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Abstract
The demand for public transport by tourists increases significantly in tourist-attractive 
destinations. This is in addition to regular passengers commuting to school and work. The 
level of irregular demand is influenced by several factors related to the characteristics of 
the day of the week, the period of the year, and the current weather. The main goal of 
the paper is to verify which factors most influence the irregular demand for transport in a 
tourist-attractive area to ensure operational planning of public passenger transport. Thanks 
to this, it is possible to ensure sufficient capacity and, at the same time, the efficiency of 
the operation of public passenger transport. The paper analyzes the main determinants 
of the irregular demand for regional public rail passenger transport in the High Tatras 
region of Slovakia. Multiple linear regressions were used to model the number of irregu-
lar passengers. The variables representing the day of the week, the attractiveness of the 
period, and the holiday were found to be the most significant. The variables describing 
the weather such as maximum daily temperature, precipitation, clouds, and wind had less 
influence. The obtained mathematical models for forecasting the irregular demand for 
public passenger transport can help optimize the timetable’s operational setting and the 
train sets’ size.

Highlights
 ● Demand for public transport grows the most on Saturdays and Fridays during the week.
 ● Sunday is not a statistically significant determinant affecting the transportation demand.
 ● Period attractiveness is the most important determinant influencing the demand.
 ● Clouds, wind and precipitation comparatively reduce the demand for public transport.
 ● Distrust of public transport persists for a long time after anti-pandemic measures ended.

Keywords Regional railway transport · Passenger demand · Day of week · Weather 
condition · Pandemic
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Introduction

The current problem facing mountain resorts around the world is how to manage the growing 
number of visitors with the least possible impact on the natural environment. Public trans-
port services are becoming a key area, as are efforts to reduce environmentally unfriendly 
car traffic. This challenge is also faced by the resorts in the High Tatras, where the number 
of traffic-critical days increases every year along with the growth of traffic.

The High Tatras are the highest mountains in Slovakia. They are located in the northern 
part of Slovakia, on the border with Poland. In Slovakia, they cover an area of 260 km2. In 
1949, they were declared a national park, and in 1993, together with the Polish part of the 
Tatras, they were declared a “Tatra Biosphere Reserve” by UNESCO. The High Tatras are 
the most attractive tourist area in Slovakia. It has all the necessary infrastructure and the 
facilities to provide a complex of services throughout the year (Holek 2019).

The number of visitors to the High Tatras is high and constantly growing, more than three 
million people visit this area every year. This influx of visitors, which includes both same-
day visitors and overnight visitors, causes more and more traffic problems.

The main transport system in the High Tatras is the Tatra Electric Railway (Tatranské 
elektrické železnice – TEŽ), which connects the main centers of the High Tatras - Štrba, 
Štrbské Pleso, Starý Smokovec, Tatranská Lomnica and Poprad-Tatry. This main transport 
system consists of a single-track adhesive conventional railway (35 km long) and a single-
track cog railway (5 km long)(High-Tatras. travel). TEŽ is connected to the national con-
ventional railway network at Poprad-Tatry and Štrba stations, where passengers can change 
from national and international long-distance trains to TEŽ trains. All TEŽ trains provide 
regional transport in the region approximately every hour. The TEŽ trains are used by local 
residents to go to school and to work, but a much larger number of passengers are tourists 
who come to the High Tatras for recreation. Passenger transportation on the TEŽ railway 
lines is provided by 425.9 series electric carriages manufactured by the consortium of com-
panies STADLER, Adtranz and ŽOS Vrútky a. s. The capacity of the carriages is 88 seated 
passengers each. The units can be rolled up during operation. The TEŽ lines also use electric 
units of the 495.95 series manufactured by the Stadler company with a capacity of 91 seated 
passengers. In times of increased demand for transport, the transport infrastructure allows 
for additional reinforcement trains to be added to the timetable.

Additional regional transport in the High Tatras region is also provided by buses. They 
connect local villages and settlements; therefore, bus transport is mainly intended for regu-
lar transport of residents to work and school. Tourists use this transport only in exceptional 
cases.

The High Tatras region tries to regulate the number of passenger cars entering its territory 
by providing a limited number of parking places. Tourists who have booked accommoda-
tion in the High Tatras are allowed to use individual transport, while tourists who come to 
the region by car park their car near their accommodation (hotel, pension). They use TEŽ 
mainly for further transport in the region.

Based on the above-mentioned facts, it can be concluded that TEŽ is the main transport 
system for transport of irregular passengers in the High Tatras region.

