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Aim and scope 

Croatian Review of Economic, Business and Social Statistics (CREBSS) is a scientific journal that 

promotes both, statistical science and profession, theory and applications. It focuses statistical 

methods developed and applied in economy, business processes and social sciences in a very 

broad meaning. It targets a very wide audience of statisticians, whether they are scientists, 

professionals, educators or students, influencing modern economy, business and society.  

 

About  

The journal does not have article processing charges (APCs) nor article submission charges. 

The goal of the CREBSS journal is to demonstrate how statistical science, research design and 

analysis methods play important roles in economy, business and society. The journal targets the 

current issues regarding the official statistics data production, and discusses the broad variety 

of applied statistical problems that might be outcomes of scientific survey research design, 

experimental design or observational study in economy, business and for different social issues, 

respecting the overall turbulent influences caused by the modern ICT and software 

development.  

In this respect, the CREBSS journal fosters the exchange of ideas, experience and knowledge 

among statisticians.  

Papers submitted for publication should be original theoretical, practical and applied papers. 

The journal also publishes case studies describing innovative applications and critical reviews 

of statistical theory.  

The anonymous double-blind peer review by the two independent reviewers is applied to all 

the papers.  

 

Rejection Rate: 30%  

 

Why submit 

The CREBSS journal is a good opportunity for publication of research focusing either on 

statistical theory or on statistical methods applications in economics, business and social issues. 

Areas such as finance and commerce, management, marketing, and also in agriculture, 

industry, construction, engineering, demography, psychology, sociology, law, politics, opinion 

polling, government, education, biomedical and physical sciences, health and medicine, 

pharmaceutics, kinesiology, ecology, environment, tourism, sports, leisure, ICT and quality 

issues are welcome. Statistical data collection, processing, compilation, dissemination, and 

data exploration and analysis, with organizations, regions, countries, or persons as possible units 

or levels of the analysis, all might be of interest. Since any interesting topic and applications of 

statistics are welcome, there are no restrictions to subject matters. Papers emphasising current 

concerns regarding statistical theory and challenging applied problems in multi- and cross-

discipline issues (such as computational statistics, data mining and pattern recognition, 

simulation modelling, or related to optimization, mathematical programming, etc.), resulting 

with new statistical approaches are of special interest. It is expected that papers are 

methodologically well sounded, and that real-life problems are treated, showing novel 

solutions.  

 

Similarity check plagiarism screening system  

The editorial board is participating in a growing community of Similarity Check System's users in 

order to ensure that the content published is original and trustworthy. Similarity Check is a 

medium that allows for comprehensive manuscripts screening, aimed to eliminate plagiarism 

and provide a high standard and quality peer-review process.  

Detailed description of the Similarity Check System can be found at: 

https://www.crossref.org/services/similarity-check/  

 

Supplementary materials available for the online version of the journal: Open Access License, 

Editorial Ethical Policy, Guidelines for Reviewers, Paper Template, Instructions for Authors  

  

https://www.crossref.org/services/similarity-check/
https://content.sciendo.com/supplemental/-868365706/journals/crebss/crebss-overview.xml
https://content.sciendo.com/supplemental/1689585140/journals/crebss/crebss-overview.xml
https://content.sciendo.com/supplemental/-1222220349/journals/crebss/crebss-overview.xml
https://content.sciendo.com/supplemental/-993702670/journals/crebss/crebss-overview.xml
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Editorial for the Special Issue: 

“Contemporary Issues in Statistical Methods 

and Data Science Applications” in Croatian 

Review of Economic, Business and Social 

Statistics 
 

Berislav Žmuk 

University of Zagreb Faculty of Economics and Business, Department of 
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Anita Čeh Časni 
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DOI: 10.2478/crebss-2020-0006 
 

 

The special issue of Croatian Review of Economic, Business and Social Statistics 

(CREBSS) is focusing on contemporary issues in statistical methods and data science 

applications. CREBSS is the first statistical journal established in Croatia and it is 

published by Croatian Statistical Association (CSA). 

Statistical methods have widespread use in different application areas. Statistical 

methods have shown to be very useful methods which, for example, can improve 

production processes, help in decision making, forecasting and simulate 

developments in the future periods. However, depending on the analysed processes, 

available data and used statistical methods, different issues can appear in practice. 

This special issue brings six papers that cover using statistical methods and their 

ability of issues solving in different areas like stock market prediction and stock 

selection, COVID-19 spread analysis, presentation skills of business and economics 

students, measurement errors of different survey modes and tourism traffic 

administrative evidence. 

In the field of stock market analysis, Vlah Jerić (2020) compares different 

classification algorithms for prediction on CROBEX data. The author tested overall five 

different classification algorithms and evaluated their performance. 

On the other hand, Vuković, Pivac and Babić (2020) inspected possibilities of 

selecting an optimal set of investment stocks. In order to select the best stock for 

investment the authors applied different hybrid multiple criteria decision-making 

approaches.    

Jošić (2020) tackles the issue of different COVID-19 spread rates in 111 countries 

worldwide. In order to investigate that issue the author included variety of socio-

economics variables in estimated statistical models. 
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Ćurlin, Pejić Bach and Miloloža (2020) are emphasizing the importance of 

presentation skills of business and economics students. In order to detect common 

characteristics of different group of students, the authors applied non-hierarchical k-

means analysis. 

Centrih, Viršček, Smukavec, Bučar and Arnež (2020) inspected the sources of mode 

measurement errors based on data from the survey of daily passenger mobility of 

Slovenian residents conducted in 2017. The results from this mixed mode survey 

enabled the use of the regression modelling for two key statistic estimates: the number 

of trips in a day and the daily distance. 

The problems and challenges of administrative data sources in measuring non-

commercial tourism traffic are emphasized by Marušić, Kožul and Brozović (2020). The 

authors came to the conclusion that existing secondary and administrative data 

sources are not enough to improve the estimates in the eVisitor system in Croatia. 

Finally, the contemporary issues that research papers in this special issue are 

dealing with, are just examples of questions that appear in practice where statistical 

methods and data science can be applied. No matter that the research papers are 

suggesting solutions for only small amount of issues in the specific areas, these few 

examples are showing that we can make better world by using appropriate statistical 

methods. 
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Abstract  
The main objective of this analysis is to evaluate and compare the various 

classification algorithms for the automatic identification of favourable days for 

intraday trading using the Croatian stock index CROBEX data. Intra-day trading refers 

to the acquisition and sale of financial instruments on the same trading day. If the 

increase between the opening price and the closing price of the same day is 

substantial enough to earn a profit by purchasing at the opening price and selling at 

the closing price, the day is considered to be favourable for intra-day trading. The 

goal is to discover relation between selected financial indicators on a given day and 

the market situation on the following day i.e. to determine whether a day is favourable 

for day trading or not. The problem is modelled as a binary classification problem. The 

idea is to test different algorithms and to give greater attention to those that are more 

rarely used than traditional statistical methods. Thus, the following algorithms are used: 

neural network, support vector machine, random forest, as well as k-nearest 

neighbours and naïve Bayes classifier as classifiers that are more common. The work is 

an extension of authors’ previous work in which the algorithms are compared on 

resamples resulting from tuning the algorithms, while here, each derived model is used 

to make predictions on new data. The results should add to the increasing corpus of 

stock market prediction research efforts and try to fill some gaps in this field of research 

for the Croatian market, in particular by using machine learning algorithms. 
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Introduction  
There is a lot of research in the literature on predicting stock market price movements. 

Many of them use machine learning methods as an alternative to classical statistical 

methods. Of these methods, for example, neural networks, decision trees, and support 

vector machines are often used successfully. However, it seems that similar studies are 

rare in Croatia, as noticed by, for example, Šego and Škrinjarić (2018). This paper 

should therefore contribute in this regard.  

Some of the many research topics in the field of stock market price forecasting are 

regression problems, in which one tries to predict the stock price or the value of the 
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stock index, and classification problems, in which one tries to predict the direction of 

the changes of these values, for example. Some of the first research in this area used 

neural networks to predict the Tokyo stock market (Mizuno, Kosaka, Yajima, Komoda, 

1998; Kimoto, Asakawa, Yoda, Takeoka, 1990). Some other similar studies have used 

the Bayes classifier (Pop, 2006; Shin, Kil, 1998; Tsaih, Hsu, Lai, 1998;) and support vector 

machines (Ince, Trafalis, 2007; Moreira, Jorge, Soares, Sousa, 2006). Also, many studies 

compare the performance of different methods such as neural networks, support 

vector machines, k-nearest neighbours, naïve Bayes classifier, genetic algorithms, 

decision trees etc. (Kara, Boyacioglu, 2011; Qi, Zhang, 2008; Qian, Rasheed, 2007; 

Zemke, 1999). There are also some papers on using machine learning algorithms for 

predicting stock market trends on Zagreb Stock Exchange (ZSE) such as research by 

Manojlović and Štajduhar (2015) who use random forest. 

The aim of this paper is to compare five algorithms according to their success in 

classifying days as favourable or unfavourable for trading within one day e.g. intra-

day trading on the Croatian stock market. Namely, intra-day trading consists of buying 

and selling financial instruments within one trading day and a day is considered 

favourable for trading if the difference between the opening price and the closing 

price on the same day is large enough, while otherwise it is unfavourable. In this 

research, the price of the Croatian stock index CROBEX is observed, and the selected 

algorithm should automatically recognize whether the following day will be 

favourable or unfavourable for intra-day trading depending on the value of selected 

technical indicators for the current day. The algorithms used are neural networks (NN), 

support vector machines (SVM), random forest (RF), k-nearest neighbours (KNN) and 

naïve Bayes classifier (NB). 

This paper is a continuation of the research from Vlah Jerić (2020a, b) in which a 

preliminary comparison of algorithms based on resamples resulting from tuning the 

algorithms was performed and the possibility of extracting decision rules from the 

obtained RF model was examined. However, unlike previous work in which the 

algorithms are compared only on resamples, in this work the analysis goes deeper and 

each derived model is used to make predictions on new data. This should give better 

insights into how the algorithms really perform in terms of accuracy. 

The next, second, chapter describes the data and algorithms that are analysed in 

the research, while the third chapter presents the results of the research. The last, fourth 

chapter, provides conclusions and guidelines for future research. 

 

The data and selected algorithms 
The data description 
The data used consists from daily opening, closing, high and low values of Croatian 

stock index CROBEX for the last ten years, more precisely from the beginning of year 

2010 until the end of year 2019. As the first and most important Zagreb Stock Exchange 

equity index, CROBEX is perceived as an indicator of the movement of Croatian stock 

market prices. There are 2492 records (observations) to start with since each data 

record refers to one trading day.  

In this research, the day is considered to be favourable if the increase between the 

opening price and the closing price of the same day is larger than 0.3%, while 

otherwise, the day is considered to be unfavourable for intra-day trading. This 

benchmark value could be set at any chosen value and here it is 0.3 as in Bruni (2017) 

who suggested it should provide a reasonable opportunity for profit. In such way, the 

class is assigned to each daily record and the classification algorithms’ task will be to 
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try to guess whether the following day will be favourable by looking at values of a set 

of technical indicators. 

The indicators are chosen following Bruni (2017) where detailed explanations of the 

calculation procedure can be found. Values of the parameters used in the 

calculations were chosen as values widely used by traders and scientists as defaults in 

intraday trading. A total of 18 indicators are used: 

• Momentum over five periods (MOM), 

• an exponential moving average (EMA) over 12 and 26 periods (EMA12 and 

EMA26, respectively), 

• Moving Average Convergence/Divergence with 12, 26 and 9 time periods 

(respectively) selected as three parameters needed for calculation (MACD), 

• Return On Investment over 10, 20 and 30 periods (ROI10, ROI20 and ROI30 

respectively), 

• Relative Strength Index over 10, 14 and 30 periods (RSI10, RSI14 and RSI30 

respectively),  

• Stochastic Relative Strength Index over 10, 14 and 30 periods (SRSI10, SRSI14 

and SRSI30, respectively), 

• Average True Range over 14 periods (ATR),  

• Average Directional Index over the last 14 periods (ADX), 

• Williams %R over 14 periods (WPR), 

• Commodity Channel Index over 20 periods (CCI),  

• Ultimate Oscillator with 7, 14 and 28 time periods (respectively) selected as 

three parameters needed for calculation (UO). 

During the calculations of the class and the indicators, 40 data records are lost. The 

total number of data records used in the experiments is therefore 2452. Among these, 

there are 657 favourable days and 1795 unfavourable days, which means the data is 

imbalanced since there are far more unfavourable days than the favourable ones. 

Table 1 shows summary statistics for the selected indicators.  

 

Table 1 Summary statistics for the selected indicators 
Indicator Min Max Mean St.dev. 

MOM -237.10 179.18 0.20 29.48 

EMA12 1594.33 2307.58 1856.90 151.84 

EMA26 1601.54 2295.04 1856.44 148.07 

MACD -5.00 3.47 0.01 0.95 

ROI10 -8.02·10-6 4.82·10-6 -3.68·10-10 1.20·10-6 

ROI20 -4.57·10-6 3.20·10-6 -8.50·10-10 9.23·10-7 

ROI30 -4.33·10-6 2.42·10-6 -2.66·10-9 7.97·10-7 

RSI10 7.77 84.03 49.58 15.96 

RSI14 11.34 79.68 49.57 13.91 

RSI30 17.66 72.56 49.58 10.24 

STOCHRSI10 0.00 1.00 0.49 0.38 

STOCHRSI14 0.00 1.00 0.49 0.38 

STOCHRSI30 0.00 1.00 0.49 0.39 

ATR 8.41 73.39 19.15 8.46 

ADX 6.54 78.11 26.54 13.21 

WPR 0.00 1.00 0.49 0.30 

CCI -294.16 392.65 -0.28 115.07 

UO 30.77 70.00 52.00 5.42 

Source: authors’ calculations. 

 

 



  

 

 

7 

Croatian Review of Economic, Business and Social Statistics (CREBSS) 

UDK: 33;519,2; DOI: 10.1515/crebss; ISSN 1849-8531 (Print); ISSN 2459-5616 (Online) 

 

 

Vol. 6, No. 2, 2020, pp. 4-11 

 

The selected algorithms and testing scheme 
Five types of algorithms that can be used for classification tasks were selected to try 

to classify the days as favourable or unfavourable: neural network (Ripley, 2007; 

Haykin, 1999; Bishop, 1995); support vector machines (James, 2013; Kuhn and Johnson, 

2013; Hastie, Tibshirani and Friedman, 2001); random forest (Izenman, 2008; Hastie, 

Tibshirani and Friedman, 2001; Breiman, 2001; Ho, 1998); k-nearest neighbours (Hall, 

Park and Samworth, 2008; Hastie, Tibshirani and Friedman, 2001); naïve Bayes classifier 

(Murty and Devi, 2011; Russell, 2010). 

The algorithms were evaluated by their performance in terms of their successfulness 

in classifying days as favourable or unfavourable correctly. However, instead of the 

most common metric used for this – accuracy, Cohen’s kappa (Cohen, 1960) is 

chosen as performance assessment metric because it is better suited for imbalanced 

data as it reveals how much better a chosen classifier performs than a classifier that 

merely guesses randomly according to the frequency of each class. Namely, since 

accuracy is calculated as the proportion of true results among the total number of 

cases examined, it is not a representative measure for evaluation of classification 

algorithms performance on data which are imbalanced or skewed. For imbalanced 

classification, a high accuracy can be attained by only predicting the majority class, 

i.e. in the case of this CROBEX data, predicting that all days were unfavourable would 

give high accuracy. However, there is also a downside to using Cohen’s kappa: unlike 

simple accuracy, it is more difficult to interpret and understand. 

For the purposes of proper evaluation of the selected algorithms performances, the 

data was dived into ten sections (equal length arrays of consecutive records) i.e. time 

slices. Each of the time slices was further divided on training set and test set such that 

the training set part consisted of 80% of the consecutive records in that time slice, while 

the test set section was the rest 20%. Training set was used to obtain an optimal model 

for the given algorithmic approach and then this model was used on new data (data 

that was not used in selecting the optimal model) i.e. the test set. By doing so, the 

models are cross-validated and their hyper parameters are tuned for optimal model 

performance and then tested on unused data. Within this cross-validation scheme, 

the optimal model mentioned above was selected following the same cross 

validation technique, but only on the training data for the given time slice. That means 

that each training set was further divided into ten parts i.e. ten time slices where the 

cross validation is used to select the optimal model. 

The described type of data splitting for cross validation that basically moves the 

training and test sets in time used in this research (for tuning the algorithms and 

selecting the optimal model, as well as for evaluating its’ performance on new data) 

is known as rolling forecasting origin technique (Hyndman & Athanasopoulos, 2020). 

There are different forms of this technique and the one that is used in this analysis is the 

one where the training set moves in time meaning that it always contains the same 

number of records instead of always beginning from the first sample with the set size 

varying over data splits. Also, the predictions are made for more than only one period 

ahead, making it harder for predicting accurately. 

 

Results 
For class prediction on CROBEX data, the simplest type of artificial neural network 

devised was used – the feed-forward neural network. More precisely, the feed-forward 

NN with a single hidden layer is fitted, after being tuned by varying the number of 

hidden units and weight decay. The activation function is logistic. As for the SVM, the 

CROBEX data were processed by support vector machine with radial basis function 
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(RBF) kernel which is tuned over the cost parameter and the RBF kernel parameter 

sigma. On the other hand, RF is tuned by varying the number of randomly selected 

predictors i.e. the number of variables randomly sampled as candidates at each split. 

For all three previously mentioned algorithms, the amount of granularity in the tuning 

parameter grid is set to ten. Also, in this research, the best choice of k in KNN, which 

depends upon the data, is tuned by trying five different values. Finally, on CROBEX 

data, NB classifier is tuned distribution type – parameter that allows adjusting the 

bandwidth of the kernel density and bandwidth adjustment (zero to five). 

R (R Core Team, 2020) was used for running all of the experiments on CROBEX data, 

as well as the statistical tests that followed. The summary of the results on running all of 

the selected algorithms in order to evaluate their performance on unknown data 

based on the cross-validation scheme described in the previous chapter are given in 

table 2.  

 

Table 2 Summary of Kappa values on new data 
 NN SVM RF KNN NB 

Min. -0.082760 -0.056289 -0.023428 -0.28699 -0.113845 

1st Qu. -0.073242 -0.001409 -0.005921 -0.02764 -0.008397 

Median -0.039208 0.000000 0.011913 -0.01020 0.016697 

Mean -0.039049 0.011771 0.016468 -0.03252 0.018084 

3rd Qu. -0.004842 0.017387 0.037218 0.01024 0.035932 

Max. 0.002756 0.133972 0.061990 0.06160 0.151254 

Source: authors’ calculations. 

 

It should be noted that the Table 2. shows the Kappa values of applying the optimal 

model (obtained through tuning the algorithms) on new data and the auxiliary results 

on resamples that are used to make the selection of the optimal model of each 

approach are not included here. Visualisation of these results in form of box-whiskers 

plots is given in Figure 1. 

 

 
Figure 1 Box-whiskers plots for summary of Kappa values on new data  

Source: authors’ calculations) 

 

The significance of differences between mean Kappa values for the five algorithms 

is tested using Friedman test as the non-parametric version of the well-known ANOVA. 

Namely, when evaluating the performance of machine learning algorithms, the 
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assumptions which ANOVA is based on are most likely to be violated, so we follow the 

suggestions of Demšar (2006) for these tests. The Friedman test reports a significant 

difference between the five evaluated algorithms (𝑝 = 0.0107) for 𝛼 = 0.05. For 

pairwise comparisons of the multiple classifiers we use the corresponding Nemenyi 

post-hoc test (Nemenyi-Wilcoxon-Wilcox all-pairs test) and the results are given in 

Table 3. 

 

Table 3 Nemenyi post-hoc test for Kappa values 
 NN SVM RF KNN 

SVM 0.081 - - - 

RF 0.010 0.955 - - 

KNN 0.790 0.618 0.211 - 

NB 0.157 0.999 0.860 0.790 

Source: authors’ calculations. 

 

From the results in Table 2, it can be seen that NB had the highest (the best) mean 

and median Kappa values, though the differences between those and of the second-

best RF were very small. Indeed, the results in Table 3 show that the difference 

between the mean Kappa values by NB and RF is not significant which was expected 

when looking at the box-whiskers plot from Figure 1. On the other hand, a much 

greater variability for NB than for RF can be observed. Thus, it seems that choosing RF 

algorithm for this type of classification would make sense and exploring the possibility 

of rule extraction from RF as a way of adding interpretability is appealing. It should be 

noted that Table 2 contains a lot of negative values and negative Kappa values mean 

that classification was pretty bad. 

Other than the results used in previously driven conclusions, Table 3 also reports a 

significant difference between RF and NN algorithm (𝑝 = 0.010) for 𝛼 = 0.05, as well as 

a significant difference between SVM and NN algorithm (𝑝 = 0.081) for 𝛼 = 0.1. It is also 

interesting to notice that there is no significant difference between KNN and any other 

method, as well as between NB and any other method. Looking at box-whiskers plots 

gives an idea for that. Namely, both methods show great variability in their 

performance. Thus, they do not seem reliable. On the other hand, NN presented itself 

as a huge disappointment as it was really bad compared to other algorithms. 

However, it could surely be tuned better to give its best and show that it can perform 

much better. Still, the idea here is to compare algorithms so tuning them too much 

would not make much sense. This way, they were tuned to a certain extent but without 

overthinking it and thus by setting the same tuning grid granularity where possible. 

In the end, although accuracy metric has bad representativeness of imbalanced 

classification performance, it is interesting to mention, due to its popularity, that the 

mean accuracy values for all approaches ranged from 0.6370 to 0.7120, which is 

reasonable. 

 

Conclusion  
This paper compared the performance of five different classification algorithms for the 

automatic detection of favourable days for intraday trading using the data from 

Croatian stock index CROBEX. Greater attention was given to the methods that are 

more rarely used than traditional statistical methods. The findings contribute to this 

area of research for the Croatian market where there are not many such analyses, in 

particular by using machine learning algorithms, and also to the growing corpus of 

stock market prediction analysis efforts in general. 
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Evaluations of neural network, support vector machine, random forest, k-nearest 

neighbours and naïve Bayes classifier showed significant difference in performance 

on new data according to Cohen’s kappa. Random forest seems to be promising for 

this type of classification and thus it would make sense to explore the possibility of rule 

extraction from RF as a way of adding interpretability, which is one of the possible 

research directions for future research. Although some preliminary research in this 

topic has been conducted, it needs much further analysis still as the question of how 

much of accuracy would be sacrificed that way remained open. 

Also, it would be interesting to see how these algorithms behave on other stock 

markets in the region as well as to investigate is there any pattern in the parameters 

chosen in the optimal models. Finally, although CROBEX, being a stock index, cannot 

be bought and sold, researching the algorithms for predictions of CROBEX data could 

be applied for trading on Croatian stock market by using these procedures on actual 

stocks. 
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Abstract  
The COVID-19 pandemic was triggered on December 2019 in the city of Wuhan, 

China, spreading across the world causing global economic crisis and public health 

emergency. One could ask: what are the socio-economic factors that catalyse the 

spread of the disease and why are some countries more affected by the COVID-19 

pandemic. Therefore, the goal of this paper is to investigate these socio-economic 

catalysers of the COVID-19 spread. For that purpose, a cross-country regression 

analysis was conducted at three time points (April 1st, 2020, April 15th 2020 and April 

29th, 2020) using OLS, Tobit and PPML estimators. The results of the analysis have 

shown that countries with higher gross domestic product per capita, population, HDI 

and HFI indices have been hardely hit with the global COVID-19 pandemic. When 

some variables were transformed with by dividing it with the population variable, 

POPDEN and TOUR variables appeared to be significant. The AGE variable was 

important in the model taking into account total deaths due to the COVID-19 

infection. The limitations of the paper are related to data unavailability for some 

variables in the most recent year. The results obtained from this analysis should be 

repeated, taking into account other time points and additional COVID-19 socio-

economic catalysers. 
 

