* Degigken, Z=7(-1) + D(Z) olarak yorumlanabilir.

Tablo 8’e¢ bakildiginda, D(EL(-1)) ve D(EL(-2))
degiskenleri haricindeki degiskenlerin p degerleri
0,05’ten kiigiik ve anlaml1 olduklar1 goriilmektedir.
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ARDL(1,4,0) i¢in uzun dénem katsayilar1 Tablo 9°da
verildigi gibidir.

Tablo 9. ARDL(1,4,0)’m uzun dénem katsayilart

Katsayl

Degiskenler
EL 16112
ENF -0,1422

EC=GSYH —(1,6112*EL-0,1422*ENF)

t istatistigi
14,4542
-2,6387

p degeri
0,0000™"
0,0115"

Tablo 9 incelendiginde, GSYH ile EL arasinda ve
GSYH ile ENF arasinda istatistiksel agidan anlaml
iligkide oldugu sdylenebilmektedir. Boylelikle, uzun
donemde EL’de olusacak 1 birimlik artisim GSYH’yi
ortalama 1,6112 birim artirmast beklenmektedir.
Ayrica, uzun donemde ENF’de olusacak 1 birimlik
artisn  GSYH’i ortalama 0,1422 birim azaltmasi
beklenmektedir.

3.5. Hata Duzeltme Modeli

Modeldeki kisa donem dinamiklerini gézlemlemenin
diger gerekli yolu HDM’nin katsayinin bulunmasidir.
Bu amacla elde edilen HDM sonuglar1 Tablo 10’da
sunuldugu gibidir.

Tablo 10. ARDL(1,4,0) yaklagimma dayali hata
diizeltme modeli sonuglari

Degiskenler
C
D(EL)
D(EL(-1))
D(EL(-2))

D(EL(-3)) 1,2008 2,2183 0,0310™
CointEq(-1) -0,3231 -4,0330 0,0002***
Not: ™*,"*," swrasiyla %1, %5 ve %10 diizeyinde anlamlilig) ifade etmektedir.

Katsay1
4,7526
1,8504
-0,0989
0,7120

t istatistigi
3,9872
3,5303
-0,1739
1,3065

p degeri
0,0003™"
0,0010"""
0,8628
0,1983

Narayan ile Smyth [25], hata duzeltme (CointEq(-1))
degisken katsayisinin 1’den biiyiik olmasi durumunda
sistemin  dalgalanarak  dengeye gelecegini ve
dalgalanmanin her defasinda azalarak uzun dénemde
dengeye doniisecegini belirtmislerdir. Bundan dolayi,
hata terimi katsayisinin kisa dénem iligki i¢in -1 ile 0
arasinda olmast  beklenmektedir. Tablo 10’a
bakildiginda, hata teriminin katsayis1 -0,3231 olarak
bulunmustur. Bdylece hata terimi katsayisinin
beklendigi gibi negatif ve istatistiksel olarak anlaml
ciktigi gozlenmektedir. Bunun yaninda, istatistiksel
olarak D(EL(-1)) ve D(EL(-2)) hari¢ diger
degiskenlerin anlamli oldugu s6ylenebilmektedir.

3.6. CUSUM ve CUSUM Kare Testleri

Modelde kisa dénem dinamiklerine dair hata diizeltme
terimini elde etmek i¢in kullanilan ve uzun dénem
katsayilarinin kararliligin oOlciilmesi i¢in Brown vd.
[26] araciligiyla oOne siiriilen CUSUM testleri
kararsizlik durumuna kargin etkin sonuglar vermektedir
[27]. Bu amagla elde edilen CUSUM ve CUSUM Kare
grafikleri Sekil 4’te verildigi gibidir.
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Sekil 4. CUSUM ve CUSUM Kkare grafikleri

Sekil 4’e gore, CUSUM test istatistiklerinden elde
edilen egri, %5 anlamlilig: isaret eden kritik dogrular
icinde yer almaktadir. Bundan dolayi, tahmin edilen
katsayilarm  uzun  donemde  kararli  oldugu
gozlenmektedir. CUSUM kare testinin CUSUM
testinden farki daha duyarli olmasi olup ardisik
artiklarin karelerinin hesaplanmasina dayanir. CUSUM
kare grafigi incelendiginde, %5 anlamlilik diizeyinde
egrinin kritik dogrular icerisinde kaldigi ayrica uzun
donemde yapisal kirllmaya ugramadigi
sOylenebilmektedir.

3.7. Kurulan Model i¢in Varsayimlarin incelenmesi
Kurulan modelin etkin parametre tahminlerine sahip
olup olmadigmm belirlenmesi ve kullanilan test
istatistiklerinin gegerliligi i¢in yapilan artik analizi
sonuglar1 Tablo 11°de verildigi gibidir.

Tablo 11. Model varsayimlarinin incelenmesi

Uygulanan Testler Test Istatistizi (p degeri)
Jarque-Bera 05421  (0,7628)
Breuvsch-Godfrey LM 94062  (0,0939)
Breusch-Pagan-Godfrey 11,6734 (0,1113)
Famsey Feset 00985 (07532
Pearzon Korelasyon =0,2049  (0,0304)

Tablo 11’e gore, hata teriminin normalliginin
incelendigi Jarque-Bera testi i¢in p degeri 0,7626 olup
0,05’ten  biiyiik  oldugundan normal dagilim
varsayimmin saglandigi soylenebilmektedir. Tanisal
test sonuglarindan olan Breusch-Godfrey LM testi ile
hatalar arasinda otokorelasyon probleminin varligi
incelenmigtir. Testin p degeri 0,0939 olup 0,05’ten
biiyilk  oldugu  goriilerek, hatalar  arasinda
otokorelasyon yoktur hipotezinin reddedilemeyecegi
soylenebilmektedir. Hatalar igin degisen varyanslilikla
ilgili  bir test olan  Breusch-Pagan-Godfrey
incelendiginde, p degeri 0,1118 olup 0,05’ten biiyiik
oldugu goriilmektedir. Boylece, degisen varyanslilik

yoktur ifadesinin reddedilemeyecegi
sOylenebilmektedir. Model tanimlama hatasinin
varligini test etmek igin Ramsey Reset testi

kullantilmigtir. Testin p degeri 0,7552 olup 0,05’ten
biiyiilk oldugu goriilmektedir. Bdylece, modelin
tanimlanmasi ile ilgili bir hata olmadig1 soylenebilir.
Ayrica, bagimsiz degiskenler olan EL ve ENF
arasindaki iliski incelenmis ve bu iliskinin zayif bir
iliski (r=0,2949) oldugu saptanmistir. Dolasiyla bu
modelde ¢oklu dogrusal baglanti problemine
rastlanilmadig1 sdylenilebilir.
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3.8. Artik Grafiginin incelenmesi

Kurulan modelden elde edilen tahmin degerlerinin
gozlenen degerlerle uyumunun ve artiklarmin
sunuldugu grafik Sekil 5°te verildigi gibidir.
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Sekil 5. Artik grafigi

Sekil 5’c¢ gore, gozlenen degerler ile tahmin edilen
degerlerin birbirlerine ¢ok yakin oldugu ve her iki
serinin ¢izgi grafiklerinin de birbirleriyle Ortiistiigi
goriilerek basarili bir model kurulumunun gergeklestigi
sOylenebilmektedir.

IV. SONUC

Bu c¢aligmada, 1960-2014 donemlerinde Tiirkiye’de
GSYH, EL ve ENF arasindaki iligkiler ARDL
yaklagimi yardimi ile analiz edilmistir. Bu ¢ercevede,
degiskenlerin duraganlik incelenmesi i¢in ADF ve PP
testlerinden faydalanilmis olup test sonuglarina
bakildiginda  degiskenlerin  birinci  farklarinda
duraganligimnm so6z konusu oldugu, ayrica higbir
degiskenin iki veya daha yiiksek farkinda duragan
olmadigi sonucuna varilmistir. Bundan dolayi,
calismadaki  degiskenler arasinda egbiitiinlesme
iliskisinin ~ varligi arastirilmigs  ve esbiitiinlesme
iliskisinin  oldugu go6zlemlenmistir. Esbiitiinlesme
iliskisinin varlig1 sebebiyle, degiskenler arasinda kisa
ve uzun donem iligkilerinin bulunmasi amaciyla
Pesaran vd. [14]’nin gelistirdikleri ARDL yaklagimi
uygulanmistir.  Uzun donemde GSYH ile EL
degiskenleri arasinda pozitif ve istatistiksel acidan
anlamli bir iliskide oldugu goriilmektedir. Bu
bakimdan, uzun donemde EL’de olasi bir artisin
GSYH’yi artiracagimi isaret etmektedir. Ayrica, uzun
donemde GSYH ile ENF degiskenleri arasinda negatif
ve istatistiksel agidan anlamli bir iliskide oldugu
goriilmektedir. Boylece uzun donemde ENF’de olasi
bir artisin GSYH’yi azaltacagi goriilmektedir. Uzun
dénem ARDL Kkatsayilarinin incelenmesinden sonra,
HDM’nin katsayisinin negatif ve anlamli ¢iktig1
sonucuna ulasilmistir. HDM’nin bulunmasiyla yapisal
kirilma olup olmadigi incelenmistir. Bu kapsamda,
CUSUM ve CUSUM kare grafiklerine bakildiginda
yapisal kirilmanimn olmadig goriilmiistiir. Son kisimda,
model varsayimlar1 ve artik grafigi incelenmistir. Bu
kapsamda, model ile ilgili herhangi bir varsayim
bozulumunun goriilmedigi ve goézlenen ile tahmin
edilen degerlerin tam bir uyum iginde oldugu sonucuna
varilmgtir.
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Sonug olarak, uzun doénemde elektrik tiiketiminde
meydana gelecek artisin ekonomik biiylimeyi arttirarak
olumlu yonde etkileyecegi ve enflasyonda meydana
gelecek artisin ekonomik  bilyiimeyi  olumsuz
etkileyecegi sdylenebilir.
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Tiirkiye’de Zeytin Fiyat1 ile Zeytin Uretim Alam ve Uretim Miktar
Arasindaki Iliskinin Toda-Yamamoto Testi ile Belirlenmesi

Determination of the Relationship between Olive Price and Olive Production Area and
Production Amount in Turkey by Toda-Yamamoto Test
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Oz

Diunyada yaklasik 30 farklh tilkede yetistirilen zeytin, Glkelerin dis ticaretleri agisindan 6nem arz etmektedir. Bu ticaretin etkileri
Akdeniz havzasindaki tlkelerin zeytin Uretimini tetiklemektedir. Bu sebeple uluslararasi zeytin fiyatlar ticarette 6nemli rol
oynamaktadir ve Tiirkiye zeytin liretiminde bu havzada 6nemli bir konumdadir. Bu amagla 1991-2022 yillari arasindaki
Tirkiye’deki zeytin Griin fiyati ($/ton), zeytin Gretim alani (ha) ve zeytin Gretim miktari (ton) arasindaki iliskinin tespit edilmesi
amaclanmistir. Calismada oncelikle serilerin duraganhginin test edilmesi amaciyla birim kok testlerine bakilmis ve serilerin
hem dizeyde hem birinci farkta duragan oldugu tespit edilmistir. Farkli seviyelerde duraganhgin olmasi sebebiyle uygun
yontem olarak Toda-Yamamoto nedensellik testi belirlenmistir. Toda-Yamamoto nedensellik testinin yapilabilmesi igin uygun
VAR modeli Akaike Bilgi Kriteri (AlIC) g6z 6ntinde bulundurularak olusturulmustur. VAR Modeli gecikme uzunlugu Schwarz Bilgi
Kriteri (SC) harig diger bilgi kriterleri g6z 6niinde bulundurularak 2 gecikme uzunlugu olarak yeniden belirlenmistir. Modelin
gecerliligini sinamak adina oncelikle AR Karakteristik Polinomlarinin ters koklerine bakilmis, daha sonrasinda ise LM
Otokorelasyon Testi ve White Degisen Varyans Testleri uygulanmistir. Buna gore olusturulan VAR Modelinin gegerlilik
sinamalarina gére LM Otokorelasyon Test istatistigi olasilik degeri 0.0829, White Degisen Varyans olasilik degeri ise 0.0035
olarak tespit edilmistir. Toda-Yamamoto Nedensellik testi sonuglarina gore ise Uriin fiyati ile Gretim alani arasindaki wald test
10.29723, olasilik degeri 0.0162 olarak tespit edilmis, iretim fiyatiile ekili alan arasindaki wald test 10.69738 ve olasilik degeri
0.0135 olarak bulunmustur. Tiim sonuglara gére zeytin (riin fiyati (S/ton) ile zeytin {iretim alani (ha) ve zeytin Gretim miktar
(ton) arasinda bir nedensellik iliskisinden s6z edilmektedir.

Anahtar Kelimeler: Zeytin Fiyati, Toda-Yamamoto, VAR Modeli, Tirkiye

Abstract

Olives, which are grown in about 30 different countries around the world, are important for the foreign trade of countries.
The effects of this trade trigger the olive production of the countries in the Mediterranean basin. For this reason, international
olive prices play an important role in trade and Turkey has an important position in olive production in this basin. For this
purpose, it is aimed to determine the relationship between olive product price ($/ton), olive production area (ha) and olive
production amount (tons) in Turkey between 1991-2022. In the study, firstly, unit root tests were used to test the stationarity
of the series and it was found that the series were stationary both at level and at first difference. Due to the different levels
of stationarity, Toda-Yamamoto causality test was determined as the appropriate method. In order to conduct the Toda-
Yamamoto causality test, the appropriate VAR model was constructed by considering the Akaike Information Criterion (AIC).
The lag length of the VAR model was re-determined as 2 lags by taking into account the information criteria other than the
Schwarz Information Criterion (SC). In order to test the validity of the model, firstly, the inverse roots of the AR Characteristic
Polynomials are examined, and then the LM Autocorrelation Test and White Variance Tests are applied. According to the
validity tests of the VAR Model, the probability value of the LM Autocorrelation Test Statistic is 0.0829 and the probability
value of the White Changing Variance is 0.0035.

Keywords: Olive Price, Toda-Yamamoto, VAR Model, Turkiye

I. GIRiS

Zeytin Agaci, Akdeniz Havzasi’nda ve diinya genelinde bilinen en eski ekili agaglardan biridir [1]. Zeytin agaci,
Oleaceae familyasina ait bir bitkidir ve yaklasik olarak 20-29 ana cins igerisinde yer alir. Olea cinsi i¢indeki tek
yenilebilir meyve olan zeytin agacinin tarimmin Akdeniz havzasinda basladigi bilinmektedir [2]. Tiirkiye nin
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Zeytin Nedensellik

giineyi, Liibnan, Suriye, Filistin ve Israil’de eski yazil
tabletlerde zeytin gukurlarindan bahsedilmekte ve antik
mezarlarda bulunan odun pargalari, zeytin meyvesinin
kokeninin bu bdlgede oldugunu gostermektedir [3].

Zeytin, dinyada yaklagik 30 iilkede ticari olarak
yetistirilmektedir. Ozellikle Akdeniz havzasi en fazla
zeytin agacina sahip bolge konumundadir ve bu sebeple
bu havzadaki Ulkeler igin 6neme sahiptir. Ornegin
yarim milyon kadar ¢iftci Ispanya’da zeytin
yetistiriciligi yapmaktadir. Zeytin agaci gegmisten
giinimiize tim  Akdeniz havzasina yayilmis
durumdadir ve giinlimiizde Tunus'ta da {iretilmektedir.
Tunus'ta zeytin yetistiriciliginden gelir elde eden niifus,
ilke  niifusunun onda birinden fazlasimni
olusturmaktadir. Kiiresel zeytinyagi pazar1 2021
yilinda 13.8 milyar Dolar degerindeyken, 2029 yilinda
bu degerin 17.8 milyar ABD Dolarma ulasmasi
beklenmektedir [4].

Diinyada 2022 y1l1 verilerine gore 10.948.521 hektarlik
alanda zeytin {iretimi yapilmaktadir. Yine 2022 yili
verilerine gore 21.449.867 ton iiretim gergeklesmistir
[5]. Zeytin iretimi haricinde zeytinyag1 da énemli bir
konudur. Genel olarak zeytinyagi, Akdeniz iilkelerinde
uretilmekte ve tuketilmektedir. Ancak son yillarda
olusan trendler, saglikli ve dengeli beslenme konulari
ile birlikte geleneksel olmayan bir pazarda Avrupa
disinda  biiylimektedir. Giliney Amerika’da  Sili,
Arjantin, Uruguay gibi {lkelerde, Okyanusya’da
Avustralya, Yeni Zelanda gibi Ulkelerde ve Kuzey
Amerika’da Amerika Birlesik Devletleri gibi iilkelere
yayilmistir.

