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Abstract

Modeling and forecasting of tourism data have received attention in the past

decades. Turkey is one of the countries that benefit significantly from the tour-

ism industry. Several time-series models have been recommended to best

describe tourist arrivals to Turkey. However, in the 21st century, the world

experiences great uncertainty in most possible event outcomes. These uncer-

tainties are very difficult to account for. We proposed a hybrid artificial neural

network (ANN)–polynomial–Fourier method to model the number of foreign

visitors to Turkey from January 2004 to December 2020. The proposed model

performance before and during the COVID-19 pandemic is evaluated sepa-

rately. We evaluate the model performance by comparing with results from

Danbatta and Varol (2021, https://doi.org/10.1142/S179396232141004X), Fou-

rier series, and ARIMA models. To account for prediction uncertainties, we

ran 300 Monte Carlo simulations within ±2σ from the model regression curve.

According to the result outcomes, the proposed ANN–polynomial–Fourier has
proven worthy to be considered a candidate model for the Turkish tourism

data. The multistep ahead forecast suggests a 10.22% increase in the monthly

foreign visitors' arrivals to Turkey in the year 2021.
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1 | INTRODUCTION

Turkey is one of the most attractive tourist centers in the
world, about 30 million (or more) tourist visitors arrive in
Turkey each year (Günay et al., 2020). The tourism sector
is significantly contributing to the Turkish economy via a
foreign exchange, tax revenue, employment, and so
on. According to the United Nations World Tourism
Organization (UNWTO), 8% to 10% of the global GDP
and employments come from the tourism industry
(UNWTO, 2020). In Turkey, the tourism industry also
accounts for 8% to 10% of the country's GDP
(Cetin, 2020). On the other hand, the tourism industry is
vulnerable to crises like the current COVID-19 pandemic

(Qiu et al., 2020), natural disasters (Ritchie &
Jiang, 2019), and political calamity (Reddy et al., 2020) to
mention a few.

For example, in the first quarter of 2020, the COVID-
19 pandemic brought international foreign visitor travels
to an unexpected halt, and then, lots of travel restrictions
that follow have been in existence to date. As such,
according to the monthly foreign visitors data, the num-
ber of foreign visitors to Turkey in April 2020 plunged to
only a few thousand. Although some travel restrictions
get lifted and re-enforced depending on the dynamics of
the virus, the government is still faced with uncertainties
in its tourism industry and is always looking forward to
ways of managing, as well as improving its tourism
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industry. Not only during the COVID-19 periods but
uncertainty in tourism data can also arise due to any of
the above-mentioned factors. Modeling tourist data
would be difficult in such periods due to the inherent
contingency associated with the tourism industry. Hence,
plausible tourism forecasting methods are encouraged, as
they will aid the government in policymaking, as well as
effective fund allocation.

Some of the widely used approaches in the study of
tourism demand are the econometric methods, the time-
series modeling methods, and the artificial intelligence
methods (Akın, 2015). None of these approaches is supe-
rior to the other, as they all have their strengths
depending on the feasibility of their application. How-
ever, Witt and Witt (1995), Athanasopoulos et al. (2011),
and Yilmaz (2015) have emphasized the advantage of
using the time-series models over the conventional
econometric approach. Moreover, according to Hyndman
and Athanasopoulos (2018), the univariate time-series
model approach is more feasible compared with the mul-
tivariate methods.

In literature, studies have proposed several tourism
demand models. Intelligent automation such as deep
learning methods is significant in tourism forecasting
(Tussyadiah, 2020). For example, in time-series forecast-
ing, an ARIMA model result can be improved using the
deep learning approach (Li et al., 2020). However, over-
fitting is the major challenge of neural networks and
deep learning methods (Kraft et al., 2020). Some studies
such as Zhang et al. (2021) proposed a group pooling-
based deep learning model (GP-DLM) to address the
challenges of overfitting in deep learning methods and
improve model accuracy. Xie et al. (2020) used Elman's
neural network as one of the models in their study to
enhance the predictive accuracy of tourism demand fore-
casting. Zhang, Li, et al. (2021) used a decomposition
method that can achieve high accuracy in both short-
and long-term artificial intelligence-based forecasting
models to effectively decompose the data while increas-
ing the accuracy with no additional data.