Keywords: COVID-19, PPML, socio-economic catalysers, Tobit. 
 

JEL classification: C38, I19. 

DOI: 10.2478/crebss-2020-0008 
 

Received: October 19, 2020 

Accepted: November 23, 2020 
 

 

Introduction 
The COVID-19 outbreak was triggered in December 2019 in the city of Wuhan, Hubei 

province in China. Since then the virus spread across the world, McKibbin and 

Roshen (2020a). The countries take actions to limit the spread of the virus in the form 

of social isolation policies, limiting work and restricting the mobility of people, 

Maliszewska et al. (2020). The economic consequences of the COVID-19 spread 

were detrimental not only to public health systems but to trade and travel, 

agriculture and food industry, retail chains, finance sector and others as well, Evans 

(2020). According to McKibbin and Roshen (2020b) a contained outbreak could 

significantly impact the global economy in the short run. Investment in public health 

systems, especially in less developed economies, where health care systems are less 

developed and population density is high, could avoid greater scale of costs. One 
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could ask: what are the socio-economic factors that catalyse the spread of the 

disease and why are some countries more heavily affected by the COVID-19 

pandemic. Various authors have investigated these factors. Most often mentioned in 

recent empirical literature are population and population density (Žmuk and Jošić, 

2020), containment measures, reducing mobility and other restrictions, (Deb et al., 

2020), international tourism (Folinas and Metaxas, 2020), lower yearly average 

temperatures, higher economic openness and stronger political democracy 

(Hossain, 2020), air travel (Hubert, 2020; Keita, 2020), international trade, travel and 

common borders (Krisztin et al., 2020; Ranasinghe et al., 2020), wearing face masks 

(Mitze et al., 2020), immigrant stock (Sirkeci and Yucesahin, 2020), GDP per capita 

and personal freedom (Vigdorovits, 2020) and others. 

The goal of this paper is to investigate the socio-economic catalysers of the 

COVID-19 spread based on previous investigations. The variables that are chosen in 

the analysis are gross domestic product per capita (GDPPC), population density 

(POPDEN), population (POP), international tourism expressed in the number of tourist 

arrivals (TOUR), air transport expressed in the number of passengers carried (AIR), 

median age (AGE), Human Development Index (HDI) and Human Freedom Index 

(HFI). The impact of various factors influencing the COVID-19 spread (represented 

with the Total cases of infection variable) will be investigated using the cross-country 

regression analysis conducted at three time points (April 1st, 2020, April 15th, 2020 

and April 29th, 2020) which is the novel approach in regards to the previous research 

in this field. Cross-country regression models will be then estimated using the OLS, 

Tobit and PPML estimators. It is expected that the results will show that 

aforementioned socio-economic factors are having positive and significant impact 

on the spread of the COVID-19 disease. 

The paper is structured in five sections. After the introduction, in literature review 

empirical investigations on determinants of the COVID-19 spread have been 

discussed and elaborated. In the methodology and data section a cross-country 

regression analysis conducted at three time points and estimated using OLS, Tobit 

and PPML estimators has been explained. The data sources for total cases of the 

COVID-19 disease across the world as well as independent variables representing 

the COVID-19 determinants, based on the previous investigation, have been used. In 

the results and discussion section the main results of the analysis have been 

displayed. The final section contains the conclusion, presents the limitations of the 

paper and recommendations for future research.  

 

Literature review  
Žmuk and Jošić (2020), on a sample of 209 countries, found that variable population 

is statistically significant in regression models for total cases, total deaths and tests 

variables whereas the population density variable is not. In the case of Italian, French 

and United Kingdom’s regions, the results have shown that the population density 

variable also positively affects the spread of COVID-19. According to Deb et al. 

(2020) containment measures, by reducing mobility, restrictions on gatherings and 

public events, school and workplace closings as well as stay-at-home orders have 

been very effective in flattening the pandemic curve. The spread of the COVID-19 

disease particularly affected the globalised nature of international tourism which is 

perhaps the main industry most negatively impacted by it, Folinas and Metaxas 

(2020). Hossain (2020) found that the number of confirmed cases of the COVID-19 

infection is higher in countries with lower yearly average temperatures, higher 

economic openness and stronger political democracy. Air travel caused 8-9% 

percent of all confirmed cases on average in two waves in March, Hubert (2020). 



  

 

 

14 

Croatian Review of Economic, Business and Social Statistics (CREBSS) 

UDK: 33;519,2; DOI: 10.1515/crebss; ISSN 1849-8531 (Print); ISSN 2459-5616 (Online) 

 

 

Vol. 6, No. 2, 2020, pp. 12-26 

 

Therefore, it is important to adopt social and spatial distancing to effectively tackle 

the COVID-19 spread. Keita (2020) came to similar conclusions. More connected 

countries registered first cases of infection earlier than the less connected countries 

with the effect being reinforced by direct flight connections to China.  

Krisztin et al. (2020) used spatial econometric specification to model daily 

infection rates of Covid-19 across countries focusing on the number of flight 

connections, relationships in international trade and common borders. In early 

stages of the infection international flight linkages have shown to be the main 

transmission channel. Mitze et al. (2020) used the synthetic control method to 

analyse the effect of face masks on the spread of Covid-19 in Germany. They found 

that wearing masks reduced the number of confirmed Covid-19 cases between 2.3% 

and 13% in a period of 10 days after they became compulsory. International travel is 

one of the key contributors to spreading the COVID-19 disease around the globe. 

This exerted tremendous pressure on international tourism and airline industry, 

Ranasinghe et al. (2020). Sirkeci and Yucesahin (2020) argued that monitoring 

immigrant stock and travel data could help contain the spread of COVID-19. 

Stojkoski et al. (2020) investigated the potential of 29 socio-economic determinants 

explaining the COVID-19 pandemic spread. However, the true empirical model 

behind the COVID-19 spread is made up of only a few determinants. Each 

determinant is able to provide a most credible explanation for a particular individual 

country due to their heterogeneous socio-economic characteristics. Vigdorovits 

(2020) used a gravity model to express the time to a first case of infection as a 

function of various socioeconomic factors. The largest effect on lowering the survival 

time had the personal freedom variable. Higher GDP per capita and larger 

population in a country also reduced the survival time. On the other side, a greater 

distance from the outbreak source increased it. 

 

Data and methodology 
In this section, data and research methodology used in the analysis will be explained 

and elaborated. In order to estimate the impact of various factors on the COVID-19 

spread, a cross-country regression analysis will be conducted at three time points 

(April 1st, 2020, April 15th, 2020 and April 29th, 2020). The spread of the COVID-19 

disease will be approximated with the total cases of COVID-19 variable which will be 

the dependent variable in the model. The data for this variable are provided from 

the EU Open Data Portal (2020) webpage. 

In Figure 1 the total number of cases and deaths due to the COVID-19 disease 

worldwide in the period from January 1st 2020 to May 1st 2020 is displayed. At the end 

of April there were 3,137,334 cases of infection and 227,763 deaths due to the 

COVID-19 disease. In Figures 2 and 3 total cases and deaths due to the COVID-19 

infection in the top 15 countries with the highest number of cases and fatalities are 

presented.  

It can be noticed that the United States are the country with the highest number 

of cases (1,069,826) and deaths (63,006) due to the COVID-19 disease (Figure 2). 

Other most infected countries are mainly from the European continent (Spain, Italy, 

United Kingdom, France, Germany). 
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Figure 1 Total cases and total deaths due to COVID-19 worldwide, from January 1st 

2020 to May 1st 2020 

Source: Author’s according to the EU Open Data Portal (2020) 

 

 
 

Figure 2 Total cases of infection due to COVID-19 worldwide, top 15 countries, May 

1st 2020 

Source: Author’s according to the EU Open Data Portal (2020) 
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Figure 3 Total deaths due to COVID-19 infection worldwide, top 15 countries, May 1st 

2020  

Source: Author’s according to the EU Open Data Portal (2020) 

 

According to the previous literature research, the following independent variables 

can be seen as representing: gross domestic product per capita (GDPPC), 

population density (POPDEN), population (POP), international tourism, number of 

arrivals (TOUR), air transport, passengers carried (AIR), median age (AGE), Human 

Development Index (HDI) and Human Freedom Index (HFI). The data for the gross 

domestic product per capita were available from the World Bank for the year 2018, 

(World Bank, 2020b) as well as for the air transport (World Bank, 2020a), international 

tourism (World Bank, 2020c), population density (World Bank, 2020d) and population 

in total (World Bank, 2020e). In addition, the data sources for the median age, 

Human Development Index (HDI) and Human Freedom Index (HFI) variables were 

available from the Global Change Data Lab (2020), Human Development Report 

Office (2020) and Cato Institute (2020) respectively. The data were collected for 111 

countries worldwide for the most recent years and presented in Table A1 in 

Appendix. In most cases, it was the year 2018 for non-COVID-19 variables. In 

Equation 1 a cross-country regression model for the estimation of the COVID-19 

spread is presented. 

 
Totalcases𝑖 = α + β1GDPPCi + β2POPDENi + β3POPi + β4TOURi + β5AIRi + 

            + β6AGEi + β7HDIi + β8HFIi + εI                                             (1) 

It is expected to obtain a positive sign of the regression coefficient for all observed 

variables in the estimated regression model. The spread of COVID-19 is thought to be 

positively correlated with an increased GDP per capita, population and population 

density, the number of tourists and air arrivals in a country as well as with the higher 

median population age, Human Development Index (HDI) and Human Freedom 

Index (HFI). In Equation 2 a cross-country regression model for the estimation of the 

COVID-19 spread in a logarithmic form is displayed. 
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log (Totalcasesi) = α + β1(log GDPPCi) + β2 log(POPDENi) + β3 log(POPi) + 
+β4log (TOURi) +  β5log (AIRi) +  β6log (AGEi) + β7log (HDIi) + β8log (HFIi) + εi (2) 

For some countries, there are values of zero for the Total cases variable at the 

observed time-points. In those cases, the value of this variable was set to 1 because 

the logarithmic value of zero is not defined. However, that can lead to significant 

biases. In order to take into account these cases of zero infection, the Poisson 

Pseudo Maximum Likelihood (PPML) model will be estimated (Equation 3). Santos 

Silva and Tenreyro (2011) showed that the PPML model could perform very well in 

situations when the proportion of zeroes in data is quite large. Alongside with the 

PPML model, the censored Tobit model (Tobin, 1958) will be also employed in the 

analysis. The Tobit model is often used to analyse data for which the substantial 

fraction of the observations is equal to zero and the part of the observations on the 

dependant variable is left censored. In Equation 3 a cross-country regression for the 

PPML model is presented. 

 
Totalcasesi = exp[α + β1(log GDPPCi) + β2 log(POPDENi) + β3 log(POPi)

+ β4log (TOURi) + β5log (AIRi) +  β6log (AGEi) + β7log (HDIi)
+ β8log (HFIi)]εi 

(3) 

 

In Figures A1 and A2, in the Appendix, total cases and fatalities due to the COVID-

19 infection, per 100,000 citizens, for the most infected countries in the world are 

presented. The most infected countries in the world, per 100,000 citizens, are 

Luxembourg, Iceland, Spain and others displayed. On the other side, countries with 

the most fatalities due to the COVID-19 disease, per 100,000 citizens, are Belgium, 

Spain, Italy and France. The common feature for these countries is the higher 

median age of the population, with the value of 40 years old and above. In order to 

take this important fact into consideration, total cases, total deaths, the number of 

arrivals (TOUR), air transport, passengers carried (AIR) variables will be transformed by 

dividing its value with the population variable (POP), displayed in Equations 4 and 5. 

 

(
Totalcases

POP
)

i
= α + β1GDPPCi + β2POPDENi + β3POPi + β4 (

TOUR

POP
)

i
+  β5 (

AIR

POP
)

i

+ β6AGEi + β7HDIi + β8HFIi + εi 
(4) 

(
Totaldeaths

POP
)

i
= α + β1GDPPCi + β2POPDENi + β3POPi + β4 (

TOUR

POP
)

i
+ β5 (

AIR

POP
)

i

+  β6AGEi + β7HDIi + β8HFIi + εi 
(5) 

By transforming these variables of interest, the real state of the infection worldwide 

will be determined, which is important when investigating the socio-economic 

catalysers of the COVID-19 spread. 

 

Results and discussion 
The basic descriptive results for the observed variables are given in Table 1. There are 

111 countries included in the analysis. TC represents total cases of infection recorded 

on April 1st, April 15th and April 29th, 2020. On April 1st countries with the highest 

number of infections were the United States of America with 189,618 cases, Italy with 

105,792, then follows Spain with 94,417, China 82,295 and Germany with 67,366 cases 

of infection. On the other side, observed countries with the lowest number of 

infections were Malawi and Papua New Guinea with only one case of infection 

recorded. Countries having the highest median age or oldest population are Japan 



  

 

 

18 

Croatian Review of Economic, Business and Social Statistics (CREBSS) 

UDK: 33;519,2; DOI: 10.1515/crebss; ISSN 1849-8531 (Print); ISSN 2459-5616 (Online) 

 

 

Vol. 6, No. 2, 2020, pp. 12-26 

 

(48.2 years) and Italy (47.9 years) while countries having the lowest median age 

population are Angola (16.8 years) and Gambia (17.5 years). The country having the 

densiest population is Singapore (7,953 per square kilometre) while countries having 

the least dense population are Mongolia (2.04) and Australia (3.24).  

 

Table 1 Descriptive statistics of observed variables, n=111 

  
Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis 

Jarque-

Bera 
Sum 

Sum Sq. 

Dev. 

  TC (1.4.) 7,065.91 533. 189,618. 1 24,578.82 5.18 33.01 4,663.96 784,316. 6.65E+10 

TC (15.4.) 16,436.74 1,373. 609,516. 2 64,134.04 7.564786 67.84 20,507.81 1,824,478. 4.52E+11 

TC (29.4.) 25,770.19 2,131. 1,012,583. 7 102,319.40 8.343725. 79.61 28,438.67 2,860,491. 1.15E+12 

HDI 0.76 0.79 0.94 0.43 0.13 -0.71 2.72 9.91 84.98 1.87 

HFI 7.12 6.93 8.88 4.50 0.97 -0.103999 2.29 2.51 790.53 103.37 

AGE 33.23 32.60 48.20 16.80 8.48 -0.218123 2.04 5.10 3689.50 7,911.16 

AIR 37,002,028 5,365,261. 8.89E+08 8,904. 1.06E+08 6.192905 45.74 9,161.60 4.11E+09 1.24E+18 

TUR 11,392,046 3,939,000. 89,322,000 140,000. 17,335,566 2.657974 10.44 386.89 1.26E+09 3.31E+16 

POP 55,084,185 10,629,928 1.39E+09 96,762. 1.86E+08 6.495075 45.95 9,313.78 6.11E+09 3.82E+18 

POPDEN 226.38 83.22 7952.99 2.04 783.87 8.891176 86.91 34,032.71 25,129.08 67,590,569 

GDPPC 18,515.77 9272.62 116,639.90 389.39 21,767.05 1.807948 6.52 117.88 2,055,25 5.21E+10 

Source: Author’s calculations. 

 

In Table 2, the results of correlation testing between the independent variables in 

the analysis are presented. It can be noticed that there is a positive linear 

relationship between some pairs of variables (AGE-HDI) and (GDPPC-HDI). There 

could be potential multicollinearity problem, referring to a situation when two or 

more explanatory variables in a multiple regression model are highly linearly related. 

 

Table 2 Correlation matrix  

  HDI HFI AGE AIR/POP TUR/POP POP POPDEN GDPPC 

HDI 1 0.66960 0.86786 0.35736 0.42795 -0.05827 0.16548 0.71252 

HFI 0.66960 1 0.68778 0.25790 0.35726 -0.12091 0.12259 0.61023 

AGE 0.86786 0.68778 1 0.19489 0.39668 0.00920 0.14095 0.55003 

AIR/POP 0.35736 0.25790 0.19489 1 0.43128 -0.07383 0.13992 0.57512 

TUR/POP 0.42795 0.35726 0.39668 0.43128 1 -0.16333 0.26557 0.38966 

POP -0.05827 -0.12091 0.00920 -0.07383 -0.16333 1 -0.00609 -0.07491 

POPDEN 0.16548 0.12259 0.14095 0.13992 0.26557 -0.00609 1 0.23344 

GDPPC 0.71252 0.61023 0.55003 0.57512 0.38966 -0.07491 0.23344 1 

Source: Author’s calculations. 

 

In Table A2, the results of a cross-country regression analysis for the COVID-19 

spread are presented. The regressions were made for three time points (April 1st, April 

15th and April 29th, 2020) using the OLS and PPML estimators and the Tobit model. All 

three models were estimated in a logarithmic form. There are 111 observations in 

total for all three models at observed time points. The adjusted R-square for the OLS 

model is on a satisfactory level around 0.8, meaning that the estimated model is very 

well explained with its explanatory variables. The values of Durbin-Watson statistics 

are a little higher than 2. The rule of thumb says that D-W test statistic values in the 

range of 1.5 to 2.5 indicate that there is no autocorrelation detected in the sample 

but the values outside of this range could be cause for concern, especially under 1 

or more than 3. The results of a cross-country regression analysis for the COVID-19 

spread are similar for all three models. The GDPPC, POP and HDI variables have 

been positively significant in the majority of regression models and time points. In 

addition, the HFI variable was positively significant in a regression model related to 

April 1st and April 15th time points. This result was highly expected according to the 

economic theory. On the other hand, the POPDEN, TOUR, AIR and AGE variables 
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have not been proven to be significant in the analysis. However, further investigation 

in this important field of research should be made. The TOUR and AIR variables could 

be considered crucial at the beginning of the COVID-19 spread, when the first cases 

of infection have appeared. Later on, other factors such as anti-epidemic measures 

are more important. According to Žmuk and Jošić (2020) population density can also 

catalyse the spread of COVID-19 alongside with the population variable. There is a 

methodology issue that the reported number of cases is lower than the real number 

of infected people respectively. Some countries such as India, Brazil and the majority 

of African countries have not experienced the spread of the disease yet, so that fact 

can significantly affect the overall results of the analysis. 

 

Table 3 Cross-country regression for COVID-19 spread, total cases of infection, 

population transformed 
Dependent 

variable  

Totalcases/POP (1st April 

2020) 
Totalcases/POP (15th April 2020) 

Totalcases/POP (29th 

April 2020) 

Independent 

variable/ Model 
OLS Tobit OLS Tobit OLS Tobit 

Constant 
62.49017 

(39.95864) 

62.49017 

(38.30445) 

56.05520 

(62.86108) 

56.05520 

(60.25879) 

83.42896 

(79.58166) 

83.42896 

(76.28718) 

GDPPC 
0.002412*** 

(0.000277) 

0.002412*** 

(0.000266) 

0.003762*** 

(0.000436) 

0.003762*** 

(0.000418) 

0.004625*** 

(0.000552) 

0.004625*** 

(0.000529) 

POPDEN 
-0.015256*** 

(0.004615) 

-0.015256*** 

(0.004424) 

-0.021566*** 

(0.007260) 

-0.021566*** 

(0.006960) 

-0.003274 

(0.009191) 

-0.003274( 

0.008811) 

POP 
3.83E-09 

(1.91E-08) 

3.83E-09 

(1.83E-08) 

3.17E-09 

(3.00E-08) 

3.17E-09 

(2.87E-08) 

-1.22E-08 

(3.80E-08) 

-1.22E-08 

(3.64E-08) 

TOUR/POP 
9.91E-05*** 

(3.14E-05) 

9.91E-05*** 

(3.01E-05) 

0.000111** 

(4.94E-05) 

0.000111** 

(4.74E-05) 

2.82E-05 

(6.25E-05) 

2.82E-05 

(6.00E-05) 

AIR/POP 
-1.59E-05 

(1.11E-05) 

-1.59E-05 

(1.06E-05) 

8.38E-07 

(1.74E-05) 

8.38E-07 

(1.67E-05) 

3.38E-05 

(2.20E-05) 

3.38E-05 

(2.11E-05) 

AGE 
1.278848 

(0.919813) 

1.278848 

(0.881736) 

2.045310 

(1.447008) 

2.045310 

(1.387106) 

2.646268 

(1.831901) 

2.646268 

(1.756065) 

HDI 
-189.3794*** 

(64.82725) 

-189.3794*** 

(62.14357) 

-243.9634** 

(101.9832) 

-243.9634** 

(97.76139) 

-205.8434 

(129.1100) 

-205.8434* 

(123.7652) 

HFI 
2.348530 

(5.365945) 

2.348530 

(5.143809) 

5.465575 

(8.441457) 

5.465575 

(8.092002) 

-4.036350 

(10.68682) 

-4.036350 

(10.24441) 

Adjusted R-sq. 0.591686   0.642333   0.660414   

S.E. of regress. 36.00061 36.47594 56.63449 57.49475 71.69884 73.08578 

Prob. (F-stat.) 0.0000000   0.0000000   0.0000000   

Mean dep. var. 24.81702 24.81702 51.72346 51.72346 77.63595 77.63595 

S.D. dep. var. 56.33946 56.33946 94.69822 94.69822 123.0374 123.0374 

Log likelihood   -550.5817   -600.8739   -627.0539 

Avg. log 

likelihood 
  -4.960196   -5.413278   -5.649134 

Durbin-Watson 2.042893   2.139438   2.018426   

Observations 111 111 111 111 111 111 

Standard errors in parentheses, * denotes significance under 10%, ** significance under 5% and *** 

significance under 1%, Swamy and Arora estimator of component variances, GML (Newton-

Raphson/Marquardt steps) 

Source: Author’s calculations. 

 

In Table 3, the results of a cross-country regressions for the COVID-19 spread when 

total cases of infection (population transformed), are presented. The PPML model 

could not be displayed. The PPML model may has problems when the dependant 
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varaible have many zeroes, this is the case when it is populaion transformed. The 

GDPPC variable has a positive and significant effect in the regression models 

meaning that COVID-19 spreads easily in more developed countries. The TOUR/POP 

variable was also positively significant in the regression models, indicating that the 

inflow of tourists in the early stage of the epidemic had significant impact on the 

spread of the disease. The POPDEN and HDI variables were significant in some 

regression models but the regression coefficient was negative which is contrary to 

the expected positive sign according to the theory. This can be explained by the 

fact that not all countries worldwide have been equally affected by the spread of 

disesase. For example, India, China, Brasil and other South American countries have 

not been hard hit by the epidemic at the time of writing this paper. 