In order to improve the situation, it is necessary to provide visitors with sufficient qual-
ity and comfortable ecological public passenger transport services, which represents the 
regional railway passenger transport system in the High Tatras region (Tatry mountain 
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resorts, a.s 2018). A large number of visitors is also evidenced by the fact that 30,232 visi-
tors visited the Tatra National Park in one day (August 2020), which is almost 4,000 more 
than the previous record from four decades ago (Dobré noviny 2020).

The public transport timetable is prepared for the whole year as a long-term operational 
plan. The problem is the uneven distribution of demand for public passenger transport on 
the days of the week and throughout the year, which complicates the short-term operational 
planning of the timetable and the number of vehicles needed for public transport. The paper 
analyzes the main factors influencing the irregular demand for public transport related to the 
day of the week, weather, and pandemic measures. The aim of the paper is to verify which 
of these factors most influence the irregular demand for public passenger transport. Based 
on the obtained input data, a mathematical model using multiple linear regression has been 
developed, which can be used to predict the expected demand for public transport based on 
the day of the week, weather forecast and current pandemic measures. Based on the results 
found in this paper, public transport operators can operationally set the capacity of public 
transport so that it is sufficiently attractive to passengers and at the same time economically 
efficient.

State of the art

Effective management of rail systems is critical to both operational efficiency and passenger 
service satisfaction. Expert system models are built from demand forecasting rules based on 
the knowledge of a human expert, but it is difficult to transform the knowledge of an expert 
into mathematical models. Another option is to analyze the transportation demand using 
mode choice models as multinomial probit model (Bilal et al. 2023) or multinomial logit 
model (Shi et al. 2023). Regression models are powerful tools for characterizing the rela-
tionship between demands and other important factors. Passenger demand forecasting plays 
a critical role in decision-making and planning. Travel demand forecasting is an attempt to 
predict and quantify the future travel patterns. As a result of the literature review, it has been 
observed that there are only a few studies exist for rail travel demand. From the mathemati-
cal point of view, various methods have been used to predict passenger demand, such as 
regression analysis techniques (Odgers and Schijndel 2011), autoregressive integrated mov-
ing average models (Cyril et al. 2018), fuzzy set theory (Dou et al. 2013), artificial neural 
network and machine learning algorithm technique (Nar and Arslankaya 2022) or chaos 
theory (Picano et al. 2019). An interesting approach has been taken by Zhao et al. (2011), 
who used wavelet analysis and a neural network to propose a nonlinear model for predicting 
the rate of transit passenger flow. They regarded the transit passenger flow data as a signal 
with a given length and concluded that the considered data had chaos characteristics.

Unlike the time series models which use past demand data to forecast demand for future 
periods, regression analysis is a statistical forecasting method that uses the relationship 
between variables. Many empirical studies have analyzed the rail travel demand as a func-
tion of economic conditions. The exponential function and its transformation to linear 
regression was used by Rahman and Balijepalli (2016) to estimate suburban rail fare elas-
ticity on the determinants of public transport demand in Indian railways (fare; per capita 
net state domestic product; petrol price; population of the city area; road vehicle popula-
tion; (rail) vehicle kilometers). Rail fare, GDP per capita, fuel price, and route-density were 
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found to be the main determining factors of rail travel demand in the long run in Pakistan by 
Zamir Khan and Naheed Khan (2021). The relationship between the passenger rail demand 
in Perth, Australia, and 6 factors (rail fare, per capita income, fuel price index, population, 
number of kilometers travelled per year, number of accidental deaths related to the rail 
sector) were expressed by exponential regression model by Wijeweera and Charles (2013). 
The main factors (population, operation mileage, travel speed, the number of railway staff, 
and ownership of cars) influencing rail passenger volume in China were descripted by Zhi 
(2018) and a linear regression model was used to forecast the future development. A regres-
sion model of transport requirements in railway transport depending on economic indicators 
in Slovakia was used by Danis et al. (2016) and the main factors: GDP, average monthly 
wage, car ownership, and price of railway transport services were found.

