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and Marko Špiler 1

1 Faculty of Organizational Sciences, University of Belgrade, 11000 Belgrade, Serbia;
matejic.tijana@gmail.com (T.M.); bogojevic-arsic.vesna@fon.bg.ac.rs (V.B.A.);
tijana.obradovic@fon.bg.ac.rs (T.O.); d.simonovic@yahoo.com (D.S.); mspiler@gmail.com (M.Š.)

2 Audit, Accounting, Financial and Consulting Services Company “Moodys Standards” Ltd.,
11000 Belgrade, Serbia; aviation.adviser@gmail.com

3 Pharmacy Institution “Zdravlje Lek”, 11000 Belgrade, Serbia; zdravljelek@gmail.com
4 Faculty of Hotel Management and Tourism in Vrnjačka Banja, University of Kragujevac,
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Abstract: In this paper, we assess the impact of the COVID-19 crisis on the bankruptcy risk of
a sample of 100 hotel companies and, consequently, on the hotel industry in the Republic of Serbia.
The assessment applies to the period, 2019–2026, with the use of the data on the financial indicators
for 2015–2020. Five novel structural time-series models, which have the indicators derived from
Altman’s EM Z”-score model as predictors, were used, and a new conceptual framework for assessing
bankruptcy risk is provided. The framework expands the applicability of credit-risk-scoring models
to multiyear predictions, and it takes into account the dynamism of the transitions of the firms among
Altman’s risk zones. The predictions that were obtained when the Springate and Zmijewski scores
were applied along with the Altman Z”-scores demonstrate the fair applicability of the scores for
the models that are introduced here. The results of the models were confirmed by 270 artificial
neural networks and they were compared to the results of the classical time-series models. The
crisis started to have a negative effect on bankruptcy risk in 2020, and this effect is expected to rise
until 2023; currently, in 2022, the highest number of hotel companies may be headed for bankruptcy.
Amelioration in the position of the companies cannot be expected before 2024; however, even in
2026, the risk of bankruptcy will remain high when compared to the pre-COVID-19 period and,
thus, the surviving companies will become more fragile to any further exogenous changes. These
results provide a basis for the adaption of state-supported measures and business policies in order to
withstand the crisis and to ensure sustainability.

Keywords: COVID-19; tourism crisis; hotel industry; bankruptcy risk; Altman’s Z-score models;
financial sustainability

1. Introduction

“Financial sustainability” refers to liquidity, the long-term returns, the growth poten-
tial, and the ability to withstand financial distress [1]. Business crises, in most cases, are not
natural phenomena but are the result of a number of internal and external factors, which
can be proactively identified and for which it is possible to assess the potential destructive
future impacts and circumvent them. The company’s failure process, in most cases, relates
to a misalignment between the resources of the company, their deployment, and the en-
vironment [2] (i.e., an inadequate balance between business goals and resources [3]) and
some form of managerial incompetence [4].
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Bankruptcy, as a final manifestation of financial problems, starts with insolvency,
where the company becomes unable to realize its current liabilities on the basis of its
current assets, which is followed by a scenario in which the total liabilities exceed the fair
value of the firm’s assets, so that the company becomes unable to pay its debts. Bankruptcy
is a disruptive, costly, and enormously impactful phenomenon for both entrepreneurs
and stakeholders [5] in the tourism and travel (hereafter, T&T) sector, such as tourists,
employees, shareholders, travel agencies, restaurants, food suppliers, and local communi-
ties, as well as for users of financial statements, such as banks, investors, rating agencies,
auditors, insurance companies, and legislators [6,7]. Bankruptcies in the T&T sector dis-
rupt the overall business sustainability in terms of economic growth, social inclusion, and
environmental protection [8,9]. Although they are an inseparable part of natural selection
in the market, they can have destructive repercussions on economic growth, which are
occasionally of significant magnitude, in terms of job losses and the destruction of assets
and the productive base [10]. Unemployment typically increases three times more if a fall
in the GDP is accompanied by a similar-sized increase in bankruptcies [11]. Furthermore,
they incur enormous expenses for the company itself, for related companies, for society,
and for the economy of the entire country [12], and they constrain the social inclusion that
is achieved through population movements and the exchange of experiences.

Bankruptcies in the T&T sector can have a negative impact on the environment, given
that companies that are subject to bankruptcy are often taking excessive environmental
and public health risks [13] and, in many countries, accident liabilities and regulatory
judgments can be discharged in such situations. The economic factors of a business are
largely responsible for the degree of interest of the hospitality companies in dealing with
environmental issues [14]; this link is bilateral, given that environmental responsibility
has a positive impact on the financial performance of tourism companies, including hotels
that apply environmental procedures because of reduced operating costs and an improved
hotel image [15].

Bankruptcies can be avoided through “mindfulness in business”, which “facilitates
the construction, discovery, and correction of unexpected events capable of escalation” [16],
or through reorganization, which is an alternative solution for resolving insolvency.