2021/2022 doneminde diinya sofralik zeytin ithalati
767.500 ton olarak gerceklesmistir. Sofralik zeytinde
diinya ithalatinin yaklagik %60’dan fazlas1 ABD,
Brezilya, AB, Kanada ve Rusya tarafindan talep
edilmektedir. Tiirkiye, sofralik zeytin ithalat1 olmayan
iilke konumundadir.

Tiirkiye, zeytin {iretimi i¢in uygun iklim kosullarina
sahip olmasi nedeniyle diinya genelinde &nemli bir
konuma sahiptir hem sofralik zeytin hem de zeytinyagi
Uretimi agisindan. Food and Agricultural Organization
of the United Nations (FAOSTAT) verilerine gore,
zeytin tretim alan1 1991 yilinda 543.467 hektardan
2022 yilinda 901.126 hektara yiikselmistir.

Yapilan literatiir taramasinda ¢alisma konusu ile ilgili
birtakim  arastirmalar  bulunmaktadir.  Sengiil,
“Tiirkiye’de Sofralik Zeytin Fiyatlarindaki
Dalgalanmalar: ~ ARIMA-GARCH  Yaklasimiyla
Volatilite Aragtirmasi” isimli ¢aligmasinda Ocak 2008
— Aralik 2022 dénemine ait verileri kullanmis ve 9 aylik
dénemde 2 aylik tahminler orta vadeli planlamalar igin
giivenilir sonuglar verdigini ortaya koymustur [6]. Kilig

60

ve Turhan ise Tirkiye’de sofralik zeytin yagi
ithracatinin ve ihracat degerinin 1982-2019 willarn
arasindaki uzun ve kisa donem etkilerini incelemek
amactyla ARDL modeli uygulamislardir. Calisma
sonuglarma gore hata diizeltme katsayisi anlamh
bulunmus ve ihracat miktarmin ihracat degeri iizerinde
etkisi oldugu sonucuna ulasilmistir [7]. Bulut ve
arkadaglar1 elektrik tiiketiminin ekonomik biiylime
iizerindeki etkilerini arastirmak amaciyla Toda-
Yamamoto nedensellik testi kullanmiglardir ve test
sonuglarma gore elektrik tiiketiminden biiylimeye
dogru bir nedensellik sonucuna ulagilmistir [8].
Ozgelik, Rusya-Ukrayna Savasi siiresince diinyadaki
gida fiyatlarinin durumunu analiz etmek amaciyla
Fourier Bootstrap ARDL ve Fourier Bootstrap Toda-
Yamamoto testlerinden yararlanmistir [9]. Okur ve
Cigek, Tiirkiye’de kirmizi et fiyatlar1 ile besi yemi
fiyatlar1 arasmdaki nedensellik iliskisinin belirlenmesi
amaciyla Toda-Yamamoto nedensellik iliskisinden
faydalanmislardir. Calismada Ocak 2008 — Aralik 2022
donemine ait veri setiyle calisilmis ve besi yemi
fiyatlarmdan kirmiz et fiyatlarina dogru %1 anlamhilik
diizeyinde nedensellik iliskisi tespit edilmis ancak
kirmizi et fiyatlarindan besi fiyatlarina dogru anlaml
bir iliski tespit edilememistir [10].

Bu c¢alismanin sonraki bolimleri su sekilde
diizenlenmistir. Oncelikle 2. Bashkta ¢alismanin ana
materyali ve ¢aligmada kullanilan yontemlerin detayli
aciklamasina yer verilmistir. 3. Baslikta ise arastirma
bulgularina yer verilmis ve Oncelikle serilerin
duraganliginin test edildigi birim kok testlerine yer
verilmistir. Daha  sonrasinda  Toda-Yamamoto
nedensellik testinin yapilabilmesi i¢in uygun VAR
modeli olusturulmustur. VAR modelinin gecikme
uzunlugu belirlenmis, uygun gecikme uzunlugu ile
model yeniden tespit edilmistir ve gecikme uzunlugu
Tablo 2’de verilmistir. Modelin gecerliligi igin gerekli
smamalar  yapildiktan  sonra  Toda-Yamamoto
nedensellik testi icin gerekli olan Wald Testinin
yapilabilmesi adina Gériiniirde Iliskisiz Regresyon
Modeli olusturulmus ve Toda-Yamamoto nedensellik
analizine yer verilmistir. Zeytin fiyatlar1 ve iiretimine
yonelik daha once bdyle bir ¢alismanin yapilmamis
olmasi sebebiyle literatiire 151k tutacagi
diigtintilmektedir

Il. MATERYAL VE METOD

2.1. Materyal

Calismada zeytin fiyatlar ile zeytin liretim miktar1 ve
zeytin iretim alan1 arasindaki iliskiyi belirlemek
amactyla 1991 — 2022 yillar1 arasindaki veri seti
kullanilmigtir. Veriler FAOSTAT [11] kayitlarindan
elde edilmistir. Uriin fiyatlarinda belirli araliklarla
eksik olmasi sebebiyle 1991 sonrast tercih edilmistir.
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2.2. YOntem

Calismanm yontem kisminda oncelikle uygun model
seciminin yapilmasi amaciyla belirlenen degiskenlerin
analizleri yapilmistir. Buna gore zeytin fiyatlari, zeytin
iretim alan1 ve zeytin liretim miktart degiskenlerinin
duraganlik  yapist incelenmistir.  Seriler farkli
seviyelerde duraganlik igermektedirler ancak caligma
i¢in secgilen model seriler arasinda ayni seviyede
duraganlik  kosulu  aramamaktadir.  Duraganhk
yapisinin ortaya koymak icin Genisletilmis Dickey-
Fuller (ADF) [12] ve Phillips-Perron (PP) [13] birim
kok testlerinden yararlanilmustir.

Toda ve Yamamoto'nun [14] nedensellik testi, klasik
nedensellik testlerinden farkli olarak birkag onemli
ozellik tasir. Tlk olarak, seriler arasinda ayni seviyede
duraganlik  sartt1  veya  degiskenler arasinda
esbiitiinlesme iligkisi gerekliligi bulunmamaktadir. Bu,
testin daha esnek ve genis bir uygulama alanina sahip
olmasini saglar. Ikinci olarak, bu nedensellik testinde
degiskenlerin diizey degerleri kullanilir; boylece seriler
tizerinde herhangi bir bilgi kayb1 yasanmaz. Toda ve
Yamamoto yontemi icin (k+dmax) gecikmeli bir VAR
modeli gelistirilir. Burada 'k, klasik VAR modelinde
kullanilan gecikme sayisini ifade ederken, ‘dmax’
degiskenlerin maksimum biitiinlesme derecesini
gosterir. Bu model, nedensellik iliskilerini daha dogru
bir sekilde belirlemek igin 6nemlidir.

Daha sonra, Toda ve Yamamoto tarafindan gelistirilen
ileri bir Wald (MWALD) test istatistigi, kK gecikmeli
VAR modeli parametrelerine uygulanarak nedensellik
varhigm test eder. Wald testinin uygulanabilmesi i¢in
ise degiskenler arasindaki nedensellik modeli icin
Goriiniirde Iliskisiz Regresyon (GIR) modeli kullanilir.
Bu yontem, Zellner tarafindan ilk olarak gelistirilmis
olup, regresyon sistemlerinde denklemleri ayri ayri
tahmin etmek yerine Genellestirilmis En Kiigiik
Kareler Yontemi (GEKK) ile bir arada tahmin etmenin
daha etkin sonuglar verdigini géstermistir.

MWALD test istatistigi [12 dagilim sergiler. Test
istatistiginin anlamli olmasi durumunda degiskenler

arasinda bir nedensellik iligkisinin varlig1 sonucuna
ulagilmaktadir [15]. Kurulan VAR modeline ait
denklemler esitlik (1) ve esitlik (2) de belirtilmistir.

@)
@

Yiey, + Yktdmax o 1yt — 1 + YKHAMAXBlixe — 1 + elt
Xpmy, + DM o 20yt — 1+ DI B2ixe — 1 + e2t
Toda ve Yamamoto'nun (1995) calismasinda oOne
stiriilen nedensellik testi, Granger nedenselligini Wald
testi kullanarak degerlendirir. Tki degisken arasmndaki
nedensellik iligkisini test etmek i¢in su adimlar izlenir:
Denklem 1 (x degiskeni ile y degiskeni): Sifir hipotez,
"x degiskeninin y degiskeninin Granger nedeni
olmadigidir." seklinde formiile edilir. Yani, HO: 1 =0,
burada Bl denklem 1'in x degiskenine ait gecikme
terimi katsayisidir. Denklem 2 (y degiskeni ile x
degiskeni): Sifir hipotez, "y degiskeninin x
degiskeninin Granger nedeni olmadigidir." seklinde
ifade edilir. Yani, HO: 1 =0, burada p1 denklem 2'nin
y degiskenine ait gecikme terimi katsayisidir.

Her iki durumdada, Wald testi kullanilarak ilgili
gecikme terimi katsayisinin sifir olup olmadigr test
edilir. Eger gecikme terimi katsayisi istatistiksel olarak
anlamli bulunursa, Granger nedenselligi varligi kabul
edilir. Bu yontem, degiskenler arasindaki nedensellik
iligkilerini belirlemek i¢in kullanilan yaygin bir yontem
olup, Toda ve Yamamotonun &nerisi dogrultusunda
ileri bir istatistiksel analiz sunar.

III. SONUCLAR VE TARTISMA

3.1. Bulgular

Serilerin duraganliginm test edildigi Genisletilmis
Dickey-Fuller testi (ADF) ve Phillips-Perron (PP)
Birim K6k sinamalar1 Tablo 1°de verilmistir. Buna gore
ele alman degiskenlerden sadece iiretim miktar
degiskeni PP birim kok testinde diizeyde sabit ve
diizeyde sabitttrend’de duraganlasmistir. Diger iki
degisken dlzeyde birim kok icermekte ancak birinci
farklar1 alindiginda tiim degiskenler duraganlik
gOstermektedir.

Tablo 1. ADF ve PP birim kok sinamasi sonuglari

Degiskenler ADF PP Degiskenler ADF PP
Ekili Alan (ha) -0.8154 -6.6405 Ekili Alan (da) 6.5108"" 6.7569""
Uriin Fiyati Uretim Miktari N .-
R -1.3542 -1.3323 -2.8317 -5.5383
Sabit ($/ton) (ton)
o = -
Uretim Miktari . S Urlin Fiyati . e
N -1.1834 -5.8716 = -3.7523 -57.8949
9 (ton) g (TL/kg)
3 2
Ekili Alan (ha) -2.1099 -2.5019 S Ekili Alan (da) 64210 6.6652
Uriin Fiyati Uretim Miktari - .
) -1.1708 -1.0869 -5.5055 -5.5528
Sabit+Trend ($/ton) (ton)

Uretim Miktari
(ton)

-3.5095°

-12.9306™"

Uriin Fiyati

-57.9563™"
(TL/ke)

-3.9767""

* k¥ grrastyla %10, %S ve %1 diizeylerinde anlamlilig: ifade etmektedir.

Tablo 2’de VAR modeli i¢in optimum gecikme
uzunluklarma yer verilmistir. Yalnizca Schwarz Bilgi

6l

Kriterine gére bir gecikme uzunlugu varken, LR Test
Istatistigi, Son Tahmin Hatas1 (FPE), Akaike Bilgi
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Zeytin Nedensellik

Kriteri ve Hannan-Quinn Bilgi Kriterine gore iki
gecikme uzunlugu belirlenmistir. Bu sebeple yeniden

VAR modeli olusturulmus ve model olusturulurken iki
gecikme uzunlugu alinmistir.

Tablo 2. VAR modelinde optimum gecikme uzunlugu sonuglari

Lag LogL LR FPE AIC SC HQ
0 -12.80429 NA 0.0000576 1.053619 1.193739 1.098445
1 74.13823 150.7004 3.20e-06 -4.142549 -3.582070* -3.963247
2 86.33922 18.70818* 2.64e-06* -4.355948* -3.375110 -4.042169*

Olusturulan VAR modelinin gegerliliginin smanmasi
icin yapilmis olan testler Tablo 3’te verilmistir.
Modelin gecerliligi i¢in Lagrange Carpam1 (LM)
Otokorelasyon Testi ve White Degisen Varyans Testi
(With Cross) yapilmistir. Toda-Yamamoto nedensellik

15.35607 ve olasilik degeri 0.0829 bulunmustur. White
Degisen Varyans testi ise 50.93871 ve olasilik degeri
0.0035 olarak bulunmustur. Her iki smnamada olasilik
degerleri 0.05’ten biiyiiktiir ve her iki sinamada da %5
anlamlilik diizeyine gore ters hipotez gecerli oldugu

testinde gecikme uzunlugunu k+dmax olarak igin serilerde otokorelasyon ve degisen varyans
alacagimiz i¢in bu sinamalarda da gecikme uzunlugu 3 sorununa rastlanmamistir. Seriler analizler igin
olarak alinmustir. Buna gére LM Test Istatistigi  uygundur.
Tablo 3. Otokorelasyon ve degisen varyans testi sonuglari
Lagrange Carpani (LM) Otokorelasyon Testi
Gecikme Uzunlugu LM-Test istatistigi Olasilik Degeri
3 15.35607 0.0829
White Degisen Varyans Testi (With Cross)
Gecikme Uzunlugu F-Test istatistigi Olasilik Degeri
3 50.93871 0.0035
Inverse Roots of AR Characteristic Polynomial
1.5
1.0 4
0.5 |
0.0 . . . . .o
-0.5
-1.0
1.5 T T T T T
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5
Sekil 1. AR karakteristik polinominalinin ters kokleri
Sekil 1°de AR karakteristik polinomlarmin ters  Sekil’de gériildiigii gibi tiim Modulus degerleri cember

koklerine yer verilmistir. Burada 6nemli olan nokta
Modulus degerlerinin gember icerisinde kalmasi veya
tiim degerlerin 1.00’dan diistik olmasi beklenir.
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icerisindedir ve seriler analiz icin uygundur.
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Tablo 4. Goriiniirde iliskisiz regresyon modeli
sonuglart

Equation: LUF = C(1)*LUF(-1) + C(2)*LUF(-2) + C(3)*LUF(-3) + C(4)*LUM(-
1) + C(5)*LUM(-2) + C(6)*LUM(-3) + C(7)*LEA(-1) + C(8)*LEA(-2) + CO*LEA(-
3) +C10

R-squared 0.887863
Adjusted R-squared 0.834745
S.E. of regression 0.177912

Equation: LUM = C(11)*LUF(-1) + C(12)*LUF(-2) + C(13)*LUF(-3)
C(14)*LUM(-1) + C(15)*LUM(-2) + C(16)*LUM(-3) + C(17)*LEA(-1)
C(18)*LEA(-2) + C(19)*LEA(-3) + C(20)

+

R-squared 0.843006
Adjusted R-squared 0.768640
S.E. of regression 0.206624

+

Equation: LEA = C(21)*LUF(-1) + C(22)*LUF(-2) + C(23)*LUF(-3)
C(24)*LUM(-1) + C(25)*LUM(-2) + C(26)*LUM(-3) + C(27)*LEA(-1)
C(28)*LEA(-2) + C(29)*LEA(-3) + C(30)

+

R-squared 0.979202
Adjusted R-squared 0.969351
S.E. of regression 0.028651

Tablo 4’te goriiniirde iliskisiz regresyon modeline yer

verilmistir. Toda-Yamamoto Nedensellik testini
uygulayabilmek amaciyla Wald testine ihtiyag
duyulmaktadir. Wald  testinin  uygulanabilmesi

amaciyla goriiniirde iligkisiz regresyon analizinin C
katsayilarina ihtiyag duyulmaktadir. LUF; {iretim
fiyatini, LUM; iretim miktarmi ve LEA; ekili alam
vermektedir.