 

Table 4 Cross-country regression for COVID-19 spread, total deaths, population 

transformed 
Dependent 

variable  

Totaldeaths/POP (1st 

April 2020) 

Totaldeaths/POP (15th 

April 2020) 

Totaldeaths/POP (29th 

April 2020) 

Independent 

variable/ Model 
OLS Tobit OLS Tobit OLS Tobit 

Constant 
0.478029                       

(2.841605) 

-2.352345          

(3.277655) 

-3.033736                       

(6.756909) 

-3.033736          

(6.477190) 

-8.516008                       

(10.13918) 

-10.00499           

(9.827249) 

GDPPC 
5.12E-05**                

(1.97E-05) 

5.19E-05**                    

(2.19E-05) 

0.000147***                

(4.69E-05) 

0.000147***                    

(4.49E-05) 

0.000208***                

(7.03E-05) 

0.000202***                    

(6.79E-05) 

POPDEN 
-0.000282 

 0.000328) 

-0.000251              

(0.000356) 

-0.000847 

(0.000780) 

-0.000847             

(0.000748) 

-0.001317 

(0.001171) 

-0.001308             

(0.001128) 

POP 
-3.47E-10           

(1.36E-09) 

1.14E-10           

(1.47E-09) 

-5.71E-10           

(3.22E-09) 

-5.71E-10           

(3.09E-09) 

-4.99E-10           

(4.84E-09) 

-4.14E-10           

(4.66E-09) 

TOUR/POP 
-7.71E-07 

(2.23E-06) 

-2.16E-06            

(2.51E-06) 

-3.67E-06         

(5.31E-06) 

-3.67E-06            

(5.09E-06) 

-1.03E-05         

(7.97E-06) 

-1.04E-05            

(7.67E-06) 

AIR/POP 
-9.28E-07                    

(7.87E-07) 

-9.97E-07                   

(8.55E-07) 

-2.11E-06                    

(1.87E-06) 

-2.11E-06                   

(1.79E-06) 

-6.51E-07                   

(2.81E-06) 

-6.40E-07                   

(2.70E-06) 

AGE 
0.150931**                  

(0.065411) 

0.142732*                

(0.073037) 

0.286264*                    

(0.155538) 

0.286264*                

(0.149099) 

0.383519                    

(0.233395) 

0.371639*                

(0.224898) 

HDI 
-7.616937               

(4.610103) 

-2.446789                  

(5.315724) 

-13.79812                

(10.96213) 

-13.79812                  

(10.50833) 

-16.91653                

(16.44940) 

-14.07280                  

(15.98386) 

HFI 
0.064833                 

(0.381592) 

-0.110607                  

(0.425753) 

0.664872                  

(0.907368) 

0.664872                 

(0.869806) 

1.444305                  

(1.361566) 

1.409625                  

(1.311203) 

Adjusted R-sq. 0.121687   0.196874   0.222340   

S.E. of regress. 2.560135 2.665070 6.087616 6.396163 9.134867 9.567750 

Prob. (F-stat.) 0.0000000   0.0000000   0.0000000   

Mean dep. var. 0.760841 0.760841 2.442516 2.442516 4.002792 4.002792 

S.D. dep. var. 2.731733 2.731733 6.792904 6.792904 10.35875 10.35875 

Log likelihood   -230.1616   -353.3037   -395.8954 

Avg. log 

likelihood 
  -2.073528   -3.182916   -3.566625 

Durbin-Watson 2.115108   2.156885   2.153498   

Observations 111 111 111 111 111 111 

Standard errors in parentheses, * denotes significance under 10%, ** significance under 5% and *** 

significance under 1%, Swamy and Arora estimator of component variances, GML (Newton-

Raphson/Marquardt steps) 

Source: Author’s calculations. 

 

The results from Table 4, related to cross-country regressions for the COVID-19 

spread when total fatalities have been observed, also population transformed, 
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indicate that the GDPPC variable is positively significant as a determinant of the 

COVID-19 spread. Another variable having a positive and significant effect on the 

spread of the disease, and fatalities in particular, is median age. That means that 

countries with higher median age or older population structure had relatively more 

fatalities due to the COVID-19 disease. 

From the aforementioned analysis it can be concluded that various factors have 

an impact on the spread of the disease but in certain time periods and under 

different conditions. The GDPPC, POP and HDI variables have been positively 

significant in the majority of regression models and time points while the HFI variable 

was positively significant in regression models related to the April 1st and April 15th 

time points. On the other hand, when the regression models were estimated with the 

transformation in some variables regarding the countries’ population, the GDPPC 

variable was positively significant in the regression models. In addition, the inflow of 

tourists in the early stages of the epidemic had a significant impact on the spread of 

the disease while the median age variable had positive and significant impact on 

the excess number of fatalities due to the COVID-19 disease.  

 

Conclusions 
The goal of paper was to investigate the determinants of the COVID-19 spread. The 

results of the analysis have shown that the GDPPC, POP, HDI and HFI variables, at 

some time points, have a positive and significant effect on the spread of the 

disease. When the model was modified by transforming some variables by dividing 

their value by the population variable, the POPDEN and TOUR/POP variables 

appeared to be significant also. On the other hand, the AGE variable was important 

in the models taking into account total deaths due to the COVID-19 infection. The 

limitations of the paper are related to the fact that data for most of the independent 

variables were not available for the year 2020 but were collected for the most 

recent year. Countries implement various containment and mitigation measures 

directed to limit the spread of the COVID-19 disease and are in different stages of 

epidemic curve, so the results of this analysis should not be taken as conclusive. 

Furthermore, the reported number of cases is lower than the real number of infected 

people while some countries have still not yet experienced the full spread of the 

disease. Recommendations for future research could include making a detailed 

analysis of individual countries at additional time points. Other COVID-19 variables 

could be investigated, such as new cases and new deaths due to the COVID-19 

infection. The results presented in this paper can be relevant for economic and 

health policy makers in order to facilitate implementing public health-policy 

decisions. 
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Appendix 
 

 
 

Figure A1 Total cases of COVID-19, country per 100,000 citizens, as of April 29th 2020 

Source: Author's calculations. 

 

 
 

Figure A2 Total deaths due to COVID-19, country per 100,000 citizens, as of April 29th 

2020 
Source: Author's calculations. 



  

 

 

24 

Croatian Review of Economic, Business and Social Statistics (CREBSS) 

UDK: 33;519,2; DOI: 10.1515/crebss; ISSN 1849-8531 (Print); ISSN 2459-5616 (Online) 

 

 

Vol. 6, No. 2, 2020, pp. 12-26 

 

Table A1 Determinants of COVID-19 spread by country 
Country HDI HFI POPDEN POP AGE GDPPC TUR AIR 

Albania 0.79 7.84 104.61 2,866,376 38.0 5,268.84 5,340,000 303,137 

Algeria 0.76 4.99 17.73 42,228,429 29.1 4,114.71 2,657,000 6,442,442 

Angola 0.57 5.40 24.71 30,809,762 16.8 3,432.38 218,000 1,516,628 

Argentina 0.83 6.86 16.26 44,494,502 31.9 11,683.95 6,942,000 18,081,937 

Australia 0.94 8.62 3.25 24,982,688 37.9 57,373.68 9,246,000 75,667,645 

Austria 0.91 8.48 107.21 8,840,521 44.4 51,461.95 30,816,000 12,935,505 

Azerbaijan 0.75 6.22 120.27 9,939,800 32.4 4,721.17 2,633,000 2,279,546 

Bahamas 0.81 7.56 38.53 385,640 34.3 32,217.87 1,633,000 1,197,116 

Bahrain 0.84 6.63 2017.27 1,569,439 32.4 24,050.75 12,045,000 5,877,003 

Belarus 0.82 6.65 46.73 9,483,499 40.3 6,289.93 11,501,600 2,760,168 

Belgium 0.92 8.29 377.21 11,433,256 41.8 47,518.63 9,119,000 13,639,487 

Belize 0.72 6.95 16.79 383,071 25.0 4,884.74 489,000 1,297,533 

Bhutan 0.62 6.53 19.78 754,394 28.6 3,243.23 274,000 275,849 

Bolivia 0.70 6.61 10.48 11,353,142 25.4 3,548.59 1,142,000 4,122,113 

Brazil 0.76 6.48 25.06 209,469,333 33.5 8,920.76 6,621,000 102,109,977 

Brunei_Darussalam 0.85 5.69 81.40 428,962 32.4 31,628.32 278,000 1,234,455 

Bulgaria 0.82 7.79 64.70 7,025,037 44.7 9,272.62 9,273,000 1,022,645 

Burkina_Faso 0.43 6.73 72.19 19,751,535 17.6 715.12 144,000 151,531 

Cambodia 0.58 7.13 92.06 16,249,798 25.6 1,510.32 6,201,000 1,411,059 

Canada 0.92 8.65 4.08 37,057,765 41.4 46,232.99 21,134,000 89,380,000 

Cape_Verde 0.65 7.45 134.93 543,767 25.7 3,635.40 710,000 140,429 

Chile 0.85 8.15 25.19 18,729,160 35.4 15,923.35 5,723,000 19,517,185 

China 0.76 6.17 148.35 1.393E+09 38.7 9,770.84 62,900,000 611,439,830 

Colombia 0.76 6.93 44.75 49,648,685 32.2 6,667.79 3,904,000 33,704,037 

Congo 0.61 5.80 15.36 5,244,363 19.0 2,147.76 156,000 333,899 

Costa_Rica 0.79 7.70 97.91 4,999,441 33.6 12,027.36 3,017,000 1,948,546 

Cote_dIvoire 0.52 6.59 78.83 25,069,229 18.7 1,715.53 1,965,000 779,482 

Croatia 0.84 7.86 73.08 4,087,843 44.0 14,909.69 16,645,000 2,093,577 

Cyprus 0.87 7.93 128.71 1,189,265 37.3 28,689.69 3,939,000 401,408 

Czechia 0.89 8.34 137.60 10,629,928 43.3 23,078.57 10,611,000 5,727,200 

Ecuador 0.76 6.82 68.79 17,084,357 28.1 6,344.87 2,535,000 5,365,261 

Egypt 0.70 4.50 98.87 98,423,595 25.3 2,549.13 11,196,000 12,340,832 

El_Salvador 0.67 6.89 309.88 6,420,744 27.6 4,058.25 1,677,300 2,545,105 

Estonia 0.88 8.46 30.39 1,321,977 42.7 23,266.34 3,234,000 31,981 

Ethiopia 0.47 5.25 109.22 109,224,559 19.8 772.31 849,000 11,501,244 

Fiji 0.72 7.17 48.36 883,483 28.6 6,266.96 870,000 1,670,216 

Finland 0.93 8.53 18.16 5,515,525 42.8 50,152.34 3,224,000 13,364,839 

France 0.89 8.02 122.34 66,977,107 42.0 41,463.64 89,322,000 70,188,028 

Gambia 0.47 5.94 225.31 2,280,102 17.5 716.11 552,000 53,735 

Georgia 0.79 7.74 65.28 3,726,549 38.7 4,717.14 4,757,000 516,034 

Germany 0.94 8.53 237.37 8,290,5782 46.6 47,603.02 38,881,000 109,796,202 

Greece 0.87 7.33 83.22 10,731,726 45.3 20,324.25 30,123,000 15,125,934 

Guatemala 0.65 7.07 160.95 17,247,807 22.9 4,549.01 1,781,000 145,795 

Guyana 0.67 6.74 3.96 779,004 26.3 4,979.00 287,000 26,069 

Hungary 0.85 7.65 107.91 9,775,564 43.4 16,161.98 17,552,000 31,226,848 

Iceland 0.94 8.41 3.53 352,721 37.3 73,191.11 2,343,800 7,819,740 

India 0.65 6.64 454.94 1.353E+09 28.2 2,009.97 17,423,000 164,035,638 

Indonesia 0.71 6.83 147.75 267,663,435 29.3 3,893.59 15,810,000 115,154,101 

Ireland 0.94 8.52 70.45 4,867,309 38.7 78,806.43 10,926,000 167,598,633 

Israel 0.91 7.61 410.53 8,882,800 30.6 41,715.02 4,121,000 7,404,373 

Italy 0.88 8.04 205.45 60,421,760 47.9 34,483.20 61,567,200 27,630,436 

Jamaica 0.73 7.20 270.99 2,934,855 31.4 5,354.23 2,473,000 180,951 

Japan 0.92 8.28 347.07 126,529,100 48.2 39,289.95 31,192,000 126,387,527 

Jordan 0.72 6.84 112.14 9,956,011 23.2 4,241.78 4,150,000 3,383,805 

Kazakhstan 0.82 6.90 6.77 18,272,430 30.6 9,812.60 8,789,000 7,143,797 

Kuwait 0.81 6.19 232.17 4,137,309 33.7 33,994.40 8,508,000 6,464,847 

Kyrgyzstan 0.67 6.98 32.93 6,322,800 26.3 1,281.36 423,000 709,198 

Laos 0.60 6.20 30.60 7,061,507 24.4 2,542.48 3,770,000 1,251,961 

Latvia 0.85 8.29 30.98 1,927,174 43.9 17,860.61 1,946,000 4,058,762 

Lebanon 0.73 6.74 669.49 6,848,925 31.1 8,269.78 1,964,000 2,981,937 

Lithuania 0.87 8.32 44.53 2,801,543 43.5 19,153.40 2,825,000 26,031 

Luxembourg 0.91 8.56 250.09 607,950 39.7 116,639.89 1,018,000 2,099,102 

Madagascar 0.52 6.32 45.14 26,262,368 19.6 527.50 291,000 541,290 

Malawi 0.49 6.60 192.44 18,143,315 18.1 389.39 871,000 10,545 

Malaysia 0.80 6.52 95.96 31,528,585 29.9 11,373.23 25,832,000 60,481,772 

Malta 0.89 8.37 1511.03 484,630 42.4 30,098.28 2,599,000 2,576,898 

Mauritius 0.80 7.52 623.30 1,265,303 37.4 11,238.69 1,399,000 1,745,291 

Mexico 0.77 6.65 64.91 126,190,788 29.3 9,673.44 41,313,000 64,569,640 

Moldova 0.71 6.93 123.52 2,706,049 37.6 3,227.31 160,000 1,135,999 

Mongolia 0.74 7.61 2.04 3,170,208 28.6 4,121.73 529,000 670,360 

Montenegro 0.82 7.43 46.27 622,227 39.1 8,844.23 2,077,000 565,522 

Morocco 0.68 6.18 80.73 36,029,138 29.6 3,222.20 12,289,000 8,132,917 

Mozambique 0.45 6.24 37.51 29,495,962 17.7 498.95 2,743,000 540,124 

Myanmar 0.58 5.44 82.24 53,708,395 29.1 1,325.95 3,551,000 3,407,788 

Nepal 0.58 6.51 195.94 28,087,871 25.0 1,033.91 1,173,000 3,296,953 

Netherlands 0.93 8.50 511.46 17,231,624 43.2 53,024.05 18,780,000 43,996,045 
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Table A1 Determinants of COVID-19 spread by country - continued 
Country HDI HFI POPDEN POP AGE GDPPC TUR AIR 

New_Zealand 0.92 8.88 18.55 4,841,000 37.9 41,945.33 3,686,000 17,249,050 

Oman 0.83 5.98 15.60 4,829,483 30.7 16,415.15 2,301,000 10,438,241 

Panama 0.80 7.69 56.19 4,176,873 29.7 15,575.07 1,785,000 12,939,350 

Papua_New_Guinea 0.54 6.60 19.00 8,606,316 22.6 2,730.27 140,000 964,713 

Paraguay 0.72 6.90 17.51 6,956,071 26.5 5,821.81 1,181,000 560,631 

Peru 0.76 7.55 24.99 31,989,256 29.1 6,941.23 4,419,000 17,758,527 

Philippines 0.71 6.88 357.69 106,651,922 25.2 3,102.71 7,168,000 43,080,118 

Poland 0.87 7.78 124.04 37,974,750 41.8 15,420.91 19,622,000 9,277,538 

Portugal 0.85 8.27 112.24 10,283,822 46.2 23,407.90 16,186,000 17,367,956 

Qatar 0.85 6.15 239.59 2,781,677 31.9 68,793.78 1,819,300 29,178,923 

Romania 0.82 8.11 84.64 19,466,145 43.0 12,301.18 11,720,000 4,908,235 

Russia 0.82 6.34 8.82 144,478,050 39.6 11,288.87 24,551,000 99,327,311 

Saudi_Arabia 0.86 5.42 15.68 33,699,947 31.9 23,338.96 15,334,000 39,141,660 

Serbia 0.80 7.30 79.83 6,982,604 41.2 7,246.73 1,711,000 2,262,703 

Seychelles 0.80 7.16 210.35 96,762 36.2 16,433.93 362,000 455,201 

Singapore 0.94 8.11 7953.00 5,638,676 42.4 64,581.94 14,673,000 40,401,515 

Slovenia 0.90 7.97 102.64 2,073,894 44.5 26,123.97 4,425,000 1,094,762 

South_Africa 0.71 7.08 47.63 57,779,622 27.3 6,374.02 10,472,000 23,921,748 

South_Korea 0.91 8.20 529.65 51,606,633 43.4 31,362.75 15,347,000 88,157,579 

Spain 0.89 8.12 93.53 46,796,540 45.5 30,370.89 82,773,000 80,672,105 

Sri_Lanka 0.78 6.41 345.56 21,670,000 34.1 4,102.48 2,334,000 5,882,376 

Switzerland 0.95 8.82 215.52 8,513,227 43.1 82,796.54 10,362,000 28,857,994 

Thailand 0.77 6.55 135.90 69,428,524 40.1 7,273.56 38,178,000 76,053,043 

Togo 0.51 6.31 145.05 7,889,094 19.4 679.25 573,000 566,295 

Trinidad_and_Tobago 0.80 6.62 270.93 1,389,858 36.2 17,129.91 375,000 2,525,130 

Tunisia 0.74 6.08 74.44 11,565,204 32.7 3,447.50 8,299,000 4,274,199 

Turkey 0.81 6.21 106.96 82,319,724 31.6 9,370.17 45,768,000 115,595,496 

Ukraine 0.75 6.26 77.03 44,622,516 41.4 3,095.17 14,104,000 7,854,842 

United_Arab_Emirates 0.87 6.13 135.61 9,630,959 34.0 43,004.95 21,286,000 95,533,069 

United_Kingdom 0.92 8.47 274.83 66,460,344 40.8 42,943.90 36,316,000 165,388,610 

United_Republic_of_Tanzania 0.53 6.26 63.58 56,318,348 17.7 1,060.99 1,378,000 1,481,557 

United_States_of_America 0.92 8.46 35.77 326,687,501 38.3 62,794.58 79,745,920 889,022,000 

Vietnam 0.69 6.29 308.13 95,540,395 32.6 2,566.59 15,498,000 47,049,671 

Zambia 0.59 6.49 23.34 17,351,822 17.7 1,539.90 1,072,000 8,904 

Zimbabwe 0.56 5.65 37.32 14,439,018 19.6 2,146.99 2,580,000 282,539 

Source: Author's calculations. 
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Table A2 Cross-country regression analysis for COVID-19 spread 

Standard errors in parentheses, * denotes significance under 10%, ** significance under 5% and *** 

significance under 1%. 

Source: Author's calculations. 
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Abstract 
Presentation skills are one of the most important tools that are required on numerous 

occasions in education and business. In most of the business and economics 

colleagues, presentation skills are taught as part of the curriculum, of at least several 

courses. Therefore, it could be expected that presentation skills would be highly 

developed among business and economics students. However, in practice, people 

develop numerous fears and barriers to the presentation in public. On the other hand, 

students do not behave in the same manner taking into account their fear towards 

the presentation in public. The goal of the paper is to investigate if there are 

homogenous groups of students according to their attitude towards the presentation, 

both as sources of success and as a source of fear. Cluster analysis has been 

employed to fulfil the paper goal. Non-hierarchical k-means analysis has been 

conducted on data collected by the research instrument about the benefits and fears 

from the presentations on the sample of students enrolled in business and economics 

colleagues. Results indicate that there are homogenous groups of students according 

to presentation perceived benefits and fears, but the composition of these groups 

indicates that perceived benefits and fears of presentations are not always related in 

the same direction. 
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Introduction  
Oral presentation skills are nowadays highlighted as one of the most important 

business communication tools (Coffelt, Baker, Corey, 2016). Numerous professions 

such as Economy and Business, Health, Politics, and Diplomacy recognised the 
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influence of polished presentation skills as a necessity for a successful career 

(Ciarocco, 2018). They use presentations for business results discussions, developing 

strategies, pitching ideas, debating about their opinions, but the impact of the 

presented depends on the speakers' oral presentation skills (Salem, 2019). Academic 

researchers acknowledge presentation skills as the most important skills for 

employment, even in comparison to intelligence, moreover, they point out that poor 

presentation skills could impede the individual's career (Lent, 2018). Educators expect 

their graduates to have admirable communication skills so they can become more 

competitive future job applicants (Brynjolfsson, Rock, Syverson, 2017). 

The relevance of presentation delivery cannot be emphasised enough for 

individuals’ career whose success relies on their communication skills with their business 

associates, partners, and colleagues (Mohammed, 2019). However, not all managers 

perform well in delivering presentations. There are still several managers who neglect 

the importance of presentation skills, and there is a number of them who developed 

some kind of fear towards the presentation in public (Werthes, Mauer, Brettel, 2018). 

There are various types and origins of fears and anxieties towards oral presentation 

deliveries, although numerous academics confirmed that the fear is lower when the 

material is well-rehearsed (Leigh, Claek, 2018). Therefore, for a person to develop full 

potential from their presentation skills, it is important to learn and evolve them from the 

earliest stages of education (Dede, 1996). 

Oral presentation, debating and persuasion skills are included in curricula even in 

elementary schools nowadays (Roy, Macchiette, 2005). Learning presentation skills 

should not be limited to communication subjects, they should be nurtured at all times, 

and be included in different sorts of tasks so that students learn to organise information, 

connect to their audience, time and  management, develop both inter and 

intrapersonal communication skills by balancing from serious to relaxed tone to keep 

their audience attentive and evolved (Roussel, Joulia, Tricot, 2017). 

The purpose of this paper is to explore the business students' attitudes toward 

presentation delivery, and investigate if there are homogenous groups of students 

according to their attitude towards the presentation, both as sources of success and 

as a source of fear. If the investigation confirms that students could be sorted into 

groups, it could be helpful for future investigations on the topic, in the search for 

answers in finding the origin of fear as well as the possible solutions and the factors, 

which can reduce or eliminate the fear. The research is conducted by cross-analysis 

of descriptive statistics, factor analysis, cluster analysis, and the non-hierarchal k-

means analysis to extract the most knowledge as possible from the data presented. 

The paper is organized in the following manner. After the Introduction, the Literature 

review is presented which provides deeper insight on the topic with relevant previous 

investigations included. Following, the Methodology section where methodology, 

data, sample characteristics, and the statistic analyse are described. The result section 

provides an interpretation of the statistical outputs from the research. The discussion 

section highlights the findings from the investigation. Finally, the Conclusion section 

provides the key knowledge from the research followed by the limitations and future 

investigation recommendations alongside the concluding remarks. 

 

Literature review 
Business schools pay special attention to teaching oral presentation skills to prepare 

their students for competitive and asperously business surroundings of the modern 

world (Ramesh, 2010). In business schools, excellent presentation skills are understood 

as the set of abilities that provide students to engage with the public during 

presentation delivery, clearly transmitting the knowledge, interacting, and understand 
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the mindset of the audience (Cleverism, 2020). Moreover, higher education institutions 

emphasise presentation skills as they provide enhanced learning process and develop 

creativity and articulation (Henard, Roseveare 2012). Presentations make students 

open their minds and comprehended different concepts and methods, and 

remember the learned material for a longer period (Çetin, Eymur, 2017). 

Suktikanaport (2014) investigated a sample of 280 department heads in various 

business fields, where respondents associated different communication skills to 

succeed. The oral communication skills, alongside writing skills, were rated higher than 

all other communication skills. The study concluded that refined presentation skills are 

essential not only to individuals’ business success but to the whole company. 

