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Abstract

Population forecasting plays a significant role in determining demography, eco-
nomics, and agriculture policies for developing countries. In this study, we employ
the five different grey prediction models to estimate the population of Tirkiye
up to the year 2050. These models are given as the grey standard (GM (171)),
grey time-varying dynamic (GM (11),), grey Gompertz (GGM), grey Verhulst (GVM),
and grey exponential EXGM (11). The comparison of grey models is evaluated by
mean absolute percentage error (MAPE), regression coefficient (R2), variance ratio
(C), and probability of error (P). As a first application, we use a split for training
(2007-2017) and testing (2018-2022) periods using from 2007 to 2022 address-based
data. The EXGM (1,1) model demonstrates superiority in the analysis of training
dataset. The GGM and GM (1,1), models provide the most suitable results in the
analysis of testing dataset. As a second application, we use the dataset for the
period between 2007 and 2022. The GGM and GM (1,1), were identified as the most
appropriate models for predicting the 2007-2022 period. For the future population
forecasts from 2023 to 2050, the results of the five models are compared with the
projection values of the Turkish Statistical Institute published in 2018. The GGM is
determined to be the most compatible based on the MAPE value of 0.68116 and
the C value of 0.05218, and the Grey Verhulst model is provided with the most
compatible R? value of 0.99818. According to the GGM, the population of Tlrkiye
is projected to reach 105,948,975 up to the year 2050, 106,877,632 based on the GM
(11) t, and 102,591,471 based on the GVM.
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1. Introduction

The term population can be defined as the total number of people residing in a specific area
(continent, country, city, etc.) during a given period (Aksu, 1998; Giizel, 2018). Population is also
a central theme across various scientific disciplines that inherently involve the human element,
such as demography, sociology, psychology, medicine, geography, and economics. Furthermore, the
population plays a crucial role in the existence and sustainability of nations or communities. The
existence of a nation or community is directly related to its population (Coban & ilyas, 2017). As
societies evolve, both the quantity and quality of the population have become increasingly impor-
tant considerations. A population that is self-improving, well-educated, young, and possesses a high
level of welfare represents one of the most fundamental and crucial resources necessary for the
successful completion of a country’s economic development process (Yilmaz & Karadeniz, 2021).

Population projections are a method of estimating the number of people who will live in a specific
area at a future point in time (Stoto, 1983). These projections play a pivotal role in economics, de-
mography, agriculture, sociology, and sustainability policies. In this context, population forecasting
plays a critical role in several fields, including demography, sociology, economics, public policy, and
sustainability. A variety of methods are employed in population forecasting, including statistical
models and machine learning. Some examples of population forecasting methods are extrapolation
techniques which are commonly used by researchers (Ayhan Selcuk, 2014; Rayer et al., 2009; Smith
& Sincich, 1992). Artificial intelligence methods are used to predict the population of countries
(Fendoglu, 2021; Riiman et al., 2019).

Grey prediction models have been applied in various fields such as energy, economics, environment,
agriculture and population. Some examples of studies related to grey prediction models are given in
Table 1. Accordingly, Hsu & Wen (1998) propose a new GM (1,1) model by modifying the standard grey
model (GM (1,1)) model and applying the trans-Pacific air passenger market. The improved model
outperforms the original GM (1,1), the multiple regression and ARIMA models. Wen & Huang (2004)
adopted the Grey Verhulst model to predict the saturation number of the population in Taiwan.
The model's ability to make predictions with limited data sets represents a significant advantage.
Akay & Atak (2007) propose the grey Prediction with Rolling Mechanism (GPRM) model, utilizing it
to predict data from Tiirkiye's industrial sector and total electricity consumption and the proposed
model yields more accurate results than the model of analysis of the energy demand (MAED). Wang
et al. (2007) propose a new grey Verhulst model by utilizing the trapezoidal formula in the whitening
equation and using data on traffic volumes and the new grey Verhulst model possesses distinct
advantages over the traditional grey Verhulst model (GVM). Mostafaei & Kordnoori (2012) propose
a hybrid model, the Markov residual modified grey model (MRGMM), which integrates residual
modification with Markov chains to minimize errors in the grey prediction model and the MRGMM
have more accurate results than the GM (1,1) model. Evans (2014) proposes the generalized grey
Verhulst model which does not exhibit the symmetrical characteristic of the traditional Verhulst
model for analyzing the data of the steal intensity, and the generalized grey Verhulst model provides
greater flexibility for data fitting. Ding et al. (2015) propose a new grey Verhulst model that has been
modified and optimized for modelling the proportion of the non-agriculture population in Shanghai.
As a result, the optimized Verhulst model contributes better prediction and simulation values than
other Verhulst models. Yin et al. (2018) propose two variations of the GM (1,1) model: the EOGM (1,1)
and the LGM (1,1) and conducted case studies along with the traditional GM (1,1). The EOGM (1,1)
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provided more successful outcomes than the other models for analyzing the GDP data of China’s
tertiary industry. Basakin et al. (2019) apply the GM (1,1) and rolling grey prediction models using
water consumption data and these models give satisfactory results when the data is small. Bilgil
(2021) propose a new exponential grey exponential model (EXGM (1,1)) aiming to improve the GM
(1,7) model. The EXGM (1,1) model can be used with better accuracy for predicting COVID-19 or data
inferring an ongoing trend of increasing case numbers. Simsek & Omiirbek (2021) use the GM (1,1)
and linear trend analysis to forecast tourism revenue and expenses for Tiirkiye. The GM (1,1) model
provides more reliable results compared to those obtained from linear trend analysis. Akyliz & Bilgil
(2022) apply the EXGM (1,1) and GM (1,1) to predict the research and development expenditures of
Tiirkiye. The EXGM (1,1) model provides better results than the GM (1,1), which leads to the conclusion
that the EXGM (1,1) model could provide higher prediction accuracy. Cai & Wu (2022) propose a new
grey Gompertz model with new information priority accumulation, NIP-GGM (171), to analyze the
current situation of carbon emissions. Liu et al. (2022) employ the Fractional GM (1,1), FGM (1,1) model
to predict the influencing factors of carbon emissions. The fitting results of the FGM (1,1) model have
a better fitting effect than the GM (1,1) model. Oztiirk et al. (2022) propose the optimized continuous
fractional grey model (OCCFGM (1,1)) for predicting domestic energy consumption, CO2 emissions,
and water consumption. Zhang et al. (2023) propose the fractional-order discrete grey Gompertz
model (FDGGM), and this model is suitable with good performance for predicting the ageing popu-
lation. Ding & Dang (2023) consider novel flexible nonlinear multivariable discrete grey prediction
model (FNDGM) for renewable energy generation prediction. Erdinc et al. (2024) propose a new
exponential fractional grey model (ECFGM (1,1)) for China’s wind energy consumption. Rathnayaka
& Seneviratna (2024) use a hybrid grey exponential smoothing model (HGESM) for predicting aging
population density. The findings of the literature review indicate that grey prediction models are a
viable approach for addressing diverse real-world scenarios with limited data sets. Therefore, the
models can also enhance the precision of population forecasting.