It is a general opinion that impact of climate change and weather conditions on the trans-
port system has not received the necessary attention (Clifton et al. 2014). Most of the mod-
els used in transportat planning and traffic management do not include parameters indicating 
the impact of weather conditions, so they are adjusted to ideal weather conditions during 
the spring and autumn (Petrović et al. 2020). A systematic and comprehensive overview 
concerning the impact of weather conditions on daily travel activities was worked out by 
Böcker et al. (2013). The influence of weather on travel behaviour depends on differences 
in transport infrastructure. Travel behavior in countries or regions that are predominantly 
car-dependent is less sensitive to daily weather variations compared with those countries 
or regions where people are more dependent on non-motorized transport (Sabir 2011). The 
majority of research papers analyze the weather impact on non-motorized transport due to 
its greatest exposure to weather conditions, e.g. (Petrović et al. 2020), (Böcker et al. 2013). 
The influence of extreme weather conditions, especially extreme heat, frost, storm, fog, 
rain, and snow was analyzed by Cools et al. (2010) and Tuan and Huong (2020). A large 
number of research papers deal with the impact of weather on street network capacity and 
probability of congestion, such as (Ivanovic and Jović 2017) and (Tao et al. 2018), but the 
relationship between weather and rail transport has been the subject of few studies. The 
influence of weather on urban rail transit ridership in four major cities in China was studied 
by Wang et al. (2020) and models with different combinations of temperature and weather 
type factors were created to determine the weather effect on daily ridership rate using the 
linear regression method. The results of weather effect on travel demand obtained in one 
region cannot be directly applied to another one due to different weather conditions, cultural 
and socio-economic characteristics, so it is important to look at local conditions. The factor 
analysis was used by Zhu (2018) to find factors affecting the demand for railway passenger 
transport in various provinces in the eastern part of China and the results showed that there 
is an imbalance in the demand for railway passengers and a large difference among different 
regions.

The interactions between time allocation (activity duration and travel time), travel 
demand (number of trips), and mode choice (slow-mode share) were investigated by Liu et 
al. (2014) using combined a weather and travel survey. The choice of destination and depar-
ture time is highly dependent on the season and weather conditions which makes the mod-
eling of leisure travel more difficult than recurring work trips (Haberl and Neuhold 2012). 
In order to operate the transportation system efficiently, it is necessary to have knowledge 
about the impact of the weather. While the impact of weather is not expected to dominate 
travel demand (e.g. work trips cannot be easily omitted), trips may be delayed or different 
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modes may be chosen (Rudloff et al. 2015). The weather conditions can be studied from 
the point of view of forecasted ones - Bursa et al. (2022a) pointed out the low impact of 
forecasted bad weather on activities in the Austrian Alps and found out with their research 
using questionnaires that in 5.92% of cases in summer and 1.52% in winter, people were 
forced to choose an alternative activity due to bad weather. Another approach considers the 
influence of measured weather conditions on tourists’ transport mode choices. Bursa et al. 
(2022b) investigated in the Austrian Alps the effects of weather elements. They constated 
that temperature, sky overcast, and snow cover had no impact on tourists’ transport mode 
choices in any season. But precipitation did and it was observed for walking. It was under-
standably negative in winter, yet surprisingly positive in summer, which they attributed to 
changes in activity and destination choices when it was raining. Similarly unexpected was 
the positive effect of wind on “cycling” in summer, which the authors explained by the phe-
nomenon of foehn wind that carries dry weather. The effects of climate change on tourist 
mobility in mountain areas (Autonomous Province of South Tyrol - Italy) were investigated 
by Cavallaro et al. (2017) distinguishing between infrastructure, transport operation and 
travel demand.

Materials and methods

The research was developed in three main stages:

1. data collection and pre-processing for considered models,
2. modeling by multiple linear regression of various combinations of independent 

variables,
3. analysis of the results.

The raw data were acquired from TEŽ as the number of tickets sold in 2019 and 2020. These 
were single-ride, seven-day, three-day, and one-day tickets sold through electronic cash 
desks on a specific date. It did not include commuter tickets and tickets purchased without 
a specific date. It means our interest was to model and predict daily numbers of traveling 
visitors to a tourist-attractive area. The input data were numbers of passengers calculated 
from the counts of sold tickets based on the TEŽ experts’ recommendation. It is assumed 
that three train journeys correspond to each day of ticket validity on average.