The fear of presentation delivery is another distinctive reason for institutions to 

include presentations into curricula. Many people experience occasional or 

permanent fear and anxiety of public speakers, and the educators' goal is to reduce 

it or eliminate it. Furthermore, the fear of presentation delivery soon became a 

prominent source for academic researches. Numerous authors investigate difficulties 

with presentation delivery and explored different ways to eliminate anxiety and 

improve the quality of the presentation performance (Dell’osso, Saettoni, Papasogli, 

2002). 

The preliminary papers on the topic were focused on the solutions for oral 

presentation anxiety. Rubin, Rubin, Jordan (1997) paper was the first who suggested 

that the practice and the repetition are the pivotal methods for stress elimination and 

performance improvement during presentation delivery. Alshare, Hindi (2004) 

recognised that oral presentations in the classroom are beneficial to both students 

and educators. The authors stressed out computer-based student presentations as a 

valuable teaching method for students to achieve a deeper understanding of the 

curricula. A year later, Susskind (2005) confirmed the previous research and 

connected the MS PowerPoint usage in the classroom with student confidence, 

motivation, self-efficiency, and success on the task. Some authors, such as 

Sukitkanaporn, Phoocharoensil (2013), and Christianson, Payne (2011) concentrated 

on attempts to determine elements of a successful presentation and the factors that 

increase presentation-delivering anxiety. 

Sideris and Kafetsios (2008) introduced the connection between the parenting 

environment and the anxiety during presentation delivery. The same authors in 2008 

presented another investigation result where they correlate parenting styles with the 

levels of fear while presentation delivery and school task performance (Sideridis, 

Kafetsios, 2008). A recent investigation from Sugeng and Suryani (2018) confirm the 

previous work findings and distinguishes self-confidence as the key factor of 

presentation delivery, and state that students’ self-confidence depends on both 

parents and educators. Discoveries from such researches were highly useful for schools 

and other educational institutions, where they could implement acknowledged 

supportive communication methods which positively impacted students results, 

confidence, and, consequently, presentation skills (Šimičević, Jurić, Ćurlin, 2020). 

Numerous methods concentrated on practical methods that enhance students' 

presentation delivery performance. Already mentioned authors, Christianson, Payne 

(2011) came up with a format that helps students with visual effects and time 

management which resulted in more convincing and engaging presentations. 

Popescu (2013) identified student attitudes toward public speech and tested their skills 

in presentation delivery. Authors Van Ginkel, Gulikers, Biemans, 2017), made a 

significant impact by carrying out an extensive literature review where they 

synthesized the data from all previous investigations on the topic and as a result 

produced the key seven principles for developing oral competences. 
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In the year Çetin and Eymur (2017) introduce a novel conceptual model based on 

the argument-driven inquiry (ADI) developed on the social cognitive theories of 

learning which helped students to increase their presentation skills. Recent 

investigations on the topic also rely on disruptive technologies as a key factor which 

improves presentation delivery, Boetje, Van Ginkel (2020) emphasise virtual reality as 

a method to practice presentation skills where both anxious and non-anxious students 

gained benefits from practising before a VR audience, while McGovern, Moreira and 

Luna-Nevarez  (2020) allowed the participants of the research to assess and upgrade 

their oral presentations skills. The investigation establishes that the usage of AR can be 

highly valuable to educational institutions to increase their oral presentation 

performance and reduce anxiety and fear by delivering it. 

 

Methodology 
Data 
This research has been conducted on a sample of 495 students Business and 

Economics students from Zagreb, Croatia. The final sample consist of a total of 367 

female and 128 male students range from 18 to 25 years old. Most students were 21 

(39,8%) years old,  following the age group of 22 (18%), and 19 (15.4%) years old. 10.9% 

of respondents were 23 years old, and 5.9% of respondents were 24 years old. 17 

students (3.4%) had 25 years while participating in this investigation, and, finally, only 

1 student (0.2%) was 18 years old. The majority of respondents fell into the age group 

between 19 and 23 years old. 

 

Table 1 Sample characteristics  
Frequency % Cumulative % 

Gender 

Male 128 25.9 25.9 

Female 367 74.1 100 

Age 

18 years 1 0.2 0.2 

19 years 76 15.4 15.6 

20 years 32 6.5 22 

21 years 197 39.8 61.8 

22 years 89 18 79.8 

23 years 54 10.9 90.7 

24 years 29 5.9 96.6 

25 years 17 3.4 100 

Type of school 

Gymnasium 261 52.7 52.7 

Business secondary school 203 41 93.7 

Another secondary school 31 6.3 100 

Total 495 100 
 

Source: Authors’ work. 
 

The respondents finished three different types of secondary schools in Croatia: 

gymnasium, business secondary school, and other secondary schools. More than half 

of students came from gymnasium (52.7%), 41% graduated business secondary 

schools and 6.3% finished other secondary schools. Table 1 displays sample 

characteristics obtained for the research purpose. 
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Research instrument 
Given the research topic, the study is based on the questionnaire for measuring the 

perceived benefits and fears of delivering presentations. The research instrument was 

comprised out of four dimensions: (i) Fear at delivering presentation, (ii) Problems while 

delivering a presentation, (iii) Perceived success at delivering a presentation, and (iv) 

Strategies in stimulating audience attention when presenting.  

 

Table 2 Research instrument measuring perceived benefits and fears of delivering 

presentations 
Dimension Research items Measurement 

Fear at 

delivering 

presentations 

Q1_1. Fear that I will be unsuccessful / at 

the presentation 

Likert scale (1-fear is not 

present at all, 2-fear is 

rarely present, 3-fear is 

sometimes present, 4-fear 

is often present, 5-fear is 

always present) 

Q1_2. Fear of being criticized 

Q1_3. Fear that I will turn out funny 

Q1_4. Fear that my colleagues will make 

fun of me 

Q1_5. Fear of revenge 

Problems 

while 

delivering 

the 

presentation 

Q2_1. What about the hands? Likert scale (1-problem is 

not present at all; 2-

problem is rarely present; 

3-problem is sometimes 

present; 4-problem is often 

present; 5-problem is 

always present) 

Q2_2. How loud to speak? 

Q2_3. What if the public reacts badly? 

Q2_4. What if I have too much material? 

Q2_5. What if I have too little material? 

Q2_6. What if my voice starts to tremble? 

Q2_7. What if I misjudge the time? 

Perceived 

success at 

delivering a 

presentation 

Q3_1. I know well the material I expose 

when I present 

Likert scale (1-I do not 

agree at all; 2-not agree; 

3-undecided; 4-agree; 5-

fully agree) 

Q3_2. I look convincing when I present 

Q3_3. I respect the audience and their 

views when I present 

Q3_4. I adapt the presentation to the 

audience 

Q3_5. I hold the audience’s attention 

throughout the presentation 

Strategies in 

stimulating 

audience 

attention 

when 

presenting 

Q6_1. I surprise the audience with 

something 

Likert scale (1-I do not 

agree at all; 2-not agree; 

3-undecided; 4-agree; 5-

fully agree) 

Q6_2. I ask the audience a question 

Q6_3. I pique the audience’s curiosity 

Q6_4. I remind the audience of something 

that everyone remembers 

Q6_5. I say something dramatic 

Q6_6. I'm quoting something 

Q6_7. I am briefly silent to highlight part of 

the speech 

Source: Authors’ work. 

 

The fear of delivering presentations dimension rates of fear of presentations 

between students measured by Likert scale as (1-fear is not present at all, 2-fear is 

rarely present, 3-fear is sometimes present, 4-fear is often present, 5-fear is always 

present). Research items for Fear at delivering presentation dimensions are connected 

to fear of unsuccessful presentation, fear of criticism, fear of being mocked at, and 

fear of revenge. 

The second dimension, Problems while delivering a presentation, examines 

problems that may occur while delivering the presentation, and consists of seven 

research item questions: (i) What about the hands? (ii) How loud to speak? (iii) What if 



  

 

 

32 

Croatian Review of Economic, Business and Social Statistics (CREBSS) 

UDK: 33;519,2; DOI: 10.1515/crebss; ISSN 1849-8531 (Print); ISSN 2459-5616 (Online) 

 

 

Vol. 6, No. 2, 2020, pp. 27-42 

the public reacts badly? (iv)What if I have too much material? (v) What if I have too 

little material? (vi) What if my voice starts to tremble? (vii) What if I misjudge the time? 

Research items are measured with a Likert scale as (1-problem is not present at all; 2-

problem is rarely present; 3-problem is sometimes present; 4-problem is often present; 

5-problem is always present). 

The third dimension, Perceived success at delivering a presentation is focused on 

affirmative questions regarded to presentation performance and knowledge of the 

material, convincing performance, and connection with the audience. Dimension is 

also measured by the Likert scale as (1-I do not agree at all; 2-not agree; 3-undecided; 

4-agree; 5-fully agree). 

The fourth and final dimension contained in this investigation is Strategies in 

stimulating audience attention when presenting which include seven questions 

related to strategies of stimulating audience while presenting such as including 

quotes, questions, pauses, and surprises into the presentation. The simulating strategies 

dimension is measured by the Likert scale as the Likert scale (1-I do not agree at all; 2-

not agree; 3-undecided; 4-agree; 5-fully agree). Table 2 presents a Research 

instrument measuring anxiety at delivering presentations. 

 

Statistical analysis 
Data obtained by the questionnaire survey were analysed on the four following steps 

using various statistical methods: (i) 1st step – Descriptive statistics and reliability 

analysis calculated for all the variables at the total sample; (ii) 2nd step – Factor 

analysis that was used to reveal the underlying structure from a large dataset. The 

variables were included in a dataset under the a priori premise that each variable 

may be correlated with any factor; (iii) 3rd step – Cluster analysis employed to fulfil the 

paper goal. Cluster analysis is one of the best ways to comprehend a large set of 

variables and to separate them into homogenous groups, and (iv) 4th step – Chi-

square of cluster membership and demographic characteristics 

 

Descriptive statistics and reliability analysis 
Descriptive statistics and Cronbach’s alpha for an observed sample and the research 

instrument are displayed in Table 3. The average grade is the lowest for Q1_5, research 

item “Fear of revenge” which indicates that students perceive the fear of revenge as 

the lowest fear while delivering presentations. On the other hand, the highest average 

grade has research items from the  “Perceived success at delivering a presentation” 

dimension, the question “I respect the audience and their views when I present” have 

the highest average grade (4.09) following the “I know well the material I expose when 

I present” with the average grade 3.91 which means that students are confident 

about their approach towards their audience as well as their knowledge about 

presented material.  

None of the research questions was excluded from further research as none of the 

research questions was not above three standard deviations. We included 

Cronbach’s alpha coefficients for four dimensions included in the research, to analyse 

internal consistency and the reliability of the research instrument. Considering Nunnaly 

(1994) recommended the cut-off value of 0.70, from which all Cronbach’s alpha 

values are higher, internal consistency and the reliability of the research instrument is 

confirmed. 
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Table 3 Descriptive statistics and Cronbach's alpha  

N Min Max Mean 
Std. 

Dev. 

Cronbach's 

alpha 

Fear at delivering presentations 

Q1_1 495 1 5 3.02 1.144 0.882 

Q1_2 495 1 5 2.76 1.147 

Q1_3 495 1 5 2.68 1.250 

Q1_4 495 1 5 2.26 1.209 

Q1_5 495 1 5 2.06 1.073 

Q1_6 495 1 5 2.17 1.162 

Problems while delivering the presentation 

Q2_1 495 1 5 2.48 1.092 0.801 

Q2_2 495 1 5 2.16 1.063 

Q2_4 495 1 5 2.37 1.059 

Q2_5 495 1 5 2.63 1.078 

Q2_6 495 1 5 2.38 1.060 

Perceived success at delivering a presentation 

Q3_1 481 1 5 3.91 0.948 0.818 

Q3_2 487 1 5 3.63 0.943 

Q3_3 480 1 5 4.09 0.985 

Q3_4 486 1 5 3.59 1.053 

Q3_5 488 1 5 3.30 0.955 

Strategies in stimulating audience attention when presenting 

Q4_1 495 1 5 2.54 1.077 0.823 

Q4_2 495 1 5 2.49 1.087 

Q4_3 495 1 5 2.86 1.001 

Q4_4 495 1 5 3.09 1.061 

Q4_5 495 1 5 2.34 1.062 

Q4_6 495 1 5 2.81 1.089 

Q4_7 495 1 5 2.23 1.071 

Source: Authors’ work. 

 

Factor analysis 
Factor analysis is conducted to extract common factors from the analysis. Factor 

analysis is a multivariate statistical method that makes the correlation without the 

same group of data whose purpose is trying to reduce the loss of information (Singh, 

Malik, Mohan, 2004). For this investigation, the principal component analysis method 

is used, following the Varimax with Kaiser Normalization rotation method.  

 

 
 

Figure 1 Scree plot 
Source: Authors’ work. 
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The Scree plot available in Figure 1. Shows the relevance of the common factor as 

well as characteristic root values. The figure shows that the two first two common 

factors bear the most information in this investigation so they are extracted for further 

investigation as the main factors. 
 

Table 4 Initial eigenvalues and extraction sums of squared loadings 

 

Value 

Eigenvalues Extraction: Principal components 

Eigenvalue 
 

% Total 

variance 
 

Cumulative 

Eigenvalue 
 

Cumulative  

% 
 

1 
 

6.990524 27.96210 6.99052 27.96210 

2 
 

3.890122 15.56049 10.88065 43.52258 

Source: Authors’ work. 

 

Table 5 Rotated component matrix 
Variable Factor 1 Factor 2 

Fear at delivering presentations 

Q1_1 
 

0.705975 -0.130414 

Q1_2 
 

0.754119 -0.089484 

Q1_3 
 

0.752591 -0.190796 

Q1_4 
 

0.759859 -0.120580 

Q1_5 
 

0.635054 -0.011084 

Q1_6 
 

0.678011 -0.110280 

Problems while delivering the presentation 

Q2_1 
 

0.529116 -0.114840 

Q2_2 
 

0.608143 -0.052374 

Q2_3 
 

0.761797 0.036388 

Q2_4 
 

0.668512 0.076172 

Q2_5 
 

0.649956 -0.046567 

Q2_6 
 

0.745938 -0.132637 

Q2_7 
 

0.703136 -0.013897 

Perceived success at delivering a presentation 

Q3_1 
 

-0.150922 0.564845 

Q3_2 
 

-0.356725 0.519020 

Q3_3 
 

-0.099583 0.457787** 

Q3_4 
 

-0.066613 0.641147 

Q3_5 
 

-0.187252 0.622126 

Strategies in stimulating audience attention when presenting 

Q4_1 
 

-0.063930 0.709545 

Q4_2 
 

-0.018706 0.674779 

Q4_3 
 

-0.102298 0.769731 

Q4_4 
 

-0.033560 0.706441 

Q4_5 
 

0.072678 0.605172 

Q4_6 
 

-0.011864 0.394881** 

Q4_7 
 

0.071687 0.483265** 

Expl.Var 
 

6.450218 4.430428 

Prp.Totl 
 

0.258009 0.177217 

Note: ** excluded from analysis due to the low factor loadings. 

Source: Authors’ work. 
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The initial eigenvalues extraction and extraction sums of squared loadings are 

presented in Table 4. The results show that the first two eigenvalues of the common 

factors denoted as 1 and 2 have the variance contribution 27.96% and 15,16% and 

the total cumulative variance contribution rate 43.52%. 

Table 5 shows factor loadings normalised with the Kaiser Normalization method. 

Table 5 shows a rotated component matrix, where factor loadings normalized with the 

Kaiser Normalization method are presented. The extraction method was the Principal 

components. Following the results presented in Table 5, the variables (items) Q3_3, 

Q4_6, and Q4_7 are excluded from the further investigation; since their values are, 

lower than 0.5. 

 

Cluster analysis 
The cluster analysis with the K-means algorithm has been conducted to systematize 

research data into meaningful structures. The maximum average distance was 

applied to determine initial centroids. Subsequently, the Squared Euclidian distance 

was applied to iteratively distribute research data to the cluster with the closest 

centroid.  

Figure 2 presents the graph of cost sequence, which displays the error function for 

the various numbers of clusters and proposed the best numbers of clusters for the given 

dataset. The error function presented can be explained as the average distance of 

observations in tested research to the cluster centroids to which the observations were 

assigned (Tibshirani, Walther, Hastie, 2001). 

The goal is to minimise the cluster cost to the desirable level. The graph 

recommends two clusters as the best number of clusters to be included in this 

investigation. However, the graph shows a continuous decrease of the error function, 

without a point where it would stop decreasing. Therefore, the four-cluster solution was 

selected as an optimal one, and four clusters will be observed in further investigation. 

 

 
 

Figure 2 Graph of Cost Sequences 
Source: Authors’ work (2020) 

 

Furthermore, the ANOVA analysis was conducted for four clusters. Table 2 shows the 

22 items left in the research without three items excluded in the previous steps. 
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Table 6. ANOVA analysis 
 Between SS df Within SS N F p-value 

Q1_1 244.898 3 357.882 468 106.751 0.000*** 

Q1_2 285.511 3 318.724 468 139.744 0.000*** 

Q1_3 387.663 3 336.013 468 179.979 0.000*** 

Q1_4 325.468 3 354.275 468 143.315 0.000*** 

Q1_5 167.989 3 366.416 468 71.521 0.000*** 

Q1_6 265.690 3 357.274 468 116.011 0.000*** 

Q2_1 120.389 3 427.475 468 43.934 0.000*** 

Q2_2 149.556 3 376.775 468 61.922 0.000*** 

Q2_3 245.498 3 309.416 468 123.774 0.000*** 

Q2_4 155.861 3 375.730 468 64.712 0.000*** 

Q2_5 170.423 3 369.659 468 71.920 0.000*** 

Q2_6 422.752 3 390.765 468 168.770 0.000*** 

Q2_7 190.206 3 334.498 468 88.706 0.000*** 

Q3_1 47.771 3 372.492 468 20.007 0.000*** 

Q3_2 85.300 3 322.749 468 41.230 0.000*** 

Q3_4 80.641 3 441.969 468 28.464 0.000*** 

Q3_5 72.531 3 346.111 468 32.691 0.000*** 

Q4_1 130.462 3 389.519 468 52.249 0.000*** 

Q4_2 132.564 3 416.959 468 49.597 0.000*** 

Q4_3 144.928 3 319.511 468 70.761 0.000*** 

Q4_4 128.839 3 396.712 468 50.664 0.000*** 

Q4_5 88.556 3 417.899 468 33.058 0.000*** 

Source: Authors’ work. 

 

The table suggested that the null hypothesis, which indicates that the means 

between the indicator observed statistically differ has been rejected at the 1% 

statistical significance so all variables are statistically significant. The given results 

confirm that the selection of four clusters to analyse data is justified. 

 

Relationship of cluster membership and demographic 

characteristics  
Chi-square cluster membership and demographic characteristics have been 

comprised to identify the relationship between clusters that emerged from the 

investigation and specific demographic characteristics. 

The results presented in the first cluster membership table shows the relationship 

between the four structured clusters and gender. From a total of 472 students answers 

who participated in the cluster analysis, 354 female and 118 male students 

participated. 

Cluster 1 consists of the most participants, 148, from which 109 are females, and 39 

are males. In Cluster 2, from a total of 131 students included, 101 are females, and 30 

are males. Cluster 3 contained the fewest students, a total of 82, from which are 61 

females, and 21 male students. Cluster 4 contained a total of 111 students, 83 females, 

and 28 males. The results present similar gender distributions in clusters, male 

distribution from 22-26%, and females from 73-78%. 

The male students are the most represented in Cluster 1 and the least in Cluster 2, 

and female vice-versa. However, Pearson Chi-square and M-L chi-square did not 
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confirm the statistically significant relationship between gender and cluster 

membership as shown in Table7 and Table 8. 

 

Table 7 Cross-tabulation of gender and cluster membership 

 

Gender 

2-Way Summary Table: Gender x Cluster 

Cluster 1 
 

Cluster 2 
 

Cluster 3 
 

Cluster 4 
 

Total 
 

Male 
 

39 30 21 28 118 

Female 
 

109 101 61 83 354 

Total 
 

148 131 82 111 472 

Source: Authors’ work. 

 

Table 8 Chi-square for cluster membership and gender 

 

Statistic 

Statistics: Gender x Cluster  

Chi-square 
 

df 
 

p 
 

Pearson Chi-square 
 

0.4712954 df=3 p=0.92515 

M-L Chi-square 
 

0.4755649 df=3 p=0.92423 

Source: Authors’ work. 

 

The second results from the analysis demonstrate the weak association between 

age groups and Clusters. A total of 77 students age 19 were, 32 students age 20, 197 

students age 21, 89 students age 22, and 77 students age 23, and more were included 

in the final investigation. 

The age group 19 is distributed the most in Cluster 1 and the least in Cluster 2. 

Students of age 20 are grouped evenly with a deviation of 1 student. Students of age 

21 are concentrated the highest in Cluster 1, following Cluster 2, and have by far the 

lowest concentration in Cluster 3. Age groups 22 and 23 and more have a similar 

distribution between Clusters 1, 2, and 4 with a much lower number of students in 

Cluster 3, which means that the older students are underrepresented in Cluster 3. In 

conclusion, it can be highlighted that younger students are less represented in Cluster 

2, and more in Cluster 3, as well as the other Clusters, there is no significant difference 

between clusters. However, Pearson Chi-square and M-L chi-square did not confirm 

the statistically significant relationship between any of the age groups and clusters. 

Tables 9 and 10 show observed frequencies and Chi-square of cluster membership 

and age. 

 

Table 9 Cross-tabulation between age and cluster membership 

 

Age 

2-Way Summary Table: Age x Cluster 

Cluster 1 
 

Cluster 2 
 

Cluster 3 
 

Cluster 4 
 

Totals 
 

19 
 

26 15 16 20 77 

20 
 

7 8 8 9 32 

21 
 

71 62 29 35 197 

22 
 

22 25 17 25 89 

23 and more 22 21 12 22 77 

Totals 
 

148 131 82 111 472 

Source: Authors’ work. 
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Table 10 Chi-square for cluster membership and age 

 

Statistic 

Statistics: Age x Cluster 

Chi-square 
 

df 
 

p 
 

Pearson Chi-square 
 

19.23040 df=18 p=0.37777 

M-L Chi-square 
 

20.56301 df=18 p=0.30203 

Source: Authors’ work. 

 

Table 11 Cross-tabulation between the type of school and cluster membership 

 

School 

2-Way Summary Table: School x Cluster 

Cluster 1 
 

Cluster 2 
 

Cluster 3 
 

Cluster 4 
 

Total 
 

Gymnasium 
 

87 70 43 48 248 

Business secondary school 
 

52 52 36 55 195 

Another secondary school 
 

9 9 3 8 29 

Totals 
 

148 131 82 111 472 

Source: Authors’ work. 

 

Table 12 Chi-square for cluster membership and type of school 

 

Statistic 

Statistics: School x Cluster 

Chi-square 
 

df 
 

p 
 

Pearson Chi-square 
 

7.492339 df=6 p=0.27770 

M-L Chi-square 
 

7.657710 df=6 p=0.26427 

Source: Authors’ work. 

 

The third results show a weak relationship between cluster membership and the 

type of school. Students from the gymnasium are mostly concentrated in Cluster 1 and 

all of the students from business and the other schools show even distributions among 

Clusters 1, 2 and 4 with the lower rate of distribution among Cluster 3. However, 

Pearson Chi-square and M-L chi-square did not confirm the statistical difference 

between genders as the p values are higher than alpha so the 0th hypotheses cannot 

be rejected. Tables 11 and 12 present observed frequencies and Chi-square of cluster 

membership and age. 