The COVID-19 health crisis has caused major changes in social and economic activities,
such as problems in global trade, the reduction in the global GDP, border closures, as well
as a sharp decline in tourism activities and, thus, the industry’s revenues [17], which are
changing the paradigm of world tourism. The share of tourism in the global GDP averaged
10.3% in the period, 2016–2019, while, in 2020, it was 5.5%. International tourist arrivals
declined by 74% in 2020 from the previous year because of the COVID-19 crisis [18]. The
changes began with governments around the world imposing measures by travel bans,
lockdowns, and shutdowns. Such changes were accompanied by changes in the tourism
demand, which mainly affected the supply, in order to adjust to the new needs of tourists,
and they were accompanied by problems in liquidity. Following Abraham et al. [19], the
COVID-19 disease has taken a peculiar toll on the T&T sector; the system of valorization of
tourist destinations has been changed.

On the other hand, massive governmental, fiscal, monetary, and supportive mea-
sures, such as loan guarantees, the temporary suspension of requirements, and direct
equity injections, as well as temporary bridging measures implemented by firms, have
delayed the impact of the crisis on the risk of bankruptcy in local economies. Despite a
number of negative factors in the realization of business in 2020, the number of bankrupt-
cies worldwide decreased for the period, 2019/2020, by 12.4%, on average, according
to the Global Bankruptcy Report, as bankruptcies are a lagging economic indicator [20].
Gourinchas et al. [21] predict that, in the absence of government support, the COVID-19
shock would have increased the yearly SME failure rate from 9 to 18% in the European
Union. Thus, although it is unequivocally clear that periods of crisis in the economy in-
evitably increase the number of companies under reorganization and bankruptcy processes,
such effects of the COVID-19 crisis, on a global scale, are yet to have fully materialized.
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The T&T sector plays a significant role in the Serbian economy, which is measured by
its contribution to the GDP and employment. According to the data of the World Travel and
Tourism Council [22] for 2019, the contribution of the travel and tourism industry to the
Serbian GDP grew from 6.4 to 6.9% in the period, 2015–2018. According to the OECD [23],
the Serbian tourism industry operated in a positive zone and recorded noticeable growth
in the period from 2015 to 2019 in various aspects, which included: overnight visitors
(domestic and foreign), total international receipts, the number of persons employed,
and the share of tourism in the gross income. The tourism industry directly generated
32,000 jobs in the Republic of Serbia in 2017, which represented 1.8% of the country’s total
employment. The industry attracted a capital investment of RSD 33.8 billion, which was
4.1% of the total national investment. Previously, it was expected to rise by 2% over the
next ten years, to RSD 43.5 billion by 2028. The total number of tourist arrivals in 2018 was
3.4 million, which marks an increase of 11.2% from 2017.

The increase in the significance of the sector is also noticeable in terms of the number
of firms in the sector (with growth of 27% for the period, 2015–2019), even in 2020, when
the number of entities accounted for 4185, and growth of 2.6% was achieved, compared to
2019 [24,25]. According to the World Economic Forum [26], the Serbian tourism and travel
competitiveness index has improved; in 2019, Serbia held 83rd place (with an index value
of 3.6), and it experienced the largest score improvement in Europe, moving up 12 places.
Serious improvements have been made in the business environment (from 112th place
to 74th place), in human resource and labor markets (from 82nd to 58th place), in visa
requirements (from 69th to 18th place), and in the increased overall T&T prioritization
(from 116th to 109th place).

Therefore, Serbian tourism developed upwards until the COVID-19 crisis, and it is
a promising factor in the future growth of the economy, with a growing and still insufficient
share in the GDP of the country compared to the average share of world tourism. According
to the data of the Statistical Office of the Republic of Serbia [27], even in 2019, there was
an increase of 9.6% in the nights spent by foreign tourists, and the number of nights spent
by domestic tourists was 6.8% higher than in 2018. In 2020, however, the T&T sector
in Serbia experienced dramatic changes, both in terms of the volume and in terms of
the structure of the demand. In the second quarter of 2020, the number of overnight
stays of foreign tourists, compared to the same period in 2019, fell by 91.1%, while, in
the third quarter, this indicator was slightly higher, but still modest, when compared to
the same period in 2019 (82.1%). The government’s economic support with regard to the
mitigation of the economic consequences of COVID-19 was offered to hotel companies
in the Republic of Serbia, and it included the postponed payment of payroll taxes and
contributions free of interest; the repayment of incurred liabilities in instalments beginning,
at the earliest, from 2021 [28]; the postponement of the advance payment of taxes on
profit in the second quarter of 2020; the release of donation givers from the obligation
of VAT payments; the incitement of commercial bank loans for maintaining liquidity;
and subventions for hospitality and tourism companies. The Ministry of Trade, Tourism
and Telecommunications of the Republic of Serbia announced a public call for subsidies
(EUR 350 per bed and EUR 150 per accommodation unit), and 312 hotels received the
subsidies [29]. Furthermore, there was no long-lasting mandatory closure of the hospitality
companies, so that they could continue operating while implementing safety measures.