Hybrid models have also received attention in the
tourism demand industry. Silva et al. (2019) applied an
improved hybrid deionized artificial neural network
autoregression (DNNAR) model to forecast the monthly
tourism demand for 10 European countries. Zhang, Song,
et al. (2021) proposed a hybrid econometric and judg-
mental method to forecast the possible paths to tourism
recovery in Hong Kong. The model forecasts results were
used to evaluate the economic impact of the pandemic
on the Hong Kong tourism industry. Similarly, Song
et al. (2021) proposed the use of Bayesian bootstrap
aggregation to solve the failure of tourism forecast when
there is limited historical data using Hong Kong as a case

study. Shabri et al. (2020) applied a combination of deep
neural networks (DNNs) and the Fourier series method
to study and forecast the monthly tourist arrivals to
Langkawi Island. They demonstrated the power of apply-
ing the Fourier series method on the residual from DNN
models, which aided significantly in improving their pre-
diction accuracy. Danbatta and Varol (2021) applied a
combination of polynomial and Fourier series models to
study and forecast the monthly visitors to Turkey. They
also applied the Monte Carlo methods to improve their
forecast performance.

With regard to the Turkish monthly tourism data, a
number of studies have presented candidate methods,
which are deemed feasible by the authors (Akın, 2015;
Aslanargun et al., 2007; Çalışkan, 2010; Çelik &
Çetinkaya, 2013; Egresi & Kara, 2014; Karamustafa &
Ulama, 2010; Mengu, 2018; Okumus et al., 2012;
Yilmaz, 2015; Zeytino�glu et al., 2018). The Turkish tour-
ism data exhibit seasonal behavior like many other tour-
ism data (Karamustafa & Ulama, 2010). From 2005, there
has been a yearly increase in tourists arriving in Turkey
(Cankurt & Subaşi, 2016), which implies the data have
trended since then. We did not find any model on Turkish
monthly tourism data which has simultaneously taken
into account the trend, seasonality, and residual compo-
nent of the data. Meaning, a model was not presented
which has a seasonality part, a linear part, and the resid-
ual part accounting for the trend, seasonality, and residual
components of the Turkish monthly tourism arrivals.

Herein, we present a hybrid model “ANN–poly–
Fourier” which combines the artificial neural network
(ANN), the polynomial, and the Fourier series models to
study the monthly tourism arrivals to Turkey from 2004
to 2020. This approach is more like a combination of the
modeling approach by the Fourier–ANN of Shabri
et al. (2020) and the polynomial–Fourier series model of
Danbatta and Varol (2021). The only difference in
approach with that of Shabri et al. (2020) is that here, we
used the ANN model to fit the residuals obtained from
the polynomial–Fourier series model. We evaluate the
model performance by comparing with results from the
Danbatta and Varol (2021) polynomial–Fourier, ARIMA,
and Fourier series models. Moreover, the Monte Carlo
method is applied to the model forecast, this is done to
account for uncertainty in estimations. The aim is to sim-
ulate multiple possible values which would yield different
outcomes for a given prediction period.

2 | METHODOLOGY

We considered the monthly foreign visitors to Turkey
from January 2004 to December 2020. The dataset is
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collected from https://www.ktb.gov.tr/EN-99216/
tourism.html. The data are available from January 1986
to December 2020. However, due to a low number of for-
eign arrivals before the year 2004 and to achieve better
forecast, we only considered January 2004 to December
2020. The dataset is time-series data, having three attri-
butes, namely, months, people, and year. There are
204 recorded observations in the data, and each data
point represents a month count. Figure 1 depicts the
monthly foreign visitors to Turkey from January 2004 to
December 2020.