 

Discussion 
The k-means cluster analysis of survey responses was undertaken from the 472 Business 

and Economy students from Croatia, which were included in final investigations. Figure 

3 presents the graph of mean values of 22 item survey responses left in the research 

across four identified clusters. Given cluster, means reveal the existence of differences 

between clusters according to the observed individual indicators the survey responses 

(Figure 3). 

By comparing cluster means, some interesting conclusions about student groups 

can be brought. A similar pattern trend has been observed for all clusters included, 

however, the responses are displayed on different levels.  Furthermore, taking into 

account all observed items, research items from the question group “Perceived 

success at delivering a presentation” obtained the highest mean values, which also 

correlate with descriptive statistic results. Additionally, trends for all other question 

groups are similar. Cluster 2 and Cluster 3 show the most similar cluster means pattern 

for Q1 and Q2 question groups, as for the Q3 and Q4 Clusters 1, 3, and 4 display similar 

answer patterns, which are indicated by similar variables numbers. 
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Figure 3 Standardized cluster means 
Source: Authors’ work. 

 

Based on the mutual relationship of various answers of the four investigated 

dimensions, clusters can be described in the following manner: 

Cluster 1 students group has the lowest average values for variables from “Fear at 

delivering presentations” groups of questions. Questions “Fear that my colleagues will 

make fun of me” and “Fear of revenge” are have the lowest mean values, which 

indicate that students from Cluster 1 perceive the lowest fears of their colleagues. The 

average means for the variable “I know well the material I expose when I present” are 

the highest among the Cluster 1 results. All mean values for the group of questions: 

“Perceived success at delivering a presentation” are the highest within all results, 

which could connect the students from Cluster 1 with high confidence. This group 

could be called: Self-confident. 

For the students grouped in Cluster 2, the highest average values have been 

calculated for their presentation material knowledge, but with significantly lower 

normalized means than Cluster 1. Students in Cluster 2 express mid-level fear. 

Furthermore, Cluster 2 students comprise the lowest values for both “Strategies in 

stimulating audience attention when presenting” and “Problems while delivering 

presentation” groups of questions of all students included in the research. The results 

for Cluster 2 demonstrate that the students included in the Classroom shows a low 

level of interest in delivering presentations, which influences their perceived 

presentation performance. This group could be called: Not-interested. 

Cluster 3 student group resulted in a group with the highest values for the “fear of 

the presentation delivery” dimension, and the lowest for the confidence related 

dimensions. The question “What if my voice starts to tremble?” which represent the 

fear that the audience will detect insecurities while presenting, obtained the highest 

normalized means in all questionnaire. Alongside this fear, students from Cluster 3 



  

 

 

40 

Croatian Review of Economic, Business and Social Statistics (CREBSS) 

UDK: 33;519,2; DOI: 10.1515/crebss; ISSN 1849-8531 (Print); ISSN 2459-5616 (Online) 

 

 

Vol. 6, No. 2, 2020, pp. 27-42 

expressed high-perceived fear from the unsuccessful presentation, being criticised, 

and being mocked. Furthermore, the Cluster results in outcome with the lowest values 

overall for the “Strategies in stimulating audience attention when presenting” group 

of questions, such as interaction with the public, making pauses, and surprising the 

audience, which all correlate with a high level of insecurity among Cluster 3 student 

group. This group could be labelled as Anxious. 

Cluster 4 students have the highest variable means for the question group 

“Perceived success at delivering presentation“ same as the students from Cluster 1. 

However, the students from Cluster 4 had lower means to the item “I look convincing 

when I present” which indicates that the students from Cluster 4 show a bit more 

insecurity than a student from Cluster 1. Nevertheless, the Cluster 4 students have the 

highest results for the question group “Strategies in stimulating audience attention 

when presenting“ from all the four clusters, which could be connected with their 

attention to details and strategical thinking. Students from Cluster 4 have the lowest 

means for variables related to colleagues making fun of them, which shows maturity 

and confidence. This group could be called Strategic.  

 

Conclusion 
The purpose of this research was to explore the business students' attitudes toward 

presentation delivery, and investigate if there are homogenous groups of students 

according to their attitude towards the presentation, both as sources of success and 

as a source of fear. 

To fulfil the paper goals, a cross-analysis has been undertaken. Descriptive statistics 

and reliability analysis were calculated for all the variables in the total sample. Factor 

analysis was performed to unveil the underlying structures of the data, and the cluster 

analysis to explore can students be grouped according to their attitude towards 

presentation. Finally, the Chi-square of cluster membership and demographic 

characteristics has been conducted to explore the possible relationship between 

demographic characteristics and cluster membership. 

Interesting findings emerged from the investigation. Firstly, the result confirms that 

there are homogenous groups of students according to presentation perceived 

benefits and fears. The investigation identified four different student groups based on 

their confidence and interests: Self-confident, Non-interested, Anxious, and Strategic. 

However, an investigation concluded there is no relationship between cluster 

membership and demographic characteristics. The results showed that all students 

fear the most that their voice will start to tremble and show their insecurities and that 

all students fear the least the revenge of their colleagues. 

The findings from the investigation could be beneficial for both academics and 

practitioners. Academics could benefit from these investigation results and conduct 

further analysis to explore student characteristics, which groups them into specific 

clusters. On the other hand, practitioners could use these results to adapt presentation 

skill teaching into different clusters to achieve better results and provide each student 

methods they need the most. 

However, his research is not without its limits, for instance, more students could be 

included in the investigation, and more information about students, such as their 

grades, hobbies, interests in specific classes so the answer to why some student have 

the characteristic of specific clusters can be revealed. Considering the emerging 

numbers of papers on this important topic, this also could be direction for future 

investigations. 
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Abstract 
In the autumn 2017, The Statistical Office of the Republic of Slovenia (SURS) has 

conducted for the first time a survey on daily passenger mobility of Slovenian 

residents. The key statistics are on persons’ daily traveling habits, such as number of 

trips, travelled distance, time spent on traveling, and so on. Two independent 

samples were selected for the simultaneous collection of data by two modes, face-

to-face interview (CAPI) and online questionnaire (WEB). The goal of this study is to 

identify the possible sources of mode measurement errors, with the objective to 

better design and thus improve the whole data collection process. The detailed 

mode effect analysis is performed by the comparison of the key statistic estimates 

and the use of regression models. Usually the measurement mode effect is an issue in 

surveys on the more sensitive topics or persons’ opinions. This work points out that, 

first, the mode measurement effect can be an issue also in a more factual survey 

content, and second, the corresponding statistical data processes can have an 

important contribution to minimising measurement errors. The results show that WEB 

respondents are inclined to join two or more trips into one reported, which gives 

lower estimate of average number of daily trips. The main reason is the demanding 

questionnaire content. Additionally, the complex data editing process was still 

insufficient to correct completely for such measurement error. The possible 

improvements of the data collection process are also discussed. 
 

Keywords: data comparability, mixed mode surveys, mode measurement effect, 

mode selection effect. 
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Introduction 
In recent years an online (WEB) data collection mode has become a relevant and 

reliable tool of survey data collection and a regular praxis also in official statistics. 

Since 2016 several household surveys at the Statistical Office of the Republic of 

Slovenia (SURS) has been transferred to the WEB survey mode (Arnež et al., 2018). 

Transition to WEB has opened several methodological challenges, such as coverage, 

non-response and possible measurement issues (Bučar et al., 2018). Most commonly 

the WEB mode is used in combination with additional mode, usually face-to-face 

interview (CAPI). Because the main advantage of WEB is cost effectiveness, it is 

usually used as a first collection mode and the CAPI collection mode is used 

subsequently for WEB non-respondents. 

In the autumn 2017, SURS has conducted a Survey on daily passenger mobility, 

which examines persons’ daily traveling habits, such as number of daily trips, 

duration and distance of trips, purpose of traveling (work, education, leisure, 

shopping, etc.), transport modes (walking, cycling, public transport, car, etc.), and 

so on (Škafar, 2018). The survey was supported by Eurostat and has followed its 

guidelines on passenger mobility statistics, which aim at a development of 

methodology for a harmonised data collection in EU (Eurostat, 2018). However, 

specificity of our survey is the two independent samples that were selected for the 

simultaneous collection of data by two modes, CAPI and WEB. When examining 

some statistic estimates separately for each mode in our survey, we noticed that 

some estimates quite differ between mode, while some others are almost identical. 

The noticeable difference was observed in the declared number of trips per person 

in a day. Namely, the WEB respondents reported a bit less trips. The independent 

mode samples in our (concurrent) survey open a specific possibility to study the 

mode effect. The analysis with regression models can be more straightforward and 

less complex than in sequential mixed-mode surveys (Berzelak, 2014; Klaush, 2014). 

The objective of this study is first, to find out if the observed estimate differences 

can be attributed to the so-called mode effect, and second, to identify all possible 

sources of mode measurement errors. Namely, usually the measurement mode 

effect is an issue in surveys on the more sensitive topics or persons’ opinions. Our 

analysis shows that, first, the mode measurement effect can be an issue also in a 

more factual survey content, and second, the corresponding statistical data 

processes can have an important contribution to minimising measurement errors. By 

carefully identifying the measurement error propagation, we can better design and 

thus improve the whole data collection process in official statistics. 

The theoretical background needed to tackle the mode effect is reviewed in the 

following Literature review section. The overview of similar analysis and results in the 

field of mobility and transport surveys is also given. After that, the Research 

methodology section presents the data collection process. The findings from 

questionnaire design stage as well as from the data editing processes are also 

presented, and the methodology for mode effect analysis is set up. The Results and 

discussion section presents the results on response rate, the lessons learned from the 

process of data clearing and correction, comparison of key statistic estimates, the 
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corresponding regression analysis of mode measurement effect in key statistic 

estimates which is followed by discussion. 

 

Literature Review 
In this study, we rely on the conceptualisation of the mode effect as defined by de 

Leeuw (2018). It distinguishes between the mode selection effect and the mode 

measurement effect, where the net effect of the two components forms the so-

called mode effect. The mode selection effect, defined also as the differential non-

observation error, pertains to the difference in response (who responds and who 

does not in which mode). On the other hand, the mode measurement effect, 

defined also as the differential observation error, pertains to the fact that same 

person answers differently in different modes. Mode selection effect in a mixed-

mode study can be a desired effect, because it reduces the coverage and 

nonresponse errors of single mode designs, and it is one of the main reasons why 

mixed-mode approaches are implemented. On the other hand, mode 

measurement effect is a source of unwanted measurement error. Usually the 

measurement error is an issue in surveys on the more sensitive topics or persons’ 

opinions. The error sources can be social desirability, acquiescence, extremeness, 

selection of middle scale values, recency effect, primacy effect, etc. (de Leeuw, 

2018). In our case, the main potential sources for measurement effect lie in the so-

called cognitive burden, questionnaire design and some other more technical issues 

regarding the data collection process. 

To be able to reduce these errors, the researches should carefully design the total 

mixed-mode survey process from the beginning: reduction of the measuring effect 

by carefully designing the questionnaire, use of auxiliary data to estimate the 

measurement error, etc. The mode measurement effect can be measured after the 

correction for the mode selection effect by controlling differences between modes 

regarding the auxiliary data comprised at least of socio-demographic variables 

(Hox, de Leeuw, Klausch, 2017). The mode effect is usually the most pronounced 

between the two distinct collection types (Klausch, 2014), i.e. the interview (which is 

CAPI in our case) and the self-administered mode (which is WEB in our case). 

Regarding the content, a similar mobility survey to ours was a French household 

travel survey (Bayart, Bonnel, 2010; 2015). The study was performed in a sequential 

mixed-mode: CATI (telephone interview) first and then WEB, offered to CATI non-

respondents). The WEB respondents’ characteristics are found to be similar to our 

experiences (Bučar et al., 2018): WEB respondents are younger, more educated, 

their most frequent activity statuses are employed or students, and so on. They have 

observed the similar potential measurement effect in the number of declared trips in 

a day. Namely, the WEB respondents report les trips per day than CAPI respondents 

(Bonnel, Bayart, Smith, 2015). Detailed analysis showed that WEB respondents report 

significantly less short walking trips or less constrained trips. It is possible, that WEB 

respondents simply omit the ‘not-so-important’ trips. Additionally, the main potential 

problem is identified: respondents do not always find it easy to understand or absorb 

the concept of trip (Bayart, Bonnel, 2015). Some other similar surveys may be found, 

performed also on a regular basis by some European countries, e.g. Netherlands 

(Statistics Netherlands, 2016), Sweden (Transport Analysis, 2019) and Denmark 

(Center for Transport Analytics, 2019). 

Regarding the methodology, an elaborate analysis on mode effect, where 

independent mode samples (CATI, CAPI and WEB) have been used, was performed 

by Berzelak (2014). Mode measurement effect was studied with OLS, logit and 

ordered logit (partial proportional odds) regression models. The focus was mainly on 
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opinion statistics - scale questions with multiple choice answers. All effects were 

controlled for basic socio-demographic structures (gender, age, education). The 

study also suggests the frequency of internet usage as an additional auxiliary 

variable for WEB mode effect analyses. Namely, some studies reported smaller 

difference between modes among more frequent internet users (Berzelak, 2014). As 

opposed to the complex sequential mixed-mode surveys, the analysis of the mode 

measurement effect with independent samples can be directly addressed by 

regression models, where besides auxiliary variables, the mode is included as an 

additional covariate (Martin, Lynn, 2011).  

 

Research Methodology 
Data 
The basis for the sampling frame of our survey was the Central Population Register 

and the corresponding Demographic Database prepared by SURS. The sampling 

frame was the population of Slovenia aged 15–84 in the period of data collection 

and living in private households. The sample for WEB was one-stage stratified 

systematic and the sample for CAPI was two-stage stratified. Stratification was 

geographical (12 statistical regions) and by type of settlement (6 types according to 

the size of settlement and a share of farms within the settlement). 15,015 people 

aged 15–64 were selected in the WEB sample, and 8,001 people aged 15–84 were 

selected for CAPI (Škafar, 2019a). Because the population aged 65-84 was not 

included in the WEB sample, only the population aged 15-64 was considered from 

both modes, for the purpose of our mode analysis in the presented study. That gives 

us a combined sample of 20,365 persons (5,350 CAPI and 15,015 WEB). The process 

of data weighting included the sampling design, the unit nonresponse rate, and the 

calibration on the available auxiliary variables (sex, age, education, activity status, 

statistical regions and type of settlement). The two independent samples were 

weighted separately. To create a single estimator the two samples were combined 

using the additional weight factor that considered sample size proportions. 

The content of the WEB and CAPI questionnaires was the same, some differences 

were in wording where necessary. The questionnaire comprises of (1) questions 

about the respondent, the selected day and possible reasons for not making any trip 

that day, (2) trips and stages (parts) of the trip (if several means of transport were 

used) and (3) questions about household, use of public transport and carpooling, 

ownership of (electric) bicycles, and so on. A definition of a trip is the following: the 

movement on a public road, path made for a certain purpose such as work, school, 

shopping, etc. A trip-maker could walk or use one or more modes of transport. Only 

trips longer than 100 m and up to 300 km were taken into account. The trip could 

start or end over the country border, and the trips taking place fully abroad were 

excluded. A trip could also be a loop, e.g. walk, recreational running. 

For the survey, also the information/motivation letter has been prepared. Besides 

the standardised information on the survey, the information letter motivates the 

selected person to take part in the survey and, most importantly, explains the subject 

of the survey - in writing and drawings. The letter included two graphical models of a 

day with different trips and stages. This part of the letter also has a role of a memory 

jogger to lessen the impact of memory recall effect. The selected person could have 

thought about his/her trips during the selected day (especially in WEB mode). In the 

pilot survey, it was confirmed that the content of the survey is quite demanding. We 

found out, that the understanding of the concept of a trip (definition, start, end, 

purpose, 1 purpose means 1 trip, 1 transport mode means 1 stage of a trip, etc.) is 
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the crucial point of the survey. Both, the respondents and the interviewers reported 

that the information letter was very useful and informative.  

 

Methods 
The number of final completed questionnaires in sample with population aged 15-64 

is 6,974. However, in the analysis of key statistic estimates, we focus on the so-called 

trip-makers, i.e. persons that made at least one trip on the selected day. Share of 

trip-makers is 87.7% in CAPI and 88.9% in WEB mode (on weighted data). A detailed 

analysis showed that the differences in the shares of trip-makers between modes are 

significantly small and does not differ much even across other controlling variables. 

The sample of the responses with the trip-makers aged 15-64, comprises 6,216 

persons (2,642 CAPI and 3,574 WEB). 

First, we examine the response rate by basic socio-demographic variables and 

discuss the differences between two modes (mode selection effect). Second, we 

review the process of data editing and try to identify the possible sources of mode 

measurement error. Third, we compare the key statistic estimates broken-down by 

basic socio-demographic variables and by some auxiliary variables. We focus on the 

two most indicative statistics: average number of trips per mobile person in a day 

and the total distance travelled by one person in a day. By graphical representation 

of the estimates, we get a sense of possible differences due to mode. 

In the end, we apply the regression models to two key statistic estimates to study 

the mode measurement effect. The number of trips in a day is a count data variable, 

therefore, we use a dispersed Poisson model for its distribution within the generalised 

linear model. On the other hand, the daily distance is the sum of individual trip 

distances. Despite the fact, that the daily distance is associated with the number of 

trips and has thus heavier right tail, it is not a count data. Therefore, we use an OLS 

regression model on the logarithm of daily distance. Since we have combined 

independent samples, we analyse the mode measurement effect by including the 

mode in the regression model as an independent covariate. We control the 

regression for basic socio-demographic variables and some auxiliary variables. 

 

Results and Discussion 
Response Rate and Mode Selection Effect 
The overall response rate was 38.4%, where the response rate for CAPI mode was 

60.9% and for WEB mode 26.3%. Based on experiences we expected approximately 

60% response rate for CAPI and 30% for WEB. 

The comparison of the response rates by basic socio-demographic categories 

(sex, age, education and activity status) is presented in diagrams in figure 1. In all 

diagrams, the overall response rates for CAPI (blue) and WEB (red) modes are 

depicted with dashed lines, marking the considerable difference between modes. 

We can see, that women are in general a bit better respondents than men. Age 

group 56-65 has highest response in CAPI mode and lowest in WEB. Significant higher 

response has the population with post-secondary education in WEB, whereas the 

response in CAPI slightly decreases with education level. Special activity group are 

Retired with the highest response in CAPI and almost the lowest in WEB. In the WEB, 

we can confirm the considerably higher response rate than the WEB average in 

traditionally known socio-demographic groups, such as younger respondents, higher 

educated and students (Bučar et al., 2018). The corresponding WEB response rates 

for these groups are: younger aged 15-25 with 33.2%, post-secondary education with 

40.5% and pupils and students with 37.1%. 
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The mode selection effect can be present, if statistic estimates differ between the 

above socio-demographic groups. For example, if higher educated population 

makes more trips and the same group has higher response rate in WEB mode, the 

estimate in WEB mode will give larger number of daily trips in total. Weight calibration 

that includes education corrects for this effect. Namely, by weight calibration we 

approximate the respondents' structure to the population structure, and therefore 

minimise the so-called mode selection effect in the statistic estimates. The 

assumption here is that the respondents and non-respondents do not differ by some 

other not considered characteristic, which would be at the same time associated 

with the traveling behaviour. The latter would give us the bias due to non-response. 

 

  

  
Figure 1 Response rate by mode, broken down by basic socio-demographic variables: 

sex (upper left), age (upper right), education (lower left) and activity status (lower right). 
Source: SURS, 2020. 

 

Data Editing  
Data were statistically edited with the combination of systematic corrections and 

imputation procedures. The most frequent corrections were made because of 

illogical ratio between the trip distance and duration according to the means of 

transport. The records on distance and duration were most frequently imputed, 

especially for trip stages. We also found out that especially WEB respondents were 

inclined to join two trips, e.g. trip to work and trip back home were joined into one 

trip. This was identified by comparing the starting and ending locations, the trip 

distance and the purpose of a trip. We presume that in all such cases, the 

geocoding would be of great help, which is one of the major lessons learned. In the 

end, besides the planned systematic corrections, many manual corrections were 

necessary (Škafar, 2018; 2019b). 
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Table 1 compares the editing rate by mode for 3 key statistics on the data with 

population aged 15-64. In the table, we can see that statistical editing was 

substantially higher in WEB mode. Detailed examination showed that statistical 

corrections are quite uniformly distributed across basic socio-demographic variables 

(sex, age, education and activity status). The most important differences are 

between modes and between different statistics, where the latter partly corresponds 

to the editing methodology decisions. However, although a bit high, the editing rate 

difference between modes is nevertheless expected. Based on experiences, there 

are usually a lot more mistakes done in the case of self-completion modes (WEB 

mode in our case), especially when the questionnaires are more demanding 

(Klausch, 2014). 

 

Table 1 Editing rate by mode for 3 key statistics 
Statistic Both modes CAPI WEB 

Number of Trips 7.0% 3.2% 9.9% 

Trip Distance 13.9% 6.8% 19.2% 

Trip Time 22.3% 12.5% 29.8% 

Source: SURS, 2020. 

 

The presented experiences in data editing process imply that the main source of 

the possible measurement error might be the combination of the two issues. First is 

the demanding content of questionnaire and the consequential cognitive burden 

on respondents especially when completing WEB questionnaire (Škafar, 2019b). WEB 

respondents might have not understood the questions correctly or completely. There 

is also a possibility that some wanted to complete the questionnaire more quickly 

(e.g. if they did many trips in a day, the motivation to fill in all trips may drop). 

Second, there is however the possibility of still persisting imperfections in data 

collection (especially in WEB) and editing techniques (missing complex controls and 

connections, geocoding), and the consequential significant burden on data editing 

processes, which could not correct 100% for all imperfections. 

 

Key Statistic Estimates Comparison 
We compare the two most indicative statistic estimates: (1) the average number of 

trips per trip-maker in a day, and (2) the daily travelled distance per trip-maker in a 

day (sum of all trip distances in a person’s day). The calculated estimates are 

presented for basic socio-demographic variables (sex, age, education and activity 

status) and for some auxiliary variables provided by Central Population Register 

(degree of urbanisation) or by the questionnaire (salary level and number of children 

under age 15 in a household). A degree of urbanisation is a category with 3 levels 

and it was chosen due to its resemblance to two other categories considered in the 

weighting process: statistical region and type of settlement. Continuing with one 

category (degree of urbanisation) simplifies the analysis while preserving the main 

effect of geographical differences. 

 

Number of Trips 
The overall estimates of the average number of trips are compared in table 2 and 

the details are examined in figure 2. The table compares the combined sample 

estimate (Both Modes) and estimates by each sample mode separately. We can 

see that there is noticeable difference between the modes, where the CAPI mode 

gives larger average number of trips (3.30) than WEB mode (3.11). The overall 

estimates for CAPI (blue) and WEB (red) modes are marked in all diagrams in figure 2 
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with dashed lines for easier comparison. The estimate values are depicted as vertical 

bars with 95% confidence level limits. 

  

Table 2 Estimates of the Number of trips by mode 
 Both Modes CAPI WEB 

Estimate 3.189 3.296 3.109 

Standard error 0.023 0.036 0.031 

Source: SURS, 2020. 