Tablo 5. Toda-Yamamoto nedensellik testi sonuglari

Gecikme Olasilik
Model . Wald Test ..
Uzunlugu Degeri
k=2
UM=f(UF) 10.29723 0.0162
dmux - 1
k=2
EA=f(UF) 10.69738 0.0135
dmax =1

Tablo 5°da Toda-Yamamoto nedensellik testine yer
verilmistir. Uriin fiyatini ile {iretim miktar1 ve ekili alan
arasindaki nedensellik iligkileri UM=f(UF) ve
EA=f(UF) seklinde iki model olusturulmustur.
Gecikme uzunlugu uygun wald testi igin k+dmax
oldugu icin 3 olarak belirlenmigtir. Buna gore rin
fiyat1 ile tiretim alani arasindaki wald test 10.29723,
olasilik degeri 0.0162 olarak tespit edilmis, iiretim
fiyat1 ile ekili alan arasindaki wald test 10.69738 ve
olasilik degeri 0.0135 olarak bulunmustur. Buna gore
%S5 anlamlilik diizeyine gore iiriin fiyatt ile {iretim
miktar1 ve ekili alan arasinda bir nedensellik iligkisinin
varhigindan soz edilebilir. Yani {irlin fiyat1 ve {iretim
miktarin1 hem de {iretim alanini ele alinan dénem
igerisinde etkilemistir.
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IV. SONUC

Bu calismada, Tiirkiye’de 1991-2022 yillar1 arasinda
zeytin iriin fiyati, zeytin liretim miktar1 ve zeytin
iiretim alani arasindaki nedensellik iligkisi test
edilmistir. Serilerin uygunlugu birim kok sinamasi ile
test edilmis, gecikme uzunlugu belirlenmis ve uygun
VAR modeli tespit edilmistir. Toda-Yamamoto
nedensellik testinin belirlenebilmesi amaciyla gerekli
smamalar yapilmis ve nedensellik iligkisi ortaya
konmustur. Uriin fiyatindaki yillar itibariyle olusan
degisiklik hem iiriin miktarin1 hem de tretim alanini
%35 anlamhilik diizeyinde etkilemektedir. Buna gore
Toda Yamamoto nedensellik testine gore iiriin fiyati ile
iiretim miktar1 ve ekili alan arasinda bir nedensellik
iligkisinin varligindan s6z edilebilir.

Tiirkiye zeytin iiretimi agisindan Akdeniz Havzasinda
Onemli bir iilke konumundadir. Tiirkiye diinyada zeytin
iiretim alaninda besinci sirada yer almasmna ragman
iiretiminde  Ispanya’dan  sonra ikinci  sirada
gelmektedir. Diinyada Ihracatci bir konumda bulunan
Tiirkiye acisindan zeytin iizerine yapilan politikalar
onem arz etmektedir. Marmara bolgesinde birgok
zeytin agaci finansal siirdiiriilebilirlik saglanamadigi
gerekeesiyle sokiilmiistiir. Zeytin ve zeytin yagindaki
i¢c ve dis pazar potansiyeli dikkate alindifinda zeytin
yetistiriciliginin finansal agidan siirdiiriilebilirliginin

artirilmast  Tirkiye ekonomisi agisindan 6nemli
katkilar saglayabilir.
Son yillarda Tirkiye’nin  Uluslararast  Zeytin

Konseyi’nde aktif olmasi, zeytin ve zeytinyaginin
tanitiminda Ulusal Zeytin ve Zeytinyagi Konseyi
(UZZK) ile Izmir Ticaret Borsasi’nmn is birligi yapmasi
dis ticaret agisindan 6nemlidir.

Sonug olarak yillar itibariyle liretim alani ve iiretim
miktar1 artis géstermis ancak iiriin fiyat1 yillar itibariyle
degiskenlik gostermektedir. Fiyat dengesizlikleri
iireticilerin zeytin tiretiminde kararsiz kalmasi, liretime
devam etmeme istegi olarak geri doniis saglamaktadir.
Diinyada en 6nemli ihracat¢ilardan birisi konumunda
olan Tiirkiye’nin bu konuda yeni tarimsal politikalar
gelistirerek konumu koruma ve birinci siraya ylikselme
sansi bulunmaktadir.

Calismanin gerek tarim sektoriinde gerekse bu {iriin
Ozelinde birbirini etkileyen degiskenlerin belirlenip
nedenselligin belirlenmis olmasi 6nemlidir. Gelecek
calismalarda bu nedensellik iliskisi yaninda gelecege
yonelik projeksiyonlarla sonraki yillar i¢in tahminleme
yapilmasi 6nem arz etmektedir. Bu sayede zeytin
iiretimi ve fiyatlar1 iizerine gelecek yillara yonelik bir
fikir olugmasi agisindan 6nemlidir.
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Abstract

Artificial Intelligence (Al) is becoming more and more involved in human life day by day. Healthcare is one of the areas where
Al is widely used, such as in the diagnosis prediction, and/or classification of diseases. Techniques such as machine learning
provide high-accuracy results, but many algorithms have black-box structures, where the reasoning behind the predictions is
not known. Explainable Al emerges to address this by providing explanations for complex models. While interpretable ("glass-
box") models are desirable, they may have lower accuracy than complex ("black-box") models. Finding the right balance is
crucial, especially in critical areas such as healthcare. It is also important to provide individual explanations for the predictions.
This study uses patient data to explore a model to predict heart attack risk. Therefore, we compare glass-box models (logistic
regression, naive Bayes, decision tree, and explainable boosting) with black-box models (random forest, support vector
machine, multi-layer perceptron, gradient boosting, and stochastic gradient boosting). The results show that explainable
boosting achieves the highest accuracy. To delve into individual explanations on a patient basis, the explainable boosting
algorithm is compared with the random forest algorithm, which gives the best results among the black-box models. Here,
LIME and SHAP are used to provide interpretability of random forests. As a result, it is concluded that the random forest
algorithm has differences in the importance weights of the variables compared to the explainable boosting algorithm. Both
results provide valuable tools for healthcare stakeholders to choose the most appropriate model.

Keywords: Artificial Learning, Explainable Artificial Intelligence, Classification, Healthcare Industry, Heart Attack

I. INTRODUCTION

Artificial Intelligence (AI) and Al-focused applications have increased frequently in recent years. This growth
continues to be seen in Al's supporting applications that assist daily life, as well as its supporting role at critical
decision points. At these points, Al's only result-oriented support to the decision maker can lead to problems
explaining the reasons for the decision. With current studies in Al, complex models with improved prediction
accuracy are being used, making explanations even more difficult. Such problems have led to the emergence of
terms such as understandability, comprehensibility, interpretability, explainability, and transparency in Al [1].
The expected starting point of these terms is the need to explain how machine learning (ML) models make their
outputs or decisions, which are becoming increasingly complex and cannot be explained by themselves. With the
increase in this need, the study of eXplainable Artificial Intelligence (XAI) has increased significantly in recent
years [2].
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XAI emphasizes the explainability of what features
may result from decisions while preserving the
predictive accuracy of the methods used. Therefore,
decision-makers need to choose a model that ensures
prediction accuracy in the field under study but is also
high in interpretability of the decision made [3]. In this
context, ML models can be examined under two main
headings: glass-box and black-box models. While
glass-box (or white-box) models include self-
interpretable methods, black-box models represent
methods that cannot be interpreted automatically due to
the high number of layers and parameters but can be
provided with local explanations using different XAl
techniques [4]. Although the prediction accuracy of
black-box models is relatively high through their
complex structure, they require additional techniques to
explain the decisions made. Rudin [5] discusses using
glass-box models instead of black-box models in the
first stage to avoid spending too much effort explaining
the black-box models.

The increasing use of Al applications in areas that
directly affect social and human life increases the
importance of using the suitable model in the right area.
Although the accuracy of the decision is of utmost
importance, especially in health-related studies,
healthcare professionals who are decision-makers need
to explain the circumstances under which this decision
was made [6-7]. As a result of models used in areas
such as disease detection, when deciding whether an
individual has a disease, an explanation needs to be
given to the individual, such as what factors caused the
disease. For this reason, XAl studies in the healthcare
sector have increased in recent years [8].

One of the areas where Al applications are frequently
used in the healthcare sector is in detecting patients'
heart attack risk [9]. Many studies have been made in
this field, and models that increase prediction accuracy
to the highest level have been proposed. However, the
number of studies examining the explainability of the
proposed models is quite limited. In this study, we
compare the glass-box methods and black-box
methods. In predicting heart attack risk, the differences
between using a complex model that is difficult to
explain due to its structure and a model that may not
have deficient performance but is easily explainable are
being discussed.

The rest of the paper is organized as follows: The
literature review section presents related studies in this
field. Then, the methodology is given in section 3.
Section 4 addresses the application and its results. Last,
we conclude in Section 5.

II. LITERATURE REVIEW

For many years, ML algorithms have been used in a
wide range of applications in various fields, such as
recommendation  systems, cybersecurity, image
processing, industrial applications, education, and
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healthcare. The literature section of this study provides
an overview of studies on ML applications in
healthcare. ML applications in the healthcare sector can
be found in many areas, from disease diagnosis to
personalized treatment, drug discovery to radiology,
etc. The article reviews the applications of ML and Al
algorithms in healthcare [10]. It states that support
vector machines (SVM), decision trees (DT), random
forests (RF), and artificial neural networks (ANNs) are
widely used algorithms in this field [11-15].

Heart attack/stroke is one of the most critical and
focused problems in healthcare, and it causes many
deaths all over the world. The latest advances in the
application of ML have shown that it is possible to
detect heart disease at an early stage using
electrocardiograms and patient data [16]. By analyzing
large amounts of patient data, ML algorithms can more
accurately and quickly identify risk factors for heart
attack. In contrast to traditional methods, ML
algorithms can use a patient's medical history, genetic
information, and lifestyle to build more complex and
predictive models. This enables physicians to monitor
patients more effectively, identify high-risk individuals
in advance, and take the necessary preventive
measures.

Sahu et al. [17] compare conventional ML algorithms
(SVM, Naive Bayes (NB), DT, RF, Logistic
Regression (LR), k-nearest neighborhood (KNN)) and
deep learning algorithms for using two different data
sets (taken from the UC Irvine (UCI) and Kaggle
repositories) to predict the heart attack and death rates
related to heart attack [17]. They conclude that the one-
dimensional convolutional neural network (1D-CNN)
algorithm predicts heart attack and death rates with
99% accuracy, outperforming conventional methods.
Rao et al. [18] attempt to predict whether a patient will
have a heart disease. LR and ANN models are used to
classify them. They compare the accuracy rates of the
two models, and LR outperforms ANN by 90%.
Mahmud et al. [19] try to predict heart failure in
patients based on clinical data. They use one of the
well-known data sets (taken from Kaggle repositories),
which combines five different cardiac datasets, making
it the most comprehensive resource available for heart
disease research. RF, NB, KNN, and DT methods are
used to build a combined meta-model—the results of
the evaluation show that the meta-model outperforms
other state-of-the-art models. The accuracy of the meta-
model is 87%. Mamun and Elfouly [20] introduce a
hybrid 1D-CNN model utilizing features selected by
feature selection algorithms as well as a substantial data
set derived from online survey data. The 1D-CNN has
shown superior accuracy compared to contemporary
ML algorithms and ANNs. The model's performance is
compared with ANN, RF, AdaBoost, and SVM, and
ID-CNN outperforms these methods in terms of
accuracy, false negative rates, and false positive rates.
Ozcan and Peker [21] introduce a classification and
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regression tree chart, a supervised ML method to
predict whether a patient will have a heart disease. They
try to explain the relationship between the input
variables and the response, so they rank the features
that affect heart disease by importance. The accuracy of
the proposed algorithm, which is 87%, shows the
reliability of the model. Yu [22] uses ML algorithms to
predict the likelihood of occurrence of heart diseases in
patients. The data set taken from the UCI repository is
used to analyze eight different ML classifiers. LR,
SVM, KNN, NB, DT, RF, gradient boosting, and
AdaBoost algorithms are compared. As a result, the
gradient boosting classifier achieves the highest
accuracy with 95.08%.

XA studies have increased in recent years due to the
need to learn which inputs result from the decisions
obtained from increasingly complex ML models [2,15].
Although the studies in this field use different terms
representing similar needs, each term does not have the
same meaning. Although there is no clear definition for
XAI due to different terminologies, to provide a
consensus, Barredo Arrieta et al. [1] define XAl as "a
set of practices that produce details or reasons to make
its functioning clear or understandable, given an
audience." The authors state that this definition
indirectly  includes  causality, transferability,
informativeness, fairness, and reliability, which are
seen as missing in other definitions but are covered by
XALI. As can be understood from this definition and the
topics it should include, XAl provides explanations for
Al applications that serve many purposes and enable us
to understand Al models better.

Al models can be divided into two categories in terms
of explainability. The former is models that can be
explained independently without using additional
techniques. These models can be found in the literature
under “transparent models, glass-box models, intrinsic
explainability, ante-hoc approaches, and inherently
interpretable ML models” [4]. This study uses the term
"glass-box models" for self-explanatory models.
Although their explainability is at different levels,
linear regression/LR, DT, KNN, rule-based methods,
general additive models, and Bayesian models are
considered glass-box models [1]. These models can be
explained after the prediction without any post-hoc
analysis. On the other hand, models that cannot be
explained by themselves due to their complex
structures and where the obtained predictions can only
be explained by post-hoc analyses are called "black-
box models" in the literature. RF, SVM, multi-layer
perceptron (MLP), and ANNs are examples of black-
box models. It is crucial to be able to explain these
models that provide high prediction accuracy.
Therefore, new techniques have been developed to
explain black-box models, and they can be divided into
two categories: (i) model-agnostic and (ii) model-
specific. The most well-known of these techniques are
SHapley Additive exPlanations (SHAP) [24] and Local
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Interpretable Model-Agnostic Explanations (LIME)
[25], which are classified as model-agnostic.

Literature reviews conducted in recent years clearly
reveal how popular XAl is. In addition to providing
information about the current terminology in the field,
these studies also present newly developed methods
and application areas in detail [1-3], [23], [26].
Although it has applications in many fields, such as
finance, education, environmental science, and
agriculture, XAl stands out, especially with its uses in
healthcare.

1. METHODOLOGY

This part of the study presents information on the glass-
box and black-box models used in the analysis. LIME
and SHAP, which allow local interpretation of black-
box models, are examined. Lastly, performance metrics
that allow the evaluation of the generated models are
discussed.

3.1. Artificial Learning Algorithms

The ML and ANN models used in the analyses are
presented in this section. In this context, the glass-box
and black-box methods are first considered, and then
the methods that enable the black-box models to be
explained locally are mentioned. This section also
provides information about the performance metrics
used to compare the models created.

ML techniques are divided into two categories:
supervised learning and unsupervised learning [27].
This distinction is related to the presence or absence of
the output value in the data set: (i) if the dependent
variable (response), y, is present in the data set, it is
called supervised learning, and (ii) if there is no
dependent variable in the data set, it is called
unsupervised learning. Furthermore, supervised
learning is divided into prediction and classification
according to the structure of the dependent variable in
the data set. While regression is used to predict the
dependent variable, which has a continuous structure,
classification involves classifying data using the
output, which has a discrete structure. Unsupervised
learning algorithms, on the other hand, are preferred for
purposes such as making inferences about the data or
organizing the data set (such as dimensionality
reduction), and the well-known applied methods in this
field are clustering algorithms. Clustering, which falls
under unsupervised learning, involves grouping
processes by bringing together independent variables
with similar characteristics [27]. In this study, the aim
is to evaluate whether patients are at risk of having a
heart attack. The response value has a binary structure
(0: lower heart attack risk and 1: higher heart attack
risk), i.e., the response is a discrete variable. In this
context, the glass-box and black-box classification
methods are examined below.
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LR measures the statistical significance of each
independent variable relative to probability. It is highly
probabilistic and a powerful ML method that models
binomial output [28]. The NB method is one of the
methods based on Bayes theorem and is called the
probabilistic classification method [29]. The naive
assumption is an assumption of conditional
independence between each pair of features given the
value of the class variable. Moreover, it is a preferred
algorithm because it is easier to use and understandable
and gives faster results than other complex methods
[30]. In the DT classification, each node represents a
feature, each branch represents a rule, and each leaf
represents a result [31]. DTs have a hierarchical
structure developed by dividing the data set into smaller
structures. The Explainable boosting machine (EBM)
classifier is a cyclic gradient boosting generalized
additive model, and similar to the DTs, it is also a tree-
based method. Furthermore, these models have as high
prediction accuracy as black-box models, but their
interpretation is inherently easier than black-box
models.