As seen in Figure 1, there exists an unexpected
plunge in the number of foreign visitors in the 195th
month (March 2020), which can be a consequence of
the COVID-19 pandemic. In this regard, we studied the
data using two forecasting regions. The reason for this is
to determine the model strength in anomaly periods. We
divide the data into training (70%) and testing (30%).
But for the forecasting, we will forecast for the two
regions, that is, before and during the COVID-19 pan-
demic. The proposed model is a combination of the
ANN, polynomial, and Fourier series models. The pro-
posed model is designed to capture the data trend com-
ponent using the polynomial, the data seasonal
component using the Fourier series, and other data
anomalies using the ANN.

2.1 | Polynomial fit

In time-series modeling, polynomial fitting is done when
the relationship between dependent and independent
variables is given in terms of a polynomial expression.
Let yn be the set of observation and xn be the lag of count,
where n is the number is observations. The relationship
between x and y is expressed as yr xð Þ r<nð Þ:

y
r xið Þ ¼ a0þaixiþa2x

2
i þ…þar�1x

r�1
i þarx

r
i , ð1Þ

where i¼ 1,…,n (n=number of observations points) and
a0, a1,…, ar are regression coefficients determined by

the lease square error fitting method (Gao et al., 2020;
Liu & Wang, 2014). The value epi ¼j yi� yrxið Þ j denotes the
residual between the fitted value yrxið Þ and the original
observation yi. In this case, the sum of errors for all
predicted values is given by ep ¼

Pn
i�1epi.

2.2 | Fourier series fit

The seasonal component of a time-series data can be
represented by a Fourier series; that is, for the set of
observations yi recorded at time counts xi, i¼ 1,…,n
(n=number of observations points), the Fourier series
representation gives (Talbot et al., 2020; Wilson
et al., 2018)

yrxi ¼ a0þ
Xr

j¼1
ai cos jwxð Þþ

Xr

j¼1
bj sin jwxð Þ, ð2Þ

r is the order of Fourier series terms, w is the data fre-
quency, and aj and bj are Fourier series coefficients, also
determined by the least square error method. The Fourier
fit error is represented as efi ¼j yi� yrxið Þ j, and the sum of
Fourier errors ef ¼

Pn
i¼1efi.

2.3 | ANN models

ANNs are empirical models capable of handling or fitting
nonlinear data. The models learn and make predictions
based on inputs given to them. The longer the learning
time, the better the prediction outcome. A typical ANN
consists of an input layer, hidden layers, and an output
layer (Shabri et al., 2020). The ANN model employed in
this work is the single-layer perceptron. It consists of the
input layer, the hidden layer, and an output layer (see
Figure 2).

The mathematical representation of the feedforward
ANN used in this study is given as

yt ¼ g w0þ
Xq

j¼1
wj

�f
Xp

i¼1
wij yt�iþwoj

� �� �
, ð3Þ

FIGURE 1 Monthly foreign visitors to

Turkey from January 2004 to December 2020

data plot
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where yt�1,yt�2,…,yt�p are set input observations into the
model. p is the number of input observations at a time. yt
is the output or final prediction for the given set of
inputs. wij is the weight at each node of the model. wj is
the bias at hidden nodes. q is the number of hidden
layers. f ðÞ is the transfer function from input to hidden
layer. gðÞ is the transfer function from hidden layer to the
output layer. The widely used back-propagation algo-
rithm was used to train the ANN in this study.