 

  

  

  
Figure 2 Average number of trips per person by: sex, age (upper left), education 

(upper right), activity status (middle left), salary level (middle right), degree of 

urbanisation (lower left) and number of children in a household (lower right). 
Source: SURS, 2020. 
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We can see in figure 2, that in most depicted groups, the WEB estimate gives 

more or less lower average number of trips. There are only a few exceptions where 

the WEB estimate is slightly larger: post-secondary education, other non-active status 

and the group with 3 or more children. There are some groups with substantial lower 

estimates in WEB considering also the confidence level limits, which do not overlap: 

men, 15-25 age, secondary education, pupils and students, low salary, rural 

urbanisation type and the group with no children. We can be quite sure that in these 

groups the mode measurement effect can be present. 

Beside the mode differences, some interesting trends may be observed within the 

categories in figure 2, such as, increasing number of trips with education, with salary 

level, with urbanisation and with number of children. There are less trips of group 

aged 15-25, and a decreasing trend with age starting from age group 26-40. 

 

Daily Distance 
The overall estimates of the daily travelled distance are compared in table 3 and the 

details are examined in figure 3. Table 3 compares the combined sample estimate 

(Both Modes) and estimates by each sample mode separately. We can see that 

there is a negligible difference between the modes, i.e. the CAPI mode gives 

43.92 km and WEB mode 43.90 km. Again, the overall estimates for CAPI (blue) and 

WEB (red) modes are marked in all diagrams in figure 3 with dashed lines, which 

practically overlap in this case. The estimate values are depicted as vertical bars 

with 95% confidence level limits. 

 

Table 3 Estimates of the Daily distance (km) by mode 
 Both Modes CAPI WEB 

Estimate 43.91 43.92 43.90 

Standard error   0.78   1.16   1.05 

Source: SURS, 2020. 

 

We can see in figure 3, that the estimates of daily distance quite differ between 

different depicted groups within each category (e.g. education). However, as 

opposed to the number of trips (figure 2), the comparison of daily distance estimates 

between modes in all individual groups shows, that the estimates do not differ 

substantially. Namely, practically all depicted confidence level limits overlap 

between modes, which implies, that there is probably no significant additional 

measurement effect between modes for the daily distance statistic. 

Some interesting trends may be observed also in figure 3. The daily travelled 

distance (compared within the category) are quite shorter for women, age group 

56-65 and retired persons. The daily distance increases significantly with education, 

and salary level, it is high for employed and pupils and students, and it decreases 

with the degree of urbanisation. The number of children does not have significant 

influence on daily travelled distance. Particularly interesting is the result for women, 

which make more trips in a day (figure 2) than men, but make shorter daily distance 

(figure 3), so their individual trips must be quite shorter in average than men’s. 
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Figure 3 Daily travelled distance per person by: sex, age (upper left), education (upper 

right), activity status (middle left), salary level (middle right), degree of urbanisation 

(lower left) and number of children in a household (lower right). 
Source: SURS, 2020. 

 

Mode Measurement Effect 
To be able to say if the differences in estimates can be attributed to mode with 

some statistical confidence, we apply the regression models to the same 2 key 

statistics, (1) the average number of trips and (2) daily distance. 

 

Number of Trips 
The number of trips is a count data variable, therefore, a dispersed Poisson model is 

used for its distribution and run with the generalized linear regression model. We 
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control the regression for the same socio-demographic variables as presented in the 

previous estimates diagrams (figure 2 and figure 3). These are 4 basic socio-

demographics: sex, age, education and activity status; and 3 additional variables: 

salary level, a degree of urbanisation and a number of children in a household. 

Additionally, we included 2 control variables collected by the questionnaire. One is 

the type of day, be it a workday (Monday to Friday) or weekend (Saturday and 

Sunday). The other one is a degree of internet usage, which is particularly good 

control variable in our case, because it might measure the WEB respondent's errors 

due to the level of internet proficiency. 4 categories of internet usage are: 'regular', 

'last time use was 3 months ago', or 'year ago' and 'being without internet'. Data 

show, that not all WEB respondents fall into the 'regular' category and some even 

reported 'no internet', so they must have completed the questionnaire elsewhere 

and/or with help. 

Table 4 shows the regression results for average number of trips per trip-maker in a 

day. The reference class includes the following: Male, Aged 26-40, Secondary 

education, Employed, Lower-Middle salary, middle degree of urbanisation (Towns, 

Suburbs), 0 children, Workday and Regular internet user. 

 

Table 4 Regression results for average number of trips 

Category Coefficients Estimate Std. Error t value Pr(>|t|)  

             

Sex          

Age          

             

             

Education    

             

Activity     

             

             

             

Salary       

             

             

Urbanisation 

             

Children     

             

             

Type of Day  

Internet Use 

             

             

MODE         

(Intercept)    

Female         

15-25          

41-55          

56-65          

Primary        

Post-Secondary 

Unemployed     

Pupil, Student  

Retired        

Non-Active     

Low            

Upper Middle       

High           

Rural          

Cities         

1              

2              

>=3            

Weekend        

3 Months Ago   

1 Year Ago     

No Internet    

WEB            

 1.151 

 0.038 

-0.038 

 0.012 

 0.004 

-0.083 

 0.110 

 0.014 

 0.016 

-0.003 

-0.001 

-0.087 

 0.053 

 0.091 

-0.017 

 0.070 

 0.064 

 0.086 

 0.134 

-0.217 

-0.298 

-0.154 

-0.117 

-0.061 

0.023 

0.013 

0.034 

0.016 

0.025 

0.021 

0.016 

0.027 

0.037 

0.030 

0.027 

0.025 

0.016 

0.018 

0.015 

0.018 

0.017 

0.019 

0.035 

0.015 

0.078 

0.041 

0.040 

0.013 

51.1 

  2.9 

 -1.1 

  0.7 

  0.1 

 -4.0 

  7.0 

  0.5 

  0.4 

 -0.1 

  0.0 

 -3.4 

  3.4 

  4.9 

 -1.1 

  4.0 

  3.7 

  4.5 

  3.9 

-14.1 

 -3.8 

 -3.8 

 -2.9 

 -4.6 

< 2e-16 

0.00390 

0.25439 

0.46639 

0.88524 

7.6e-05 

2.5e-12 

0.58626 

0.67136 

0.91679 

0.98164 

0.00059 

0.00077 

9.5e-07 

0.25083 

7.3e-05 

0.00019 

7.9e-06 

0.00012 

< 2e-16 

0.00013 

0.00017 

0.00368 

5.4e-06 

*** 

**  

    

    

    

*** 

*** 

    

    

    

    

*** 

*** 

*** 

    

*** 

*** 

*** 

*** 

*** 

*** 

*** 

**  

*** 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Dispersion parameter for quasipoisson family taken to be 155.3288 

Null deviance: 981641 on 6215 degrees of freedom 

Residual deviance: 882721 on 6192 degrees of freedom 

Source: SURS, 2020. 

 

The results in table 4 show, that any age and activity classes and the rural 

urbanisation class have no statistically significant effect. All other classes of variables 

do have a significant effect, including the mode (see the class MODE=WEB at the 

bottom of table 4). The exponential of the coefficient for WEB mode class gives the 
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rate of the effect, which contributes -5.9%. This means that, controlling for the effect 

of socio-demographic and other auxiliary variables, person responding in WEB mode 

reports on average 5.9% less trips compared to CAPI mode. 95% confidence interval 

for the mode effect estimate is between 3.4% and 8.3% (p value=5.4 ∙10-6). We can 

say that the mode measurement effect is identified in the number of trip statistic. 

We can see that for the significant variables in table 4 (which excludes age and 

activity status) the levels and signs of regression coefficients correspond to the 

differences of estimates in figure 2. However, despite there are some apparent 

similarities, the regression results in table 4 cannot be directly compared to the 

above figure 2 due to the different analyses. To see the connection between the 

two methods (the graphical comparison in figure 2 and the regression analysis in 

table 4), we can think of the following regression model. The simpler Poisson 

regression model for the number of trips that would include only the covariates sex 

and mode and the interaction between them, would give us the same estimates as 

in the first diagram (upper left) in figure 2 comparing only the first four bars for sex 

category. The interaction would be needed to explain the smaller difference 

between modes for women compared to the difference between modes for men. 

The same is true for any compared category in figure 2, if we substitute the covariate 

sex with the corresponding category in question. However, we would have obtained 

from the regression model the information about the significance of the partial 

effect of mode on the estimate, that is, the effect left after controlling for differences 

in sex. Such simpler model would be just a special case of the regression analysis in 

table 4. The full regression analysis is thus more complete, as it controls for many 

possible influences at the same time. 

 

Daily Distance 
For the daily distance statistic we use an OLS regression model on the logarithm of 

distance. Due to the logarithm, the regression coefficients do not directly represent 

the estimates' results. The same control variables and same classes including the 

reference one, are used as in the above regression for the number of trips. 

Table 5 shows the regression results for daily distance. By comparing the results to 

the case of the number of trips (table 4), we can see, that in this case some 

additional variables lose its statistical significance. These variables are: number of 

children, type of day and 2 classes of internet usage (table 5). We can see in table 5, 

that in this case, the mode class (MODE=WEB) shows no statistically significant effect 

on the daily distance estimate. 

 

Discussion 
Let us summarise the above regression results. The mode measurement effect persists 

in the estimate of the number of trips (WEB mode gives less trips). On the other hand, 

mode has no significant measurement effect on the estimate of daily travelled 

distance. Because the overall daily distance is similar to CAPI and WEB mode, we 

can conclude that the WEB respondents are really inclined to join two or more trips 

into one reported, with summed up distances of possible individual trips. 

However, if we recall the aforementioned experiences from data editing process, 

we see that a lot of such cases (joined trips) have been considered during the data 

correction. The observed persisting mode difference in the regression analysis tells us, 

that the editing process had not covered such cases completely. Indeed, despite 

many manual corrections, it was sometimes impossible to reconstruct the possible 

correct trips. We can therefore conclude that the mode measurement effect 

observed in the estimate of the number of trips has actually two consecutive 



  

 

 

55 

Croatian Review of Economic, Business and Social Statistics (CREBSS) 

UDK: 33;519,2; DOI: 10.1515/crebss; ISSN 1849-8531 (Print); ISSN 2459-5616 (Online) 

 

 

Vol. 6, No. 2, 2020, pp. 43-57 

 

sources. First, WEB respondents report less trips by joining more trips into one single, 

and second, despite all the efforts put into the questionnaire design and the 

correction controls, the techniques for controlling and correcting such complex 

questionnaire responses were still insufficient to correct for this particular 

measurement error. 

 

Table 5 Regression results for daily travelled distance 

Category Coefficients Estimate Std. Error t value Pr(>|t|)  

             

Sex          

Age          

             

             

Education    

             

Activity     

             

             

             

Salary       

             

             

Urbanisation 

             

Children     

             

             

Type of Day  

Internet Use 

             

             

MODE         

(Intercept)    

Female         

15-25          

41-55          

56-65          

Primary        

Post-Secondary 

Unemployed     

Pupil, Student  

Retired        

Non-Active     

Low            

Upper Middle       

High           

Rural          

Cities         

1              

2              

>=3            

Weekend        

3 Months Ago   

1 Year Ago     

No Internet    

WEB            

3.106 

-0.268 

 0.067 

-0.004 

-0.217 

-0.179 

 0.264 

-0.124 

 0.074 

-0.168 

-0.128 

-0.033 

 0.120 

 0.249 

 0.188 

-0.136 

-0.006 

-0.006 

 0.034 

-0.033 

-0.248 

-0.108 

-0.192 

-0.033 

0.057 

0.033 

0.083 

0.042 

0.063 

0.050 

0.041 

0.067 

0.092 

0.073 

0.066 

0.060 

0.040 

0.047 

0.037 

0.045 

0.044 

0.050 

0.092 

0.037 

0.162 

0.092 

0.095 

0.034 

54.6 

-8.1 

 0.8 

-0.1 

-3.4 

-3.6 

 6.4 

-1.9 

 0.8 

-2.3 

-1.9 

-0.5 

 3.0 

 5.2 

 5.1 

-3.0 

-0.1 

-0.1 

 0.4 

-0.9 

-1.5 

-1.2 

-2.0 

-1.0 

< 2e-16 

7.0e-16 

0.42078 

0.91938 

0.00060 

0.00037 

1.3e-10 

0.06329 

0.42017 

0.02180 

0.05258 

0.58454 

0.00253 

1.6e-07 

3.1e-07 

0.00284 

0.89076 

0.90838 

0.71042 

0.37111 

0.12632 

0.24124 

0.04232 

0.33289 

*** 

*** 

    

    

*** 

*** 

*** 

.   

    

*   

.   

    

**  

*** 

*** 

**  

    

    

    

    

    

    

*   

    
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

Residual standard error: 17.65 on 6192 degrees of freedom 

Multiple R-squared: 0.0594, Adjusted R-squared: 0.0559  

F-statistic: 16.99 on 23 and 6192 DF, p-value: < 2.2e-16 

Source: SURS, 2020. 

 

Conclusion 
The objective of this study was the analysis of the possible mode measurement effect 

in the key statistic estimates in the daily passenger mobility survey. The results of the 

analysis show that the mode measurement effect persist in the estimate of the 

number of daily passenger’s trips in WEB mode, whereas the daily distance stays 

similar between the CAPI and WEB mode. The conclusion is that the WEB 

respondents are inclined to join two or more trips into one single trip. This result is 

similar to the one reported in other similar surveys (Bayart, Bonnel, 2015). On the other 

hand, we did not observe (at least on the aggregate level) that the WEB 

respondents would be inclined to avoid some less important trips, because there is 

no significant difference in the overall daily distance. However, the detailed analysis 

on the transport mode would probably give us clearer picture, but was beyond the 

scope of this study. 

We can say that the observed measurement error has two consecutive sources. 

On one hand, the questionnaire content is quite demanding, and the idea and the 
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concept of the trip is not easy to grasp and understand. This is the general reason for 

increased error rate particularly in WEB (self-completion) mode. It is however a bit of 

a puzzle, why the WEB respondents report joined trips. One possibility is that they join 

trips in order to go through the questionnaire more quickly (e.g. if respondent did 

many trips in a day, the motivation to fill in all trips may drop). Whereas in CAPI 

mode, the interviewer can remind the respondent and intervene to correct the 

description of the trip or to name additional trips. On the other hand, the complex 

data editing controls were still insufficient to correct completely for such 

measurement error. We have learned that the geocoding would be of great help in 

the similar future surveys, since it avoids the errors already in the questionnaire 

completion stage and possibly reduces also the respondent’s burden. Moreover, the 

data editing process would be accordingly less complex and the manual 

corrections could be completely avoided. However, the problem with geocoding 

usage might be in the rising public sensitivity regarding the revealing detailed 

information on the individual’s precise movements (tracking time and location). 

Future research of measurement effect in the presented survey should focus also 

on more detailed parameter analyses, such as the transport mode and the purpose 

of a trip. Considering the data quality, the usage of methods for statistically 

correcting for mode measurement effect may be beneficial. 
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Abstract 
The problem of selecting an optimal set of investment stocks is of a huge interest for 

both individual and institutional investors. This paper compares the hybrid multiple 

criteria decision making (MCDM) approach to selecting the best stock to invest in, 

with the stock selection using modern portfolio theory (MPT). When selecting stocks, it 

is very important to thoroughly analyse stocks, according to multiple criteria, 

including their equity market indicators, as well as financial indicators. The objective 

of the research is to compare the stock selection using a hybrid MCDM approach 

and MPT, which includes only the equity market indicators. The analysed sample 

includes 18 stocks, which are CROBEX components on the Croatian capital market 

from January 2017 to January 2019. The rankings of stocks were calculated using five 

MCDM methods. These were then used to obtain the final hybrid stock ranking, 

which was compared to the MPT stock selection. The results show that there is a 

significant difference in the stock rankings. However, the stocks which have not 

entered any portfolio in MPT selection were ranked as lowest according to the hybrid 

MCDM approach, which confirms that those stocks are the worst to invest in. The 

research can serve as a guidance for investors to use all available stock information 

in their decision making process of investment. 
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Introduction 
The problem of choosing the right set of stocks to invest in is very important for all 

investors. When selecting the stocks, investors must analyse stocks through multiple 

criteria, including the equity market indicators, as well as the financial indicators. 

While the equity market indicators contain the information about a stock’s 

performance, such as the mean return, total risk, systematic risk etc., the financial 

indicators show the company’s performance and the insight into its financial 

situation (Marasović, Babić, 2011). Therefore, it is important to take both financial 

and equity market indicators into consideration when selecting a set of investment 

stocks. 

Markowitz (1959) has developed the first model for portfolio optimization in 1952, 

setting the basis for the modern portfolio theory (MPT). His model takes only two 

criteria into consideration: return and risk (Markowitz, 1959), where the risk is 

measured by the variance of returns distribution. His idea was to show the 

calculation of a portfolio with the highest expected return for a given level of risk, or 

the lowest risk for a given level of expected return (Marasović, Babić, 2011). 

Since the stock selection decision making process includes multiple stocks and 

more than one criterion, it can be viewed as a multiple criteria decision making 

(MCDM) problem (Poklepović, Babić, 2014). Many MCDM methods have been 

developed through time, and based on the usage of different MCDM methods in 

the field of stock selection, this paper analyses the ranking of stocks by five selected 

MCDM methods with cardinal features of information, including multiple attribute 

utility theory (MAUT) and outranking methods (Zavadskas, Turskis, 2011, Podvezko, 

2011). Those methods include: Simple Additive Weighting (SAW), Technique for Order 

Preference by Similarity to Ideal Solution (TOPSIS), Linear assignment method, 

Preference Ranking Organization Method for Enrichment Evaluation (PROMETHEE) 

and Complex proportional assessment method (COPRAS) (Bernardo, Blin, 1977, Kou 

et al., 2012, Poklepović, Babić, 2014, Ginting et al., 2017). Since those methods can 

yield different results of the rankings, a hybrid stock ranking is calculated. 

Therefore, the aim of this paper is to compare the stock rankings using the hybrid 

MCDM approach with the rankings obtained by MPT. In this way, it can be 

determined if there are differences in stock selection, from the sample of the same 

stocks, when multiple criteria are considered, compared to the stock selection by 

only two criteria according to Markowitz’s theory. For appropriate stock selection, 

investors in practice often use limited information, usually the risk and return values. 

Using other relevant financial information leads to different investment decision, 

especially when considering the stocks which are not ranked as the highest or the 

lowest. This paper provides empirical evidence and confirms that in most investment 

decision making it is appropriate to use more available financial information. 

 

Literature Review 
As it has been previously mentioned, the first model for portfolio optimization was 

developed in 1952 by Markowitz. His model proposed the return and risk as the only 

two criteria considered when selecting a portfolio (Markowitz, 1959, Xidonas, 

Mavrotas, Psarras, 2009, Marasović, Babić, 2011). However, this model has been 

criticized for that reason, since there are many other indicators, besides risk and 

return, which are important for portfolio selection. It is a multidimensional problem, 

since the decision making in reality is rarely based on only one or two criteria 

(Zopounidis, Doumpos, 2002). Therefore, multiple criteria should be considered in the 
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portfolio selection, which makes it a multiple criteria problem (Marasović, Babić, 

2011, Poklepović, Babić, 2014). 

MCDM provides a very broad spectrum of methodological approaches for 

effectively addressing the problem of portfolio selection (Xidonas, Mavrotas, Psarras, 

2009). However, different MCDM methods have different aspects of evaluation, so 

they can produce divergent rankings of alternatives. Kou et al. (2012) concluded 

that a hybrid approach, based on Spearman’s rank correlation coefficient, can 

provide a compatible ranking when different MCDM techniques disagree. 

Hsu (2014) analysed Taiwan’s 62 listed opto-electronics companies and combined 

their financial and risk evaluation indicators. Then the companies were divided into 

low, moderate and high-risk groups using grey clustering analysis and business 

performance evaluation and sorting of each grouping was obtained by Vlse 

Kriterijumska Optimizacija Kompromisno Resenje (VIKOR) method combined with the 

grey entropy weighting method. Hatami-Marbini and Kangi (2017) presented a 

group MCDM framework for selecting undervalued stocks using financial ratios and 

subjective judgments of experts in financial markets. They developed three versions 

of fuzzy TOPSIS to determine a ranking order of the companies and then calculated 

Spearman’s rank correlation coefficient, which indicated strong similarity between 

the rankings of the three methods proposed. Vetschera and Almeida (2012) focused 

on portfolio selection based on outranking methods, specifically the Preference 

Ranking Organization Method for Enrichment Evaluation (PROMETHEE) method. They 

concluded that PROMETHEE ranking of all boundary portfolios can be performed for 

smaller problems and that it provides a close approximation of the total ranking. Fazli 

and Jafari (2012) used VIKOR method to select the best alternatives for investment in 

Tehran stock exchange and concluded that only 2 out of 50 companies were 

qualified for investment. They also found that return on equity is the most important 

criterion in stock selection. According to Marqués, García and Sánchez’s review 

(2020) of MCDM models in financial management applications, the most commonly 

used MCDM methods in portfolio management, regarding stocks and investment, 

are TOPSIS, VIKOR, ELECTRE and PROMETHEE methods. Mitkova and Mlynarovič 

(2007) compared the rankings of pension funds in Slovakia by using PROMETHEE 

method with the rankings obtained through applications of modern portfolio theory. 

They found that in spite of the different approaches, the results are rather similar. 

As for Croatian capital market, Marasović (2009) highlighted the problem of 

comparability of stocks from different sectors according to particular criteria. 

Therefore, Marasović and Babić (2011) presented a two-step multi-criteria model 

which considers specific features of industries and the market’s different perceptions 

of prospects for different industries in the optimal portfolio selection using the data 

from Zagreb Stock Exchange. Poklepović and Babić (2014) obtained the rankings of 

19 stocks by nine criteria on the Zagreb Stock Exchange in the period from March 

2012 to March 2014. They used hybrid ranking with and without taking the industry 

into consideration, and concluded that the worst stocks to invest in are the same in 

both scenarios, while the best stocks to invest are slightly different between the two 

scenarios. 

As it can be seen, most of the research in the field of finance and stock selection 

by MCDM methods, used one or a few MCDM methods. However, those research 

often lack the comparison of more methods to test if they perform similarly. This 

research relies mostly on Poklepović and Babić (2014), using a hybrid MCDM 

approach, to examine whether these developed MCDM methods give similar 

rankings of stocks from Zagreb Stock Exchange. Later on, the work was extended 

with the comparison with the first and the simplest model of portfolio optimization, i.e. 
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the Markowitz model, in order to check for potential differences in the rankings 

obtained by the traditional method and more encompassing methods. 

 

Research Methodology 
Data 
The analysed sample includes the daily data of 18 stocks, which are CROBEX 

components on the Croatian capital market, in the period from January 2017 to 

January 2019. The data, which included the information about the stock price and 

the traded volume, was obtained from Zagreb Stock Exchange database (Zagreb 

Stock Exchange, 2019), and it was used to calculate the indicators of a stock 

performance. Those indicators include the mean return, risk of a stock (measured by 

standard deviation of the mean returns) and systematic risk (beta) (Marasović, 

Babić, 2011). Average daily traded volume was calculated from the daily volumes. 

Besides those equity market indicators, the financial statements of the relevant 

companies were used to calculate some of the most important financial indicators 

from companies’ financial statements for 2018, which are relevant to investors in their 

decision making. Those indicators include (Arkan, 2016, Astuty, 2017): earnings per 

share (EPS), return on equity (ROE), price to book value ratio (P/B), price to sales ratio 

(P/S) and return on assets (ROA). 