Many DTs work together to create an RF algorithm,
and then the average of all these trees is used [28]. This
structure allows more consistent results to be obtained
compared to DT algorithm results [27]. SVM
classification creates hyper-planes to separate data into
multiple classes [32]. Unlike other classification
algorithms, it tries to maximize the distance between
the created clusters. It considers the separation of points
by a line or plane and the resulting distance. MLP is one
of the well-known ANN algorithms that can indirectly
detect complex nonlinear relationships between
dependent and independent variables [33]. This method
is inspired by the working structure of the human brain;
inputs pass through layers respectively, and output is
created. Each layer consists of neurons, and the values
obtained from here are obtained by passing through the
activation function. Gradient boosting is one of the ML
ensemble methods that create more than one model and
then combine them to produce improved results. These
well-known ML models reunite several weak learners
into strong learners, in which each new model is trained
to minimize the loss function appropriate to the
structure of the problem. At each step, the algorithm
calculates the direction of improvement for the
ensemble's predictions and then trains a new weak
model to move in that direction. The new model's
predictions are then added to the ensemble, and this
process is repeated until a stopping condition is met. As
in the gradient descent method, the stochastic gradient
descent model tries to minimize the loss function value
defined iteratively. The reason for using the concept of
stochastic in its name is based on using structures such
as applying mini-batches of differentiation in iterations
and creating random subsets. In this way, while trying
to reach the highest efficiency value in calculations, the
randomness value also increases.
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The local interpretation of the black-box models given
above is not straightforward due to the complex
structure of the models. Therefore, intermediary stages
are needed to evaluate these models with respect to
observations. In this context, LIMFE and SHAP are used
in this study. These methods are visualization
techniques applied to ML algorithms and are
recommended to explain the model by bringing the
model predictions closer to an interpretable model. To
explain individual predictions, LIME creates new data
points that resemble the instance of interest. These
points are generated based on a statistical model
learned from the features of the dataset, treating them
as independent variables. Note that it is considered that
the features are independent of the other and follow a
normal distribution, whose parameters are inferred
from the data set [34]. SHAP combines game theory
concepts with local explanation techniques [24]. SHAP
transforms the original input data into a more
straightforward form using a specific function. In this
model, using a reduced data set, the original model can
be approximated with a linear function of binary
variables [35].

3.2. Evaluation of the Models: Performance Metrics
The explanation of the algorithms used in the analyses
provides information about the output of whether a
heart attack has occurred. The output value in the data
set is considered as a 0 — 1 binary structure, and
classification algorithms are used to select the model.
Similarly, the definition of the performance metrics
used to compare algorithms should also be
appropriately chosen for the output structure. In this
context, the performance metrics are accuracy,
precision, recall, and fl-score. Moreover, the receiver
operating characteristic (ROC) curve and the area under
the ROC curve value (AUC) are also reported.

A confusion matrix must be created to use the above
performance metrics in classification problems. The
values in the confusion matrix are used to visualize and
summarize the results. In this context, the confusion
matrix is created for problems with binary output
values, as shown in Table 1.

Table 1. Confusion matrix for a problem which has a

binary structure
Predicted Values

Positive (1) Negative (0)
Positive (1) True Positive (TP) False Negative (FN)
Actual Values
Negative (0) False Positive (FP) True Negative (TN)

Accuracy, one of the performance metrics, shows the

percentage of samples classified correctly and is
TP+TN

TP+TN+FP+FN’
another performance metrics, is used to calculate how

many of the values predicted as positive are actually
true positives. Its mathematical expression is presented

mathematically expressed as Precision,
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TP
TP+FP’
positive values, but unlike the previous one, recall is a
performance metric that shows how much of the

operations that should be predicted as positive are
™ ) The fI-
TP+FN

score value is calculated as the harmonic average of
Precision X Recall

as The recall metric, like precision, deals with

predicted as positive (Mathematically,

recall and precision values, i.e., 2 X — .
Precision + Recall

ROC curve is a metric that allows visual evaluation,
unlike the performance metrics given above. True
positive rate and false positive rate are used to obtain
this curve. While the false positive rate value on the x-

axis is calculated using the true positive rate

FP+TN’
corresponds to the recall value explained above. AUC

is obtained by calculating the area under the ROC
curve. Their expressions are shown in Figure 1. In
Figure 1, the dark blue line corresponds to the ROC
curve, while the gray area corresponds to the AUC
value.

AUC

True Positive Rate
~

0 . 1
False Positive Rate

Figure 1. Representation of the ROC curve and AUC
value in a graph

IV. APPLICATION AND RESULTS:
PREDICTION OF HEART ATTACK

RISK

In this part of the study, the methods specified are
analyzed using the selected data set, and the results are
presented. First, information about the data set is given,
and then the application details are addressed.

4.1. Data Set

The data set "heart attack" to be used in the analysis has
been shared with researchers and users as open access
[36]. The data set contains information about whether
the individuals whose information is included have had
a heart attack. Moreover, it consists of a total of 303
observation values, 13 features, and one output value.
Definitions of the features are included in Table 2.

4.2. Application and Results

This section provides information on the application
and the results obtained. Al algorithms classified as
glass-box and black-box in the Methodology section
are used to select the model to be created to determine
the risk of a heart attack. The created models are run
using a computer with an Intel(R) Core(TM) i5-
10210U CPU @ 1.60GHz 2.11 GHz processor and 8
GB RAM. Python programming language and existing
libraries are preferred when creating the models.
Accordingly, the libraries used for artificial learning are
LR (LogisticRegression), NB (GaussianNB), DT
classifier (DecisionTreeClassifier), SVM classifier
(SVC), MLP (MLPClassifier), gradient boosting
(GradientBoostingClassifier),  stochastic  gradient
boosting (SGDClassifier) and explainable gradient
boosting (ExplainableBoostingClassifier), whereas the
libraries used to explain the black box models are LIME
(LimeTabular) and SHAP (shap).

Table 1. Explanation of the features

Feature Explanation Structure

Age (Years) The age of individuals Integer

Sex The gender of individuals Categorical
Categories: 0: female, 1: male

op The chest pain type Categorical
Categories. 1: typical angina, 2: atypical angina,3: non-anginal pain, 4: asymptomatic

trestbps (mm The resting blood pressure (on admission to the hospital)

He) Integer

chol (mg/dl) The serum cholesterol level fetched via BMI sensor Integer
The fasting blood sugar > 120 mg/dl .

fbs Categorief: 1: true, gz false ¢ Categorical
The resting electrocardiographic results

restecg Categories: 0: normal, 1: having ST-T wave abnormality, 2: definite left ventricular | Categorical
hypertrophy by Estes' criteria

thalach The maximum heart rate achieved Integer

exang The exercise induced angina Categorical
Categories: 1: yes, 0: no

oldpeak The ST depression induced by exercise relative to rest, previous peak Integer

slope The slope of the peak.exercise ST segment . Categorical
Categories: 1: unsloping, 2: flat, 3: downsloping

caa The number of major vessels (0-3) colored by flourosopy Integer

thal Categories: 3: normal; 6: fixed defect; 7: reversable defect Categorical
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According to the specified information, the data set is
first analyzed, and then models are established. After
the model-building phase is completed, the best model
must be selected. Then, the results must be explained
so that decision-makers can understand; for example, in
this problem, the decision-makers are physicians.
However, as mentioned, the artificial learning
algorithms used in this study are presented as two
pillars: (i) glass-box and (ii) black-box. Due to their
structure, the models referred to as glass-box can be
understood and interpreted by experts in the field who

DATA

Glass-box Models

Data Collection

do not know ML. On the other hand, suppose a model
under the black-box heading is chosen. In that case, it
becomes difficult for field experts to interpret the
results and interpret the data from an individual
perspective. For this reason, explanatory methods are
used to help explain black-box models. The models
obtained afterward are the best among the established
models so that the outputs can be easily interpreted.
This process to be followed during the implementation
phase is visualized in Figure 2.

MAKING DECISION

Model Selection

v

Data

Black-box Models

;

¥

Result Interpretation

Preprocessing

Figure 2. Flow diagram to be followed for obtaining and interpreting the results

A fine-tuned process is carried out to prepare the
models for use and select the best among them.
Through this process, the hyper-parameters, which are
parameter values that are given externally to the model,
of the models are determined. For this process, more
than one value is tried for the relevant parameter in each
model. The fine-tuned parameters for each model are
summarized in Table 3. The established artificial
learning model is included in the "Models" column in
the table. Under the heading "Hyper-Parameters,"
hyper-parameters are differentiated in creating the
established models. "Best Model Parameters"
illustrates the hyper-parameters used to prepare the best
model obtained due to the different hyper-parameter
values run for the relevant model. Moreover, while
giving the information in this column, hyper-parameter
definitions are presented precisely the same as the name

in the library included in the package used. Thus, it is
aimed to create a clear table for users who want to use
the same models. Besides, the grid search algorithm is
used to fine-tune the models. After completing this
process, the parameters that yield the best results are
reported for each model created using the specified
method. Thus, models to be compared are obtained to
select the best model. The last column, "Time (sec),”
presents the time to determine the best parameters
among the existing ones during the fine-tuned process.
No duration has been defined since existing models are
used for LR, NB, and explainable boosting methods. In
other models, it is seen that the method that requires the
most time in the parameter definition phase is the
gradient boosting method, and the method that requires
the least time is the MLP method.

Table 3. Artificial learning models with hyper-parameters tuned by grid search in the inner loop

Models Hyper-Parameters Best Model Parameters Time (sec)
LR -
NB -

. Criterion: Measure the split quality and is a measure of impurity. L. .

. Splitter: Define the strategy which is used to choose split at each node. crllt'erlo.nl; gm
DT . Maximum Depth: Give the tree’s maximum depth. Zjai:te;é t;ft ] 20.0325
Classifier . Maximum Features: The number of features to consider when looking max }e:tu;; os: None '

for the best split. cep_alpha: 0

. Complexity Parameter: Used for minimal cost-complexity pruning. -

. Criterion: Measure the split quality and is a measure of impurity. criterion: gini
RF o Number of Estimator: The number of trees in the forest. n_estimators: 200
Classifier . Maximum Depth: Give the tree’s maximum depth. max_dept.h: 4 605.7901

. Weights associated with classes Zlalsxwzlghz '

alanced _subsample
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Table 3. Artificial learning models with hyper-parameters tuned by grid search in the inner loop (cont.)
Models Hyper-Parameters Best Model Parameters | Time (sec)
e Kernel: The kernel type to be used in the algorithm kernel: rbf
SVM .
Classifier . Gamma:. Ke'rnel coefficient: gamma: auto 1.6822
e Regularization parameter C:3.0
e Activation: The hidden layer activation function activation: logistic
MLP . Solver: The solver for weight optimization solver: adam
Classificr e Alpha: Strength of the L2 regularization term alpha: 0.0 2703.402
. Learning rate learning rate: constant
. Maximum number of iterations max_iter: 300
e Loss: Type of the loss function
e Learning Rate: Learning rate shrinks the contribution of each tree loss: log_loss
Gradient . Criterion: Measure the split quality learning rate: 0.9
Boosting . Maximum Depth: Maximum depth of the individual regression criterion: squared_error 820.8958
Classifier estimators max_depth: 8
. Max Features: The number of features to consider when looking for the max_features: sqrt
best split.
Stochastic e Loss: Loss function type loss: log_loss
Gradient . Penalty: Regularization term penalty: 12 23 3565
Descent e Alpha: Coefficient of the regularization term alpha: 0.003 ’
Classifier . Learning Rate learning rate: optimal
Explainable
Boosting -
Classifier

After the fine-tuning process with grid search, the best
models are compared. A run is taken using the hyper-
parameters determined to compare different models. As
a result of these runs, the models' performance metrics
calculated using the training data are shown in Table 4.
Different performance metrics are listed in this
resulting table. The headings in the table provide
information regarding the classification of the models
operated in the first column as glass-box or black-box.
The model number and the name of the model are
shared in the following two columns. Furthermore,
there are four subheadings under the heading
"Performance  Metrics":  "Accuracy," "Recall,"
"Precision," and "FI-Score". The results for each
model are presented for these performance metrics
specified under subheadings.

When the results in Table 4 are examined, it is seen that
the best results among the models called glass-box are
obtained with the explainable boosting method. Black-
box models are examined; on the other hand, it is
observed that the best results are obtained 100% with
the gradient-boosting classifier algorithm. Moreover,
these results should be evaluated in terms of over-
fitting. Thus, the performance metrics obtained for the

test data set are considered to determine whether the
models are usable. In this context, the performance
metrics of the test data are listed in Table 5. Table 5 is
created to resemble Table 4, where the values obtained
with the training data set are reported. In addition to
existing performance metrics, the AUC value is also
reported. The graph of the AUC values given with the
performance metrics of the test values is shown in
Figure 3.

ROC Curve Analysis for Classifiers
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Figure 3. ROC curve graphs obtained in models for
test data
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Table 4. Performance metrics for train data set

Performance Metrics (%)

# Model Accuracy Recall Precision F1-Score
v 1 | Logistic Regression 88.8430 88.8430 88.9863 88.9146
2 é 2 | Naive Bayes 67.7686 67.7686 77.0972 72.1325
&g | 3 | DecisionTree 77.6860 77.6860 77.6528 77.6694
© 4 | Explainable Boosting 95.0413 95.0413 95.0489 95.0451
o 1 | Random Forest 88.0165 88.0165 88.0128 88.0147
R 2 2 | Support Vector 85.9504 85.9504 86.0250 85.9877
=< = 3 | Multi-Layer Perceptron 86.7769 86.7769 86.8602 86.8185
% = 4 | Gradient Boosting 100.0000 100.0000 100.0000 100.0000

5 | Stochastic Gradient Descent 86.3636 86.3636 86.5579 86.4607
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Table 5. Performance metrics for test data set

4 Model Performance Metrics (%)
Accuracy Recall Precision F1-Score AUC

- 1 | Logistic Regression 81.9672 81.9672 83.0761 82.5179 0.907
@ < | 2 | Naive Bayes 75.4098 | 75.4098 81.6214 783927 | 0873
L-? = 3 | Decision Tree 72.1311 72.1311 73.1069 72.6158 0.726

4 | Explainable Boosting 77.0492 77.0492 76.8275 76.9382 0.872
o 1 | Random Forest 75.4098 75.4098 77.2509 76.3193 0.880
2 = 2 | Support Vector 80.3279 80.3279 81.8386 81.0762 0.933
S 3 | Multi-Layer Perceptron 78.6885 78.6885 79.7530 79.2172 0.930
g = 4 | Gradient Boosting 80.3279 80.3279 82.9217 81.6042 0.897

5 | Stochastic Gradient Descent 81.9672 81.9672 82.4220 82.1940 0.944

Suppose the performance metrics obtained for the test
and train data sets are examined simultaneously. In that
case, it is seen that in most of the models, better results
are obtained with the train data set, and there are
decreases in these metrics for the test data. Moreover,
this decrease is greater in black-box models than in
glass-box models. In addition, the test performance
metrics for the gradient boosting algorithm, which
achieved 100% success, are lower than other black-box
models. This shows that over-fitting is explicitly

restecg I
trebps IN——
age & thalachh INEEEEGEG————
thalachh & caai

chol & caa IEG—————
0

0.1 0.2

0.3

observed for this model. For this reason, if black-box
models are established and a model is selected, it would
be appropriate to choose the RF method, where the
change between train and test is less and good results
are obtained in the training data. When the glass-box
models are examined, it becomes clear that the
explainable boosting algorithm is a usable model in
terms of giving good results in training and good results
in terms of testing.