When assessing the influence of meteorological elements, it was based on data provided 
by the Slovak Hydrometeorological Institute (SHMÚ). The data are from the meteorologi-
cal station in Tatranská Polianka, which characterizes the weather in the central part of the 
High Tatras. The data provided included:

 ● the minimum and maximum daily (from 0:00 to 24:00) air temperature [°C];
 ● the daily cloud cover at 07:00 a.m., 02:00 p.m. and 09:00 p.m. (indicated by a 10-degree 

scale, 0 being cloudless and 10 being completely overcast);
 ● the daily wind speed at 07:00 a.m., 02:00 p.m. and 09:00 p.m. [m.s-1];
 ● total daily precipitation [mm];
 ● daily statistics on the occurrence of storm phenomena (on the following scale: no storm, 

storm at the weather station, distant and very distant storm, lightning).
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The daily numbers of traveling visitors to TEŽ, depending on explanatory variables, were 
modeled by a linear regression model.

Linear regression model, describing the relationship between dependent variable Y  and 
k  independent variables Xj, j = 1,2, . . . , k, is given by linear Eq. (1).

 Y = β0 + β1X1 + β2X2 + · · · + βkXk + ε.  (1)

The element ε  in formula (1) expresses random errors that represent a random component of 
the regression model. These errors include variable measurement errors, random factors, …

Unknows parametersβ0, . . . , βk  are found by data yi, xi1, . . . , xik , i = 1,2, . . . , n ; 
where n  is the number of observations, it means by data of variables Y,X1, . . . , Xk . Esti-
mates of these parameters are denoted b0, . . . , bk  and the estimated regression model is in 
the form

 Ŷ = b0 + b1X1 + b2X2 + · · · + bkXk.  (2)

In the formula (2) the coefficient b0  is the intercept, which often has no logical interpreta-
tion. It is a value of Y  when all other parameters are set to 0, which is unrealistic in many 
cases.

Coefficients bj, j = 1,2, . . . k  are denoted regression coefficients. They indicate which 
increase (bj > 0)  or decrease (bj < 0)  of the mean value of the dependent variable Y  cor-
responds to the unit increment of the explanatory variable Xj  with unchanged values of the 
other explanatory variables (ceteris paribus).

For each variable included in the model, it is necessary to assess whether it is statistically 
significant or can be omitted from the model without affecting its quality. This significance 
is assessed using the significance test of the regression coefficient of a given variable, which 
is performed at the significance level α  and is evaluated based on the p-value of the test. If 
the p-value is less than α , the coefficient is statistically significant, and the given explana-
tory variable is included in the model justifiably. Explanatory variables whose coefficients 
are not statistically significant must be dropped from the model.

The adjusted coefficient of determination R2
a  allows comparison of different regression 

models by considering that the coefficient of determination tends to increase as the number 
of variables increases (Rimarčík 2007)

 
R2

a = 1−
(
1− R2

) n− 1

k − 1
, (3)

where R2  is the coefficient of determination, n  is the number of observations, k  is the 
number of independent variables.

Mean absolute percentage error (MAPE) is commonly used as a loss function for regres-
sion problems and in model evaluation, because of its very intuitive interpretation in terms 
of relative error (Wikipedia 2023)

 
MAPE =

1

n

n∑

i=1

∣∣∣∣
xi − x̂i

xi

∣∣∣∣ · 100% (4)
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In the formula (3), the xi  is the real value and x̂i  is the predicted value, n  is the num-
ber of observations. A lower value indicates more satisfactory predictive ability and higher 
accuracy.

Lewis (1982) interprets the MAPE results as a way to judge the accuracy of the forecast, 
where less than 10% is a highly accurate forecast; 10 – 20% is a good forecast; 20 – 50% is 
a reasonable forecast; and more than 50% is an inaccurate forecast.

Results and discussion

The total number of observed passengers on TEŽ in 2019 was 1 247 854. Daily numbers of 
passengers showed considerable variability: the mean was 3 419 passengers with a standard 
deviation of 2 582; the minimum value was 505, and the maximal one was 10 498. The 
median was 2 554. Therefore, the goal was to find the factors that affect this variability.

Two models were created to calculate and forecast daily numbers of passengers:

 ● a model without weather,
 ● a model with weather.

Model without weather

The first simple model consisted of a dependent variable of the daily number of passengers 
and explanatory variables representing the days of the week: “Friday”, “Saturday”, “Sun-
day”, and “Monday through Thursday”. This model was statistically significant (p-value 
6.27·10− 5) but explained only 8% of the variability in the number of passengers. Only the 
coefficient for the variable “Saturday” was statistically significant according to the p-value. 
The estimated daily numbers of passengers were only periodically repeated and did not take 
into account the season (period of the year). Therefore, additional variables were added to 
the model to account for holidays (“Holiday”) and seasonality (“Period attractiveness”).