Table 1. Grey prediction models

Authors
Hsu & Wen (1998)

Methods

GM (1,1), modified standard GM
(1,1), multiple regression, ARIMA

Content

Trans-pacific air passenger market

Wen & Huang (2004)
Akay & Atak (2007)

Population saturation numbers Grey Verhulst

Electricity consumption GPRM, MAED

Traffic volumes

Wang et al. (2007)
Mostafaei & Kordnoori (2012)
Evans (2014)

Ding et al. (2015)
Yin et al. (2018)

Basakin et al. (2019)

Bilgil (2021)

Simsek & Omiirbek (2021)
Akyiiz & Bilgil (2022)

Iran’s total energy consumption

Steal intensity of use

Non-agriculture population

Domestic tertiary industry GDP
index

Water consumption
Covid-19 deaths of Tiirkiye
Tourism revenue and expenses

Research and development
expenditures

Grey Verhulst, a new grey Verhulst
MRGMM, GM (1,1)

Generalized grey Verhulst, grey
Verhulst

Modified grey Verhulst
GM (1,1), EOGM (1,1), LGM (1,1)

GM (1,1), rolling GM (1,1)

EXGM (1,1), GM (1,1)

GM (1,1), linear trend analysis
EXGM (1,1), GM (1,1)
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Authors Content Methods

Cai & Wu (2022) Carbon emission NIP-GGM (1,1)

Liu et al. (2022) Carbon peak FGM (1,1), GM (1,1)
Oztiirk et al. (2022) Domestic energy consumption, OCCFGM

CO2 emissions, water
consumption

Zhang et al. (2023) Population aging FDGGM

Ding & Dang (2023) Renewable energy generation FNDGM
prediction

Erdinc et al. (2024) China’s consumption of wind ECFGM (1,1)
energy

Rathnayaka & Seneviratna (2024) Aging population density HGESM

The contribution of this study examines the population forecasting of Tiirkiye using the grey predic-
tion models and provides an opportunity to evaluate the results with multiple options. For this aim,
we use the data portal of the Turkish Statistical Institute (TurkStat). The dataset is collected from the
TurkStat based on the address-based population registration system. This dataset covers the period
between 2007 and 2022. The analysis is conducted using the five different grey prediction models,
which are known for their effectiveness in forecasting with limited data and two applications using
data partitions.

The rest of this paper is organized as follows. In Section 2, the standard GM (1,1), grey time-varying
dynamic model (GM (1,1),), GGM, GVM, and EXGM (1,1) are explained, and the comparison criteria are
given. Section 3 provides two applications using data partitions for the grey models and presents
the model comparison. Section 4 includes some concluding remarks.

2. Grey System Theory

Grey system theory (GST) was initially proposed by Prof. Dr. Deng Ju Long in 1982 (Deng, 1982;
1989). GST has widespread applications including healthcare service quality (Aydemir & Sahin, 2019),
electricity consumption (Liu et al., 2020), and sustainable development (Javanmardi et al., 2023) for
analysis and forecasting. In the system, information that is fully known is referred to as “White,”
information about which nothing is known is called “Black,” and information that is partially known
is termed “Grey” (Aydemir et al., 2013; Liu & Lin, 2006; Xiao et al., 2008). The name derives from the
characterization of data in these colors. The fundamental principle of the grey model is based on
the greying of black data with the help of white data (Basakin et al., 2019). The main objective of grey
theory is to reduce randomness and bring characteristic analysis to systems that appear complex
and random.

2.1. Grey Standard Model (GM (1,1))

GM (1,1) is a widely used model among grey models (Zhang et al., 2009). GM (1,1) is particularly suitable
for time series that show specific exponential growth trends (Liu et al., 2017). The model is effective
in cases where we can obtain data in time series and create restricted datasets. It predicts future
values based on past or present data. Some applications of different areas of the GM (1,1) are given
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as Wen & Huang (2004), Eren & Kactioglu (2017), Kiiciikerdem Oztiirk & Saplioglu (2023) and Zhang
et al. (2023).

The steps of the GM (1,1) model are as follows (Liu & Lin, 2006):

Step 1. Identify the data set (raw data set) to be used by the prediction model
X0 = (z0(1),29(2),...,29(n)), n>4. (1)

Step 2. Apply the accumulation generation operation (AGO) on the X(© data set to obtain the X1
data set.

XM = (zM(1),2M(2), ...,z (n)) and

k (2)
=W (k) = Zz(o)(i), k=12, ..,n.
i=1
Step 3. Generate the Z(1) data set
zZW = (z(l)(l),z(l)(Q), ...,z(l)(n)) (3)
using the following quantity
2V (k) = (=W (k) + zW(k—1)
2 (k) =z (k)
Step 4. Create the Y and B matrices.
z(0)(2) —M(2) 1
y=|2® ) g |1 4)
z(0)(n) —2M(n) 1
Step 5. Determine the values of a and b,
[a,b)” = (BTB) 'BTY (5)

Step 6. The GM (1,1) whitening equation can be constructed using a first-order linear differential
equation, which is provided below

dzM (¢
dai(t) |

7 azM(t) =b (6)

Eq. 6 is solved to obtain the values of (V) (k).

Step 7. Obtain the cumulative forecast values.

V(k+1) = <x<0>(l) - Z) ek 4 — (7)
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Step 8.0btain the predicted values
2Ok +1) =20 (k4 1) — 20 (k)
Ok +1) = <z<0>(1) - S)wk(l —e%) (8)
#0(1) = 29(1)
2.2. Grey Time-Varying Dynamic Model (GM (1,1),)

The GM (1,1), was designed by Wang Z.L. as a type of time-varying model, proposed in 2002 and
previously discussed in his 1998 thesis, (cited by Wang et al. (2008), (Wang, 1998; 2002)).

The steps of the model are as follows (Wang et al., 2008):

Step 1. Identify the raw data set, which must consist of at least four data points.
X0 = (29(1),29(2),...,2%(n)), n>4 (9)
Step 2. Apply the AGO to the raw data set X(©),
XU = (z20(1),2M(2), ..., M (n)) (10)
Step 3. Generate the Z(V) data set,
ZW = (21(1),20(2), ..., 2V (n)) (11)

Here:
2V (k) = 2z (k) + 2 (k — 1))

2N (k) = W (k)

Step 4. Create the y,, and B matrices

z(0)(2) —2M(2) 2—05 1
0 _ (1 _
Y, = z(0)(3) B= z<.)(3) 3 .0.5 1 (12)
z(0)(n) —2W0(n) n—05 1
Step 5. Determine the values of @, b and ¢,
[a,b,c]” = (BTB) 'BTy, (13)
Step 6. The whitening equation for the GM (1,1) ; model is given as follows
(1)
dflt +azV) = bt + ¢ (14)

Step 7. Obtain the cumulative predicted values by the whitening equation:
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b b b b
POk +1) = 2(k+1) - — 4 (w<°>(1)——+ 2“)50’“, k=1,2,..,n—1
a a

a a (15)
#M(1) = 20(1)

Step 8. Obtain the prediction values:
2OE+1) =20 (k+1)—20(k)
2Ok +1) = g +emak(1 — ea) <x<0>(1) - g +2 ;2‘“3), k=1,2,...n—1 (16)

#0(1) = 29 (1)

2.3. Grey Gompertz Model (GGM)

The GGM is developed based on Gompertz's law. The Gompertz function was first introduced by
Benjamin Gompertz (Gompertz, 1825). The GGM is highly compatible with the GM (1,1); model. The
GGM can be developed using the GM (1,1)..

The steps of the GGM are provided below (Wang et al., 2008).

Step 1. Identify a raw data set X(© consisting of at least four data points.