2.4 | Polynomial–Fourier series model

The proposed model captures the series trend by fitting it
with a first-order polynomial term a1X . The seasonality
component of the series is captured by Fourier series
terms, up to the seventh expansion of the series was used.
An additional polynomial term, a2X2, is added; it serves
as a gauge function, blending between the polynomial
and the Fourier components of the model. Hence, the
poly–Fourier model is given by

f xð Þ¼A0þA1XþA2X
2þa0þ

X7

j¼1
ai cos jwxð Þ

þ
X7

j¼1
bj sin jwxð ÞþRe, ð4Þ

where A0, A1, and A2 are the polynomial coefficients, j is
the number of Fourier series terms, and ai and bj are
Fourier coefficients

2.5 | ANN–polynomial–Fourier model

After fitting the data using the polynomial–Fourier series
model, the resulting residual Re is collected and modeled
using the ANN described above. The ANN modeled resi-
due Re ANNð Þ is then added back to Equation 4 and pro-
posed ANN–polynomial–Fourier series model equation
presented in Equation 5 as

f xð Þ¼ a0þA1XþA2X
2þa0þ

X7

j¼1
ai cos jwxð Þ

þ
X7

j¼1
bj sin jwxð ÞþRe ANNð Þþ e: ð5Þ

To forecast, optimize, and capture future anomalies,
we ran 300 Monte Carlo simulations within ±2σ (95%)
bounds from the model curve. The Monte Carlo simu-
lation method is applied to account for uncertainty in
estimations. The aim is to simulate all possible future
monthly tourist arrivals. The mechanism is simple; we
are sampling randomly from the training residual and

FIGURE 2 Three-layered feedforward ANN

model (Palmer et al., 2006)
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adding to the model prediction/forecast path
(Muhammad et al., 2020). This way, a distinct outcome
is generated for each simulation. The Monte Carlo
generated paths are rejected whenever they cross the
prediction bounds. We simulated the model forecast
using 300 simulation paths, which are optimal for the
case study data. Figure 3 shows all the steps involved
in the proposed ANN–polynomial–Fourier series
model.

In Figure 3, the monthly foreign visitors to Turkey
data are collected and processed to get the data frequency
that is needed for the Fourier series fitting. The trend and
seasonal components of the data are captured and fitted
using the polynomial–Fourier series model fittings dis-
cussed above with the second term of the polynomial as
the nonlinear gauge function that regulates the trend and

seasonality of the data. The residue of the polynomial–
Fourier series method is collected and modeled using the
ANN method discussed above. Both the polynomial–
Fourier series and the ANN modeled residue are put
together and modeled using the proposed ANN–polyno-
mial–Fourier series model discussed above. Algorithm 1
shows the algorithm implementation of all the steps
involved in Figure 3 for the proposed ANN–polynomial–
Fourier series model. The residue of the proposed ANN–
polynomial–Fourier series model is collected and used
for the Monte Carlo simulation scheme as we discussed
earlier. Algorithm 2 shows the collected residue is used
as input to generate the 300 Monte Carlo simulation
paths and the mean of the Monte Carlo simulation path
that is used for presenting the result of the simulation
scheme.

FIGURE 3 ANN–polynomial–Fourier series forecasting steps
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2.6 | Multistep ahead predictions

Multistep ahead forecasting is a useful technique for esti-
mating the parameters of some unknown future time
steps (Nourani et al., 2020). The technique is applied for
parameters that might require some long time duration
forecasting such as monthly foreign visitor arrivals in our

case (Masum et al., 2018). The multistep ahead forecast-
ing will assist tourism organizations and policymakers in
decision making. It could also be used to provide warn-
ings and allow the concerned parties to implement coun-
termeasures for the persistent fluctuation of the number
of foreign visitors' arrivals amid the COVID-19 pandemic.
The two most commonly applied multistep forecasting
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algorithms are direct and recursive (Parmezan
et al., 2019). The direct multistep forecasting algorithm
technique involves developing a separate model for each
forecasting time step in the series, while the recursive
multistep forecasting algorithm technique involves using
the one-step model multiple times and the previous fore-
casted time step is used as input for predicting the next
time step.