The variable “Holiday” expressed whether it was a public holiday, a school holiday or 
it was a normal day. Initially, “School holiday” and “Public holiday” were marked as dif-
ferent variables, but at the significance level α = 0.05 the variable representing a public 
holiday was statistically insignificant, so the variables were merged into one dummy vari-
able “Holiday”, with the value of 1 if the day was a school holiday or a public holiday and 
zero otherwise.

The “Period attractiveness” was coded on a scale of 1–5, with the value 5 for the most 
attractive period of the summer holidays and the period from Christmas to New Year’s 
Eve. We have built several models considering variations in passenger numbers at different 
periods during the year and depending on conditions for touring and skiing. We assigned 
numerical values to different periods of the year partly in a subjective manner (after consult-
ing with experts in the field of tourism in the High Tatras), and partly based on the effects 
for the model fit (Table 1).

The considered model explained 84.66% (R2 = 0.8466) of the variability in the number 
of passengers. All included variables, except the variable “Sunday”, were statistically sig-
nificant. Therefore, the model was subsequently adjusted for days of the week, with dummy 
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variables “Friday” and “Saturday” and the reference variable being the group of days “Sun-
day to Thursday”.

The R2  for the resulting model was 0.8454 and the value of the indicator MAPE is 
29.79%. Detailed results of the model without weather are in Tables 2 and 3. In the p-value 
column (Table 3), all the values are less than the significance level of 0.05, so all the coef-
ficients of the regression model are statistically significant.

The coefficient 1147.368 for the “Holiday” can be interpreted as 1 147 more passengers 
were traveling on a school holiday or national holiday compared to a normal day (ceteris 
paribus). The coefficient for “Period attractiveness” means that if the period had the value 
of the period attractiveness greater that one, an increase in the number of passengers was 
by 1 350 (ceteris paribus). The coefficient for the variable “Friday” means that on Friday 
the number of passengers was 587 higher compared to the number of passengers on other 
working days or on Sunday (ceteris paribus). Similarly, 1 765 more passengers traveled on 
Saturday compared to other working days or on Sunday (ceteris paribus).

Figure 1 shows the differences between the real values of the daily number of passengers 
and values calculated by the model without weather during the year 2019.

To test our model without weather, we used data on the daily number of passengers in 
2018 unaffected by Covid. Only the change in the Easter holiday date was taken considered 
for the “Season Attractiveness” variable. The value of the indicator MAPE is 34.05%. A 

Table 1 Assignment of period attractiveness values
Period Value Period Value Period Value
1.1. – 6.1. New Year 

holiday
4 22.4. – 31.5. 2 16.9. –30.9. 3

7.1. – 10.3. 2 1.6. – 14.6. 3 1.10. –3.11. 2
11.3. – 15.4. 1 15.6. – 30.6. 4 4.11. –13.12. 1
16.4. – 18.4. 2 1.7. – 1.9. Summer 

holiday
5 14.12. –26.12. 2

19.4. – 21.4. Easter holiday 4 2.9. – 15.9. 4 27.12. –31.12. Christ-
mas 
holiday

5

Coefficients Standard 
Error

t Stat p-value

Intercept −869.142 121.6893 −7.1423 5.12E–12
Holiday 1147.368 143.358 8.0035 1.68E–14
Period 
attractiveness

1350.024 48.09462 28.0702 1.13E–92

Friday 587.285 154.9904 3.7892 0.000177
Saturday 1765.384 155.0339 11.3871 7.27E–26

Table 3 Statistical characteristics 
of coefficients for the model 
without weather

 

df SS MS F Significance F
Regres-
sion

4 2.05E+09 5.13E+08 492.4575 1.6E-144

Residual 360 3.75E+08 1,041,289
Total 364 2.43E+09

Table 2 ANOVA values of the 
model without weather
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comparison of the actual counts and calculated ones using the model without weather can 
be seen in Fig. 2.

Model with weather

A model with weather initially contained 9 variables and was created from the model with-
out weather by supplementing the influence of meteorological elements, with new variables 
expressing:

 ● clouds at 02:00 p.m.,
 ● wind speed at 02:00 p.m.,
 ● total daily precipitation,
 ● storms,
 ● maximum daily air temperature.