X0 = (209(1),29(2),...,29(n)), n >4,and

(17)
XOk) >0, k=1,2,....,n.
Step 2. Apply a logarithmic operation on the data set X(© to obtain the data set y(©,
y© = (y9(1),49(2), ...y (n)) (18)
Here:
y (i) =In(zV()), i=1,2,..,n (19)
Step 3. Apply the AGO on the data set 3% (i) to obtain the data set XV
XM = (z(l)(l),x(l)(Z), ...,x<1>(n)) (20)
Here:
(k) =3 v O6), k=1,2,...,n
Step 4. Utilize the data set X(!) to derive the data set Z(!)
ARES (z(l)(l),z<1>(2), ...,z<1>(n)) (21)
Here:
2V (k) = 3(zM (k) + 2 (k — 1))

2N (k) = W (k)
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Step 5. Create the y,, and B matrices,

y0)(2) —2W(2) 205 1
(0) _ (1) _
y= |Y (3) B- z:(3) 3 :0.5 1 (22)
y©(n) —2W(n) n—05 1
Step 6. Determine the values of a, b and ¢
la,b,¢]” = (BTB) ' BTy, (23)
Step 7.0btain the prediction values
$O(k+1) = exp(é + (y(o)(l) _? + b 72(16) (1—- ea)e’ak) , k=1,2,..,n—1
a a a (24)

#0(1) = 2©(1)

2.4. Grey Verhulst Model (GVM)

The Verhulst equation was proposed by the Belgian mathematician Pierre-Francois Verhulst through
three articles published in French (Verhulst, 1838; 1845; 1847). In his 1845 article, Verhulst named the
curve described by the function as “Logistic” (Verhulst, 1845). Verhulst countered the Malthusian
view by suggesting that population growth would not continue exponentially; rather, the rate of
increase would eventually slow down and approach zero, by introducing a limiting factor to the
exponential growth model (iskender, 2018). The primary goal of the Verhulst model is to cap all
development for the system. It is an effective model for describing processes that have a saturation
zone, characterized by a sigmoid “S” curve (Kayacan et al., 2010). The Verhulst model is useful for
processes that start with slow growth, accelerate, and then slow down to a saturated state where
growth stops (Wang et al., 2007).

The steps of the GVM are given as follows (Ding et al., 2015; Duan & Luo, 2020; Liu et al., 2017).

Step 1. Identify the raw data set X(%) consisting of at least four data points.

X0 = (:L'(O)(l),as(o)(Q), ...,z(o)(n)), n > 4 and
(25)
XO(k) >0, k=1,2,...,n

Step 2. Apply the Inverse Accumulated Generating Operation (IAGO) on the X(% data set to obtain
the X sequence,

XO = (39(1),79(2),...,5°(n)) (26)

Here:
2Ok =20%k) —2O(k—-1), k=1,2,....,n—1
#0(1) = 2 (1)

Step 3. Apply the AGO on the X(® data set to obtain the X(!) data set,

12 (3), 227-248 234




Forecasting the Population of Tiirkiye Using Grey Models

XM = (zM(1),20(2),...,20 (n))

Here:
- ko ~(0)/s
(k) = i1 #00), k=1,2,..,n

Step 4. Obtain the Z(Y) data set,

Z) — (z(l)(1)7z(1>(2), ...,z(l)(n))

Here:
(k) = 32V (k) + 2V (k—1))

Z0(1) = z(1)

Step 5. Create the B and Y matrices,

—2(2) (=21 (2))? #0(2)
B |—2VB) (H0E)| y - |306)
) (0@ [

Step 6. Determine the values of a and b,
[a,b]T = (BTB) 'BTY
Step 7. The linear differential equation for the GVM is provided below,

dz()
dt

Step 8. Obtain the prediction values.

azM(1) L
b0(1) + (a — bz D (1))eak’ "

(1) = 20 (1)

W (k+1) =

2.5. Grey Exponential Model (EXGM (1,1))

Ertilav & Kilig, 2024

(27)

(29)

The EXGM (1,1) model was proposed by Bilgil (2021) as a new model based on exponential charac-
teristics to extend the GM (1,1) and EOGM (1,1) models previously suggested by Yin et al. (2018). In
the standard GM (1,1) model, the “b" parameter is typically considered a constant, which results
in low sensitivity and an increasing error margin over time (Yin et al., 2018). Additionally, the GM
(1,7) is suitable for systems exhibiting semi-exponential growth (Ding et al., 2015). In the EXGM (1,1)
model, a decaying term (e-t) is added to the differential equation to slow down the growth trajectory
(Akyuz, 2022; Bilgil, 2021). The grey effect of the EXGM (1,1) is considered both as a constant and as

an exponential function of time (Bilgil, 2021).

The steps of EXGM (1,1) are as follows (Bilgil, 2021):
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Step 1. Identify the raw data set X(©

X0 = (z0(1),20(2), ...,w(o)(n)), n >4 and
0,

(33)
XO(k) >0, k=12 ..n
Step 2. Apply the AGO on the X(%) data set to obtain the XV data set,
XU = (z20(1),2M(2), ..., zV(k)) (34)
Here:
(k) =YF  203), k=1,2,..,n
Step 3. Obtain the Z(V) dataset,
ZW = (21(1),20(2), ..., 2V (n)) (35)
Here:
2V (k) = 2(zM (k) + 2 (k — 1))
2 (k) = =D (k)
Step 4. Create the B and Y matrices,
—2M(2) 1 (e—1)e 2 z(0(2)
_ P : _ 203)
B= —zM(3) 1 (e—1)e3 Y = : (36)
—2M(n) 1 (e—1)e™ 20 (n)
Step 5. Determine the values of @, b and ¢,
[a,b,c]T = (BTB) 'BTY (37)

Step 6. The linear differential equation for the EXGM (1,1) whitening equation is presented below

dxM(t)

o7 +azM(t) = b4 cet (38)

Step 7. Obtain the cumulative prediction values, the series 2V (k):
XU = (20(1),2M(2), ...,V (k)) (39)

Here:

i'(l)(k) — (Z'(O)(].) _ b clefl)ea(lfk) 4 g 4 < efk

a a— a—1

Step 8. Obtain the prediction values
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(40)

2.6. Evaluation criteria

The comparison of the grey prediction models is performed using absolute percentage error (APE),
mean absolute percentage error (MAPE), R, variance ratio (C) and probability of error (P) criteria.
The formulas of APE and MAPE criteria are as follows:

2O (k) — 20 (k)
APE(k) = 100 - —om | k=1,2,...n, (41)
MAPE = > APE(k)
k=1
(42)
B 7@ 20 (k) — 20 (k)
n & 2O (k)

The accuracy assessment based on the obtained the MAPE values is provided in Table 2.

Table 2. Accuracy Assessment of MAPE Values

Accuracy Assessment MAPE Value

Minimum  Maximum

High 0% 10%

Good 10% 20%

Acceptable 20% 50%
Unacceptable >50%

Source: Lewis (1982)

R? formula used in the study is provided below

o (@) —T(k) - (2(k ;? 2) )

Y (k) —T(R)2 - (2(k) — E(k) )2

where T represents the average of the original values (raw values), and Z denotes the average of the
estimated values. R? is used to evaluate the effect size based on Hopkins (2002) in Table 3.
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Table 3. Accuracy Assessment of R? Values

Accuracy Assessment R? Value

Minimum  Maximum

Perfect 1
Nearly Perfect 0.9 1
Very Large 0.7 0.9
Large 0.5 0.7
Moderate 0.3 0.5
Small 01 0.3
Trivial 0.0 01

To assess the error rates of the models, another criterion is considered as C and P. The steps for
these values are provided below (Wang et al., 2020):

s
C= S—j (44)
P ={|a0(k) - A"| <0.67455, } (45)

where S, represents the standard deviation of the raw data (original series), S, represents the
standard deviation of the absolute error series (|z°(k) — 2 (k)|), A (k) represents the absolute
error series and A(®) represents the mean value of the absolute error series (Wang et al., 2020). The
accuracy assessment for the C and P values is presented in Table 4.