Reorganizations for the Republic of Serbia are hardly feasible; only one out of ten
debtors actually pursue reorganization [30]. They are extremely expensive, and they ac-
counted for 20% of the value of the estates of a company in 2020, compared with the average
of 13.3% for Europe and Central Asia [31]. Reorganizations are particularly elusive for
hotel companies, which have high fixed assets-to-current assets ratios, limited sales power
over estates, and they are usually highly leveraged. According to Mizdraković et al. [30],
the assets of hotel companies are sold at a very low value (usually 10–30% of the market
value), so that the collected money is not enough to cover the debts, and the creditors suffer
along with the hotel companies.
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At the same time, according to the data of the Business Registers Agency for the
period, March–April 2019/2020, the number of closed companies in the Republic of Serbia
decreased by 58%, while the number of newly established companies increased by 34%. In
the authors’ opinion, the discerned lag in factual bankruptcies can be interpreted by the
use of government measures to help the private sector, which uses the bank liquidity loans
that are given to small and medium enterprises, opening “reserve companies”, feeding
“zombie companies” [32], and avoiding the liquidation procedures due to additional costs.
It can be expected that the increase in the indebtedness of companies in Serbia as a result of
delaying the consequences of the COVID-19 crisis will have delayed consequences in the
forthcoming years.

Although Serbian tourism started to regenerate in 2021, in terms of the number of
arrivals and overnight stays of foreign and domestic tourists, the question is whether the
current level of recovery is sufficient to prevent the negative financial effects of the past and
the current degradation brought about by the COVID-19 crisis. Under these conditions, the
ability to predict bankruptcy is especially amplified for the hotel industry in the Republic
of Serbia, and, if bankruptcy can be timely and accurately predicted, measures can be taken
to reduce risk and job losses and, ultimately, to avoid bankruptcy itself [33]. The financial
strength will be crucial for the survival of hotel companies amid the COVID-19 crisis [34].

The subject of this paper is the exposure of hotel companies in the Republic of Serbia
to the risk of bankruptcy. The topic is relevant as: (1) The T&T sector is an important
factor in the economic development in the Republic of Serbia; (2) For the hotel industry,
reorganizations are hardly feasible in this country; and (3) There is a paucity of scientific
papers and no government analysis or announcements on the topic. The aim of the paper
is to assess the impact of the COVID-19 crisis on the exposure of hotel companies in the
Republic of Serbia to the risk of bankruptcy. In order to see the prospective middle-term
consequences of the crisis, the frame period of the assessment starts with the moment the
COVID-19 crisis appeared, and it ends with 2026.

The analysis and forecasting of the bankruptcy risk in new and unfavorable circum-
stances are important, bearing in mind the previous rationale, and the fact that the T&T
sector is one of the hardest hit by the COVID-19 crisis, as well as the fact that bankruptcy is
a lagging phenomenon, so that the additional leveraging and reduction in the state support
measures in the forthcoming period, when compared to the initial period of the crisis, have
yet to materialize in the form of bankruptcies in the industry. In this paper, we strive to
emphasize the importance of strong support for this vulnerable industry in the dangerous
conditions that have been brought about by COVID-19.

The research questions of the paper can be summarized as follows:

RQ1: How much did the risk of bankruptcy in 2019 and 2020 deviate compared to earlier as-
sessed trends?
RQ2: What impact has the COVID-19 crisis had on the nature and scale of the transitions between
the three bankruptcy risk zones, introduced by Altman’s Z”-score model, in 2020, compared to the
previous period?
RQ3: What are the expectations with regard to the exposure to the risk of bankruptcy in the hotel
industry in the Republic of Serbia in the forthcoming period?

The questions were answered through the analysis of the results of the five novel
multivariate structural time-series models and the zonal dynamics indicators (ZDIs) that
are introduced here. For the analysis, we use data on a sample of 100 randomly selected
hotel companies in the sector of accommodation and catering services for the period,
2015–2020. The research was conducted on the basis of the financial statements of the
selected companies, which are available on the website of the Agency for Business Registers
(hereafter, ABR). At the time of writing, no financial statements for 2021 were available,
so no analysis of the factual Z”-scores for that year was performed. Given that the ABR
publicly presents data for a three-year period, and as we started collecting financial reports
for the purposes of this study in 2017, extending the historical period for the analysis of the
factual bankruptcy risk in the industry was not feasible.
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Two categories of the models are built and presented here.
The first category of the models includes two models for the assessments for 2019 and

2020, which were designed by the use of the data for the period, with regular business
conditions (2015, 2018). The models were designed in order to obtain answers to RQ1,
and to give ex post forecasts for an explanatory analysis, comparing the predictions of the
Z”-scores to the realized Z”-scores, on the one hand, and the goodness-of-fit measures with
the predictive accuracy of the model, on the other hand. The differences in the values of
the predictions that were obtained by the forecasting models, and the factual values of
the indicators that are forecasted, can be partially attributed to the model’s errors in the
prediction phase, and to changes in the conditions that occurred in the forecasted period.
Similarly, the differences among the goodness-of-fit measures of the model (model errors in
the model’s building phase) and the goodness-of-prediction measures (predictive accuracy)
can be attributed to changing circumstances that affect the value of the projected indicator.
Hence, we built two models for forecasting the Z”-score indicators by using the training
data for the pre-COVID-19 period and comparing the resulting predictions with the factual
values of the Z”-scores for 2019 and 2020, and the estimated prediction errors with the
goodness-of-fit measures, to evaluate the impact of the COVID-19 crisis in 2019 and 2020.