3 | RESULTS AND DISCUSSION

3.1 | Model results excluding the
COVID-19 period

The training period before the COVID-19 pandemic is
from January 2004 to March 2015, and the testing period
is from April 2015 to December 2019. We choose the
model with the minimum root mean square error
(RMSE) and mean absolute percentage error (MAPE)
values. Concerning the R2 estimate value, we choose the
model with the maximum value. Within the training
period, the ANN–polynomial–Fourier series model was
able to account for 96% variation in the data, having an
RMSE forecast error of one person and MAPE of 6.90%
(see Table 1). Considering that the R2 value is a good esti-
mator when working with time-series data (Pierce, 2007),
its value implies a decent training fit by the model, espe-
cially when supported by RMSE and MAPE. With regard
to the benchmark model performances during the train-
ing, the Fourier series model achieved an R2 estimate
value of 89%, RMSE of four people, and MAPE of 12.57%,
while the ARIMA model was able to account for 92% var-
iation in the data, having an RMSE of 3 and MAPE of
11.75% within the training period. The Danbatta and
Varol (2021) polynomial–Fourier series model accounts
for 93% variation in the data with RMSE of 2 and MAPE
of 9.57% (see Table 1). It can be said that both models
show good performance and can capture the training
data in the region before the COVID-19. While the

polynomial–Fourier series model of Danbatta and
Varol (2021) shows a better performance than the Fourier
series and ARIMA models, the ANN–polynomial–Fourier
series model outperformed the Danbatta and Varol (2021)
model in the training period.

In the testing/forecasting period before the COVID-19
pandemic, the proposed ANN–polynomial–Fourier series
has an R2 value estimate of 95%, RMSE of 2, and MAPE
of 8.54% as reported in Table 1. This performance sur-
passed that of the Danbatta and Varol (2021), Fourier
series, and ARIMA models (see Table 1). The good per-
formance shows that the model is a good candidate that
can be used to fit and capture the data in the forecasting
region before the pandemic.

3.2 | Model results including COVID-19
periods

The training period when the COVID-19 pandemic is
included begins from January 2004 to July 2015. The test-
ing period is from August 2015 to December 2020. In the
training period, the Fourier series, ARIMA, and Danbatta
and Varol (2021) models can, respectively, account for
85%, 89%, and 90% variation in the data according to the
R2 estimate (see Table 2). The models also, respectively,
give an RMSE prediction error of five, three, and two
people with MAPE prediction accuracy of 13.81%,
12.18%, and 9.96% (see Table 2). The proposed ANN–
polynomial–Fourier series model outperformed the
benchmarked models in the training period during the
pandemic yielding an R2 estimate value of 95%, RMSE of
1, and MAPE of 6.25%.

The ANN model forecast on the residual of the
polynomial–Fourier series model shown in Figure 4 fit
the residue reasonably. The forecast shows that the
model could account for 97% variation in the residue
with forecast error and accuracy of 2% and 5.89%, respec-
tively, according to the R2, RMSE, and MAPE values
given in Table 2.

TABLE 1 Simulation and models result before COVID-19

Number of simulations R2 RMSE MAPE

Fourier series training prediction 1 0.89 3.65 12.57

Fourier series forecast 1 0.85 5.01 16.88

ARIMA training prediction 1 0.92 2.84 11.75

ARIMA forecast 1 0.90 3.40 13.98

Danbatta and Varol (2021) training prediction 1 0.93 2.25 09.57

Danbatta and Varol (2021) forecast 1 0.91 2.71 10.88

ANN–polynomial–Fourier series training prediction 1 0.96 1.34 06.90

ANN–polynomial–Fourier series forecast 1 0.95 2.02 08.54
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The proposed ANN–polynomial–Fourier series model
forecast result given in Table 2 shows that the model
yields the best performance when compared with the
benchmarked models. It was able to achieve an R2 esti-
mate value of 93% with an RMSE of 2 and MAPE of
7.86%. In particular, the Fourier series and ARIMA
models were not able to reasonably forecast the data in
the forecasting horizon during the pandemic as they did
in the training period. Perhaps, this was a consequence of
the sudden drop in the number of foreign visitors at the
time of COVID-19 lockdown, leading to the observed
poor forecasting performance by the benchmark models.