All of these indicators were used as criteria for the decision making of the stock 

investment for 18 chosen stocks. The initial data is shown in Table 1. The 18 stocks 

represent the alternatives (A1 to A18) and the indicators represent the criteria (C1 to 

C9) for MCDM process. However, since some of the criteria have negative values, 

they were translated for the purpose of calculation. Specifically, for each criteria 

with negative values in Table 1, minimum was calculated, which was then 

subtracted from each value in a particular column. For the criteria with all positive 

values, nothing was changed (Poklepović, Babić, 2014). 

 

Table 1 Initial data 

  

Stock 

Mean 

(%) 

Std. dev. 

(%) 
Volume Beta EPS 

ROE 

(%) 
P/B P/S 

ROA 

(%) 

C1 C2 C3 C4 C5 C6 C7 C8 C9 

A1 ADPL 0.2137 2.19 1382.93 0.51 16.72 9.36 0.95 0.66 5.20 

A2 ADRS2 -0.1037 1.94 2302.18 0.68 55.08 3.63 0.28 0.67 1.90 

A3 ARNT -0.3592 2.67 864.13 0.37 17.17 5.63 1.47 3.24 3.29 

A4 ATGR 0.2753 3.06 420.82 1.12 82.84 12.28 1.28 0.54 5.39 

A5 ATPL 0.1222 5.90 762.22 0.06 58.38 14.42 1.58 2.44 5.70 

A6 DDJH -1.2446 7.06 4504.48 0.68 -3.29 -38.62 2.29 0.38 -5.35 

A7 DLKV -0.5443 5.65 10656.87 1.42 0.50 5.23 1.98 0.32 0.94 

A8 ERNT -0.1648 2.69 162.01 0.70 50.98 28.82 6.81 1.08 8.26 

A9 HT -0.1194 1.60 7220.56 0.46 9.85 6.40 1.07 1.74 5.11 

A10 INGR 0.1794 5.22 13159.67 1.77 0.95 12.02 0.46 0.72 1.50 

A11 KOEI -0.2807 2.34 374.91 0.81 42.03 4.35 0.74 0.65 2.91 

A12 KRAS -0.3532 2.44 194.47 0.79 22.17 4.57 0.95 0.62 2.51 

A13 MAIS 0.1381 2.79 311.65 1.33 14.82 10.33 1.95 2.78 5.50 

A14 OPTE -0.4341 5.26 28452.85 1.18 -0.85 -303.61 9.70 0.38 -8.96 

A15 PODR -0.0184 2.54 1419.53 1.03 3.35 0.82 0.66 0.47 0.47 

A16 RIVP -0.0424 2.66 31328.13 0.70 1.94 9.74 2.19 3.14 4.91 

A17 VLEN -0.4791 8.55 25731.26 1.87 2.18 14.86 0.94 0.48 9.08 

A18 ZABA -0.0144 3.73 6927.05 1.47 3.26 5.76 0.93 3.11 0.82 

Criteria type max min max min max max min min max 

Source: Authors’ calculation according to the data from Zagreb Stock Exchange. 
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Methods 
This paper uses MPT and MCDM approach in stock selection in order to compare the 

obtained rankings. As mentioned, MPT uses only the return and risk of a stock as 

criteria for decision making in portfolio selection, and it does not allow for additional 

criteria, which is the main reason why it has endured many criticisms (Markowitz, 

1959, Xidonas, Mavrotas, Psarras, 2009, Marasović, Babić, 2011, Aouni et al., 2018). 

On the other hand, MCDM refers to making decisions according to multiple, usually 

conflicting, criteria. Since investment decision making constantly becomes more 

complex, this is a real problem, because many additional criteria exist and are 

increasing in number and importance (Poklepović, Babić, 2014, Aouni et al., 2018). 

Many MCDM methods have been developed, but all of them share the 

characteristics of dealing with multiple attributes, conflicting criteria and 

incompatible units (Poklepović, Babić, 2014). The main role in MCDM belongs to the 

decision maker, who cannot be replaced by any method. Those methods can be 

used as a guideline for potential improvement of the decisions which are made, but 

they cannot determine the best solution by themselves (Poklepović, Babić, 2014). 

Since MCDM methods can produce different rankings of alternatives, a hybrid 

approach, based on Spearman’s rank correlation coefficient, is proposed, since it 

combines all of the MCDM methods. That way the optimal solution can be reached 

(Kou et al., 2012). 

The weights for each criterion used in MCDM approach were obtained by the 

Analytic Hierarchy Process (AHP) method. According to previously research, 

additionally in January 2019, 15 academics from the field of finance, from University 

of Split, Faculty of Economics, Business and Tourism and 15 experts employed directly 

in investment companies and credit institutions engaged in investment consulting in 

Croatia were consulted. Their assessments were rather uniform with minimum 

variance and representative mean values are taken. AHP is a multicriteria decision 

making approach, based on pairwise comparisons, which relies on the judgements 

of experts to obtain priority scales. Weight coefficients for each element are 

determined through mutual comparisons and their sum is equal to one, which allows 

the decision maker to arrange the elements in a hierarchic structure in terms of 

importance (Saaty, 2008). 

Criteria weights can be seen in Table 2. They were used for calculation of the 

stock rankings for each of the five selected MCDM methods.  

 

Table 2 Weights for each criterion obtained by the AHP method 

 C1 C2 C3 C4 C5 C6 C7 C8 C9 

wj 0.0370 0.0189 0.0533 0.0259 0.2182 0.3070 0.0764 0.1543 0.1089 

Source: Authors’ calculation. 

 

MCDM methods used in this research were: Simple Additive Weighting (SAW), 

Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), Linear 

assignment method, Preference Ranking Organization Method for Enrichment 

Evaluation (PROMETHEE) and Complex proportional assessment method (COPRAS). 

Simple Additive Weighting (SAW) method is one of the most frequently used 

MCDM methods. Firstly, each criterion (attribute) in this method is assigned an 

importance weight. Afterwards, the weights of each criterion become the 

coefficients of the variables in the decision matrix, so the total score for each 

alternative is obtained by multiplying the data from the decision matrix for each 

attribute by the weight of that attribute. Summing the products across all attributes 
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gives a final rating of each alternative, where the highest-scoring alternative is the 

one proposed to the decision maker (Poklepović, Babić, 2014). 

Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) method is 

based on identifying an alternative which is closest to the ideal solution and furthest 

to the negative ideal solution in a multi-dimensional computing space. Therefore, the 

best-chosen alternative not only has the shortest distance from the ideal positive 

solution, but also has the longest distance from the negative ideal solution. It 

considers the distances to both solutions simultaneously by taking relative closeness 

to the ideal solution (Velasquez, Hester, 2013, Poklepović, Babić, 2014, Ginting et al., 

2017). 

The linear assignment method is based on a set of rank alternatives by attribute 

with a given set of criteria weights. Only the comparisons among the elements of the 

decision matrix are used as input to the process itself, rather than the actual data. 

Alternatives are then ranked from best to worst by each criterion, and then the 

rankings for each alternative are summed up to get the final ranking (Bernardo, Blin, 

1977). 

The Preference Ranking Organization Method for Enrichment Evaluation 

(PROMETHEE) choose the best alternatives by using pairwise comparisons and 

outranking relationships. The final selection is based on the positive and negative 

preference flows of each alternative. The positive preference flow indicates how an 

alternative is outranking all the other alternatives and the negative preference flow 

indicates how an alternative is outranked by all the other alternatives (Kou et al., 

2012). 

Complex proportional assessment method (COPRAS) assumes direct and 

proportional dependences of the priority and utility degree of the alternatives under 

the presence of conflicting criteria. It determines a solution with the ratio to the ideal 

solution and the ratio to the anti-ideal solution. The degree of utility is determined by 

comparing the analysed alternatives with the best one (Poklepović, Babić, 2014). 

Finally, Spearman's rank correlation coefficients between five different methods 

were calculated and used as the starting point for the calculation of the weights 

and normalized weights of each individual MCDM method, which were then used to 

obtain the final hybrid stock ranking. 

Stocks were also ranked by MPT. Firstly, the task was to find what percent of each 

individual stock should be in a portfolio in order to get the highest expected return 

for a given level of risk, and nine portfolios were obtained. After the analysis 

according to MPT, the stocks were ranked depending on how many portfolios they 

have entered. Since some of the stocks have entered the same number of portfolios, 

and some of them have entered none of the portfolios, mean ranks were used for 

those stocks. 

 

Results and Discussion 
As it can be seen from Table 3, most of the stock rankings are similar, no matter 

which MCDM method was used. However, some differences can be seen in the 

rankings obtained by the Linear assignment method. 

In order to check the correlation between the 18 chosen stocks (alternatives), 

Spearman's rank correlation coefficients between all selected MCDM methods were 

calculated and they are shown in Table 4. The weights and normalized weights of all 

methods are shown in Table 5. They are all very similar, except for the linear 

assignment method, which has a significantly lower weight than the other methods. 

This confirms the significant differences between the linear assignment method 
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rankings and other four MCDM methods, which is also visible through Spearman's 

rank correlation coefficients. 

 

Table 3 Results of the rankings using five selected MCDM methods 
 

Stock 

SAW TOPSIS Linear Assignment PROMETHEE COPRAS 

Score Rank RCi* Rank Rank * Rank Ui* Rank 

A1 ADPL 0.58 7 0.53 7 8 0.22 5 67.18 6 

A2 ADRS2 0.70 2 0.72 2 15 0.23 4 90.08 2 

A3 ARNT 0.48 15 0.45 14 11 -0.13 13 47.25 15 

A4 ATGR 0.75 1 0.84 1 4 0.42 1 100.00 1 

A5 ATPL 0.64 3 0.67 3 3 0.27 3 74.09 4 

A6 DDJH 0.42 17 0.42 15 17 -0.58 17 39.50 17 

A7 DLKV 0.56 8 0.47 12 12 -0.20 16 52.55 13 

A8 ERNT 0.64 4 0.65 5 1 0.35 2 70.72 5 

A9 HT 0.51 12 0.47 11 9 -0.01 10 53.06 12 

A10 INGR 0.54 10 0.47 10 5 0.10 8 56.30 10 

A11 KOEI 0.61 5 0.65 4 14 0.12 7 77.92 3 

A12 KRAS 0.56 9 0.55 6 13 0.07 9 66.04 7 

A13 MAIS 0.50 14 0.45 13 6 -0.07 12 48.47 14 

A14 OPTE 0.21 18 0.30 18 18 -0.59 18 22.50 18 

A15 PODR 0.54 11 0.47 9 16 -0.05 11 59.97 9 

A16 RIVP 0.51 13 0.42 16 7 -0.15 14 53.40 11 

A17 VLEN 0.61 6 0.50 8 2 0.20 6 64.44 8 

A18 ZABA 0.45 16 0.41 17 10 -0.19 15 41.64 16 

*Note: RCi – Relative closeness;     – Net flow; Ui – Quantitative utility 

Source: Authors’ calculation. 

 

Table 4 Spearman's rank correlation coefficients between selected MCDM methods 
  SAW TOPSIS Linear Assignment PROMETHEE COPRAS 

SAW 1     

TOPSIS 0.9463** 1    

Linear Assignment 0.4551 0.3292 1   

PROMETHEE 0.8989** 0.9195** 0.6017** 1 
 

COPRAS 0.9505** 0.9608** 0.3725** 0.9195** 1 

**significant at 0.01 level 

Source: Authors’ calculation. 

 

Table 5 Weights and normalized weights 
  SAW TOPSIS Linear Assignment PROMETHEE COPRAS 

Weights 0.8127 0.7890 0.4396 0.8349 0.8008 

Normalized weights 0.2210 0.2146 0.1196 0.2271 0.2178 

Source: Authors’ calculation. 

 

Based on the rankings of the alternatives (stocks), according to all five selected 

MCDM methods and their normalized weights, a hybrid final ranking of the 

alternatives was calculated (Table 6). A4 (ATGR) proved to be the best stock, as 

expected, since four out of five methods ranked it at the first place. The following 

best stocks are stocks A5 (ATPL), A8 (ERNT) and A2 (ADRS2), which were also highly 

ranked by all methods. The worst stock to invest in is A14 (OPTE), which was 

expected, considering it was ranked as the worst by all of the MCDM methods, and 

A6 (DDJH) was second last by all methods, as well as by hybrid ranking. 

Comparing these rankings with the initial data and the criteria weights by 

relevance for shareholders, the stock ranking is completely logical. Specifically, A14 

and A6 stocks have some negative indicators, primarily ROE and EPS, which 
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represent the criteria with the highest weights. On the other hand, A4 and A5 have 

very high ROE and EPS, and none of their indicators (criteria) have negative values, 

while A8 and A2 also have very high relevant indicators, but they have negative 

average returns, which ranked them somewhat lower than the previous two stocks. 

Table 6 also shows the stock rankings by MPT. It can be seen that ATGR has 

entered nine portfolios, followed by ADPL with eight. Therefore, those stocks are the 

highest ranked according to MPT. On the other hand, seven stocks share the lowest 

rank, because they have not entered any portfolio. Comparing the rankings, it can 

be seen that, despite some differences, the highest and the lowest ranked stocks are 

the same, regardless of the ranking method. 

 

Table 6 Comparison of the final hybrid ranking and MPT ranking of the stocks 

Stock 
Final hybrid ranking MPT ranking 

Score Rank Number of portfolios Rank* 

A1 ADPL 6.4477 7 8 2 

A2 ADRS2 4.0084 4 0 15 

A3 ARNT 13.8531 15 2 8 

A4 ATGR 1.3587 1 9 1 

A5 ATPL 3.2178 2 4 4 

A6 DDJH 16.5709 17 0 15 

A7 DLKV 12.2419 12 0 15 

A8 ERNT 3.6196 3 0 15 

A9 HT 10.9726 11 3 6 

A10 INGR 8.9481 9 4 4 

A11 KOEI 5.8800 6 1 10.5 

A12 KRAS 8.3990 8 1 10.5 

A13 MAIS 12.3748 13 4 4 

A14 OPTE 18.0000 18 0 15 

A15 PODR 10.7331 10 2 8 

A16 RIVP 12.7178 14 2 8 

A17 VLEN 6.3865 5 0 15 

A18 ZABA 15.2701 16 0 15 

*Note: For the stocks with the same number of portfolios, mean ranks were calculated. 

Source: Authors’ calculation. 

 

In order to explore whether these rankings obtained by MPT are MCDM methods 

are correlated, Spearman’s rank correlation coefficient was calculated between the 

rankings of MPT and the hybrid MCDM rankings. 

 

Table 7 Spearman's rank correlation coefficients between hybrid ranking and 

modern portfolio theory ranking 
  Hybrid rank Modern portfolio theory rank 

Hybrid rank 1 
 

Modern portfolio theory rank 0.292 1 

Source: Authors’ calculation. 

 

The results can be seen in Table 7. The correlation is not statistically significant. 

Therefore, it can be concluded that there are significant differences in the stock 

rankings obtained by different methods. 

 

Conclusion 
The problem of finding the optimal portfolio has existed since the existence of the 

market, and the biggest challenge is the fact that the market is not static and 
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something that is valid today does not have to, and most likely will not be valid 

tomorrow. Successful investors know that there is no perfect portfolio. However, it is 

important to have various models available, by which investors can form a portfolio 

that will satisfy their willingness to achieve a certain satisfactory return with a certain 

level of risk. 

In this paper, by comparing two models, the older one with risk and return as 

variables included in the model (MPT) and the newer hybrid MCDM model with more 

variables. The results of previous research (Mitkova, Mlynarovič, 2007, Fazli, Jafari, 

2012, Vetschera, Almeida, 2012, Hsu, 2014, Hatami-Marbini, Kangi, 2017) have often 

used portfolio selection by using only one chosen method, while the research that 

used the comparison of several methods and financial indicators have shown similar 

results. However, this research has shown that the similar results of stock rankings refer 

only to the highest and the lowest ranked stocks. Differences exist in the MPT 

approach and the approach which uses a larger number of relevant financial 

indicators for a broad spectrum of the middle ranked stocks. Since investors are not 

a priori able to know if their decision is optimal, a post-hoc analysis can be 

conducted in order to analyse the return of investment for each stock after the 

period of investment. Since investors have to rebalance their portfolios sometimes to 

a weekly or daily basis, and since they might have preference for investing not only 

in the highest ranked stock, but also in some of the middle ranked stocks, this 

research can encourage them to use all available information. 

It is important to emphasize that for investors, all investment information and the 

mathematical model, whichever they choose in their portfolio selection, will serve as 

an auxiliary tool in decision making, assuming that the investor is a real investor in the 

sense defined by Graham (Graham, Zweig and Buffet, 2003). The real investor is the 

one who will use careful analysis to invest his funds in a capital market driven by 

investment rather than speculative motives. 

In addition, recent research show that the investment decision is not influenced 

only by the financial and market indicators, but by numerous behavioural factors 

(Statman, 2014). Therefore, further research should also take these factors into 

consideration in the investment decision making. Namely, certain anomalies appear 

on the market that refute the theory of the efficient market and rational investor, 

which is enough to set a mathematical model, but investors' decisions are influenced 

by certain psychological elements, as well as emotions and personality traits 

(Statman, 2014). Therefore, it is necessary to include behavioural factors, which 

influence investor decisions, as well as the movements in the capital market. As for 

mathematical models, further research in this area can include the comparison of 

stock rankings in different economic situations, as well the comparison of hybrid 

MCDM and MPT stock rankings with taking the industry of the particular stock into 

consideration. 
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Abstract 
National statistical authorities are under pressure to provide reliable and readily 

accessible data with minimum costs and respondent burden. To this end, a use of 

administrative data, defined as those not primarily collected for statistical purposes, 

is increasingly encouraged to supplement sample and census surveys. In this paper, 

a possibility to produce new statistics by combining several sources where at least 

one is the administrative data is tested. This exercise was applied to measure a 

volume of tourists (residents and non-residents) staying in non-commercial 

accommodation facilities in Croatia. Four data sources were analysed: (i) 

administrative data from eVisitor system, a unique online central information system 

for tourists registration in Croatia that provides insights into tourist traffic and 

accommodation capacities (commercial and non-commercial), (ii) Croatian 

Bureau of Statistics Survey on Tourist Activity of the Croatian population, that 

provides information on number of domestic trips and nights in commercial and non-

commercial accommodation establishments, (iii) Croatian National Bank Survey on 

foreign visitors in Croatia, that estimates number of foreign tourist nights in Croatia in, 

both, commercial and non-commercial type of accommodation, and (iv) 

administrative data from Tax Register on paid taxes on second homes – holiday 

houses and apartments. The results clearly demonstrated that two survey-based 

data sources and the administrative one regarding the second homes taxes had not 

provided a quality foundation to improve the current estimations of tourist traffic in 

non-commercial accommodation provided by the eVisitor system. 
 

Keywords: administrative data sources, non-commercial accommodation, tourism 

statistics, tourists’ overnights. 
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Introduction 
During the last decades national statistical authorities are coming under increasing 

pressure to provide high quality statistics that accurately and reliably portray reality, 

that are comparable across regions and countries, and that are readily accessible 

by a large number of users. Additionally, statistical authorities are asked to focus to 

increasing effectiveness and efficiency of their recourses. At the same time, the 

burden on respondents to statistical surveys should be decreased and limited to 

what is necessary. Given these, somewhat contradictory requirements, statisticians 

are increasingly being forced to replace direct statistical data collection with new 

approaches. Supported by the United Nations Economic Commission for Europe 

(UNECE), the administrative sources have become the valuable alternative to the 

traditional survey approach in data collection (UNECE, 2011). In the last years, 

proactive efforts are made to use administrative data sources as an additional 

source to data collected from samples and census surveys (Cerroni, Di Bella, Galiè, 

2014). The application of administrative sources has partly been encouraged and 

supported by technological advances during the last decades as well (Nordbotten, 

2010). 

The definition of administrative sources/data has also been evolved from that 

used by Brackstone (1988) to the one proposed recently by UNECE (2011) that is 

taking the terms “administrative sources” and “secondary sources” as the synonyms. 

The proposed definition is: “Administrative sources are data holdings containing 

information which is not primarily collected for statistical purposes” (UNECE, 2011). 

As the importance of tourism industry is steadily growing worldwide (World Tourism 

Organization, 2019), at least prior to the COVID-19 crisis, there is also a growing need 

for data describing tourist activity. It is therefore not surprising that the use of 

administrative sources in tourism statistics today occupies the interest of many 

scholars. Some authors (Delaney, MacFeely, 2014) used administrative registers and 

business statistics in order to define a new set of tourism supply-side indicators at both 

national and sub-national level, such as a monthly tourism production index. The 

others, such as Demunter (2017) and Volo (2018) go a step further and introduce big 

data into tourism statistics, while Pan and Yang (2017) have already exercised the 

use of big data for monitoring and forecasting tourist activity. Despite numerous 

applications of administrative data into the system of tourism statistics, scholars also 

emphasize the heterogeneity in data collection between countries and the need to 

harmonize the use of different data sources (Antolini, Grassini, 2020). 

The use of administrative sources in tourism statistics occupies also the interest of 

the international organizations that focus on the development of tourism statistics. 

The United Nations Statistics Division (UNSD) places great emphasis on the 

administrative data sources while supporting development of national system of 

tourism statistics worldwide (United Nations Statistics Division, 2010), while experts, 

discussing pros and cons of the administrative data are arguing that the use of such 
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data is in line with the United Nations fundamental principle of the official statistics 

(Laimer, 2010). 

Eurostat, as the statistical office of the European Union, is also highly supporting 

better use of administrative data in the production of official statistics. The latest 

support has been through the European Statistical System (ESS) Vision 2020 ADMIN 

series of projects from 2013 (Eurostat, 2020), aiming at capacity building of national 

statistics offices in administrative data. Among them, the Eurostat grant agreement 

ESS.VIP on administrative sources (ESS.VIP. BUS. ADMIN) was focused on the Activity 1 

- Tourism data with a specific objective of producing new statistics by combining 

several sources where at least one is administrative data. 

Within this Activity, this paper is presenting the results of the analysis of several 

administrative and statistical data sources suitable for the estimation of number of 

residents and non-residents staying in non-commercial, i.e. non-rented, 

accommodation facilities in order to produce statistical outputs in line with the 

Regulation (EU) No. 692/2011, Annex I, Section 4 (European Commission, 2011). New 

data sources were identified and analysed in order to improve the coverage of the 

administrative data in the segment of non-commercial accommodation, both, from 

the supply and demand side. The analysis was conducted on the case of Croatia 

where administrative data is one of the main data sources for tourism statistics since 

2016, primary for the occupancy and capacity of commercial tourist 

accommodation. The research question was therefore twofold. First, what is the 

coverage of the existing administrative data source in the segment of non-

commercial tourist accommodation? Second, to what extent do new administrative 

source(s) and the existing statistical surveys provide an opportunity to improve the 

coverage of the existing administrative source in the segment of non-commercial 

tourist accommodation? 

The second chapter of the paper is giving a brief review on the use of 

administrative data, followed by a thorough description of data sources used in this 

exercise and the methodological framework applied for measuring volume of 

residents and non-residents staying in non-commercial accommodation in Croatia. 

The fourth chapter presents the results of the analysis and illustrates similarities and 

discrepancies between the different data sources used, while the final chapter gives 

short conclusions and implications, and suggests further steps in better use of 

administrative data in tracking tourism flows in the non-commercial accommodation 

facilities. 