The second category of the models includes three models: the first two are derived
from the identified dependencies of the relevant indicators in the conditions of the COVID-
19 crisis, while the third combines regular conditions with the crisis conditions, so that it
is applicable in both situations. The models were designed in order to obtain answers to
RQ3 by exante forecasts (i.e., forecasts that use the forecasts of the predictors as the input
variables). The exante forecast was made for the period, 2021 to 2025, and the resulting
scores of the models are forecasting tools with a limited forecasting period, and so they are
used for the interpretation of the bankruptcy risk in 2026.

One of the most important models for the economic time series is the basic structural
model, which includes a trend, a seasonal component, and an irregular component [35].
Structural time-series models are formulated directly, in terms of the unobserved compo-
nents that have a natural interpretation and that represent the salient features of the series
under investigation [36]. Structural time-series models are regression models in which
the explanatory variables are functions of time, and the parameters are time-varying [37]
and are set up in terms of components, which have a direct interpretation. A structural
model cannot only provide forecasts, but can also, through the estimates of the components,
present a set of stylized facts [37].

We built different time-series models on the basis of the identified trend components,
which were formulated by the use of different multiple regression models. No seasonality
component is implemented by the models, as, for all the predictor time-series for all
the models, no seasonal patterns were identified. Hence, the basic assumption of the
modeling that is applied here is that the time series of the Z”-score has a relationship
with its predictor variables, which can be formally expressed by multiple regression, and
that these relationships can be explained through the intuitive model’s components. The
components of the trend are expressed in the form of the effects of a stabilizing force, a
force of development, a destabilizing force, etc., and they were built by using the results
that were obtained by the cross-correlation and autoregression analysis and formulated by
the use of different regression models.

The separation of the trend’s components allows for the identification of the processes
that affect it. In the case of the bankruptcy risk prediction in the crisis conditions, it allows
for the differentiation of the effects of the crisis on the bankruptcy risk, and for a better
understanding of its developmental and shocking changes.

The predictor variables (which are time series by themselves) that were used by the
models that are introduced by the study are indicators of the Altman’s Z”-score model for
emerging markets, which are applied for the hotel companies, and its derivates for the hotel
industry as a whole, including ZDI indicators. To obtain a more robust evaluation of the
industry’s conditions with regard to bankruptcy risk, we introduce five novel dynamical
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indicators (ZDI), which were calculated for 2020 and were compared to the ZDIs of the years
from 2015 to 2018 with the aim of providing a comprehensive answer to RQ2. Furthermore,
the hypothesis on the changes in the types of transitions of the firms among the risk zones
in 2019 and 2020 are tested in order to gain a more complete insight with regard to RQ2.
ZDIs are derived from the zonal memberships of the firms, and the changes among the
zones during a time that spanned the three risk zones, as estimated by Altman’s Z”-score
model. The introduction of the dynamic indicators was motivated by Nyitrai [38], so that
the proposed measure may play an important role in the practice of the credit-scoring
modeling as well.

In this way, we offer, in this paper, a new dynamic conceptual framework for assessing
the bankruptcy-risk exposure at the level of individual firms, as well for whole markets,
which prolongs the applicability of the Altman models to multiyear predictions and uses
the dynamics indicators to enhance the predictive power of the models.

The models and ZDIs are validated through the comparison of the results of the models
with the results that were obtained through the use of the purposely designed artificial
neural networks (hereafter, ANN), and through the use of the ARIMA and exponential
smoothing methods for time-series forecasting. Here, 270 MLP ANNs were built, and the
neural network autoregression (NNAR) method was applied. An innovative approach
to the implementation of ANN models is introduced, where the models envisage the risk
zones of Altman‘s model for the firms in the future.

In order to test the robustness of the models, Zmijewski and Springate scores were
applied instead of Altman’s Z”-scores as the input parameters of the models. The results
that were obtained when the Springate scores were applied showed almost identical results
to the Altman’s Z”-scores, while, in the case of the Zmijewski scores, there were differences
(although these differences were not systematic) that led to similar conclusions, and that
can be attributed to the weaker performances of the indicators of the arithmetic means of
the Zmijewski scores for the sample in detecting changes in particular years.