0.4 0.5 0.6

Mean Absolute Score (Weighted)

(a)
High
cp 20 00 bms soms Pl0ss fary o o o pree
caa - e e o wbed o e v
thalachh e e o8 A Sesem -‘.*J o« w
oldpeak . - e o wvadmio. oo i
thall o oo difoigliar . . é
slp - ooy - . ié
age 4. ombcflh. o &
exng ce  ememe .-
sex = sy s:e
Sum of 4 other features J . '¥ . .
54 03 62 01 oo o1 o2 o3 ¥
SHAP value (impact on model output)
(b)
Figure 4. Global feature importance for the selected models: (a) Explainable boosting classifier and (b) RF with
SHAP
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After glass-box (explainable boosting classifier) and
black-box (RF) models are selected, they need to be
evaluated in terms of explainability. As mentioned
before, due to their structure, glass-box models are
easier to interpret the results individually than black-
box models. In this context, a summary of the variables
and information within the scope of the variables can
be obtained with the explainable boosting model. In
addition, comments can be obtained for individuals.
However, this process cannot be performed directly in
black-box models. For this reason, this information can
be obtained using methods such as LIME and SHAP.
Before explaining the examples locally, we can present
the weights of the variations obtained by explainable
boosting, as in Figure 4(a). The graph in Figure 4(a)
shows importance weights on the x-axis and features on
the y-axis. According to the information obtained from
this graph, the “cp” variable corresponding to the chest
pain type is the most crucial feature in the explainable
boosting classifier model. In contrast, it seems that the
least important feature is the parameter formed by the
“chol&caa” combination. Similarly, importance levels

of variables can be obtained for RF using SHAP. Since

Local Explanation (Actual Class: 1 | Predicted Class: 1
Pr(y = 1): 0.616)

Intercept

caa (0.00)
thalachh (132.00)
slp (1.00)
thall (1.00)
sex (1.00)

age (41.00)
chol (203.00)
exng (0.00)
oldpeak (0.00)
cp (1.00)

age & thalachh
restecg (1.00)
age & thall
chol & caa

age & cp

different functions are used, the visualization of the
results also varies. As can be seen from Figure 4(b), the
most crucial variable is “cp.” In the results obtained by
evaluating RF in terms of explainability, it is seen that
the variables have similarities in terms of importance.

In addition to the importance of the weights of the
variables for the model, another essential feature of
XAI is that it provides the opportunity for local
interpretation. In other words, it means explaining each
observation value (in this study, patients whose heart
attack risk is measured are expressed). In this context,
an observation value in the data set is chosen randomly,
and local explanations are given based on this
observation value. Since the explainable boosting
classifier and LIME use the same library, namely
interpret, the resulting graphics have a similar visual
structure. SHAP, on the other hand, shows a different
visuality because it comes from a different library. As
mentioned before, an observation value is chosen
randomly. In this context, the results of the 11%
observation are shown in Figure 5, respectively.

Contribution to Prediction

Actual: 1 | Predicted: 0.535

Intercept

thall (1.00)

oldpeak (0.00)

thalachh (132.00)

sex (1.00)

slp (1.00)

caa (0.00)

exng (0.00)

age (41.00)

restecg (1.00)

chol (203.00)
-03

1=cp
oldpeak

thalachh

Sum of 4 other features

(a)

0.05
SHAP value

0.10 0.20

Figure 5. Local explanation of observation 11: (a) Explainable boosting classifier, (b) RF with LIME, and (c)
RF with SHAP
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In all three graphs in Figure 5, the x-axis shows the
importance values of the variables for that patient. The
y-axis shows the variables and the patient’s values of
those variables. For example, for this patient, the
gender is shown as 1, and the age variable is expressed
as 41. It can be seen from this information that it
contains data from a 41-year-old male patient. In
addition, the chest pain type value of this patient,
expressed as "cp = 1", shows that the patient has typical
angina. Moreover, the patient information and the
observation value are estimated to have a high risk of
heart attack in both models (explainable boosting
classifier and RF). The importance of the variables that
affect this estimate can also be obtained using the
graphs in Figure 5.

The graphs in Figure 5 should be evaluated to show the
effect of the variables in calculating the risk of having
a heart attack after being used to obtain the patient's
data. The most effective variable in classifying the risk
in the explainable boosting algorithm for the patient
whose information is given in Figure 5 is "caa,"
whereas the most effective variable for RF visualized
with LIME is “Thall,” and the variable visualized with
SHAP is "cp." Similarly, it is seen that the influencing
variables change as the effects of the variables change.
Considering only the RF algorithm, using different
visualization techniques for the same model also causes
the variables and their effects to differ. According to the
information obtained here, selecting and individually
evaluating the method for problems that significantly
impact human life, such as the models used to
determine the risk of heart attack, is vital. In addition,
presenting the results to decision-makers and
physicians in this problem, with more than one
explanatory model, will be effective in determining the
treatments to be applied.

IV. APPLICATION AND RESULTS:
PREDICTION OF HEART ATTACK
RISK

In healthcare, Al rapidly transforms how we diagnose,
predict, and classify diseases. ML techniques have
proven to be powerful tools, delivering impressive
accuracy. However, a major hurdle lies in the
complexity of some Al models. These models, often
called "black-box" models, can generate highly
accurate predictions but lack transparency in their
reasoning process. This lack of clarity can be
concerning, particularly in critical areas like healthcare
decision-making, affecting human life. XAl fills this
gap by providing explanations for the complex
calculations performed by these models. Ideally,
researchers  prefer models  with  complete
interpretability, also known as "glass-box" models.
However, these models may compromise accuracy for
transparency. Finding the right balance between these
two aspects is crucial for XAl implementation in
healthcare.

'
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This study addresses this challenge by investigating a
model specifically designed to classify heart attack risk
based on patient data. LR, NB, DT, and explainable
gradient boosting algorithms, called glass-box models,
are developed in this context. In addition to these
models, RF, SVM, MLP, gradient boosting, and
stochastic gradient boosting algorithms, classified as
black-box models, are established. To select the best
model among the developed models, fine-tuning is
done by running the models with different parameters
using grid search. The results of the fine-tuning
processes, whose results provide the best models of the
methods within themselves, are compared. Considering
all the proposed models, it is seen that the best results
are obtained with the explainable gradient boosting
algorithm. In addition, the best performance in black-
box models is obtained as RF when considering glass-
box and black-box models. The ability to explain
predictions on an individual patient basis is also
essential. The RF algorithm is visualized using LIME
and SHAP explanation methods to compare the patient-
based description of these two methods. These methods
are used to unveil the inner workings of the RF model,
making its predictions more interpretable. When
explainable gradient boosting and RF are compared, it
is seen that the importance of the features changes, and
different features are considered in determining the risk
of heart attack. Moreover, this study highlights another
crucial point: even within the same model (RF in this
case), the choice of interpretability technique (LIME
vs. SHAP) can influence the perceived importance of
variables. This underscores the importance of careful
method selection and individual evaluation, especially
when dealing with high-impact domains like
healthcare, where decisions can influence life-and-
death situations. Furthermore, presenting physicians
with multiple interpretable models can be highly
beneficial. By considering diverse perspectives on the
data, physicians gain a richer understanding of the
factors contributing to a patient's heart attack risk. This
comprehensive view can empower them to make more
informed decisions about each individual's most
effective treatment course.

That is, findings offer valuable insights for healthcare
professionals. By understanding the strengths and
limitations of different AI models, they can make
informed decisions about which tool is best suited for
their specific needs, striking a crucial balance between
accuracy and interpretability in the healthcare field.
Future studies can expand the study regarding data set
size, application area, and model. In this context, by
expanding the data set, the validity of the application
can be ensured, and its applicability in large data can be
addressed. Apart from heart attacks, applications can be
created for different cardiovascular diseases and
diseases in different areas. In addition, it can be applied
not only in the health field but also in areas that affect
human and living life and require individual evaluation.
On more extensive data sets, deep learning algorithms
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can also be used, and the performance of the
explanation methods can be examined. Finally, by
developing hybrid models, the model's accuracy rate
and interpretability rate can be improved.
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Abstract

This study aims to investigate the correlation among climate change, energy consumption, and the financial system, using
the E7 countries as a case study. The E7 comprises emerging economies including Brazil, China, India, Russia, Turkey,
Indonesia, and Mexico, which are the primary focus of this research. The research delves into the factors impacting CO2
emissions over the long term, spanning from 1992 to 2020. Results reveal a positive correlation between economic growth
and fossil fuel usage with CO2 emissions, while a negative correlation is identified between CO2 emissions and variables such
as renewable energy consumption, temperature changes, and capital investments. The study underscores the significance of
sustainability and environmental policies for the E7 nations. Recommendations include increasing investments in renewable
energy sources, encouraging the adoption of carbon-neutral transportation technologies, and supporting initiatives for forest
conservation and afforestation. In conclusion, this study provides valuable insights into the relationship between climate
change, energy consumption, and the financial system within E7 countries, offering policy recommendations for achieving
sustainability.

Keywords: Climate Change, Energy Consumption, Financial System, E7 Countries

I. INTRODUCTION

With the onset of globalization, economies have become integrated with each other in many areas, primarily trade,
finance, and technology. Developments in information technology have accelerated this change dramatically. One
of the most important elements of economic progress and sustainability worldwide, given advancements in
technology, is energy. However, today it is understood that a significant portion of global energy consumption
(EC) is not sustainable, considering current technology and general energy sources. At this point, the importance
of renewable energy (RE) sources comes to the forefront [1-2].

The use of RE sources plays a central role today in key issues such as economic growth (EG) and global
temperature change. RE sources are generally derived from various forms and sources such as solar energy, wind
energy, water energy (including river currents, sea and ocean waves), and biomass, biogas, or biochemical energy.
These sources, while supporting a sustainable energy supply, also have the potential to promote EG. In particular,
increasing investments in RE can bring economic benefits such as creating new job opportunities, transitioning to
a green economy, and reducing energy dependency. However, in the face of global issues such as climate change
and rising temperatures, the importance of using RE sources is becoming increasingly evident [3]. Investments in
RE can also play a critical role in controlling global temperature change by reducing carbon emissions. In
particular, reducing greenhouse gas emissions and decreasing the use of fossil fuels are fundamental steps in
mitigating the effects of climate change worldwide and ensuring a sustainable future. The Paris Agreement aims
to establish a system based on the principles of common responsibilities and differentiated contributions for all
developed and developing countries. The agreement aims to establish and strengthen a sustainable system
encompassing socio-economic activities globally in the period after 2020 to combat climate change.
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The European Green Deal (EGD) was announced in
2019 with the aim of implementing the global climate
change initiatives set forth by the Paris Climate
Agreement. The Green Deal aims to reduce greenhouse
gas emissions by 55% by 2030 and achieve carbon
neutrality by 2050 as part of the EU's growth strategy.
Within this framework, the goal is to ensure a
transparent, fair, and inclusive transition by reducing
pollution, preserving the lives of all living beings, and
assisting companies in becoming world leaders in clean
products and Technologies [4].

The long-term changes in average surface temperatures
worldwide and atmospheric weather conditions are
attributed to the increases in greenhouse gas emissions
resulting from human activities such as
industrialization, fossil fuel use, and deforestation. In
particular, increases in the production and consumption
of fossil fuels such as coal, oil, and natural gas have led
to arise in global temperatures by approximately 1.1°C
compared to pre-industrial levels. The use of fossil
fuels in energy production contributes to an increase in
carbon dioxide concentration in the atmosphere.. The
reduction of this emissions has been identified as a
priority and major concern globally. According to the
Intergovernmental Panel on Climate Change, it has
been stated that the primary cause of the increase in
surface temperatures over the past century is the rise in
human-induced greenhouse gas emissions. Reducing
greenhouse gas emissions is recognized as the most
important objective in addressing this issue by the
international community [5-6]. Doval and Negulescu
[7], demonstrated in their study that green finance and
production practices are depicted as a formula for
Europe's recovery from crises. Emerging economies,
especially those like the E7, exhibit particular
sensitivity to climate change threats due to rapidly
increasing EC and resulting CO2 emissions (COZ2E).
Figure 1 shows that among the E7 countries, China has
the highest CO2E, while Turkey has the lowest
emissions.

14000
12000
10000
8000
6000
4000
2000
0

%‘@\

Q>

- X
&

Q (]
< )
\&0& &

6{0

& >

o«

A
S

&
Figure 1. Greenhouse Gas Emissions
The relationship between temperature change and RE

production is extremely important. Research indicates
that global temperature increase has a positive impact
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on RE production. For example, high temperatures and
longer periods of sunshine can increase the efficiency
of solar energy systems, thereby promoting RE
production. Similarly, the efficiency of wind energy
systems can also vary depending on temperature
changes.

The efficient use of resources, especially in production,
has become essential in all sectors as part of the fight
against climate change. The effects of global
environmental changes, particularly evident during the
Covid-19 pandemic, have highlighted the need for
resource efficiency. The aim of this study is to
determine the relationship between climate change, EC,
and the financial system in E-7 countries in the long
term, and to provide recommendations on sustainability
and environmental policies. In this context, the study
will begin with a comprehensive literature review,
followed by a detailed explanation of the methodology
and data employed. Finally, the findings will be
analyzed and interpreted.

Studies in the literature provide significant evidence
regarding the relationship between climate change and
EG.Research in the United States has established the
foundational evidence for the relationship between
climate change and EG. Strobl [9], conducted a study
investigating the impact of hurricanes on EG in 409
coastal regions of the United States between 1970 and
2005. The research revealed that, on average,
hurricanes reduced regional EG by 0.45 percentage
points. Deryugina and Hsiang [10], employed the EKK
method to examine the impact of daily temperature on
EG in 48 states of the United States from 1969 to 2011.
The study indicates that each 1°C increase in daily
temperature above 15°C reduces daily economic
productivity by approximately 1.7 percent. Colacito et
al. [11], examined the impact of average seasonal
temperatures on EG in the United States from 1957 to
2012 using the Panel EKK method. The study found
that temperatures, particularly during summer months,
have significant effects on EG. It was determined that a
1°F increase in average summer temperature is
associated with a decrease in annual growth rate by
0.15-0.25 percentage points.

Research encompassing diverse countries provides
strong evidence for understanding the relationship
between climate change and EG. Bansal and Ochoa
[12], examined the effects of temperature on EG for
147 countries between 1950 and 2007. The study found
that a 1°C temperature shock reduced EG by
approximately 0.9 percent, with stronger effects
observed in countries closer to the equator. Dell et al.
[13], investigated the impact of climate change on
global economic activity between 1950 and 2006. They
found that a 1°C increase in temperature would
decrease EG by approximately 1.3 percent, with poorer
countries being more adversely affected. According to
Burke et al. [14], economic productivity peaks when
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the annual average temperature is 13°C, with efficiency
rapidly declining at higher temperature levels. Azam et
al. [15], investigated the impact of environmental
degradation on EG using annual data from 1971 to 2013
for China, the United States, India, and Japan. The
results of the study indicate that carbon emissions have
a significant positive relationship with EG for China,
Japan, and the United States, while for India, it exhibits
a significantly negative relationship. Sequeira et al.
[16], found in their study examining the impact of
climate change on economic and industrial outputs in
countries that temperature increases do not lead to
decreases in per capita income, except in poor
countries. Henseler and Schumacher [17], state in their
study, utilizing annual data for 103 countries from 1961
to 2010, that temperature is associated with per capita
gross domestic product. Additionally, it was found that
high temperature levels have strong effects in countries
with low EG. Kahn et al. [18], investigated the impact
of climate change on economic activities across
countries using an ARDL model with a panel dataset
covering 174 countries from 1960 to 2014. The study
found that a permanent increase of 0.04°C in average
global temperature would lead to a reduction of more
than 7% in real per capita gross domestic product by the
year 2100. Islam et al. [19], found in their study for the
period 1990-2019 that in Saudi Arabia, carbon
emissions and precipitation have a negative impact on
EG, while temperature has a positive effect. Duan et al.
[20], investigated the economic impact of climate
change in China using the Panel Error Correction
Model method. The study found that EG decreases by
0.78% for every 1°C increase in temperature.
Additionally, the research indicates that EG will be
influenced by a 0.86% increase for every 100 mm
increase in precipitation and a 1.34% decrease for every
1% increase in humidity.