Table 4. Accuracy Assessment of C and P Values

Accuracy Assessment CValue P Value

Minimum Maximum Minimum Maximum

Good 0.00 0.35 0.95 1.00

Pass 0.35 0.50 0.80 0.95
Unconvincing Pass 0.50 0.65 0.70 0.80
Fail > 0.65 0.00 0.70

Source: Wang et al. (2020)

3. Applications

In this study, the data portal for statistics obtained from TurkStat has been used to estimate the
population of Tiirkiye up to the year 2050. To forecast the population of Tiirkiye, the five different
grey prediction models are selected, and the methodologies employed for each grey model have
been detailed.

The first general population census utilizing an address-based population registration system was
conducted in 2007. From this year onwards, the “de jure” method was employed in censuses. This
method entails the enumeration of the population based on the residential addresses of citizens.
An examination of Tiirkiye's fertility and mortality rates reveals a continuous downward trend which
has resulted in the country entering a new demographic regime since the 2000s (Kose & Sertkaya

12 (3), 227-248 238




Forecasting the Population of Tiirkiye Using Grey Models Ertilav & Kilig, 2024

Dogan, 2022). Currently, Tlirkiye is in the fourth phase, which started post-2000 and is characterized
by low birth and death rates (Yiicesahin, 2009). Therefore, this study does not examine population
forecasting using data from the 1935-1940 period. Similarly, Wen & Huang (2004) utilized data
spanning from 1946 to 2002 in their study to determine Taiwan’s saturation population. However,
they only utilized data from 1996 onwards because the population had reached saturation by that
year. Therefore, we use the data set covering the years 2007-2022, obtained from the address-based
population registration system, due to the natural flow of life, fluctuations are likely to occur within
these intervals. The absence of these details is believed to result in a lack of information and an
increase in the margin of error in any research conducted using this data. To develop a future
projection using grey prediction models, the raw data groups (X(?) that have been collected at
fixed periodic intervals, typically from time series, are given in Table 5.

Table 5. The official general population census results obtained from TurkStat

Year Population
2007 70,586,256
2008 71,517,100

2009 72,561,312

2010 73,722,988
2011 74,724,269
2012 75,627,384
2013 76,667,864
2014 77,695,904
2015 78,741,053

2016 79,814,871

2017 80,810,525
2018 82,003,882
2019 83,154,997
2020 83,614,362
2021 84,680,273
2022 85,279,553

Source: Population Statistics Portal, 2023

We consider two applications for analyzing the population dataset. In the first application, we divide
the dataset into two parts. The first part is the training dataset (2007-2017) for model identification,
and the second part is the testing dataset (2018-2022) for the accuracy of the prediction results. In
the second application, we use the original dataset (2007-2022) and then predict the period between
2023 and 2050.

3.1. First Application

The first application is based on training (2007-2017) and testing (2018-2022) datasets. The compar-
ison results of the five models based on MAPE, R?, C, and P values for training and testing data sets
are presented in Table 6.
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Table 6. Evaluation of the results from five grey prediction models based on training and testing
data sets and a comparison with TurkStat projection

Year  Population GM (1,1) GM (1,1) GGM GVM EXGM(1,1)

2007 70,586,256 70,586,256 70,586,256 70,586,256 70,586,256 70,586,256

2008 71,517100  71,650,775.32  71,558,138.22  71,557,485.07  71,595,732.58  71,497,031.38

2009 72,561,312  72,622,847.08 72,590,939.83 72,590,895.69 72,608,874.98 72,634,903.53

2010 73,722,988  73,608]106.75 73,622,296.47 73,623]159.35  73,625,394.37  73,668,559.34

2011 74,724,269  74,606,733.24  74,652,21017  74,654,054.00 74,644,997.95  74,672,040.83

2012 75,627,384 75,618,907.89  75,680,682.94 75,683,361.89 75,667,389.26  75,672,694.95

2013 76,667,864  76,644,814.52  76,707,716.81 76,710,869.60 76,692,268.52 76,680,691.88
. 2014 77,695,904  77,684,639.41  77,733,313.78 71,736,368.14  77,719,332.97 77,699,884.32

Ve 2015 78,741,053 78,738,571.41  78,757,475.86  78,759,652.95 78,748,277.25  78,731,802.35

2016 79,814,871 79,806,801.88 79,780,205.07 79,780,524.01  79,778,793.72  79,777,123.12

2017 80,810,525 80,889,524.83 80,801,503.41 80,798,785.84 80,810,572.86 80,836,211.50

Evaluation Criteria

MAPE 0.06833 0.052481 0.053635 0.053026 0.040527

R2 0.999518 0.999781 0.999778 0.999759 0.999862

C 0.015342 0.008394 0.00819 0.009848 0.007024

P 1 1 1 1 1

Rank 5 2 3 4 1

Year  TurkStat GM(1,1) GM (1,1) GGM GVM EXGM(1,1)

2018 81,867,223  81,986,936.86 81,821,372.88  81,814,24751  81,843,303.61 81,909,319.03

2019 82,886,421 83,099,237.27 82,839,815.47 82,826,722.76 82,876,673.78  82,996,657.12

2020 83,900,373  84,226,628.03 83,856,83319 83,836,029.91 83,910,370.37  84,098,423.99

2021 84,908,658 85,369,313.87 84,872,428.03 84,841,991.95 84,944,080.02 85,214,814.59
. 2022 85,911,035 86,527,502.31 85,886,601.98 85,844,436.56 85,977,489.34 86,346,024.32

e Evaluation Criteria

MAPE 0.368376 0.619406 0.366066 0.3489 0.402896 0.553292

R2 0.984767 0.98357 0.984531 0.984642 0.984442 0.98359

C 0.14657 0.395311 0136213 0.127769 0161044 0.300461

P 1 1 1 1 1 1

Rank 3 6 2 1 4 5

Accordingly, the EXGM (1,1) model consistently gives the best accurate results based on all evaluation

criteria for the years between 2007 and 2017. For testing performance, grey prediction models are
compared with the forecast values published by TurkStat on February 21, 2018 (TUIK, 2018). The GGM
model offers the best results for MAPE with a value of 0.348900 and for C with a value of 0.127769 for
the years between 2018 and 2022. The second-best result yields GM (1,1), model. The results of the
GGM and GM (1,1); have more accurate than from the projection of TurkStat based on the MAPE, C,
and P values. The TurkStat forecasts provide the best result based on the R? criterion. We also note

that the GM (1,1) model indicates a pass value, and other grey models indicate good values based
on the C criterion. Finally, these findings show that the GGM and GM (1,1); models can provide more

accurate forecast values in future simulations.
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3.2. Second Application

The second application is based on the original dataset (2007-2022), and the parameters of the grey
model are obtained from the period between 2007 and 2022. Then, the results of forecasting from
the period between 2023 and 2050 are compared with the projection of TurkStat. Table 7 provides
the prediction results obtained from the years 2007-2022 using the five grey models, and the values
of the APE, MAPE, R?, C, and P. Accordingly, the GGM yields the best results with a MAPE value of
012788 and an R2 value of 0.99898. The GM (1,1) . model produces the best outcome based on the C
value with 0.02286. The GVM ranks third best based on the MAPE, R?, and C values. Regarding the P
value, all models are equal to 1. Based on these results, the GGM, GM (1,1) ;, and the GVM are more
successful than other models, respectively. These findings denote an unexpected declining trend
in Tiirkiye's population growth and suggest that more precise forecasts for the distant future can
be achieved using the GVYM model, which exhibits characteristics of a logistic curve. We also note
that the performance superiority of the models may also change in response to alterations in the
data set.