Fig. 2 Time series of daily passenger flow in 2018 – model without weather

 

Fig. 1 Time series of daily passenger flow in 2019 – model without weather
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Data provided by the SHMU for cloudiness was in the form of 10 degrees. We considered 
several options for coding the variable as comparison with the monthly average or dummy 
variable with values of 1 - “small” cloudiness, 0 - “large” cloudiness. Statistically, the most 
convenient model was the model of three values: 0 - almost cloudless (values 0 and 1), 1 - 
average cloudiness (values 2 to 8), and 2 - large cloudiness (values 9 and 10 from the scale).

Cloud cover data provided by the SHMU contained ten levels. We considered several 
options for coding the variable: by comparing with the monthly average or as a dummy 
variable with values of 1 for “small” cloudiness, 0 for “large” cloudiness. We found that a 
transformation to three levels: 0 - almost cloudless (values 0 and 1), 1 - medium cloudiness 
(values 2 to 8) and 2 - heavy cloudiness (values 9 and 10 from the scale), provides the best 
fit to the data.

The dummy variable “Wind” was set to the values: 1 - strong wind (above 5.5 m.s− 1), 
otherwise 0.

The dummy variable “Storm” takes the value 1 if a strong storm occurred during the 
day, otherwise, it is zero. The occurrence of storms recorded by SHMÚ was minimal for the 
observed period, so this variable is not statistically significant, which was confirmed by the 
p-value for this variable (0.175).

Temperature was the most problematic variable. The first reason was that only minimum 
temperatures and maximum temperatures measured in 24 h were available, and not the pre-
dicted values that tourists are interested in. The second reason was that it made no sense to 
take the temperature as a numerical variable since e.g., 12° in February and June does not 
have the same effect. Likewise, we did not use data on the minimum daily temperature, as 
this is usually reached during the night. We created multiple models with different coding 
of the variable “Maximum daily temperature”. The resulting one was based on comparison 
of the given value with the average maximum daily temperature from the long-term obser-
vation (meteoblue 2022). The dummy variable “Maximum daily temperature” is 1 if the 
temperature is higher than the average maximum monthly temperature, otherwise, the value 
is zero. The variable was statistically significant (p-value 0.036). Another possibility was 
coding the maximum daily temperature into a dummy variable with values of 0 if the maxi-
mum daily temperature was within the interval of average minimum and maximum daily 
temperature in the given month, otherwise, the value was 1, but in this case, the variable was 
statistically insignificant (p-value 0.078).

To create a model with weather, the method of backward elimination of statistically 
insignificant variables based on the p-value was used.

The obtained model had a coefficient of determination R2 = 0.8641, i.e., it explains up 
to 86.41% of the variability of the number of passengers. The value of the indicator MAPE 
was 28.97%. Detailed results of the model with respect to weather are in Tables 4 and 5. In 
the p-value column (Table 5), all the values are less than the significance level of 0.05, so all 
the coefficients of the regression model are statistically significant.

The interpretation of the results for the day of the week, period attractiveness, and holi-
day is the same as in the model without weather. The value of “clouds” 1 (moderate clouds) 

df SS MS F Significance F
Regres-
sion

8 2.1E+09 2.62E+08 282.9088 3.3E–149

Residual 356 3.3E+08 926,222
Total 364 2.43E+09

Table 4 ANOVA values of model 
with weather
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led to a decrease in the number of passengers by 308 compared to the value 0 (cloudless 
weather). Due to the value 2 (heavy clouds), a decrease of approximately 616 passengers 
compared to cloudless weather occurred (ceteris paribus). Strong wind (the variable “Wind” 
had a value of 1) reduced the number of passengers by 245. The coefficient for “Precipita-
tion” said that increasing the value for the frequency of precipitation by one led to a decrease 
in the number of passengers by 202 (ceteris paribus). When the daily maximum temperature 
was higher than the average maximum monthly temperature (the value of “Maximum daily 
temperature” of 1) the number of passengers increased by 246 (ceteris paribus).

Figure 3 shows the differences between the real values of the daily number of passengers 
and values calculated by the model with weather during the year 2019.