There are numerous studies in the literature addressing
the complex relationship between RE consumption,
temperature increase, and EG. These studies contribute
to understanding the effects of climate change on EG
and to the formulation of sustainable development
policies. Zhang et al. [21], stated that renewable
policies in Brazil and China have long-term positive
effects on RE production and consumption. However,
they found that Russia's RE policies are inadequate and
decrease the growth in RE consumption in the long
term. Keles and Bilgen [2], concluded that Turkey's
geographical location offers various advantages for
widespread utilization of RE sources, particularly
noting sufficient RE potential in terms of both fuel and
electricity.
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Cetin [22], found in his study, which examined the
relationship between RE consumption and EG for E-7
countries during the period 1992-2012, that RE
consumption has a positive impact on real GDP in E-7
countries. Marinag et al. [23], investigated the
relationship between EG and RE consumption for ten
European Union (EU) member countries from Central
and Eastern Europe during the period 1990-2014. The
results indicate that in the short term, the dynamics of
Gross Domestic Product (GDP) and RE Consumption
(REC) are independent in Romania and Bulgaria, while
increasing RE consumption improves EG in Hungary,
Lithuania, and Slovenia. Klimenko et al. [24], state that
in Russia, electricity production efficiency in thermal
and nuclear power plants decreases as air temperature
rises. According to climate model results, due to
temperature increase, electricity production in thermal
power plants and nuclear power plants will decrease by
6 billion kwh by 2050. The increase in air temperature
during summer months will require higher EC for air
conditioning, and by 2050, this figure will increase by
approximately 6 billion kWh. Kasperowicz et al. [25],
investigated the relationship between EG and RE
consumption for 29 countries in Europe during the
period 1995-2016. The results indicate that the use of
RE as a global commadity is highly significant in the
process of EG. Mele et al. [26], investigated the impact
of increased RE production on the Brazilian economy,
taking into account the periods of the SARS and Covid-
19 pandemics. The results of the study indicate that the
increasing use of RE sources may sustain economic
recovery and create a Gross Domestic Product (GDP)
momentum that outperforms other energy variables.
Botzen et al. [27], found that under a high warming
scenario, their study's results suggest predictions
regarding electricity and gas consumption in Mexico.
By the end of the century, electricity consumption is
projected to increase by 12%, while gas consumption is
expected to decrease by 10%, leading to a significant
net economic cost of approximately 43 billion pesos per
year. Rokicki et al. [3], stated in their study, which
examined data from 23 countries in Central and Eastern
Europe, that large-scale energy production from
renewable sources could lead to a 60% decrease in
temperature rise. Additionally, the study shows that
such activities could result in a 90% increase in energy
efficiency. Saqib et al. [28], revealed that technological
modernization helped reduce pollution levels in E-7
countries from 1995 to 2019. Therefore, the study
demonstrates that human development, technological
innovation, and RE use were the most important
variables for reducing carbon emissions during the
examined period.
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Yu et al. [1], results of the study found that emissions
in E7 countries increased with the onset of development
but later decreased due to potentially strong
environmental regulatory policies implemented. The
study also found that renewable energy, green
innovations, environmental taxes, and technological
innovations in all models had a significant and negative
impact on carbon emissions in both the short and long
term in E7 countries. Jia et al. [29], investigated the
direct and indirect effects of RE consumption on EG
using panel data from 90 countries participating in the
Belt and Road Initiative between 2000 and 2019. The
results of the study demonstrate that RE consumption
directly contributes to EG. German-Soto et al. [30],
investigated the impact of increasing temperatures on
electricity consumption and economic development in
Mexico between 2003 and 2019. The results of the
study indicate that extreme weather conditions increase
electricity demand. During extreme weather
conditions, electricity consumption further increases
due to fluctuations in electricity supply. The study
concludes that temperatures have significant effects on
economic development and electricity supply.

Il. METHODOLOGY AND DATA

The factors considered for the analysis comprise carbon
dioxide emissions, gross domestic product, renewable
and non-RE usage, capital investment, and temperature
variations in the E-7 countries from 1990 to 2020.
Table 1 provides the units of measurement,
abbreviations used within the article, and the sources
from which the data were obtained.
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Table 1. Information on Variables

Variable Unit/Source Symbol
Cc0o2 CO2E from fuel CO2
Emission combustion
(MtCO2)/World
Bank
Economic GDP (constant EG
2015
Growth US$)World
Bank
Fossil Fossil fuel FOSENCONS
energy
Energy cons/mtoe/World
Consumption Bank
RENENCONS
Renewable RE consumption
Ener (% of total final
eray Energy
Consumption Cons.)/World
Bank
Gross Gross capital GCAP
Capital formation
Formation (constant 2015
US$)/World
Bank
Temparature | Annual Surface TEMP
Change Temparture
Change/IMF and
Turkish
Meteorological
Service
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This research aims to examine the relationship between
renewable and non- RE consumption and the financial
indicators of countries, such as growth and capital
formation, along with climate change in the E-7
countries. In investigating the relationship between
CO2E, EG, financial indicators, and temperature
changes, the panel ARDL method, which does not
require the series to be stationary and enables the
analysis of both long-term and short-term relationships,
was used. The results of the analysis revealed a long-
term relationship between renewable and non- RE
consumption and COZ2E, which are indicators of
climate change. The analysis was conducted using Stata
18 software.

2.1. Method

In the study, a unit root test was initially conducted to
prevent spurious regression due to the inclusion of data
over time. Researchers working with panel unit root
tests are divided into two groups, and the tests they
develop are known as first-generation and second-
generation tests[1]. First-generation tests assume no
correlation between units, and if there is correlation
between units, the power of these tests is weak. The
most well-known of these tests include Levin, Lin, and
Chu (2002) [31], , Harris and Tzavalis (1999) [32], ,
Breitung (2000) [33], Hadri (2000) [34], , Im, Pesaran,
and Shin (IPS, 2003) [35], , Fisher ADF (Maddala and
Wu 1999) [36], , Fisher Philips, and Perron (Choi
2001) [37], panel unit root tests. The main
characteristic of second-generation panel unit root tests
is that they assume correlation between units. The most
commonly used tests among these are Pesaran (2004)
[38], , Bai and Ng (2004) [39], , Philips and Sul (2003)
[40], , Moon and Perron (2004) [41], panel unit root
tests.

Consider the standard panel data model where y
represents the dependent variable and x represents the
independent variable, with i indicating the unit and t
indicating the time dimension:

Vit = Q4 ,B’xl-t + Ui, |1,2N, t:1,2T (1)
Before estimating this model (1) , to determine which
unit root tests are more suitable, cross-sectional
dependence was examined. Breusch and Pagan (1980)
[42], proposed an LM statistic, which is valid for fixed
N(individual) as T( time) —o and is given by
Equation(2):

LM =T X5 Nl Pl (2

Where p;; is the sample estimate of pairwise
correlation of the residuals:

R “ 2T= Wipdls

Pij = Pji = =L (3)

_28\1/2 _,\1/2
(L. af (2{=1u12‘t)

and ;. is the estimate of u; in the Equation 1.
However, this test typically exhibits significant size

8l

distortions when N is large and T is finite; therefore,
Pesaran (2004) [38], has proposed the CD (Cross
Section Dependent) test which can be applied when
both T and N are large, was conducted to determine the
correlation between units. The statistic for Pesaran's
CD test by equation 4.

_ 2T
T ANWN-1)

CD (EM 2N Big) (4)

In equation 4, p%, ij represents the residual
correlation coefficient between i and j. The test statistic
is distributed as y? with d= N(NT_D degrees of
freedom. Under the null hypothesis of no correlation

between units, as N approaches infinity and T is
sufficiently large, CD converges to N (0,1).

The first step in the study was to investigate whether
the series contained unit roots. For this purpose,
correlations between units were initially examined. To
determine the correlation between units, the Pesaran
CD test and LM tests were conducted. The test results
are summarized in Table 2.

Table 2. Cross Section Dependence Test’s Results

Variables Pesaran LM LM LM
CD adj* CD*

CO2E 15.84*** | 27,23 1.55% -1.38
EG 23.51** | 40.15 6.67* -1.12

*
FOSENCON | 15.72* | 34.02** | 4.17*** | -0.36
S
RENENCO | 15.11* | 45.71** | 8.92*** -13
NS *
TEMP 11.07* | 59.35*%* | 14.02** | 3.97**
* * *
GCAP 9.25* 29.99* 2.70%** | 1.54*

Fkk *x* 1%, 5%, and 10% significance levels.

Upon evaluating Table 2, the Pesaran CD and LM adj*
tests yield statistically significant results for all
variables, indicating the presence of cross-sectional
dependence. The LM test shows significant results for
the variables EG, FOSENCONS, RENENCONS,
TEMP, and GCAP, while the LM CD* test indicates
significant results for the variables TEMP and GCAP.
Particularly, the Temp and Renencons variables
consistently show significant results across all tests,
suggesting strong cross-sectional dependence in these
variables.

In summary, the results of all conducted tests indicate
that the null hypothesis, Ho: There is no cross-sectional
dependence, is rejected for many variables. This
implies that cross-sectional dependence is generally
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present. Considering this dependence is crucial for the
reliability of modeling and results.

Pesaran (2007) [43], developed a simple method to
eliminate cross-sectional correlation instead of
estimating  factor  loadings.  The  Pesaran
CADF(PESCADF) test is designed to check for the
presence of unit roots (stationarity) in time series data
within a panel data framework. In this method, he
utilizes an extended version of the ADF regression with
lagged cross-sectional averages, and the first
difference(A) of this regression eliminates cross-
sectional correlation. This generalized Dickey Fuller
regression across cross-sections is referred to as the
simple Cross-sectionally Augmented Dickey-Fuller
regression. (CADF) regression:

AYy = ai+p; Yy + doYioq + d1AY + & (5)
In this regression model, AY;; represents the first
difference of the dependent variable, Y;._, represents
the one-period lag of the dependent variable, and, ¥; is
the average of all N observations at time t. The presence
of lagged cross-sectional averages and first differences
accounts for inter-unit correlation through factor
structure. If there is autocorrelation in the error term or
in the factor, the regression in the univariate case with
the addition of lagged first differences of Yit and Yt can
be extended as follows:

AYy = a;+piViq + do¥r—y +d1AY, +
Z?zo dj 1A + Z?zo Y + € (6)
For this equation, the degree of extension can be

selected using an information criterion or consecutive
tests.

Pesaran (2007) introduces the CIPS(cross- sectionally
augmented IPS) test, which remains robust in the
presence of cross-sectional dependence among
individual series in the panel. After estimating the
CADF regression, the averages of the t-statistics of
lagged variables are taken to obtain the CIPS statistic:

1
CIPS = =Y, CADF, (7)
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For the CIPS statistic expressed as above, the combined
asymptotic limit is not standard, and critical values
have been calculated for various T and N values. In the
test, the null hypothesis is that the variables are not
stationary.

Table 3. Panel Unit Root Test Results

Variables The Pesaran Cross-sectionally
Augmented Dickey-Fuller regression
(PESCADF) Results
Level
Constant! Constant and

Trend?
CO2E -2.246* -2.737*
EG -2.101 -1.835
FOSENCONS -2.255 -2.461
RENENCONS | -1.472 -1.600
TEMP -4.024** -3.695***
GCAP -2.160* -2.622

First Difference
Constant Constant and

Trend
CO2E -2.942%** -2.898**
EG -2.579* -2.588
FOSENCONS -2.687*** -2.732*
RENENCONS | -3.055*** -3.134%**
TEMP -5.651** -3.965***
GCAP 3.628*** -3.796***

Results

CO2E I(1)
EG I(1)
FOSENCONS I(1)
RENENCONS I(1)
TEMP 1(0)
GCAP I(1)

tshows the result of the model estimated with the
constant parameter.? shows the the result of the
model estimated with the constant parameter and
trend. *** *** 104, 5%, and 10% significance
levels.

According to Table 3, the PESCADF results test the
null hypothesis that the series have a unit root,
indicating  non-stationarity. For CO2E, EG,
FOSENCONS, RENENCONS and GCAP, the null



Energy, Climate, Finance, E7

Int. J. Adv.

Eng. Pure Sci. 2025, 37(UYIK 2024 Special Issue): <77-87>

hypothesis cannot be rejected at levels, implying these
series are non-stationary. However, after taking the first
difference, the null hypothesis is rejected, indicating
these series become stationary (1(1)). In contrast, for the
TEMP serie, the null hypothesis is rejected at levels,
indicating it is stationary (I(0)) without needing
differencing. This means TEMP does not have a unit
root and is stable over time, unlike the other variables.
After determining the stationarity levels of the series,
cointegration tests are conducted to identify the
presence of a long-term relationship between them.

The Mean Groiup (MG) estimation method, proposed
by Pesaran and Smith (1995) [44], obtains the long-run
parameter by averaging the long-run parameters of
autoregressive distributed lag models created for each
unit. Thus, it allows for the valuation of long-run
parameters according to units. The Pooled Mean Group
estimation method, proposed by Pesaran, Shin, and
Smith (1999) [45], consists of a mixture of the MG
estimator, which allows both slope and intercept
parameters to vary across units, and the fixed effects
estimator, which imposes that the slope parameter is
constant while allowing the intercept parameter to vary.
PMG keeps the long-run parameters fixed while
allowing short-run parameters and error variances to
vary across units [45], :

-1

AY;e=0;(Yie—q — BiXi) + Z;;l Aij AY;_ i+

Z}CS 6 AXp_j+eir (8)
where: Y;; is the dependent variable for unit i at time
t X;:is a vector of independent variables for unit i at
timet , B; are the long term coefficients. 4;; and §;;
are short run coefficients and ¢;; is error term. @; is
the error correction parameter, and the calculation of
the @;, and 3] parameters is as follows :

¢ =—(1- X8, 4j) (9)

Bi = (Z7_0 i) (10)

Here, if ¢i is significant and negative, there is a long-
run relationship between the dependent and
independent variables. [46-47].

I11. RESULTS AND DISCUSSION

Table 4 shows the PMG and MG estimates for the
variables CO2, GDP, RE consumption, non- RE
consumption, temperature increase and gross capital
formation for E-7 countries.
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Table 4: Panel ARDL Long Run Estimation

Dependent Variable: Coefficients
CO2E
PMG MG
Long Run
EG 0.055* 0.103*
FOSENCONS 0.997*** 0.843***
RENENCONS -0.0011* -0.003
TEMP -0.055** -0.062
GCAP -0.003*** -0.0008
EC Coefficient -0.259*** -9.92%**
Short Run
EG 0.1089* 0.047
FOSENCONS 0.537*** 0.323***
RENENCONS -0.005*** -0.002
TEMP 0.007 0.026
GCAP 0.0004 0.0006
Hausman 3.78
(0.5817)

t statistics in paranthesis:* p < 0.10, ** p < 0.05, *** p < 0.01

Before interpreting the results in Table 4, we first
examined the error correction coefficient and found it
to be statistically significant at the 1%, 5%, and 10%
significance levels. In terms of indicating how quickly
the series reach equilibrium, this parameter is
important. Accordingly, approximately 25% of the
imbalances occurring in one period will be corrected in
the next period, leading towards approaching the long-
term equilibrium. After conducting PMG and MG
estimations, a Hausman test was performed to
determine which estimator is consistent to use, and
based on the test results, it was decided that using the
PMG estimator is appropriate.

The estimated PMG model finds that all parameters are
statistically significant. According to the results, a 1%
increase in EG leads to a 0.055% increase in CO2E
while a 1% increase in FOSENCONS results in a
0.99% increase in CO2E. Looking at other long-term
parameters, a 1% increase in RENENCONS leads to a
0.0011% decrease in CO2E, while a 1% increase in
TEMP results in a 0.05% decrease in CO2E emissions.
A 1% increase in GCAP leads to a 0.003% decrease in
CO2E emissions. In this context, Table 6 summarizes
the long-term effects of all variables on the CO2E
variable.
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Table 5: Summary of the long-term effects of
variables on CO2E emission

Variable (%1 increase) Effect on
C02E
Emissions
in the long
term
Economic Growth (EG) 1 0.055%
increase 1
Fossil Energy Consumption 0.99%
(FOSENCONS) t increase 1
Renewable Energy Consumption 0.0011%
(RENENSONS) | decrease |
Temperature Change (TEMP) | 0.05%
decrease |
Domestic Investment in Fixed Capital 0.003%
Formation | decrease

Upon a detailed evaluation of the results, it is known
that there is a relationship between growth, one of the
most important economic indicators of a country, and
CO?2E, and this relationship is also complex depending
on the country's EC and production structure. While
previous literature has shown a positive relationship
between EG and CO2E, recent studies suggest that this
relationship may vary. Given that the E-7 countries are
developing economies, it is expected that there would
be a positive relationship between EG and CO2E. The
relationship between fossil EC and COZ2E is also
complex, but existing literature indicates that as fossil
EC increases, CO2E also increase, which is consistent
with the findings in our model.

When examining studies on RE consumption, it is
observed that there is a negative relationship between
CO02 and RE consumption. RE technologies such as
solar panels and wind turbines do not rely on the
combustion of fossil fuels, hence they do not contribute
to CO2E, or they minimize these emissions
significantly. Our model also exhibits a similar effect,
as the relationship between RE consumption and CO2E
is found to be negative as the relationship between RE
consumption and CO2E is found to be negative.