A clear linear relationship exists between the pro-
posed ANN–polynomial–Fourier series model and the
data. This can be established from the scatter plot in
Figure 5a,c, with a person's correlation of 98% in the
training period, and 84% in the forecast. The Q–Q plot in
Figure 5b,d shows that the model residue fits the theoret-
ical normal distribution with only a few deviations at the
tail. This implies the goodness of fit of the proposed
ANN–polynomial–Fourier series model.

3.3 | Monte Carlo forecast results

The Monte Carlo simulation scheme is applied to the
forecasting region in the period during the pandemic.
Considering Table 2, we have seen how the proposed
ANN–polynomial–Fourier series model captures the data
to a fairly good extent when compared with the
polynomial–Fourier series and the ARIMA model. Yet to
accommodate more uncertainties and anomalies that
might occur in the data during the COVID-19 pandemic,
we implement the Monte Carlo simulation scheme. We
run 300 Monte Carlo simulations on the ANN–polyno-
mial–Fourier series model residue within ±2σ from the
model regression curve. The thin lines in Figure 6 show
the forecast results of the 300 Monte Carlo simulation
paths. The mean for all 300 paths (Figure 7) is used to
demonstrate the Monte Carlo performance. The Monte
Carlo has increased the performance of the ANN–polyno-
mial–Fourier series model. The R2 improved to about
96%, RMSE reduced up to about 1, and MAPE has also
decreased up to 5.06% (Table 2).

TABLE 2 Simulation and model results during COVID-19

Number of simulations R2 RMSE MAPE

Fourier series training prediction 1 0.85 4.77 13.81

Fourier series forecast 1 0.78 5.62 14.23

ARIMA training prediction 1 0.89 2.97 12.18

ARIMA forecast 1 0.70 7.90 23.98

Danbatta and Varol (2021) training prediction 1 0.90 2.14 09.96

Danbatta and Varol (2021) forecast 1 0.88 3.01 10.76

ANN forecast on polynomial–Fourier series residue 1 0.97 1.53 05.89

ANN–polynomial–Fourier series training prediction 1 0.95 1.25 06.25

ANN–polynomial–Fourier series forecast 1 0.93 2.34 07.86

Monte Carlo mean forecast 300 0.96 1.37 05.06

Monte Carlo simulation path 82 300 0.98 1.09 02.82

FIGURE 4 ANN forecast on

polynomial–Fourier series model

residue
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From the 300 Monte Carlo simulation results, Monte
Carlo path 82 produced the best-fit performance. This
simulation path 82 was able to account for 98% variation

in the data, having RMSE of 1 and MAPE 2.82%
(Table 2). This emphasizes the significance of multipath
forecasting when studying future events with inherent

FIGURE 6 Three hundred Monte Carlo simulation paths forecast during COVID-19

FIGURE 5 Scatter and Q–Q plots of the data and model

FIGURE 7 Monte Carlo mean forecast result
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uncertainty. This path 82 has decently captured the curve
with minimum error, making it the best path out of the
generated 300 simulation paths. Moreover, the mean
path for all 300 paths has also had a decent outcome
(Table 2), giving the best forecast besides that of the sim-
ulation path 82.

3.3.1 | Result of the multistep ahead
prediction

In the case of predicting the number of foreign visitors
for the next 12 months (i.e., January 2021 to December
2021), we employed the multistep ahead direct algorithm
because there is no dependency between the next and
previous steps. Because the Monte Carlo simulation path
82 model is the model with the best performance, we
applied it for the monthly foreign visitors to Turkey pre-
diction. The 12-month multistep ahead prediction for the
number of foreign visitors for the year 2021 is shown in
Table 3. In Table 3, we consider the year 2019 as a thresh-
old because it is the last year that Turkey's tourism was at
its peak and the last year that the tourism industry was
not affected by the pandemic (Günay et al., 2020). In the
12 months of January to December 2020, there is a
decrease of 71.74% in the number of monthly foreign visi-
tors (see Table 3) when compared with the same period
in 2019.