 

Administrative data sources 
Collection of administrative data is usually not in line with the statistical standards 

and requirements and therefore statistical pre-processing and quality evaluation are 

needed before data can be used (Cerroni, Di Bella, Galiè, 2014). Many authors and 

international statistics organizations (European Commission, 2017, Laimer, 2010, 

Perko, 2019, United Nations Statistics Division, 2010) agree that disadvantages of the 

administrative data are often due to a discrepancy between administrative and 

statistical concepts. Secondly, and related to the first, the administrative data 

owners have focus on administrative process not the statistical one, causing usually 

the mismatch between the administrative and statistical unit. Thirdly, the 

administrative data may be subject to change (e.g. effects of legislative change on 

continuity of administrative data) causing eventually an unacceptable delay in 

data collection/publication. Finally, there is often a lack of documentation on 

processing and quality of administrative data. 
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Despite the listed issues that are evaluated as solvable, there are a numerous 

advantage of using administrative data that should be noted, as stated by majority 

of authors in the field. The primary advantages of the administrative data are costs 

savings and lower burden on respondents. The second important advantage is that 

the administrative data is timelier and, therefore, a production of the statistics is 

quicker. Related to the reductions in cost and response burden, a further advantage 

is that statistics could be produced more frequently, with no extra burden. Other 

important advantage is better, often complete coverage of the target population 

and very low non-response rate. 

Hand (2018) gives a thorough review of statistical challenges of administrative 

and transaction data and concludes that despite many official and economic 

statistics are based on administrative data, or on a combination of administrative 

and survey data, there is still “no a substantial literature in the leading 

methodological statistical journals describing the statistical challenges and how to 

overcome them” (Hand, 2018). 

The main results of the 64 reports under the ESS Vision 2020 ADMIN grants (Eurostat, 

2020) pointed to the certain data deficiencies and data gaps of the administrative 

sources, and the need of thorough analyses of the administrative data sources and 

their mapping to statistical requirements. The key lessons learned concerning the use 

of administrative data were: (i) close and continuous collaboration with the 

administrative data owners is crucial, (ii) an inventory of administrative (or other) 

sources and the detailed assessment of the characteristics of those sources should 

be the first step, and (iii) in addition to ‘traditional’ administrative sources like 

population registers, tax and social security data, many other sources may and 

should be used for statistical purposes. 

In summary, there are still many lessons to be learned about the use of 

administrative data as a source in the production of official statistics. Measurement 

of the quality of administrative data sets is very important for statisticians and the 

most effective methods for use of administrative data are still needed. In line with 

that, and following the steps suggested in the literature, this paper is presenting 

assessment of the existing administrative data source in a production of new tourism 

statistics, i.e. data concerning non-rented accommodation in Croatia. However, it 

should be noted that, according to the European regulations (European 

Commission, 2011), these data are still collected on a voluntary basis. Furthermore, 

there is no evidence of similar attempts listed in the literature. 

 

Data and methods 
To test the use of administrative data in measuring non-commercial tourism traffic in 

Croatia, multiple data sources were assessed: two administrative data sources, and 

two survey type data sources. Written agreements with data owners were provided 

in order to access the microdata. The administrative sources cover: (i) eVisitor 

system, i.e. the central electronic system for checking in and checking out tourists in 

the Republic of Croatia, and (ii) Tax Administration (TA) data concerning the taxes 

on second homes. Survey type data sources are: (i) Croatian Bureau of Statistics 

(CBS) Survey on Tourist Activity of the Population of the Republic of Croatia, and (ii) 

Croatian National Bank (CNB) Survey on expenditures of foreign visitors in Croatia. 

The data sources are described in the following subchapters with focus on data 

concerning supply and demand side in non-commercial accommodation. 
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eVisitor system 
The eVisitor system has officially become the central electronic system for checking 

in and checking out tourists in the Republic of Croatia since 1st of January 2016. It is 

based on the legal obligation and regulations for the registration and check-out of 

guests staying within the territory of Croatia and enables the automation and control 

of the collection of overnight tourist taxes, in both, commercial and non-commercial 

accommodation facilities. The eVisitor is also a unique online information system that 

provides insight into tourist traffic (number of tourist arrivals and overnights) and 

accommodation capacities (commercial and non-commercial) in Croatia. It 

generates statistical reports and marketing indicators in real time (i.e. length of stay, 

location, gender, age, country of residence, type of facility, destination, etc.), which 

enables more efficient monitoring of tourist traffic and revenues, allowing better 

control over the collection of accommodation fees creating a synergistic effect of 

all Croatian tourism stakeholders and contributes to ensuring their competitiveness. 

Establishing and running the eVisitor system is the responsibility of the Croatian 

National Tourist Board (CNTB). It is worth mentioning that the eVisitor system was 

awarded by UNWTO as the third best innovation in the world among 128 registered 

innovations from 55 countries in 2018. 

The eVisitor system has a variety of users: more than 300 tourist offices, more than 

100,000 different accommodation providers, CNTB, Ministry of Tourism and Sports, 

Ministry of Public Administration, Ministry of Interior Affairs, Customs Administration, 

Tourism Inspection and CBS. These institutions can use data from the eVisitor system 

for realization of their legally set tasks without additional administrative requirements 

or barriers. Also, CBS has a legal framework that gives the right to access the 

administrative data needed to meet obligations under European statistical 

legislation. Furthermore, one of the main activities of CBS on improving statistical 

system is strengthening the role of administrative data sources for statistical purposes. 

The introduction of eVisitor system, as a central system for checking in and checking 

out tourists in Croatia, influenced the main CBS’s method of conducting the 

statistical survey on accommodation capacities and their occupancy. In 2016, CBS 

has collected data for survey on the accommodation capacities and their 

occupancy from two sources, the first being survey on tourist accommodation 

establishments and the second one being the eVisitor system. Because of all the 

benefits provided by the eVisitor, since 2017 CBS has been taking over data on 

tourist traffic (the number of tourist arrivals and nights) and accommodation 

capacities exclusively from CNTB, extracting them from the eVisitor system, and 

further processing them statistically (Croatian Bureau of Statistics, 2019). The 

accommodation statistics concerning rented accommodation (capacity and 

occupancy) in Croatia is therefore completely based on the administrative data 

source, and it is in line with the European regulations (European Commission, 2011). 

Within the eVisitor system there is also a tourist registry for the owners of summer 

houses and apartments who are obliged to register (check-in and check-out) all 

persons spending nights in such house or apartment. In addition, every citizen of a 

tourist town/municipality has an obligation to check in tourists staying in their house 

or apartment. Both, owners of a summer house/apartment and citizens are 

obligated to check-in all persons staying in their property within 24 hours of their 

arrival. 

However, it should be noted that not all overnights in non-commercial 

accommodation have to be registered in the eVisitor since not all owners of non-

commercial accommodation are obligated by legal Sojourn Tax Act to check-

in/check-out the tourists in the eVisitor system. For example, the citizens of a tourist 
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town or municipality are not obligated to check-in close family members/relatives 

when staying in the house. 

 

Tax Administration data 
Tax Administration is the administrative organization within the Ministry of Finance 

whose basic duty is to implement tax regulations and regulations concerning the 

payment of obligatory contributions. The successful introduction of TIN as unique 

identifier of each person in the Croatian legal system preconditions data exchange 

between different public authorities, including TA and other public authorities. TIN 

allowed the official records of public authorities on persons and property interrelate 

and exchange information based on established and well-defined agreements and 

protocols. 

Tax Administration has information about each person who has obligation to pay 

taxes on second homes for vacation, i.e. holiday homes. These are in fact the 

owners of non-commercial accommodation establishments. 

Technical frameworks, and secure data transmission channels were developed 

and applied between TA and CBS in order to be able to merge TA and eVisitor data. 

Tax Administration data included: name of the owner of the non-rented 

establishments, TIN, address of the establishments, and the size of the establishments. 

However, TA does not cover all territory of Croatia because the tax on second 

homes (house/apartment) used for vacation is a local tax. Each municipality can 

decide whether to have that tax, as well as who will be responsible for the tax 

collection. Tax Administration collected tax on second homes for only 37.2% of all 

municipalities in Croatia in 2018. 

 

Croatian Bureau of Statistics Survey on Tourist Activity of the 

Population of the Republic of Croatia 
The purpose of the statistical survey Tourist Activity of the Population of the Republic 

of Croatia is to gather data on national tourism, that is, the data on the number and 

characteristics of travels of the Croatian population outside their usual environment. 

The goal is to assess to what extent does the Croatian population travel, their reasons 

for going on a trip, where and when they travel, how long do the trips last and what 

the trip expenditures amount to. For the surveyed persons who did not go on a 

private trip with overnight stays, the data on the reasons for not going on a trip were 

gathered. 

The data on tourist activity of the Croatian population in 2018 were gathered 

through telephone interviews with computer support (CATI method) on a 

representative sample of a total of 22 000 Croatian citizens aged 15 and over. The 

data were gathered by carrying out four waves of CATI research. A quarter is taken 

as the reference period. 

The characteristics of trips are monitored on the level of three overnight stays and 

three same-day visits as the upper limit. The following data are gathered for each 

individual trip: type of trip (private, business/professional), the main reason for going 

on the trip, the month in which the person went on the trip, the duration of the trip 

with overnight stays (the number of nights), the destination country for trips abroad, 

the organisation of the trip (self-organised, through an agency), the main 

transportation vehicle, the type of accommodation on trips with overnight stays, the 

number of persons for which expenditures are presented, the trip expenditures, the 

structure of expenditures on trips with overnight stays. Data are also gathered on the 
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socio-demographic profile of the population (age, sex, level of education, number 

of persons in the household, status in employment, county). 

The CBS Survey collects data on number of domestic trips and nights in 

commercial and non-commercial accommodation establishments. Regarding the 

non-commercial accommodation establishment, CBS Survey distinguishes the 

following types of accommodation: (i) Own holiday home (second home), house or 

apartment, (ii) Accommodation provided free of charge by relatives or friends (VFR), 

and (iii) Other non-rented accommodation including accommodation on non-

commercial boats (personally owned or owned by friends or relatives). 

 

Croatian National Bank Survey on expenditures of foreign visitors in 

Croatia 
Croatian National Bank is one of the institutions designated as a producer of official 

statistics of the Republic of Croatia. One of the main data sources concerning the 

tourism statistics in Croatia is CNB’s survey on expenditures of foreign visitors in 

Croatia. The survey is conducted on a big sample of foreign visitors exiting Croatia 

on numerous border crossings (road and air). Data are collected from visitors by 

personal interview (CAPI). The focus of the CNB survey is to estimate total incoming 

tourist consumption in Croatia for the purpose of calculating the National Accounts 

in the segment of export of services. The survey content is therefore focused on 

tourism consumption variables and other variables necessary for describing the 

tourism demand segments (type of accommodation, length of stay, main purpose 

of the trip, travel party and country of citizenship as well as country of permanent 

stay).  

Based on the survey, CNB estimates number of foreign tourist nights in the 

Republic of Croatia according to type of accommodation, depending on whether 

a foreign tourist has paid or not for the accommodation. 

Regarding the type of non-commercial (non-paid) accommodation 

establishment, CNB Survey on expenditures of foreign visitors in Croatia distinguishes 

the following types of accommodation, in line to CBS Survey on Tourist Activity of 

Croatian residents: (i) Own holiday home (second home), house or apartment, (ii) 

Accommodation provided free of charge by relatives or friends (VFR), and (iii) Other 

non-rented accommodation including accommodation on non-commercial boats 

(personally owned or owned by friends or relatives), motor vehicle and other. 

 

Methodological framework 
The methodological framework for the analysis of administrative data and other 

secondary data sources in order to produce data on residents and non-residents 

staying in non-commercial accommodation consisted of two major steps: (i) the first 

step was focused on estimate of the eVisitor coverage of tourism demand in the 

segment of non-commercial accommodation establishments based on the use of 

two secondary survey type data sources (CBS and CNB surveys); (ii) the second step 

was focused on eVisitor coverage of tourism supply in the segment of non-

commercial accommodation establishments examining the possibilities of 

combining two administrative data sources (eVisitor and TA data on second/holiday 

home taxes).  

Regarding the eVisitor coverage of tourism demand in the segment of non-

commercial accommodation, four main variables have been analysed: (i) number 

of tourist arrivals to non-commercial accommodation, (ii) number of trips with stay at 



  

 

 

76 

Croatian Review of Economic, Business and Social Statistics (CREBSS) 

UDK: 33;519,2; DOI: 10.1515/crebss; ISSN 1849-8531 (Print); ISSN 2459-5616 (Online) 

 

 

Vol. 6, No. 2, 2020, pp. 69-81 

 

non-commercial accommodation, (iii) number of overnights in non-commercial 

accommodation, and (iv) type of non-commercial accommodation. 

Evisitor data were compared to the estimates from CBS survey (residents) and the 

estimates from CNB survey (non-residents). Due to comparison of different data 

sources, there were some methodological issues and, therefore, some necessary 

assumptions were needed in order to enable the comparison: 

• Number of arrivals of residents to accommodation establishment (eVisitor 

variable) is comparing to the number of trips within Croatia (domestic trips in 

Croatia) (CBS survey variable); 

• The eVisitor variable referring to the type of non-commercial accommodation 

‘at resident's house or apartment’ is comparing to ‘accommodation provided 

free of charge by relatives or friends’ (CBS and CNB survey variables); 

• The analysis focused on two types of non-commercial accommodation only 

since they cover most of the tourist traffic in the non-commercial 

accommodation segment (‘own holiday home/second home’ and 

‘accommodation provided free of charge by relatives or friends/VFR’); 

• The final estimates are based on the analysis of tourist (residents and non-

residents) overnights since only the annual data on tourism nights in non-

commercial accommodation should be transmitted (on optional bases) to the 

Eurostat, according to the Regulation (EU) No. 692/2011. 

In comparison of two administrative data sources with the aim to estimate eVisitor 

coverage from the supply side, certain inconsistencies were detected such as 

missing codes for city/municipality in some of the eVisitor/TA records, differences in 

codes between the eVisitor and TA records, and differences in formats of property 

address between the eVisitor and TA records. Therefore, some assumptions were 

made in order to enable further analysis and merge of the two data sources: 

• Merge of eVisitor and TA records was done based on TIN and city/municipality 

name; 

• Duplicate records (by TIN and city/municipality name) were omitted. 

 

Results 
The results on the eVisitor coverage of data on domestic (resident) arrivals and 

overnights in non-commercial accommodation (Table 1) are pointing to the 

following conclusions: (i) eVisitor is underestimating the total number of domestic 

arrivals and overnights in non-commercial accommodation since the eVisitor 

coverage is 8% of all arrivals and 52% of all overnights that are estimated by CBS 

survey; (ii) the coverage of overnights is not underestimated in the segment of own 

holiday home; on the contrary there is slightly more overnights recorded in the 

eVisitor; (iii) the coverage of overnights is highly underestimated in the segment of 

VFR (accommodation provided free of charge by relatives or friends); (iv) the 

coverage of arrivals is highly underestimated in both types of non-commercial 

accommodation facilities. 

The reason for the exact coverage/slight over coverage of eVisitor data in the 

segment of own holiday home could lie found in the following. The owners of a 

summer house or apartment and the citizens of a tourist town or municipality are 

obligated by law to check-in the following data of tourists staying in their house or 

apartment: Surname and first name; Place, country and date of birth; Citizenship; 

Type and identification document reference number; Place of residence (temporary 

residence) and address; Date and time of arrival, i.e. departure from the facility; and 

Sex. The entered data is based on the information listed in the identity card or some 

other travel identity document that provides required information on a tourist. If all 
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data are entered correctly, the eVistor system will successfully authenticate tourist’s 

data to the system. A problem could arise if Croatian citizens temporarily working 

abroad decide to register in the eVisitor system with the Croatian identity card. In 

that case place of residence and address will not be register correctly, in line with 

the EU Regulation 692/2011(i.e. they will be recorder as domestic tourists, instead as 

foreign tourists). 

 

Table 1 eVisitor coverage of domestic (resident’s) arrivals and overnights in non-

commercial accommodation establishments in Croatia in 2018 

Data source Type of non-commercial accommodation 

Number of domestic 

arrivals in non-

commercial 

accommodation 

Number of domestic 

overnights in non-

commercial 

accommodation 

CBS Survey 

Total 1,818,522 11,308,496 

Own holiday home, second home 664,354 5,670,682 

Accommodation provided free of charge 

by relatives or friends 
1,154,168 5,637,814 

eVisitor 

Total 141,531 5,921,673 

Own holiday home, second home 129,078 5,711,306 

Accommodation provided free of charge 

by relatives or friends (at resident's house 

or apartment) 

12,453 210,367 

eVisitor 

coverage 

according to 

CBS survey 

Total 7.8% 52.4% 

Own holiday home, second home 19.4% 100.7% 

Accommodation provided free of charge 

by relatives or friends (at resident's house 

or apartment) 

1.1% 3.7% 

 

The results on the eVisitor coverage of data on foreign (non-resident) overnights in 

non-commercial accommodation (Table 2) are pointing to the following 

conclusions: (i) eVisitor is underestimating the total number of non-resident overnights 

in non-commercial accommodation since the eVisitor coverage of CNB estimates of 

total overnights is 13%; (ii) the coverage of overnights is highly underestimated in 

both types of non-commercial accommodation. 

 

Table 2 eVisitor coverage of foreign (non-resident) overnights in non-commercial 

accommodation establishments in Croatia in 2018 

Data source Type of non-commercial accommodation 

Number of foreign 

overnights in non-

commercial 

accommodation 

CNB Survey 

Total 52,335,984 

Own holiday home, second home 36,312,038 

Accommodation provided free of charge by relatives or friends 16,023,946 

eVisitor 

Total 6,669,827 

Own holiday home, second home 5,146,515 

Accommodation provided free of charge by relatives or friends 

(at resident's house or apartment) 
1,523,312 

eVisitor 

coverage 

according to 

CNB survey 

Total 12.7% 

Own holiday home, second home 14.2% 

Accommodation provided free of charge by relatives or friends 

(at resident's house or apartment) 
9.5% 
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The results on the total coverage of eVisitor data on overnights in non-commercial 

accommodation (Table 3) are pointing to the following conclusions: (i) eVisitor is 

underestimating the total number of overnights in non-commercial accommodation 

since the eVisitor coverage of CBS and CNB surveys’ estimates on total overnights is 

20%, and (ii) the coverage of overnights is highly underestimated in both types of 

non-commercial accommodation, although the level of underestimation is even 

higher in the segment of VFR, as expected. 

 

Table 3 eVisitor coverage of all (resident and non-resident) overnights in non-

commercial accommodation establishments in Croatia in 2018 

Data source Type of non-commercial accommodation 

Number of overnights in 

non-commercial 

accommodation 

CBS Survey + CNB 

Survey 

Total 63,644,480 

Own holiday home, second home 41,982,720 

Accommodation provided free of charge by relatives 

or friends 
21,661,760 

eVisitor 

Total 12,591,500 

Own holiday home, second home 10,857,821 

Accommodation provided free of charge by relatives 

or friends (at resident's house or apartment) 
1,733,679 

eVisitor coverage 

according to CBS 

and CNB surveys 

Total 19.8% 

Own holiday home, second home 25.9% 

Accommodation provided free of charge by relatives 

or friends (at resident's house or apartment) 
8.0% 

 

The underestimation of the eVisitor data on, both, resident and non-resident 

overnights in the segment of non-commercial accommodation is, at least, the 

consequence of the following facts: 

• Not all overnights (such as overnights at close family members) in non-

commercial accommodation have been obliged by law to be recorded in 

the eVisitor; 

• Since there is a possibility for accommodation provider of non-commercial 

accommodation to pay a lump sum tax for the overnights, the provider is not 

obliged to record the exact number of overnights; 

• The quality of the eVisitor data in the segment of non-commercial 

accommodation depends mostly on the discipline of an accommodation 

provider to register persons staying at that accommodation establishments, 

and the operation of authorities supervising that process. 

Tax Administration data set on tax on second homes used for vacation recorded 

67,972 records (note that the coverage of TA data is 37% of all municipalities in 

Croatia). Among them, there were 113 completely identical records (duplicates) in 

the data base. Further, there were 1,208 persons/taxpayers owning two or more 

objects in the same municipality. Only the unique records from TA (65,409 records 

with single occurrence of TIN*municipality) were merged with eVisitor base. The 

merge resulted in total of 67,045 records. Again, there were some multiple records for 

the same person in the same county. 

There are several reasons for multiple occurrences of a person owing properties in 

the same municipalities in the eVisitor base. For example, a subject has 5 entries for 3 

different addresses. Obviously, the same object appears twice, once as a 

commercial accommodation and once as a non-commercial accommodation. It 
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was not possible to connect object from the TA database with the object in the 

eVisitor. In addition, in the eVisitor base the same object has two different versions of 

the same address. The same holds for most of multiple entries in the eVisitor data 

base. Again, only single records (by TIN and municipality) were used in the further 

analysis (a total of 63,850 records). 

Merging the eVisitor data (supply side) of non-commercial accommodation with 

TA data (for those municipalities for which TA provides data) resulted in the following: 

• Only 3% of all accommodation units registered in TA are registered in the eVisitor 

data base as commercial accommodation; 

• 16% of all accommodation units registered in TA are registered in the eVisitor data 

base as non-commercial accommodation; 

• 81% of all accommodation units in TA are not registered in the eVisitor (98% of units 

in the Continental Croatia and 67% of units in the Adriatic Croatia). 

 

Conclusions and implications 
This paper presents, to the best of the authors’ knowledge, a pioneering effort in 

estimating the volume of non-rented accommodation within the system of tourism 

statistics. The results of the conducted analysis pointed out that the eVisitor data 

underestimate the total number of overnights realized at non-commercial 

accommodation, mostly for the non-resident tourism demand, and the VFR 

segment. However, prior to deriving new variables on the number of overnights in 

non-commercial accommodation based solely on the two surveys, a more thorough 

analysis of the survey data regarding, both, spatial and temporal distribution of data 

is required, taking into account the precision of the surveys’ estimates. 

Further, the merge of the two administrative sources (eVisitor and TA data) in 

order to increase the coverage of non-commercial accommodation capacity of 

the eVisitor pointed to the major shortcomings that arise from different method and 

different purpose of data collection. For example, while the main scope of tourism 

accommodation statistics, for both, commercial and non-commercial 

accommodation, should be an accommodation establishment providing short stay 

accommodation, the main scope of TA record is a taxpayer, while the main scope 

of the eVisitor data is an accommodation provider. Furthermore, when second 

home has been identified, there are difficulties to distinguish a clear line between a 

vacation home and home owned for other purposes, such as for work (e.g. so called 

‘agriculture house’). For the illustration, TA data include second homes that are 

usually used for same day visits also, especially in the Continental Croatia, and 

therefore are not registered in the eVisitor system. 

The general conclusion of the paper is therefore that the two survey-based 

secondary data sources and the administrative data source (TA) considered in the 

analysis have not provided a base of a sufficient quality to improve the current 

estimates of tourist traffic in non-commercial accommodation provided by the 

eVisitor. 

Future steps towards more efficient use of administrative data sources in order to 

obtain more quality estimates of the non-commercial tourism demand in Croatia are 

foreseen in the following: (i) establishment of a register of dwellings, including the 

register of second homes, (ii) improvement of metadata for both, administrative and 

secondary data sources, and (iii) establishment of an agreement among 

administrative and secondary data owners regarding the use of micro-data. It is also 

of outmost importance for the national statistical office to continue to cooperate 

with different data owners/providers, to continuously check their relevant 

administrative data sources, and give an adequate feedback in order to improve 
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the quality of data they provide. Finally, ad-hoc surveys, e.g. a survey on the 

average level of use of second homes per year (occupancy), can provide valuable 

information needed for better understanding of the administrative data sources and 

their better fit in the production of official statistics. 
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