Gross fixed capital formation represents the total value
of new fixed capital investments made in an economy
during a specific period, typically involving the
construction and expansion of production facilities,
infrastructure projects, and other long-term asset
investments. Such investments often occur in energy-
intensive sectors, which can contribute to COZ2E.
Existing literature suggests that the relationship
between fixed capital and CO2E tends to be positive in
countries experiencing rapid EG and industrialization
processes. However, in the PMG estimation conducted
for these E-7 countries, this relationship was found to
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be negative. Nevertheless, it is well known that several
E-7 countries, particularly China, Brazil, India, and
Mexico, also prioritize sustainable development and
environmental protection. China, for instance, makes
significant investments in RE to reduce greenhouse gas
emissions and implements various environmental
protection policies. India takes measures to combat air
and water pollution and invests in renewable energy.
Brazil makes efforts to protect the Amazon rainforest,
reduce deforestation, and conserve biodiversity.
Mexico implements various policies to increase energy
efficiency, improve waste management, and protect
natural resources. Additionally, Russia also conducts
studies on the conservation of natural resources,
environmental laws and regulations, and industrial
waste control. Similarly, Turkey engages in activities
related to waste management, clean energy production,
forest conservation, and afforestation. Therefore, it is
not surprising that the relationship between gross fixed
capital formation and CO2E appears negative in the
model, as it can be influenced by the environmental
policies implemented by these countries. In conclusion,
the relationship between gross fixed capital and CO2E
in E-7 countries is complex, with policies varying from
country to country. However, the small magnitude of
this effect compared to other coefficients indicates that
the impact of this variable on E-7 countries is minimal.
The model estimations revealed a negative correlation
between temperature change and CO2E. While
literature studies provide sample evidence that
temperature change influences CO2E, the general
expectation is for this relationship to be positive.
However, the negative relationship observed in the
predictions for E-7 countries can be explained by their
active engagement in environmental protection and
sustainability efforts, particularly highlighted in
countries like Brazil, China, India, and Mexico, as
mentioned above. Additionally, each country has its
own unique policies. Understanding this relationship
necessitates taking into account the specific
circumstances and policies of each country.

1IV. CONCLUSION

Climate change and energy consumption are pivotal
issues dominating global agendas, profoundly shaping
the economic policies of nations. The objective of this
study is to explore the long-term interrelationships
among climate change, EC, and the financial system
within the E-7 countries, and to offer recommendations
for sustainability and environmental policies. The E-7
countries, which include Brazil, China, India, Russia,
Turkey, Indonesia, and Mexico, are recognized as the
seven major emerging economies. Given their
substantial populations and growth potential, the
development strategies implemented by these nations
play a pivotal role in addressing climate change. To
underscore this significance, the study analyzed factors
influencing CO2 emissions over the period from 1992
to 2020. The analysis identified that variables such as
EG, Renewable EC, Fossil EC, fixed capital, and
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temperature changes have a significant impact on CO2
emissions in the long run. This research highlights the
critical importance of integrating sustainable energy
practices and robust environmental policies to mitigate
the adverse effects of climate change. Additionally, the
findings underscore the necessity for tailored policy
measures that address the unique developmental and
environmental challenges faced by emerging
economies.

The study’s findings highlight a clear connection
between CO2 emissions (CO2E) and economic growth
(EG), as well as fossil fuel consumption. Conversely,
CO2E shows an inverse relationship with RE
consumption, temperature changes, and capital
investment variables. A broad evaluation of the results
confirms that they meet the expected outcomes. The E-
7 nations present substantial potential for growth, and
targeted investments in renewable energy sources—
such as solar, wind, hydroelectric, and biomass—
tailored to the specific needs of each country, could
effectively reduce CO2E. Additionally, adopting
carbon-neutral transportation solutions, including
public transit and electric vehicles, is promising for
further CO2E reduction. Strategies for forest
conservation, reforestation, and the advancement of
clean energy and environmental technologies would
also be advantageous. E-7 countries can also cut CO2E
by investing in carbon-free transportation and
enhancing public transit systems. Shifting to clean
transportation technologies like electric vehicles will
improve air quality and lower greenhouse gas
emissions. Moreover, the growth and widespread
adoption of clean energy and environmental
Technologies will not only boost economic growth but
also advance environmental sustainability.
Additionally, the positive correlation between EG and
fossil fuel usage with CO2E suggests that financial
support in these sectors mirrors their environmental
impact. Considering the role of financial systems in
addressing climate change, it is crucial to assess how
financial institutions in E-7 countries handle
environmental risks and opportunities, and how they
can channel resources into sustainable projects.
Sustainable finance, known for its pivotal role in
combating climate change through green finance
practices, necessitates that policymakers and financial
institutions collaboratively develop and implement
strategies to manage environmental risks and prioritize
sustainability in investments.

Considering the study's limitations, it is important to
acknowledge that the analysis is based on data available
up to the end of 2020. This data constraint regarding
renewable and fossil energy sources may affect the
scope and depth of the findings. While this timeframe
allows for a comprehensive examination of trends and
relationships up to 2020, developments in energy
consumption and policy changes occurring after this
period are not included. Future research could gain
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valuable insights by integrating more recent data,
providing an updated perspective on the dynamics
between renewable and fossil energy sources and their
impact on CO2 emissions. Additionally, detailed
analyses for each country within the E-7 group could
further enhance these findings. Expanding the study to
include neighboring countries could also help identify
which variables are influenced by climatic factors.
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Elektrokimyasal Ayirma Yontemi ile Sulu Cozeltilerden Bor Giderim
Prosesinin Optimizasyonu

Optimization of Boron Removal Process from Aqueous Solutions by Electrochemical
Separation Method

Sevgi POLAT !
IMarmara Universitesi, Miihendislik Fakiiltesi, Kimya Miihendisligi Béliimii, Istanbul, Tiirkiye

Oz

Canh yasaminin en temel ihtiyaci su, glinimlzde teknolojinin ve endustri alanlarinin gelismesiyle beraber ciddi oranda
kirlenmektedir. Su kaynaklarinin kisith olmasi ve yakin gelecekte diinya nifusunun su sikintisi yasama olasiliginin yiksek
oldugu gbéz online alindiginda, su kirliligine sebep olabilen ve Ulkemiz igin énemli bir mineral olan borun sulardan
uzaklastiriimasi gerekmektedir. Bu kapsamda bu ¢alismada, bor iyonlarinin sulu ¢ozeltilerden yenilikgi elektrokimyasal ayirma
yontemi kullanilarak giderilmesi incelenmistir. Bu amagla, aktif karbon ile kaplanarak hazirlanmis elektrotlar ve
elektrokimyasal akis hiicresi kullanilmistir. Strekli akis kosullarinda bor adsorpsiyon verimini etkileyen akis hizi, hiicreye
uygulanan potansiyel ve bor konsantrasyonu parametrelerinin optimizasyonu Box-Behnken deney tasarimi yontemi
kullanilarak gergeklestirilmistir. 1-5 ml/dak akis hizi, 0,5-1,5 V potansiyel ve 10-90 ppm bor konsantrasyonu araliklarinda bor
iyonlarinin adsorpsiyon deneyleri yapilmistir. Deney tasarimi sonuglarina gore, galisilan (ic parametre arasindan akis hizinin
bor giderimini etkileyen en énemli parametre oldugu belirlenmistir. Bor adsorpsiyon veriminin en yiksek oldugu (%94,1)
optimum kosullar 1 ml/dak akis hizi, 0,5 V potansiyel ve 50 ppm bor konsantrasyonu olarak tespit edilmistir. Ayrica, optimum
kosullarda ¢ahsilan elektrotlarin ylizey morfolojileri taramali elektron mikroskobu kullanilarak karakterize edilmistir.
Anahtar Kelimeler: Bor giderimi, Optimizasyon, Deney tasarimi, Elektrokimyasal ayirma yontemi.

Abstract

Water, the most basic need of both humans and ecosystems, is being seriously polluted today with the development of
technology and industry. Considering that water resources are limited and the probability of the world population
experiencing water shortage soon is high, boron, which can cause water pollution and is an important mineral for our country,
needs to be removed from the water. In this study, the removal of boron ions from aqueous solutions using an innovative
electrochemical separation method was investigated. For this purpose, electrodes prepared by coating with activated carbon
and electrochemical flow cell were used. Optimization of flow rate, potential applied to the cell and boron concentration
parameters affecting boron adsorption efficiency under continuous flow conditions was carried out using the Box-Behnken
experimental design method. Adsorption experiments of boron ions were carried out in the ranges of 1-5 ml/min flow rate,
0.5-1.5 V potential and 10-90 ppm boron concentration. According to the experimental design results, it was determined that
flow rate was the most important parameter affecting boron removal among the three parameters studied. The optimum
conditions with the highest boron adsorption efficiency (94.1%) were determined to be 1 ml/min flow rate, 0.5 V potential
and 50 ppm boron concentration. Surface morphologies of the electrodes studied under optimum conditions were
characterized using a scanning electron microscope.

Keywords: Boron removal, Optimization, Experimental design, Electrochemical separation method.

I. GIRIS

Tiirkiye acisindan stratejik oneme sahip olan bor, cam, tekstil, deterjan, ilag, deri, kozmetik gibi ¢cok sayida
endiistride genis kullanim alanimna sahiptir [1,2]. Bu endiistrilerde ortaya ¢ikan atik sularin tagimis oldugu bor
miktar1 belirli konsantrasyon degerlerinin iizerine ¢iktiginda ve su yollarina karistiginda su kirliligine neden
olmaktadir [3]. Bu durum, bitki ve insan sagligi agisindan sorun yaratmakta ve ¢evresel agidan risk olusturmaktadir
[4]. Ornegin bor bitkilerin biiyiimesinde 6nemli bir role sahipken, bitki tiirlerine bagl olarak bor iyon
konsantrasyonun fazla olmasi bitkilerin gelisiminin durmasina neden olmaktadir [5].
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Bitkileri korumak igin, sulama suyu bor simir degeri 1
ppm’den yiiksek olmamalidir [6]. Benzer sekilde icme
sularinda da bor iyon konsantrasyonunun fazla olmasi
insan sagligi acisindan olumsuz durumlar yaratmakta
ve kardiyovaskiler, koroner, sinir ve (reme
sistemlerinde  hastaliklarin =~ olugmasina  sebep
olmaktadir [7,8]. Diinya saglik orgiitli igme sulart igin
bor limitini maksimum 2,4 mg/L olarak belirlemistir
[9-10]. Bu kapsamda,  belirli ve  disik
konsantrasyonlarda bor iyonlarinin ortamda bulunmasi
insan ve gevre sagligi agisindan olumlu etkiler yaratsa
da yiiksek miktarlarda bulunmasi ciddi sorunlara neden
olmaktadir. Ayrica, diinya niifusunun hizla artmasi ve
hizli endiistrilesme suya olan ihtiyacin giderek
artmasina neden olmaktadir. Buna karsin bu ihtiyacin
karsilandig1 su kaynaklari ise sinirlidir. Bu durum, su
kaynaklarmin iyi  degerlendirilmesi ve tekrar
kullanilabilir hale getirilmesini zorunlu hale getirmistir.

Bor giderimi ile ilgili literatirde koagilasyon ve
sedimentasyon [11], adsorpsiyon [12,13], ekstraksiyon

[14], kristalizasyon [15], iyon degistirme [16],
membran prosesleri [17,18], ters osmoz [19],
elektrodiyaliz [20] gibi farkli aritim yontemleri
kullanilarak ~ yapilan c¢aligmalar mevcuttur. Bu

teknolojiler arasinda koagiilasyon ve sedimentasyon
yontemleri ile bor bilesiklerinin sulu g¢ozeltilerden
giderimi istenen yuksek bor giderim kapasitesine sahip
olmayip diisiikk verimde bir ayirim ger¢eklesmektedir.
Ayrica, ¢oktiirme islemi sirasinda da fazla miktarda
ilave kimyasal maddelere ihtiya¢ duyulmaktadir. Bor
gideriminde en ¢ok kullanilan yontemlerden biri olan
adsorpsiyon yonteminde ise, iyon degistirici regineler
ve selilloz gibi ¢ok ¢esitli inorganik ve organik
adsorbanlar kullanilmistir. Bor iyonlarinin giderimi
icin gelistirilen iyon degistirici reginelerin maliyetleri
yiliksek olmasinin yani sira rejenerasyon sonucu ortaya
cikan yikama suyu da yeni bir atiksu olusturmaktadir.
Evaporasyon,  kristalizasyon ~ ve  ekstraksiyon
yontemleri ise yiksek bor konsantrasyonuna sahip
cozeltiler icin daha etkili yontemlerdir. Ters osmoz ve
elektrodiyaliz ise tek basma kullanildiklarinda bor
yiksek  verimde geri  kazanilamamakta ve
elektrokoagilasyon,  kimyasal  ¢oktirme, iyon
degistirme gibi ilave iglemlere ihtiya¢ duyulmaktadir.
Ozellikle  elektrokoagiilasyonun  yiiksek  bor
konsantrasyonuna sahip ¢ozeltiler icin oldukga etkili
oldugu ve borun uzaklastirilmasinda anyonik iyon
degistirici  kullanimmin  olumlu  etkisi oldugu
gosterilmistir. Adsorpsiyon, elektrokoagiilasyon ve
elektrodiyaliz ile bor giderimine dair yapilan
caligmalarda basarili sonuglara ulasilmakta ve
giinlimiizde halen siklikla kullanilmalarina ragmen,
adsorbentlerin rejenerasyon streclerindeki zorluk ve
maliyet, iyon degistirici re¢ine ihtiyaglari, membran
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maliyetlerinin ~ pahali  olmasi, siirekli  bakim
gerektirmeleri gibi nedenlerle gesitli dezavantajlara da
sahiptirler [11-20].

Bu c¢alismada ise sulu ¢ozeltilerden bor iyonlarinin
giderilmesi ve geri kazanilmasi icin elektrotlarin
rejenerasyon prosesi sirasinda ek kimyasallara gerek
olmamasi (yani sistem yan kirletici iiretmedigi i¢in ek
maliyet olugmamasi), adsorpsiyon ve desorpsiyon
sirecinin hizli olmasi, elektrotlarin tekrar tekrar
kullanilabilir olmas1 ve buna bagli olarak diisiik karbon
ayak izi ve eckonomik fayda saglamasi, diisiik
elektriksel potansiyel degerlerinde calisilarak diisiik
enerji tiiketimi ve prosesin modiiler olmasi gibi su
ekonomisi ve atik siirdiiriilebilirligi agisindan diger
yontemlerle karsilastirildiginda  avantajlara  sahip
olmast nedeniyle elektrokimyasal ayirma yontemi
kullanilmuistir. Bu kapsamda, siirekli akis kosullarinda
elektrokimyasal akis hiicresi kullanilarak  sulu
¢ozeltilerden bor iyonlarimin giderimi incelenmistir. Bu
yontem ile literatiirde mevcut olmayan maksimum bor
adsorpsiyon veriminin saglanabilecegi proses kosullari
deney tasarimi yontemi kullanilarak incelenmis ve
proses parametrelerinin optimizasyonu yapilmistir.

Deney tasarimi uygulamasi genel olarak problemin,
bagimsiz parametrelerin ve bunlarin seviyelerinin
belirlenmesi, cevap degiskeninin secilmesi ve uygun
deney tasarim yonteminin belirlenerek deney yapilmasi
ve verilerin analiz edilmesini kapsamaktadir. Box-
Behnken deney tasarimi, ii¢ seviyeli faktdrlerin ve
ikinci seviyeden terimlerin s6z konusu oldugu
sistemlerin degerlendirilmesinde kullanilan istatistiksel
bir yontem olup minimum deney sayist ile maksimum
bilgiyi elde ederek, arastirmacinin prosesin davranigini
belirlemesini saglamaktadir [21-24]. Bu ¢aligmada da
Box-Behnken deney tasarim yontemi kullanilarak akis
hizi, potansiyel ve bor konsantrasyonu gibi proses
parametrelerinin bor iyonlarinin adsorpsiyon verimine
etkisi incelenmistir.

Il. MATERYAL VE METOD

2.1. Deneyin Yapihisi

Bu ¢alismada, bor iyonlarini ayirmak i¢in kullanilacak
elektrotlarin hazirlanmasinda Toray karbon kagidi,
aktif karbon, karbon siyahi, poliviniliden floriir
(PVDF) ve aseton kullanilmistir. Sekil 1°de gosterildigi
iizere, agirlikca aktif karbon: karbon siyahi: PVDF
orant 85:10:5 olacak sekilde tartilmistir. Toz halde
bulunan bu karisima ¢oziicii olarak kullanilan 20 ml
aseton eklenmis, manyetik karigtiric1 araciligiyla
slispansiyonun 2 saat karistirilmasi saglanmigtir. Daha
sonra bu siispansiyon daldirmali ultrasonik prob
kullanilarak 1 saat ultrasonikasyon islemine tabi
tutulmustur. Damlatma (drop casting) yoOntemi
kullanilarak aktif yiizey alan1 5 x 5 cm? olan elektrotlar
hazirlanmistir. Hazirlanan ve kurutulmus elektrotlar
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elektrokimyasal akis hiicresine yerlestirilmigtir. Akis
hiicresi Rhinoceros 3D modelling yazilim: kullanilarak
tasarlanmis ve akrilikten olusan plaka, aktif karbon ile
kaplanmis elektrot, titanyum kollektdr ve polimerden
yapilmig dagiticidan olugmaktadir.