However, according to our results, in the coming
12-month period from January to December 2021, the
number of monthly foreign visitors to Turkey arrivals

will increase by 10.22% when compared with the same
period in 2020. Yet the number of foreign visitors arrivals
although better than 2020 still shows a decrease of
68.85% when compared with the same period in 2019
(see Table 3). The results also show that there will be an
increase in the number of foreign visitors in the second
quarter (April–June 431.29%), third quarter (July–
September 30.99%), and fourth quarter (October–
December 17.9%) in 2021 when compared with 2020
except for the first quarter (January–March �46.69%). In
2020, the Turkish Statistical Institute reports that the
tourism income by the first quarter decreased by 11.4%
(Turkish Statistical Institute, 2020b); by the third quarter,
it decreased by 71.2% (Turkish Statistical
Institute, 2020a); and by the fourth quarter, it is
decreased by 50.4% (Turkish Statistical Institute, 2021).
With the findings of this study, the Turkish tourism
industry could expect some improvement in the year
2021 from the devastating decrease in tourism income
that was seen in 2020.

4 | CONCLUSION

We presented a hybrid model that describes the Turkish
monthly tourism data to a reasonable accuracy level. We
compared the model results with that of Fourier series,
ARIMA, and Danbatta and Varol (2021) models, and the
model was able to achieve a better outcome. The study
highlights the significance of modeling residuals from
classical/empirical models to improve forecast

TABLE 3 Multistep ahead modeling results for the number of monthly foreign visitors to Turkey

Months 2019 2020
2021 (Monte Carlo
path 82)

% rate of change

2019/2020
2019/2021 (Monte Carlo
path 82)

2020/2021 (Monte Carlo
path 82)

Jan 1,539,496 1,787,435 509,787 16.11 �66.89 �71.48

Feb 1,670,238 1,733,112 937,343 3.76 �43.88 �45.92

Mar 2,232,358 718,097 812,326 �67.83 �63.61 13.12

Apr 3,293,176 24,238 258,471 �99.26 �92.15 966.39

May 4,022,254 29,829 311,578 �99.26 �92.25 944.55

Jun 5,318,984 214,768 858,255 �95.96 �83.86 299.62

Jul 6,617,380 932,927 1,540,879 �85.90 �76.71 65.17

Aug 6,307,508 1,814,701 2,392,081 �71.23 �62.08 31.82

Sep 5,426,818 2,203,482 2,552,569 �59.40 �52.96 15.84

Oct 4,291,574 1,742,303 1,907,339 �59.40 �55.56 9.47

Nov 2,190,622 833,991 1,002,081 �61.93 �54.26 20.15

Dec 2,147,878 699,330 952,569 �67.44 �55.65 36.21

Total 45,058,286 12,734,213 14,035,278 �71.74 �68.85 10.22
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performance. The Monte Carlo simulation method was
very useful in predicting uncertain forecast outcomes.
Multiple paths were generated, and one path was able to
appear similar to the anomalous change which occurred
in monthly tourism data during the COVID-19 pandemic.
We applied multistep ahead forecasting to predict future
expected tourism outcomes for the year 2021. This
enables a possibility to study and access multiple future
outcomes in the tourism industry, and this would help
the policymakers to improve their decision making. With
the obtained statistically acceptable results, the model
can be regarded as a robust candidate to study Turkish
monthly arrivals. Moreover, the approach can be used in
fitting and forecasting other tourism-related data attri-
butes. We hope that the model can be useful to tourism
organizations and policymakers in guiding their deci-
sions regarding tourism not only in Turkey.
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