Table 7. Evaluation of forecast results and criteria for five grey models using 2007-2022 data

GM(1,1) GM (1,1); GGM GVM EXGM(1,1)
X© APE XO APE X© APE X© APE X0 APE

Year

2007 70,586,256 0  70,586256 0  70,586256 0 70,586,256 0  70,586256 0

2008 71,872,313 0.49668 71,455,449.9 0.0862 71,474,847 0.05908 71,663,908.38 0.20528 71,424,054 01301
2009 72,795,330 0.32251 72,552,900.5 0.01159 72,561,178 0.00019 72,730,105.57 0.23262 72,752,320 0.26324
2010 73,730,201 0.00978 73,635,639.4 011848 73,636,013 011798 73,784,164.69 0.08298 73,823,457 013628
2011 74,677,077 0.06316 74,703,8641 0.0273 74,699,075 0.03372 74,825,43812 013539 74,807,303 011112
2012 7563614 0.01154 75757769 01724 75750109 016228 75,853,314.66 0.29874 75,766,428 018385
2013 76,607,467 0.07878 76,797,546 06915 76,788,881 015785 76,867,220.5 0.26003 76,723,944 0.07315
2014 77,591,295 013464 77,823,3847 016408 77,815175 015351 77,866,620.05 0.21972 77,688,445 0.0096
2015 78587757 019468 78,835471.8 011991 78,828,799 011144 78,851,016.5 013965 78,663,190 0.09889
2016 79,597,017 0.27295 79,833,991.7 0.02396 79,829,577 0.01843 79,819,95216 0.00637 79,649,473 0.20723
2017 80,619,238 0.23671 80,819,126.2 0.01064 80,817,355 0.00845 80,773,008.71 0.04643 80,647,868 0.20128
2018 81654586 0.42595 81,791,054.8 0.25953 81,791,996 0.25839 81,709,80715 0.35861 81658683 0.42095
2019 82,703,232 0.54328 82,749,954.5 0.48709 82,753,379 0.48298 82,630,007.64 0.63134 82,682,133 0.56865
2020 83,765,344 018057 83,696,000 0.09764 83,701,403 01041 83,533,309.12 0.09694 83,718,398 0.12442
2021 84,841,096 018992 84,629,363.5 0.06012 84,635,980 0.05231 84,419,448.85 0.30801 84,767,646 010318
2022 85,930,664 0.7635 85,550,215.2 0.31738 85,557,041.03 0.32539 85,288,201.70 0.01014 85,830,042 0.64551

Evaluation Criteria

MAPE 0.24529 0.13284 0.12788 0.18952 0.20484
R2 0.99681 0.99895 0.99898 0.99884 0.99766
C 0.0375 0.02286 0.0231 0.02822 0.0329
P 1 1 1 1 1

Rank 5 2 1 3 4

The forecasting values of the five grey models are compared to the report values of population
projection published by TurkStat on 21 February 2018 (TUIK, 2018). The forecast values for the
period up to the year 2050 based on TurkStat's main scenario are illustrated in Table 8. Accordingly,

12 (3), 227-248 241



Forecasting the Population of Tiirkiye Using Grey Models Ertilav & Kilig, 2024

Tirkiye's total population is projected to be 104,749,423 by 2050 based on TurkStat reports. The
forecast results of the five different grey models up to the year 2050 are given as 105,948,975 for
GGM, 106,877,632 for GM (1,1),, 102,591,571 for GVM, 121,645,734 for EXGM (1,1) and 122,834,753 for GM(1,1).
Figure 1 shows the forecast values of all models and the GGM, GM (1,1) t, GVM and the projection
values of TurkStat have similar results.

Table 8. Forecast values of the five Grey Models and the TurkStat Main Scenario up to the year 2050

Year TurkStat GGM GM (11) GVM EXGM (11)  GM (11)
2023 86,907,367 86,464,530 86,458,723 86139379 86,905,753 87,034,224
2024 87885571 87,358,407 87,355,051  86,972830 87,994,945 88,151,957
2025 88,844,934 88,238,643 88,239,365 87788435 89,097,788 89,284,045
2026 89,784,584 89,105,227  89]11,823 88586111 90,214,453 90,430,671
2027 90,703,600  89,958156 89,972,587  89,365808  91,345114 91,592,022
2028 91,601,117 90,797,441 90,821,811 9027505 92,489,944 92,768,288
2029 92,476,323  91,623105 91,659,652  90,871211  93,649]124 93,959,661
2030 93,328,574  92,435181 92,486,261 91596967 94,822,831  95166,333
2031 94153,776 93,233,714 93,301,790  92,304836 96,011,248 96,388,502
2032 94951512 94,018,755  9406,386  92,994911 97214559 97,626,367
2033 95721347 94,790,369 94,900,796  93,667306 98,432,952 98,880,129
2034 96,463,090 95548626 95,683,365 94322159 99,666,615  10,014,9992
2035 97176,768 96,293,607 96,456,036  94,959628 100,915,740 101,436,164
2036 97,862,549 97,025,397 97218348 95579893 102,180,519 102,738,853
2037 98,520,720 97,744,093 97,970,442 96183149 103,461,151 104,058,272
2038 99,151,467 98,449,795 98,712,454  96,769610 104,757,832 105,394,635
2039 99,754,923  99142,611 99444519 97339504 106,070,765 106,748,161
2040 100,331,233 99,822,655 100,166,771 97,893,073 107,400,153 108,119,069
2041 100,882,665 100,490,045 100,879,340 98,430,571 108,746,202 109,507,583
2042 101,409,507 101,144,905 101,582,358 98,952,265 110,109,121 110,913,929
2043 101,911,980 101,787,365 102,275,951 99,458,430 111,489,122 112,338,335
2044 102,390,159 102,417,557 102,960,247 99,949,351 112,886,418 113,781,035
2045 102,843,989 103,035,618 103,635,369 100,425319 114,301,227 115,242,263
2046 103,273,571 103,641,688 104,301,442 100,886,632 115,733,767 116,722,256
2047 103,679,038 104,235,911 104,958,585 101,333,594 117184262 118,221,256
2048 104,060,257 104,818,433 105,606,920 101,766,514 118,652,936 119,739,507
2049 104,417,089 105,389,404 106,246,563 102,185,701  12040,016 121,277,256
2050 104,749,423 105,948,975 106,877,632 102,591,471 121,645,734 122,834,753
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Figure 1. The plot of all forecast values of the models and TurkStat main scenario

In Table 9, the most compatible APE values are provided by the EXGM (1,1) model for the years
2023-2027, the GM (1,1)  model for the years 2028-2042, and the Grey Gompertz model for the years
2043-2050. In the evaluation of the forecast values for the years 2023-2050 based on the TurkStat
main scenario, the GGM provides the most accurate results based MAPE and C values. The GM (1,1)
« model provides the second best according to these criteria. GVM shows the highest compatibility,
with the GGM following closely based on R2 The EXGM (1,1) and the GM (1,1) models yield the C values
of 0.96091 and 1.01902 respectively. These values significantly exceed the upper acceptable limit of
0.65. The EXGM (1,1) and the GM (1,1) models report 0.39286 and 0.35714 of the P values which are
below the lower limit of 0.7. The other three models have C values below 0.1 and P values are equal
to 1. From these results, the GGM is found to be more consistent with the main scenario forecast
values published by TurkStat in 2018.