In consideration of corporate governance, Huy [39] stresses that, “after corporate
scandals happening during and after global monetary and financial crises, it is necessary to
re-evaluate code of corporate governance”. Furthermore, it is emphasized that tourism,
airlines, and hotels are industries that can be significantly affected by environmental and
social risks [40]. Dat et al. [41] stress that the construction of the operational processes of
supervisory boards is a relevant matter in postcrisis periods and will also be necessary to
improve auditing, risk management, accounting, and audit systems [42].

The rest of this paper is organized as follows: Section 2 discusses the business and
bankruptcy crisis in the travel and tourism industry; Section 3 describes the existing
bankruptcy forecasting models and provides insight into the existing literature in the
domain; Section 4 describes the methodology that is used here in more detail; Section 5
reports and discusses the empirical results; Section 6 includes the details on the validation
of the model’s results through the application of classical time-series modeling and ANNs;
and Section 7 concludes the research.

2. Business and Bankruptcy Crisis in the Travel and Tourism Industry

In assessing the possibility of bankruptcy and its impact on the T&T sector, it is
important to oversee the specific characteristics of tourism, such as the seasonality, the
diversity of the supply, the nonproductive nature of the business, the fluctuations in sales, a
high level of elasticity of demand, the supply inelasticity, the heterogeneity of the included
business entities, etc. At the same time, there are differences, depending on the tourist
segment (leisure/business travels). The leisure travel market segment has a much larger
income elasticity and is more sensitive to changes in the exchange rate than the business
and conference travel segments [43], while the business travel market segment is more
sensitive to economic factors and business cycles [44]. Hall [45] points out that globalization
and the reliance on mobile phones and applications, as well as the marginal liquidity and
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profitability in the T&T sector, have made it more fragile and have increased the chances of
any global crisis to significantly threaten international tourism.

The hotel industry, specifically, has low stock levels, higher capital intensity, and the
largest share of the sales of services, while the smallest share of the sales includes the sales
of goods and their own products, followed by additional services [46,47]. Hotel firms have,
in addition to the aforementioned, a high level of capital that is invested in fixed assets so
that they are usually highly leveraged and dependent on creditors.

A growing awareness of the threat of tourism crises and their potential to inflict harm is
reflected in the number of academic publications. The main causes of the crisis in tourism are
stated as economic, political, sociocultural, environmental, and technological factors [5], as
well as its seasonal character [44,48]. It is confirmed that the variance in the occupancy rates in
a tourist destination increases the exit risk and the likelihood of business failure for the hotels
in that destination [49]. When it comes to the hotel industry, many studies have addressed the
impact of various factors, other than financial factors, on the financial sustainability of hotel
companies. Gemar et al. [50] conducted an analysis of hotels in Spain and found that the good
predictors of the financial bankruptcy of hotels are their size, location, management, and the
business cycle. Other studies mention the legal status for medium-sized hotels [51], the size of
the company [51], the location [52,53], the number of stars [54], the fluctuations in customer
demand [55], the gender of the CEO [56], the Airbnb profile [57], etc.

Since 2020, COVID-19, and its influence on the T&T sector, have joined the most
represented topics in the scientific literature on the area [58,59]. Becker et al. [60] point
out that one of the business characteristics with the greatest impact on the momentum of
the crisis in companies is the reliance on physical proximity, which is inherent for hotel
services. A study conducted in Poland, for example, showed that, among the companies
that declared bankruptcy and restructuring in 2020, the most represented were those in
the services sector, with the accommodation and catering sectors particularly affected, and
with the increase in bankruptcies being as high as 186% [61]. The accommodation sector
has been strongly affected by the crisis, whereby the “new normal” measures have resulted
in hotels adapting in order to maintain their business [41].

The results of the study presented in Crespí-Cladera et al. [34] indicate that the financial
strength will be crucial for the survival of hotel companies in the COVID-19 crisis. By
the use of a stress analysis and a logit model of the bankruptcy during 2008–2013, the
study predicted that 25% of these firms will face financial distress situations if revenues
fall by 60%, while the percentage of these firms will be 32% if revenues fall by 80%.
Certain business areas are expected to be exposed to temporary shocks; for example, the
postpandemic demand for restaurants could recover completely, or could recover subject
to a new distribution model, while, in other industries, the shock will have a more lasting
effect. For example, business travel may not recover fully, even once organizations have
improved online communication capabilities [60]. Duro et al. [62] identified the primary
factors behind the vulnerability of tourism to COVID-19, which are as follows: the territorial
dependence on tourism; the density of the tourists at the location; the type of demand
characterized by little pressure, congestion, and open spaces; the relevance of the domestic
demands; the proximity demand; the seasonality; and the health incidence of COVID-19 at
the destination. Nguyen [63] points out that smaller companies in the travel and tourism
industry, in particular, face the risk of shutdown or even bankruptcy.

Apart from the immense disruptive impact, the present crisis will also have some
positive effects on the T&T sector, such as the stimulation of innovation and creativity, a
focus on resilience, efficient communication and care for the customers [64], improvement
in the knowledge about the business sensitivity to sudden crises, developments in the
domain of forecasting and analytics techniques for crisis conditions, etc.