The adjusted coefficient of determination R2
a  was used to compare models, R2

a = 0.8438 
for the model without weather and R2

a = 0.8610 for the model with weather. The model 
with weather explains about 2% more of the variability of the number of passengers than the 
model without weather. This small difference is because vacationers book their stay in the 
High Tatras several months in advance regardless of the future weather, and the variables 
“Holiday” and “Period attractiveness” are of the main influence. A significantly bad weather 
forecast affects day trippers traveling at the last minute. Although the R2  for the model with 
weather was slightly greater than the R2  for the model without weather, they were both 

Fig. 3 Time series of daily passenger flow in 2019 - model with weather

 

Coefficients Standard 
Error

t Stat p-value

Intercept −490.685 187.1279 −2.62219 0.009112
Holiday 1138.408 135.424 8.406256 1.03E–15
Period 
attractiveness

1337.658 46.00175 29.07843 4.63E–96

Friday 544.941 147.1422 3.703495 0.000246
Saturday 1737.632 146.4757 11.86294 1.4E–27
Clouds −307.673 90.51511 −3.39914 0.000753
Wind −244.776 117.843 −2.07713 0.038506
Precipitation −202.285 78.53734 −2.57565 0.010408
Maximum daily 
temperature

245.662 116.6806 2.105424 0.035954

Table 5 Statistical characteristics 
of coefficients for model with 
weather
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indicative of a good fit. We used the F-test to compare the models. The obtained F-statistic 
of 12.1809, when compared to Fcrit  (5.65), indicates that the model with weather fits the 
data significantly better than the model without weather.

The demand for public passenger transport in 2020 was completely changed during the 
global pandemic of COVID-19. The total number of passengers observed on TEŽ in 2020 
was only 759 721. This is a decrease of 488 133 passengers (39%) compared to 1 247 
854 passengers in 2019. Daily numbers of passengers showed considerable variability: The 
mean was 2 076 passengers with a standard deviation of 2 135; the minimum value was 38, 
and the maximal one was 8 799. The median was 1 225.

On March 13, 2020, a state of emergency was declared in Slovakia. All schools were 
closed, international traffic was stopped, and ski resorts, wellness centers, spas, etc. were 
closed. As of March 15, a state of emergency was declared in hospitals. A ban on the pres-
ence of the public in public catering establishments was issued. On April 6, the Slovak 
government adopted resolutions on movement restrictions. On April 22, the first phase of 
relaxation began, outdoor sports grounds were opened. Accommodation and outdoor ter-
races for public catering were opened on May 6. Gradually, further releases came until the 
borders with other countries were opened.

From October 24, the curfew began to apply again, schools were closed, and nationwide 
tests were held. Movement restrictions lasted more or less until the end of 2020.

The model without weather was created for the year 2020. The model had the same 
variables as the model without weather created for the year 2019, with the season adjusted 
for the Easter holiday. The model created in this way explained only 64.44% (R2 = 0.6444)
of the variability in the daily number of passengers, while the coefficient for “Friday” 
was statistically insignificant based on the p-value. After adding the new variable “Lock-
down”, which took the value 1 during the period of strict restrictions (13/03 – 05/05/2020, 
24/10 – 31/12/2020), otherwise, it was zero, the model explained 69.39% (R2 = 0.6939) 
of the variability of the number of passengers. The value of the indicator MAPE was up to 
226.23%.

Figure 4 shows the differences between the real values of the daily number of passengers 
and the values calculated by the model without weather for the year 2020.

If the pre-pandemic period was excluded from the data (01/01 – 12/03/2020) and the 
model was considered only for the pandemic period with the “Lockdown” variable, the 
model would already explain up to 75.30% (R2 = 0.753) of the variability in the daily 
number of passengers.

Figure 5 shows the differences between the real values of the daily number of passengers 
and values calculated by the model without weather during the pandemic period of the year 
2020.

Relaxed restrictions in the summer months of July and August in 2020 brought a record 
number of one-day tourists in the High Tatras (Mrázik 2020). Nevertheless, a comparison 
of the number of passengers in these months in 2019 (number 488,634) and 2020 (number 
338,408) shows that the return of non-regular passengers to public passenger transport did 
not take place immediately after the anti-pandemic measures were lifted, but the mistrust of 
this segment of transport in this regard still persisted for a long time.

In the available scientific literature, there are very few articles describing a similar 
approach to building a model and forecasting the number of passengers, that does not allow 
for a detailed comparison of the achieved results. For example, Nissen et al. (2020) analyzed 
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the effect of weather on public transport usage in Berlin and showed that the most impor-
tant factor influencing ticket sales was temperature. Temperatures below − 5 °C led to an 
increase in ticket sales by up to 30% on weekdays, while on hot days (> 28 °C) the number 
of passengers decreased by up to 5%. Precipitation increases the number of sales on work-
ing days by up to 5%. Milenković et al. (2016) constated that the time series of passenger 
numbers realized on the Serbian railway network had a strong autocorrelation of seasonal 
characteristics and used Seasonal AutoRegressive Integrated Moving Average (SARIMA) 
method for fitting and forecasting the time series. Butkevičius et al. (2004) forecasted num-
ber of passengers carried by railway on the local (national) route by regression analysis 
taking time factor and national income factor as variables but without considering the qual-
ity of the model. Nar and Arslankaya (2022) used regression analysis and artificial neural 
network and machine learning algorithms technique to forecast the passenger demand on 
the Yenikapı–Kirazlı metro line. The values of MAPE were less than 2%.