Table 9. Evaluation Criteria for Grey with Projection Values of TurkStat

Year GGM GM(11), GVM  EXGM (1) GM (1,)
APE APE APE APE APE
2023 050955 0.51623 0.88369 0.00186 014597
2024 059983 0.60365 1.03856 012445  0.30311
2025 0.68241 0.6816 118915  0.2846  0.49424
2026 075665 074931 133483  0.47878  0.7196
2027 0.82185 0.80594 147491 070726  0.97948
2028 0.87736  0.85076 1.60873  0.97032  1.27419
2029 0.92263 0.88311 17357 126822  1.60402
2030 0.95726 0.90252 1.85539  1.60107  1.96913
2031 0.97719 0.90489 1.96374  1.97281  2.37349
2032 0.98235 0.89006 2.06063 238337  2.81707
2033 0.97259 0.85786 214585  2.83281  3.29998
2034 0.94799 0.80831 221943  3.32099  3.82209
2035 090882 074167 228155  3.8476 438314
2036 0.85544 0.65827 2.33251 441228  4.98281
2037 078829 055854 237267  5.01461  5.6207
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Year GGM GM(11). GVM  EXGM (1) GM (1,)
APE APE APE APE APE
2038 070768  0.44277 2.40224 565434  6.2966
2039 0.61382 031117 2.42135 633136  7.01042
2040 050690 016392 2.43011  7.04558  7.76213
2041 038918  0.0033  2.43064 779474  8.54945
2042 026092 017045 2.42309  8.5787  9.37232
2043 012228 035714 240752 939746  10.23075
2044  0.02676 0.55678 2.38383  10.25124 1112497
2045 018633 07695 235179 1114041  12.05542
2046 035645 0.99529 231128  12.06523  13.02239
2047 053711 123414 226222  13.02599  14.02619
2048 072859 148631 220424 140233  15.06747
2049 093118 175208 2137  15.05781 1614694
2050 114516  2.03171 2.06011 1613022  17.26533

Evaluation Criteria
MAPE 0.68116  0.77455  2.02581 5.91848 6.52569
R2 0.99415 0.99143  0.99818 0.96577 0.96537
C 0.05218 0.08596 0.09529 0.96091 1.01902
P 1 1 1 0.39286 0.35714
Rank 1 2 3 4 5

Figure 2 shows the box plot of the error sequence (z°(k) — :ﬁ(")(k)) based on the projection values
of the main TurkStat scenario for the years 2023-2050. It is observed that the GGM model presents
better conformity in the evaluation of residuals compared to other grey models.
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Figure 2. Box Plot of Error Series for Grey Models based on TurkStat Main Scenario

4. Conclusion

The employment of models for population forecasting provides the creation of population projec-
tions, which are critical for countries in formulating demographic, economic, and investment
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policies. The use of population projections allows for the informed decision-making process regard-
ing public expenditure in areas such as education, health, infrastructure, and transportation, as it
provides insight into the demographic characteristics of future societies. Consequently, countries
can implement planned programs based on demographic characteristics, appropriately allocate
resources to enhance the welfare of their societies and adopt measures in advance to address
potential demographic challenges. This study presents alternative models for forecasting the pop-
ulation of Tiirkiye up to the year 2050. The GGM and GM (1,1) ; demonstrate superior performance
compared to the primary scenario forecasts of TurkStat for the testing data set period from 2018 to
2022 as the first application. The GGM, GM (1,1) , and GVM demonstrate superior performance to the
other models by the evaluation criteria as the second application. The results indicate that Tiirkiye's
population growth has unexpectedly declined, suggesting that the GYM model may exhibit superior
performance compared to other models in the long term. Furthermore, this situation is consistent
with the fourth and fifth stages of the demographic transition process. However, this study has
several limitations. Primarily, it focuses only on the total population of Tiirkiye, without conducting
more specific analyses such as gender, age, regions, or provinces. Therefore, grey prediction models
with different variables can contribute to future research.

Declarations

Conflict of interest The authors have no competing interests to declare that are relevant to the content of this article.

Open Access This article is licensed under a Creative Commons Attribution-NonCommercial 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original
author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. You may not use the material
for commercial purposes. The images or other third party material in this article are included in the article’s Creative Commons licence,
unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this licence, visit https://creativecommons.org/licenses/by-nc/4.0/.

References
Akay, D., & Atak, M. (2007). Grey prediction with rolling Demirel Universitesi iktisadi Ve idari Bilimler Fakiiltesi
mechanism for electricity demand forecasting of Dergisi, 18(3), 187-200.

Turkey. Energy, 32(9), 1670-1675. https:/ /doi.org/10.1016/

[ energy.200611.014 Ayhan Selcuk, i. (2014). Extrapolation Population Projection

Method as Being a Tool for the Bias of Short-term Needs

Aksu, L. (1998). Diinya'da ve Tiirkiye'de Niifus Analizleri. of Urban Social and Technical Infrastructure: the Case
Istanbul Journal of Sociological Studies, 25, 219-311. of Kutahya. International Refereed Journal of Design
and Architecture, 1(2), 98. https://doi.org/1017365/ TMD.

Akyuz, L. (2022). Zaman Serilerinin Tahmini icin Gri Mod-

201429190

elleme Metodu.

Basakin, E. E., Ozger, M., & Unal, N. E. (2019). Gri Tahmin
Yontemi ile istanbul Su Tiiketiminin Modellenmesi. Po-
liteknik Dergisi, 22(3), 755-761. https:/ /doi.org/10.2339/

politeknik.422727

Akyiiz, L., & Bilgil, H. (2022). GM (1,1) ve EXGM (1,1) Tahmin
Modellerinin Tiirkiye'nin Ar-Ge Harcamalarina Uygulan-
masi. Aksaray University Journal of Science and Engi-
neering, 6(2), 95-106. https://doi.org/10.29002/asujse.
1087288 Bilgil, H. (2021). New grey forecasting model with its appli-

cation and computer code. AIMS Mathematics, 6(2),

Aydemir, E., & Sahin, Y. (2019). Evaluation of healthcare .
1497-1514. https:/ /doi.org/10.3934/math.2021091

service quality factors using grey relational analysis in

a dialysis center. Grey Systems: Theory and Application, Cai, K., & Wu, L. (2022). Using grey Gompertz model to ex-

9(4), 432-448. https:/ /doi.org/10.1108/gs-01-2019-0001 plore the carbon emission and its peak in 16 provinces
of China. Energy and Buildings, 277, 112545. https:/ /doi.

Aydemir, E., Bedir, F., & Ozdemir, G. (2013). Gri Sistem Teorisi . .
org/10.1016/j.enbuild.2022.112545

ve Uygulamalari: Bilimsel Yazin Taramasi. Siileyman

12 (3), 227-248 245



https://creativecommons.org/licenses/by-nc/4.0/
https://doi.org/10.1016/j.energy.2006.11.014
https://doi.org/10.1016/j.energy.2006.11.014
https://doi.org/10.29002/asujse.1087288
https://doi.org/10.29002/asujse.1087288
https://doi.org/10.1108/gs-01-2019-0001
https://doi.org/10.17365/TMD.201429190
https://doi.org/10.17365/TMD.201429190
https://doi.org/10.2339/politeknik.422727
https://doi.org/10.2339/politeknik.422727
https://doi.org/10.3934/math.2021091
https://doi.org/10.1016/j.enbuild.2022.112545

Forecasting the Population of Tiirkiye Using Grey Models

Deng, J. L. (1982). Control problems of grey systems. Systems
& Control Letters, 1(5), 288-294. https:/ /doi.org/10.1016/
s0167-6911(82)80025-x

Deng, J. L. (1989). Introduction to Grey System Theory. The
Journal of Grey System, 1(1), 1-24.