3. Literature Review on Bankruptcy Prediction Models

The estimation methods that are used in bankruptcy prediction can be generally classi-
fied into parametric methods (such as discriminant analysis, logit (see Liu et al. [65]), probit,
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and quadratic regression, hazard analysis, etc.) and nonparametric methods (such as neural
networks, classification and regression trees, genetic algorithms, recursive partitioning, and
deep learning [66]). Among the parametric methods, a number of statistical [67–76] and
stochastic methodologies [77–79] have been developed. A special class of models consists
of structural models that can be parametric and nonparametric, among which the most
commonly used is KMV’s (1993) Credit Monitor System, which was created on the basis of
Merton’s [80] contingent claims approach for valuing risky debt.

Early bankruptcy prediction studies dealt with the possibility of applying accounting-
based financial ratios and financial analysis in order to perform an ex ante based on a retrospec-
tive ex post analysis of the real data of the companies that went bankrupt. The first of these
studies were based on univariate analysis [81], which were then followed by multivariate
analysis studies (i.e., those that derive a linear combination of several parameters that, in
the best way, separate bankrupt and nonbankrupt businesses [82]). Hundreds of financial
and ratio indicators have been analyzed through the scientific literature from the angle of
their effectiveness in predicting financial distress and corporate default. Financial ratios are
easy to calculate by using a company’s financial statements, and they can provide valuable
information about the company performance and credit rating.

In the middle of the 20th century, Altman developed the first Z-Score model, which
became the global gold standard in predicting bankruptcies and was later the subject of
a series of adaptations and modifications. Z-Score models are credit-scoring techniques
that are based on the multiple discriminant analysis (MDA) technique, and they provide a
continuous metric for classifying and predicting the health of companies. As an MDA im-
plementation, these models allow for the classification of companies into either a distressed
(bankrupt) or nondistressed category on the basis of a combination of different indicators
and market value measures. The original Altman’s Z-Score model [67] was developed for
manufacturing companies and it contained five financial indicators and represented an out-
standing innovation among credit-scoring techniques, with a high accuracy in predicting
bankruptcies (between 82 and 94% accurate in the 6-month period, 72% accurate in the
18-month period, 48% accurate in the 3-year period, and 29% accurate in the 4-year period)
and no-bankruptcies (with 5% error).

The Z-Score model was later revised to be applicable to publicly traded entities by
1983 and was adapted for nonmanufacturing activities and emerging markets [83]. In
the model for nonmanufacturing and emerging markets (the EM Z”-score model (1995);
hereafter, the Z”-score), the fifth variable (X5 = Sales/Total Assets) of the original Altman
model was omitted, as the turnover of assets is an industry-sensitive variable, and a constant
with the value of +3.25 was added in order to ensure that the model was standardized with
the bond rating equivalent method, which, in turn, allows for the estimation of the default
probability on the basis of the Z”-scores. As shown by Table 1, the Z”-score model builds
the basis for the classification of companies into three groups, which are denoted as zones,
in terms of their bankruptcy risk exposure.

Many studies that deal with Altman’s original Z-score model have confirmed that this
test is able to significantly differentiate the financial situation between failure companies
and nonfailure companies (e.g., Tung et al. [85]; Soon et al. [86]; Reisz and Perlich [87]; for
retail companies—Chaitanya [88] (accuracy of 94%); for nonfinancial services and industry
companies—Alkhaib and Bzour [89] (accuracy of 93.8%)). Ashraf et al. [90] found that
both models by Altman and Zmijewski are decent for bankruptcy for emerging markets
when applied in periods of financial crisis. They found that the Z-score model more
accurately predicts insolvency than the probit model for two types of firms (i.e., those
that are at an early stage, and those that are at an advanced stage of financial distress).
Chung et al. [91] found that, one year prior to failure, four of the five Altman ratios were
superior to other financial ratios for predicting corporate bankruptcy. Altman himself
claims that, although it is a 50-year-old model, the model “nevertheless demonstrates
impressive endurance notwithstanding the massive growth in size and complexity of
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global debt markets and corporate balance sheets” [92]. At the same time, some studies
have criticized the possibilities of applying the Z-score model in certain contexts [93].

Table 1. Z”-score model for manufacturers, nonmanufacturer industrials, and developed and emerg-
ing market credits.

Financial
Indicator COEF Ratio Description

X1 6.25 Working Capital/Total Assets
Measure of the net liquid assets of the firm compared to the total
capitalization, where tangible assets, not including intangibles,

are considered.

X2 3.26 Retained Earnings/Total Assets Measure of cumulative profitability over the life of a company, where
the age of a firm is inherently present in the ratio.

X3 6.72 Earnings before Interest and
Taxes/Total Assets

Since a firm’s existence is based on the earning power of its assets, this
indicator is especially important in credit risk studies.