We encountered several problems and limitations while in creating the models:

 ● Due to the available input data regular commuters to school or work and passengers 
who bought a ticket without an exact date of travel were not included in the models 

Fig. 5 Time series of daily passenger flow during the pandemic period of the year 2020

 

Fig. 4 Time series of daily passenger flow in 2020 - model without weather
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described in this article. All models followed the behavior of irregular passengers, i.e., 
visitors to the High Tatras region. For comparison, Baro and Khouadjia (2021) used the 
dataset consisting of records of the passenger load collected via sensors in vehicles and 
calculated at each time a train stops in a station.

 ● The models created in this study were based on measured weather in a given region on 
specific days. However, tourists plan their trips based on the weather forecast, which 
may not always be the same as the real weather on a given day. The advantage of the 
High Tatras region is that there is a weather station right there, where the forecast is 
made for the High Tatras region itself, and therefore we can assume that the weather 
forecasts for this region for the next 24 h are relatively accurate and the differences with 
reality are minimal. Unfortunately, the authors of this study did not have the opportunity 
to compare the predicted and actual weather conditions. But it is certainly a challenge 
for further research that would also take this factor into account, as well as the interac-
tion effects of weather phenomena.

 ● There are many ways to encode variables describing the weather, whether based on 
mathematical reasoning, experience, or subjectivity, and it is difficult to determine 
which method is the most appropriate. In the model without weather, the variable “Peri-
od attractiveness” was most affected by subjectivity. The variable “Holiday” could also 
include separate days when significant cultural or sports events took place in the High 
Tatras region. We also worked with a model including “bridge” day between a holiday 
and a weekend, but it was not statistically significant. The influence of the weather dur-
ing the year is generally difficult to describe mathematically, which was most evident 
when encoding the variables “Maximum daily temperature” and “Precipitation”. Avail-
able data included only values of measured total daily precipitation, but it is difference if 
the light and persistent rainfall is forecasted or heavy short one, so this variable does not 
describe the influence of rain very well. It is also difficult to answer the question whether 
to take these variables as dummy variables, scale variables, or quantitative variables.

Conclusions

Touristic interesting regions attract many tourists, which means that mobility must be 
ensured for all visitors to the region. Considering the negative external costs of transport, 
it is essential that tourists in these areas use public transport as much as possible for their 
mobility. In order for this public passenger transport to be sufficiently attractive to pas-
sengers, it must meet both qualitative and quantitative requirements, and its services must 
be sufficient to meet the demand for transport. However, the demand for transportation 
by non-regular passengers is very uneven and is influenced by several factors. With our 
model, we have proved that some basic factors influencing the demand for transportation 
by non-regular passengers in touristic attractive areas (days of the week, weather) can be 
mathematically described and quantified.

Based on the created models and their mathematical evaluation, it can be concluded that 
the increase in the demand of non-regular passengers for public passenger transport in a 
tourist-attractive region, in terms of days of the week, is most affected by Friday and Satur-
day. From this point of view, Sunday seems to be of little importance.
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By using multiple linear regression of various combinations of independent variables, it 
is possible to predict the change in the level of the demand for public passenger transport 
depending on the importance of the day (for example ordinary day, holiday), period attrac-
tiveness (for example Easter, summer holiday, period from Christmas to New Year’s Eve) 
and weather conditions (clouds, wind, precipitation, temperature).

The results of this model can be used directly in the operational planning of public pas-
senger transport. Since the public transport operator can receive the characteristics of the 
parameters of the following days 1 to 2 days in advance, it can adjust the timetable, the 
capacity of the sets and plan the driving of vehicles and the need for personnel. This opera-
tional management can better ensure the rational use of vehicles and the carrier’s employ-
ees, ensure sufficiently attractive public passenger transport and at the same time effective 
use of costs.

It is very difficult to forecast the demand for public passenger transport during the 
changing anti-pandemic measures (lockdown) because even after the measures are relaxed, 
potential passengers are likely to be afraid of public transport and prefer to use individual 
transport by private car.
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