Ding, S., Dang, Y., Xu, N., Chen, D., & Cui, ). (2015). The Opti-
mization of Grey Verhulst Model and Its Application. The
Journal of Grey System, 27(2), 1-13.

Ding, Y., & Dang, Y. (2023). Forecasting renewable energy
generation with a novel flexible nonlinear multivariable
discrete grey prediction model. Energy, 277, 127664.
https://doi.org/10.1016/j.energy.2023.127664

Duan, H., & Luo, X. (2020). Grey optimization Verhulst
model and its application in forecasting coal-related
CO2 emissions. Environmental Science and Pollution
Research, 27(35), 43884-43905. https://doi.org/10.1007/
$11356-020-09572-9

Erdinc, U., Bilgil, H., & Ozturk, Z. (2024). Novel Fractional
Forecasting Model for Time Dependent Real World
Cases. REVSTAT-Statistical Journal, 169-188. https://doi.
0rg/10.57805/ REVSTAT.V2212.468

Eren, T, & Kagtioglu, S. (2017). Tiirkiye'deki Dogal Gaz Tiike-
timi Ve Gri Tahmin Metoduyla Tahmin Edilmesi. istanbul
Commerce University Journal of Science, 16(31), 23-41.

Evans, M. (2014). An alternative approach to estimating the
parameters of a generalised Grey Verhulst model: An
application to steel intensity of use in the UK. Expert
Systems with Applications, 41(4), 1236-1244. https:/ /doi.
org/10.1016/j.eswa.2013.08.006

Fendoglu, E. (2021). Population Forecast With the Data
Processing Group Method (GMDH) Type Neural Network
for European Union Countries. IEDSR Association, 6(15),
563-598. https://doi.org/10.46872/pj.323

Gompertz, B. (1825). On the nature of the function expres-
sive of the law of human mortality, and on a new mode
of determining the value of Life Contingencies. Philo-
sophical Transactions of the Royal Society of London,
115, 513-583. https:/ /doi.org/10.1098/rstl1825.0026

Glizel, S. (2018). Tarihi Cografya Yéniiyle, 1841 Tarihli Niifus
Defterine Gore Burdur Sehri ve Cevresinin Niifusu.

Hopkins, W. G. (2002). A Scale of Magnitudes for Effect Sta-
tistics. A New View of Statistics. https://www.sportsci.
org/resource/stats/effectmag.html

Hsu, C.-l, & Wen, Y.-H. (1998). Improved grey prediction
models for the trans-pacific air passenger market.
Transportation Planning and Technology, 22(2), 87-107.
https:/ /doi.org/10.1080/03081069808717622

iskender, C. (2018). Tiirkiye Niifus Biiyiimesi ve Tahminleri:
Matematiksel Biiyiime Modelleri ve istatistiksel Analiz

12 (3), 227-248

Ertilav & Kilig, 2024

ile Kuramsal ve Uygulamali Bir Yaklagim. EKOIST Journal
of Econometrics and Statistics, 14(28), 75-141. https://
doi.org/10.26650/ekoist.2018:14.2

Javanmardi, E., Liu, S., & Xie, N. (2023). Exploring the Chal-
lenges to Sustainable Development from the Perspec-
tive of Grey Systems Theory. Systems, 11(2), 70. https://
doi.org/10.3390/systems11020070

Kayacan, E., Ulutas, B., & Kaynak, 0. (2010). Grey system
theory-based models in time series prediction. Expert
Systems with Applications, 37(2), 1784-1789. https:/ /doi.
org/10.1016/j.eswa.2009.07.064

Kose, M., & Sertkaya Dogan, 0. (2022). Niifus Politikalar
Baglaminda Tiirkiye Nifusunun Demografik Doniisiimu,
Yapisal Degisimi ve Gelecegi. Dumlupinar Universitesi
Sosyal Bilimler Dergisi, 74, 247-267. https:/[doi.org/10.
51290/dpusbe.1152311

Kiiciikerdem Oztiirk, T. S., & Saplioglu, K. (2023). Bursa ili Nii-
fusunun Gri Modelleme ile Tahmin Edilmesi. Cukurova
11th International Scientific Researches Conference, 479—
488.

Lewis, C. D. (1982). Industrial and Business Forecasting
Methods: A Practical Guide to Exponential Smoothing
and Curve Fitting. Butterworths Publishing.

Liu, C., Wu, W.-Z., Xie, W., & Zhang, ). (2020). Application of a
novel fractional grey prediction model with time power
term to predict the electricity consumption of India and
China. Chaos, Solitons & Fractals, 141, 110429. https://
doi.org/10.1016/j.cha0s.2020.110429

Liu, S., & Lin, Y. (2006). Springer-Verlag. https://doi.org/10.
1007/1-84628-342-6

Liu, S., Yang, V., & Forrest, J. (2017). Grey Data Analysis.
Springer Singapore. https://doi.org/10.1007/978-981-10-
1841-1

Liu, Z., Wang, M., & Wu, L. (2022). Countermeasures of
Double Carbon Targets in Beijing-Tianjin-Hebei Region
by Using Grey Model. Axioms, 11(5), 215. https:/ /doi.org/
10.3390/axioms11050215

Mostafaei, H., & Kordnoori, S. (2012). Hybrid Grey Forecast-
ing Model for Iran's Energy Consumption and Supply.
International Journal of Energy Economics and Policy,
2(3), 97-102.

Rathnayaka, R. K. T., & Seneviratna, D. (2024). Predicting of
aging population density by a hybrid grey exponential
smoothing model (HGESM): a case study from Sri Lanka.
Grey Systems: Theory and Application, 14(3), 601-617.
https:/ /doi.org/101108/gs-01-2024-0002

Rayer, S., Smith, S. K., & Tayman, J. (2009). Empirical Predic-
tion Intervals for County Population Forecasts. Popula-
tion Research and Policy Review, 28(6), 773-793. https://
doi.org/10.1007/s11113-009-9128-7

246


https://doi.org/10.1016/s0167-6911(82)80025-x
https://doi.org/10.1016/s0167-6911(82)80025-x
https://doi.org/10.1016/j.energy.2023.127664
https://doi.org/10.1007/s11356-020-09572-9
https://doi.org/10.1007/s11356-020-09572-9
https://doi.org/10.57805/REVSTAT.V22I2.468
https://doi.org/10.1016/j.eswa.2013.08.006
https://doi.org/10.46872/pj.323
https://doi.org/10.1098/rstl.1825.0026
https://www.sportsci.org/resource/stats/effectmag.html
https://www.sportsci.org/resource/stats/effectmag.html
https://doi.org/10.1080/03081069808717622
https://doi.org/10.26650/ekoist.2018.14.2
https://doi.org/10.3390/systems11020070
https://doi.org/10.1016/j.eswa.2009.07.064
https://doi.org/10.51290/dpusbe.1152311
https://doi.org/10.51290/dpusbe.1152311
https://doi.org/10.1016/j.chaos.2020.110429
https://doi.org/10.1007/1-84628-342-6
https://doi.org/10.1007/1-84628-342-6
https://doi.org/10.1007/978-981-10-1841-1
https://doi.org/10.1007/978-981-10-1841-1
https://doi.org/10.3390/axioms11050215
https://doi.org/10.1108/gs-01-2024-0002
https://doi.org/10.1007/s11113-009-9128-7

Forecasting the Population of Tiirkiye Using Grey Models

Riiman, V., Wilson, A., Milewicz, R., & Pirkelbauer, P. (2019).
Comparing Artificial Neural Network and Cohort-Com-
ponent Models for Population Forecasts. Population
Review, 58(2). https:/ /doi.org/10.1353/prv.2019.0008

Smith, S. K., & Sincich, T. (1992). Evaluating the fore-
cast accuracy and bias of alternative population
projections for states. International Journal of Forecast-
ing, 8(3), 495-508. https://doi.org/10:1016/0169-2070
(92)90060-m

Stoto, M. A. (1983). The Accuracy of Population Projections.
Journal of the American Statistical Association, 78(381),
13-20. https:/ /doi.org/10.1080/016214591983.10477916

TUIK. (2018). Niifus Projeksiyonlar, 2018-2080 (Issue
30567). https://data.tuik.gov.tr/Bulten/Index?p=Nufus-
Projeksiyonlari2018-2080-30567

TUIK. (2023). Cinsiyete Gére Niifus. Tiirkiye istatistik Kurumu.
https:/ /nip.tuik.gov.tr/

Verhulst, P-F. (1838). Notice sur la loi que la population
suit dans son accroissement. Correspondence Mathe-
matique Et Physique, 10, 113-129.