X4 1.05 Book Value of Equity/Total
Liabilities

Shows the extent to which a firm’s assets can decline in value before
liabilities exceed the assets and the firm becomes insolvent.

Z”

Overall Index of Score:
Z” = 3.25 + 6.56(X1) + 3.26(X2) + 6.72(X3) + 1.05(X4)

Discriminant factors: 3.75 (lower cut-off) and 5.85 (upper cut-off), where for:
{X ∈ R | X ∈ [5.85,+∞)} : Third zone (No risk zone, Safe zone, Green zone)
{X ∈ R | X ∈ [3.75, 5.85)} : Second zone (Moderate risk zone, Gray zone)

{X ∈ R | X ∈ (−∞, 3.75)} : First zone (High risk zone, Distress zone, Red zone)

Source: [84].

The comparison of the results of the Altman model with other bankruptcy models,
based on the scoring technique in the pre-COVID-19 period, can be found in many studies
(Dolejšová [94]—Altman, IN05, Zmijewski, Springate; Pakdaman [95]—Altman, Springate,
Zmijewski, Grover). As a whole, these studies had very different results in terms of the
model rankings and accuracies. Wulandari and Maslichah [96] tested the use of the Springate,
Ohlson, Altman Z-score, and Grover score models to predict financial distress during the
COVID-19 pandemic. Springate was the most rigid, and it was assessed that 61% of the sample
would become bankrupt; for Ohlson, it was 33%; for the Altman Z-score, it was 16%; and the
Grover score analysis estimated that 11% of the sample could be expected to go bankrupt.
Furthermore, it was shown that the principal component analysis (PCA) that was applied to
build a bankruptcy risk that is scored on the basis of the discriminant analysis indices and the
five models for assessing bankruptcy risk—Altman, Conan and Holder, Tafler, Springate, and
Zmijewski—is effective for determining the influence of the corporate performance over the
risk when used for large companies in the European Union [97].

The study on the application of artificial neural networks (hereafter, ANN) in generating
financial predictions has attracted the special attention of the scientific community. A large
number of studies in this domain have analyzed the efficiency of neural networks in predicting
bankruptcies [98–100], and many of them conclude that neural networks are among those
methodologies with the highest accuracy when compared to other methodologies [101,102].
The problem with this approach stems from the difficulty of training an adequate neural
network, and from the fact that users do not have the ability to understand the generated
rules that the neural network builds to represent the problem [103]. It is expected that, with
the increasing complexity of the method and the greater specialization of data sources, the
ability to understand and apply models in real-world applications will decrease [92].

The usage of time-series models in bankruptcy prediction is rarely found in the
literature, although it allows for the assessment of the bankruptcies of firms within a
longer time horizon. For example, Hodges et al. [104] used time-series data to analyze the
effects of different bankruptcy predictors, while Nidhi and Jatinderkumar [105] predicted
bankruptcies through the use of an adaptive neuro-fuzzy inference system. Qui et al. [106]
have shown that, when the time of the crisis lasts long enough for the time-series model to
capture the change, the performance of the traditional time-series model is much improved.
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The structural models for predicting bankruptcy have been largely neglected by the
literature when compared to the other bankruptcy prediction models. Structural models use
the evolution of a firm’s structural variables, such as asset and debt values, to determine the
timing of the bankruptcy [107] and to provide a link between the credit quality of a firm and
the firm’s economic and financial conditions [108]. Thus, bankruptcies are endogenously
generated. Most of the research in this domain uses structural models for bond pricing (for
example, Li and Wong [109]; Black and Cox [110]). Charalambous et al. [111] show that the
probability of bankruptcy derived from the Leland–Toft model improves the accuracy of
Altman’s and some other models.

A certain number of studies have dealt with the prediction of bankruptcies in the hotel
industry in pre-COVID-19 conditions. Altman’s model was applied by Goh et al. [53] to
predict the bankruptcy of the Thomas Cook Travel Group over a ten-year period (2008–2018).
Horváthová and Mokrišová [82] demonstrated that the DEA method is an appropriate
alternative to the Altman model in predicting the bankruptcy risk of hotel companies.
The general conclusion of one study [54] is that the Altman models can be applied with
considerable success to the forecasting of the bankruptcy of hotel enterprises. The most
accurate prediction from the EM Z”-score model application is reached below the 1.1 zone,
and, specifically, in the zone <0.5 (where the constant of the model was not used), with an
80% accuracy and 20% divergence. The study by Kesuma et al. [112] examined the accuracy
of the Springate and Grover models in predicting bankruptcy, as well as the effect on the
stock prices of the tourism, restaurant, and hotel sector in Indonesia. The results imply that
the Grover model is more accurate than the Springate model, as the second assessed that
the whole sample would go bankrupt.