Bor iyonlarinin adsorpsiyon deneyleri, bu akis hiicresi
kullanilarak, en az 5 dongii olacak sekilde siirekli akisin
oldugu kosullarda Sekil 2’de sematik olarak gosterilen
deney  diizenegi  kullanilarak  ylirttilmiistiir.
Elektrokimyasal ayirma prosesi sirasiyla besleme tanki,
peristaltik pompa, elektrokimyasal akis hiicresi, gii¢
kaynagi, iletkenlik Olcer, data kaydedici ve g¢ikis
tankindan olugmaktadir. Akis hiicresini terk eden
cozeltinin iletkenlik degeri siirekli olarak 6lgiilmiis ve
adsorplanan bor miktarin1  belirleyebilmek i¢in
numuneler alinarak iyon derigimi indiiktif eslesmis
plazma atomik emisyon spektroskopisi (ICP-OES)
kullanilarak belirlenmistir. Adsorpsiyon verimi agagida
verilen esitlik kullanilarak hesaplanmistir. C; ve Cq
sirastyla baglangic ve ¢ikis akimindaki bor iyon
konsantrasyonunu gostermektedir.

2.2. Deney Tasarim

Bu c¢alismada, bor iyon giderimine etki eden
parametreler yapilan 6n deneyler sonucunda akig hizi,
hiicre potansiyeli ve iyon konsantrasyonu olarak
belirlenmistir. En yiliksek adsorpsiyon verimini elde
edebilmek i¢in yanit yiizey metodolojisi ve Box-
Behnken deney tasarim modeli kullanilmistir. Deney
tasarimi ve veri analizleri icin Design Expert 10.0
yazilimi kullanilmustir.  Adsorpsiyon deneyleri igin
merkez noktasi 3 tekrar igeren toplam 15 deney
yapilmigtir. Akis hizi, potansiyel ve konsantrasyon
degiskenleri sirasiyla A, B ve C olarak tanimlanmis ve
calisilan aralik ve diizeyler Tablo 1’de verilmistir.
Degisken degerlerinin istenen araliklari -1 (minimum),
0 (merkez nokta) ve +1 (maksimum) olarak
kodlanmigtir. Box-Behnken deney tasarimina ait deney
algoritmas1 Tablo 2’de verilmistir. Tkinci dereceden
polinomu deneysel verilere uydurmak ve ilgili model
terimlerini belirlemek icin dogrusal olmayan bir
regresyon yontemi kullanilmis ve model denklemin
istatiksel agidan anlamliligi varyans analiziyle
(ANOVA) incelenmistir.

. (Ci—Ct)
%)=L/
Verim(%) ci <100 (1)
. Aktif karbon (%85) N Aseton
Karbon siyah (%10) | s (20ml)
PVDF(%5) | |

Is )
Damlatma yontemi ile
elektrot hazirlama ve
kurutma

2 saat karistirma +

. —p-
1 saat ultrasonikasyon

Sekil 1. Bor iyonlarinin adsorpsiyon i¢in kullanilacak elektrotlarin hazirlanma diyagrami

Giic kaynag Data kaydedici
—————— | b=——————a oooono
| 10V |+ — |:||:||:||:||:|<>-’

T
Mletkenlik
sensorit

@ "

Peristaltik pompa

Cikas tanka

-
...... s =====) Elektrokimyasal
akis hiicresi

Sekil 2. Deney diizenegi
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Tablo 1. Bagimsiz degiskenlerin deneysel araligi ve

diizeyleri
Degiskenler Sembol Aralik ve Diizeyler
-1 0 1
Akis Hizi A 1,0 3 5
Potansiyel B 0,5 1 15
Konsantrasyon C 10 50 90

ITII. SONUCLAR VE TARTISMA

3.1. Box-Behnken Deney Tasarim Sonuclari
Elektrokimyasal ayirma yontemi kullanilarak sulu

cozeltilerden bor iyonu giderim siirecine etki eden akis
hizi, hiicre potansiyeli ve Dbesleme ¢ozeltisi
konsantrasyonu parametrelerin etkisinin incelendigi bu
calismada Box-Behnken deney tasarim yoOntemi
kullanilmis ve farkli kosullarda elde edilen adsorpsiyon
verimi sonuglari Tablo 2’°de verilmistir. Bu ii¢ bagimsiz
degisken ile proses cevabi arasindaki iliski varyans
analizi ile belirlenmis, istatistiksel agidan 6nemi %95
giiven araligiyla F-degeri ile analiz edilmis ve yanit
yiizey ikinci dereceden modeli igin ANOV A sonuglari
Tablo 3’te verilmistir. Kurulan matematik model 31,03
degeri ile %95 giiven aralifinda istatistiksel olarak
anlamlidir. Prob > F degeri yani P degerinin 0,05’ten
kiiciik olmasi faktorlerin 6nemli oldugunu gostermesi
nedeniyle A, C, A? ve B2 modelde etkin ve anlaml
parametrelerdir. Bu parametreler arasinda akis hizi (A)
238 F degeri ile bor iyonlarinin geri kazanilmasinda en
etkili parametredir. Caligilan deney kosullar1 araliginda
hiicreye uygulanan potansiyel ve bu potansiyelin akis
hizi ve konsantrasyon ile etkilesimi adsorpsiyon
verimini 6nemli 6l¢iide etkilememistir. Ayrica, Tablo
3’te verilen tamimlayict istatistikler incelendiginde
kurulan matematiksel modelin korelasyon katsayisi
(R?=0.9824) deneysel verileri agiklayabilmis ve
adsorpsiyon verimi ile bagimsiz degiskenler arasinda
iyi bir korelasyon oldugunu gostermistir. Design
Expert programi yeterli kesinlik (adequate precision)
degerinin 4’ten biiyiik olmasimi Onermektedir. Bu
caligmada, bu degerin 17,386 olmasi nedeniyle modelin
uyumlulugu desteklenmektedir.

Sekil 3a’da her bir deneye artik degerleri veren grafik,
Sekil 3b’de ise sulu c¢ozeltilerden bor iyonlarinin
giderim verimi i¢in artik deger normal olasilik grafigi
verilmistir. Bu grafikler olusturulan matematiksel
modelin  uygunlugunu kontrol etmek amaciyla
¢izilmistir. Artik deger normal olasilik grafiginde
noktalarin bir dogru boyunca dizilmesi artik degerlerin
normal dagilima uydugunu gostermektedir. Bor
adsorpsiyon verimi i¢in bu durum saglanmakta,
noktalar diiz bir dogruyu temsil ettiginden artik
degerler normal dagilima uygunluk gostermektedir.
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Sekil 3. a) Deneme sayisina karsi gelen artik degerler

grafigi ve b) bor iyonlarinin adsorpsiyon verimi i¢in
artik deger normal olasilik grafigi

Sekil 4’te verilen grafikte deneysel olarak elde edilen
adsorpsiyon verimi degerlerine karsilik Onerilen
matematiksel model ile hesaplanmis olan tahmini
degerler goriilmektedir. Tahmin edilen degerlerin
deneysel degerlere yakin olmasi, gelistirilen modelin
elektrokimyasal ayirma yontemi ile bor gideriminin
incelenmesinde etkili oldugunu gostermektedir.
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Sekil 4. Bor iyonlarinin adsorpsiyon verimi i¢in
deneysel ve tahmini degerlerin karsilagtirilmasi
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Tablo 2. Box-Behnken deney tasarimi algoritmast

Dene Gergek Degerler Kodlanmig Degerler Cevap
No y Akis Hizi Adsorpsiyon Verimi
Potansiyel Konsantrasyon A B C (%)
1 3 0,5 10 0 -1 -1 78,6
2 3 1,5 10 0 +1 -1 86,4
3 3 0,5 90 0 -1 +1 86,0
4 3 1,5 90 0 +1 +1 90,1
5 1 0,5 50 -1 -1 0 94,1
6 1 1,5 50 -1 +1 0 91,2
7 5 0,5 50 +1 -1 0 66,7
8 5 1,5 50 +1 +1 0 71,4
9 1 1,0 10 -1 0 -1 90,3
10 1 1,0 90 -1 0 +1 93,1
11 5 1,0 10 +1 0 -1 58,5
12 5 1,0 90 +1 0 +1 66,4
13 3 1,0 50 0 81,3
14 3 1,0 50 0 80,8
15 3 1,0 50 0 81,9
Tablo 3. ANOVA sonuglari
Kareler Kareler P-degeri
Kaynak df F-Degeri
Toplam Ortalamast Prob > F
Model 1638.72 9 182.08 31.03 0.0007
A-Akis Hizi 1396.56 1 1396.56 238.00 < 0.0001
B- Potansiyel 23.46 1 23.46 4.00 0.1020
C-Konsantrasyon 59.40 1 59.40 10.12 0.0245
AB 14.44 1 14.44 2.46 0.1775
AC 6.50 1 6.50 111 0.3407
BC 3.42 1 3.42 0.58 0.4795
A2 69.60 1 69.60 11.86 0.0184
B? 54.97 1 54.97 9.37 0.0281
c? 0.026 1 0.026 4.370E-003 0.9499
Artik 29.34 5 5.87 - -
Uyum Eksikligi 28.73 3 9.58 31.57 0.0309
R? 0.9824
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Sekil 5’te elektrokimyasal ayirma yontemi ile bor
iyonlarinin adsorpsiyon verimini artirabilmek igin
gelistirilen modele ait degiskenlerin  etkilerini
aciklayan pertiirbasyon egrisi verilmistir. Pertiirbasyon
egrisinde 3, 1 ve 50 olarak verilen degerler,
degiskenlere ait en diisiik ve en yiiksek degerlerin
aritmetik ortalamasii ifade etmektedir. Bu degerler,
pertiirbasyon egrisinde 0 noktasina karsilik gelen
degerleri  belirtmektedir.  Pertiirbasyon  egrileri,
gelistirilen modele ait degiskenlerin, cevaplar
tizerindeki sonuglarini daha iyi agiklayabilmek igin
kullanilmaktadir. Sekil 5 incelendiginde akis hizi 3-5
ml/dak araligindayken adsorpsiyon veriminin 6nemli
Ol¢iide azaldig yani artan akis hizinin verime negatif
etkisi oldugu belirlenmistir. 1,0-1,5 V potansiyel ve 10-
50 ppm konsantrasyon degerlerinde ise bor giderim
veriminde artis gézlemlenmistir.

A: AkisHizi =3
B: Potansiyel = 1
C: Konsantrasyon = 50

100 —

90 —H

80

70

60 —

Adsorpsiyon verimi (%)

50

T T T T
-1.000 -0.500 0.000 0.500 1.000

Referans noktasindan sapma

Sekil 5. Bor iyonlarinin adsorpsiyon verimi i¢in
gelistirilen modelin pertiirbasyon egrisi

Sekil 6’da akis hizi-potansiyel, akis hizi-konsantrasyon
ve potansiyel-konsantrasyon parametrelerinin  bor
iyonlarmin adsorpsiyon verimine etkisini gosteren
kontur ve 3 boyutlu yiizey grafikleri gosterilmistir. Ug
faktorli Box-Behnken tasarimma gore en yiiksek
adsorpsiyon verimi i¢in optimum ¢alisma kosullarinin
1 ml/dak akis hizi, 0,5 V potansiyel ve 50 ppm bor
konsantrasyonu oldugu belirlenmis ve en yiiksek
adsorpsiyon verimi %94,1 olarak elde edilmistir.
Calisilan ¢ bagimsiz degiskenin etkileri
kargilastirildiginda, her bir parametrenin borun geri
kazanimina etkisi olsa da akis hizinin en 6nemli etkiye
sahip parametre olarak belirlenmistir. Adsorpsiyon
verimi artan akis hiziyla Onemli Olglide diisiis
gostermektedir. Maksimum bor adsorpsiyon verimi de
en diisiik akis hiz1 olan 1ml/dak hizinda bulunmustur.
Literatiirde aktif karbon kullanilarak bor iyon giderimi
iizerine yapilan ¢alismalar incelendiginde, Kluczka ve
arkadaglar1 [25] tarafindan modifiye edilmis aktif
karbon kullanildiginda maksimum bor giderimi %51,
Halim ve arkadaglar1 [26] tarafindan ise maksimum
adsorpsiyon verimi pH 5,5’te ~%40, Irawan ve
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arkadaglar1 [27] tarafindan ise kimyasal ¢oktiirme
yontemini kullanildiginda 750 ppm  bor
konsantrasyonundaki ¢ozelti i¢in bu deger %87 olarak
belirlenmistir.
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Sekil 6. a) Akis hizi-potansiyel, b) akis hizi-
konsantrasyon ve c) potansiyel-konsantrasyon
parametrelerinin bor iyonlariin adsorpsiyon verimine
etkisini gosteren kontur ve 3 boyutlu yuzey grafikleri

3.2. Karakterizasyon Sonuglari

Box-Behnken deney tasarimi ile belirlenen ve bor
adsorpsiyon veriminin en yiiksek oldugu kosullarda
elektrotlarin  yiizey oOzellikleri taramali elektron
mikroskobu (SEM) kullanilarak belirlenmistir. SEM
analizi elektrot yilzeylerini kaplayan malzemelerin
element tiirleri ve miktarlarinin belirlenmesinin yani
sira yiizey topografyalarinin saptanabilmesine de
olanak saglamaktadir. Sekil 7°de islem gormemis
karbon kagidi, aktif karbon ile kaplanmis karbon kagidi
ve adsorpsiyon sonucunda akig hiicresinin anot
bolmesindeki karbon kagidinin SEM  goriintlleri
verilmistir. Literatlir ile uyumlu olarak [28,29], Toray
karbon kagidinin yiizeyi diizgiin ylizeyli ve homojen
dagilimli fiber yapilarindan olusmaktadir. Karbon
kagidi, aktif karbon ile kaplandiginda yiizey degismis
ve fiber yapilar yerini homojen olmayan gdzenekli bir
yiizeye birakmistir. Bor iyonlarinin adsorpsiyon
isleminden sonra yiizeyde bulunan bosluklar tamamen
kapanmis, homojen yiizeyli diiz bir yiizey elde
edilmistir.
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Sekil 7. a) Toray karbon kagidi, b) aktif karbon ile
kaplanmis ¢alisma elektrodu ve ¢) bor adsorpsiyonu
sonrasinda ¢aligma elektrodunun SEM goéruntileri

V. SONUC

Bu caligmada, stirekli akis kosullarinda
elektrokimyasal ayirma yontemi ile bor gideriminin
Box-Behnken  deney  tasarim  yontemi  ile
optimizasyonu incelenmistir. Bu kapsamda akis hizi,
hiicre voltaji ve bor konsantrasyonunun adsorpsiyon
verimine etkileri aragtirilmistir. Bu degiskenler
arasinda akis hizinin bor adsorpsiyon veriminde en
etkili parametre oldugu belirlenmistir. Maksimum
adsorpsiyon verimi 1 ml/dak akis hizi, 0,5 V potansiyel
ve 50 ppm bor konsantrasyonunda %94,1 olarak
belirlenmistir. Ayrica, optimum c¢alisma kosullarda
elektrotlar SEM analiz yontemiyle karakterize edilmis
ve bor adsorpsiyonu sonrasinda yiizeyin homojen
olarak kaplandigi ve adsorpsiyon oncesi var olan
gozeneklerin kapandigi goriilmiistiir.
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Yapilan ¢alisma sonucunda Box-Behnken deney
tasarim yonteminin siirekli akis kosullarinda bor
iyonlarinin  giderimi  proses  parametrelerinin
optimizasyonunda uygun bir ydntem oldugu
belirlenmistir. Bu ¢aligmadan elde edilen sonuglarin, su
kaynaklarin korunmasi, siirdiiriilebilir sekilde bu
kaynaklarinin  yonetiminin saglanmasi, yenilikgi,
ekonomik ve cevre dostu alternatif proseslerin
gelistirilmesine katki saglayacagi diistiniilmektedir.
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