Verhulst, P.-F. (1845). Recherches mathématiques sur la loi
d'accroissement de la population. Nouveaux Mémoires
De L'académie Royale Des Sciences Et Belles-Lettres
De Bruxelles, 18(1), 1-40. https://doi.org/10.3406/marb.
1845.3438

Verhulst, P-F. (1847). Sur la loi d'accroissement de la pop-
ulation (Deuxiéme mémoire). Mémoires De L'académie
Royale Des Sciences, Des Lettres Et Des Beaux-Arts De
Belgique, 20(1), 1-32. https:/ /doi.org/10.3406/ marb.1847.
3457

Wang, Z. L. (1998). Modeling Technique and Theory of Grey
System.

Wang, Z. L. (2002). Abnormal GM(1,1): GM(1,)t. The Journal of
Grey System, 14(4), 371-374.

Wang, Z.-X., Li, D.-D., & Zheng, H.-H. (2020). Model compar-
ison of GM(1,1) and DGM(1,1) based on Monte-Carlo
simulation. Physica A: Statistical Mechanics and Its Ap-
plications, 542, 123341. https://doi.org/10.1016/j.physa.
2019.123341

Wang, Z., Dang, Y., & Wang, Y. (2007). A new grey Verhulst
model and its application. 2007 IEEE International Con-
ference on Grey Systems and Intelligent Services, 571-
574. https:/ /doi.org/10.1109/gsis.2007.4443339

Wang, Z., Wang, Z., & Wei, T. (2008). Grey trend models. 2008
IEEE International Conference on Fuzzy Systems (IEEE
World Congress on Computational Intelligence), 1841-
1844. https:/ /doi.org/10:1109/FUZZY.2008.4630620

Wen, K.-L., & Huang, Y.-F. (2004). The development of grey
verhulst toolbox and the analysis of population satu-

12 (3), 227-248

Ertilav & Kilig, 2024

ration state in Taiwan-Fukien. 2004 IEEE International
Conference on Systems, Man and Cybernetics (IEEE Cat.
No.04ch37583), 6, 5007-5012. https://doi.org/101109/
icsmc.2004.1400986

Xiao, X., Lin, W.-Z., & Chou, K.-C. (2008). Using grey dynamic
modeling and pseudo amino acid composition to pre-
dict protein structural classes. Journal of Computational
Chemistry, 29(12), 2018-2024. https://doi.org/10:1002/
jcc.20955

Yin, K., Geng, Y., & Li, X. (2018). Improved grey prediction
model based on exponential grey action quantity. Jour-
nal of Systems Engineering and Electronics, 29(3), 560.
https://doi.org/10.21629/jsee.2018.03.13

Yiicesahin, M. M. (2009). Tiirkiye'nin demografik gegis
siirecine cografi bir yaklasim. Co, 1-25. https://doi.org/
10.1501/0004993

Yilmaz, Y., & Karadeniz, V. (2021). Tiirkiye Cumhuriyeti'nin
ilk Genel Niifus Sayimina Gére Amasya ilinin Demografik
Yapisi. Oltu Beseri Ve Sosyal Bilimler Fakiiltesi Dergisi,
2(1), 36-51.

Zhang, W., Liu, S., Liu, L., Rathnayaka, R. K. T., Xie, N., & Du, J.
(2023). A novel fractional-order discrete grey Gompertz
model for analyzing the aging population in Jiangsu
Province, China. Grey Systems: Theory and Application,
13(3), 544-557. https:/ /doi.org/10.1108/gs-01-2023-0005

Zhang, Y., Xu, Y., & Wang, Z. (2009). GM(1,1) grey prediction of
Lorenz chaotic system. Chaos, Solitons & Fractals, 42(2),
1003-1009. https:/ /doi.org/10.1016/j.cha0s.2009.02.031

Goban, E., & ilyas, A. (2017). 1935 Niifus Sayimi ve Bingél'iin
Niifus Potansiyeli. Batman Universitesi Yasam Bilimleri
Dergisi, 7(1/1), 89-98.

Oztiirk, Z., Bilgil, H., & Erding, U. (2022). An optimized
continuous fractional grey model for forecasting of the
time dependent real world cases. Hacettepe Journal of
Mathematics and Statistics, 51(1), 308-326. https://doi.
org/10.15672/hujms.939543

Simsek, A., & Omiirbek, N. (2021). GM (1,1) Modeli ve Dogrusal
Trend Analizi ile Tiirkiye'nin Ziyaretgi Sayisi ve Kisi Basl
Ortalama Harcama Miktari Temelinde Turizm Geliri ve
Giderinin Tahmini. Giimiishane Universitesi Sosyal Bil-
imler Dergisi, 12(2), 303-324. https://doi.org/10.36362/
gumus.844179

247


https://doi.org/10.1353/prv.2019.0008
https://doi.org/10.1016/0169-2070(92)90060-m
https://doi.org/10.1016/0169-2070(92)90060-m
https://doi.org/10.1080/01621459.1983.10477916
https://data.tuik.gov.tr/Bulten/Index?p=Nufus-Projeksiyonlari2018-2080-30567
https://data.tuik.gov.tr/Bulten/Index?p=Nufus-Projeksiyonlari2018-2080-30567
https://nip.tuik.gov.tr/
https://doi.org/10.3406/marb.1845.3438
https://doi.org/10.3406/marb.1845.3438
https://doi.org/10.3406/marb.1847.3457
https://doi.org/10.3406/marb.1847.3457
https://doi.org/10.1016/j.physa.2019.123341
https://doi.org/10.1016/j.physa.2019.123341
https://doi.org/10.1109/gsis.2007.4443339
https://doi.org/10.1109/FUZZY.2008.4630620
https://doi.org/10.1109/icsmc.2004.1400986
https://doi.org/10.1109/icsmc.2004.1400986
https://doi.org/10.1002/jcc.20955
https://doi.org/10.1002/jcc.20955
https://doi.org/10.21629/jsee.2018.03.13
https://doi.org/10.1501/0004993
https://doi.org/10.1108/gs-01-2023-0005
https://doi.org/10.1016/j.chaos.2009.02.031
https://doi.org/10.15672/hujms.939543
https://doi.org/10.36362/gumus.844179
https://doi.org/10.36362/gumus.844179

alphanumeric 12 (3), 227-248 248



	Introduction
	Grey System Theory
	Grey Standard Model (GM (1,1))
	Grey Time-Varying Dynamic Model (GM (1,1)t)
	Grey Gompertz Model (GGM)
	Grey Verhulst Model (GVM)
	Grey Exponential Model (EXGM (1,1))
	Evaluation criteria

	Applications
	First Application
	Second Application

	Conclusion
	References