Statistical techniques were also directly used in hotel bankruptcy prediction. Gu and
Gao [113] published the first study to predict bankruptcy one year prior to bankruptcy in
American hotels and restaurants, using an MDA model. Pacheco [114] used MDA and
logit models in SME Portuguese hotels and restaurants and showed that financial leverage
variables are the best default predictors, with accuracies of 69%. Li et al. [115] estimated that
random oversampling improved the modeling performance of the default risk prediction
of 28 Chinese tourism firms where the available volume of samples was small, and when
used with MDA, logit, and probit models.

Among AI techniques, the most used were ANN and SVM. Kim [116] showed that
ANNs were more accurate in bankruptcy prediction for Korean hotels when compared
to SVM. Young and Gu [117] have shown that, for a sample of 102 Korean hotels, ANNs
have slightly better results than logit in terms of accuracy (77.3% with logit and 81.8% with
ANNs). Fernández-Gámez et al. [118] demonstrated the high accuracy of the MLP ANN for
a set of 216 Spanish hotels and the input data set from the period, 2005–2012, in predictions
with prediction horizons of 3 years. Li and Sun [119] tested the application of MDA, logit,
NN, and SVM models in insolvency predictions for a sample of 23 Chinese hotels, two and
three years prior to failure, and they gave an advantage to ANNs and SVM in terms of
accuracy (92 and 91%, respectively).

Among the limited number of studies for the Serbian national context, Stanišić et al. [120]
compared logistic regression, decision trees, and ANN models with the EM Altman’s model
and showed that only the ANN model produces better results than Altman’s model for private
companies, which, according to the author, is adequate for application for companies in the
Republic of Serbia. Begovic et al. [121] discovered, in their research on Serbian firms, a high
accuracy of Altman’s model. Andrić and Vuković [122] investigated the impact of the crisis on
the performance of 50 companies in Serbia in the period from 2008 to 2010 using five models,
including the Altman’s Z”-score model. Srebro et al. [1] applied two of Altman’s models to
the estimation of the probability of bankruptcy on a sample of public Serbian agricultural
companies.

Milašinovic et al. [123] applied the Z”-score model to a sample of seven hotels in
the Republic of Serbia, and their results were later confirmed by practice: within the
identified group of risky companies, one went bankrupt, while the other two withdrew
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their shares. Mizdraković et al. [30] applied Altman’s Z’- and Z”-scores for the hotel
industry of the Republic of Serbia for the period, 2008–2012. When 2008 and 2011 are
compared, the average Altman scores recorded decreases of approximately 70%, and other
scores confirmed the same results. Therefore, it can be concluded that the hotel industry in
Serbia had the greatest risk of going bankrupt in an analyzed period in 2010, and especially
in 2011. These authors also point out that further studies might focus on the formulation of
a bankruptcy prediction model for Serbian hotels.

The number of studies that have dealt with the prediction of bankruptcy and financial
distress, in general, in the hotel industry under the conditions of the COVID-19 crisis is
modest. The problem is new and significant, and so it seems unfeasible to use earlier
models and historical data under the new uncertain health conditions. In a study by
Wieprow and Gawlik [124], which assessed the risk of the bankruptcy of companies in the
Polish hotel industry under the crisis conditions caused by the COVID-19 pandemic in the
first half of 2020, two polish MDA models, a logit model, and Altman’s original model
were used. Paper Fotiadis et al. [125] present the results of forecasting international tourist
arrivals in 2021 through the use of the long short-term memory neural network and the
generalized additive model. Although the models have comparable accuracy, the forecasts
varied significantly according to the training data set (they dropped from 30.8 to 76.3%
in 2021) Duro et al. [62] did not deal directly with bankruptcy forecasting, but instead
built a synthetic index of the vulnerability of tourism to the COVID-19 crisis by using PCA
methodology to derive the weights for the composite indicators. By using a sample of
27 Indonesian restaurants, hotels, and tourism companies, the study by Maharani and
Sari [126] compared the results of the Springate, Zmijewski, Grover, and Altman’s models
when applied under COVID-19 conditions. The Springate model was the most rigorous,
and it estimated that 93% of the companies were headed for bankruptcy; the Grover model
accounted for 52%; the Altman model for 66.7%; and the Zmijewski model for almost
15%. Zhang et al. [127] combined the autoregressive distributed lag error correction model,
the Delphi technique, and scenario analysis in order to generate ex ante forecasts of the
recovery of the tourism demand in response to the unanticipated effects of crises, such
as the COVID-19 crisis. The Delphi scenario technique was used to revise the baseline
forecasts in accordance with experts’ insights on tourism during and after the COVID-19
pandemic. Gössling et al. [128] present the similarities of the COVID-19 crisis to previous
crises in the tourism industry, and they show the detrimental outcomes for the sector.

Altogether, there is an evident gap in the scientific literature in the domain of the appli-
cation of the time-series forecasting modeling of the risk of bankruptcy, and of prognostic
modeling, in general, with the aim of identifying and predicting a crisis and assessing its
impacts with regard to bankruptcy risk. This gap is even deeper for the hotel industry,
especially in the Republic of Serbia, where an adapted model for this national context does
not exist to date.

4. Methodology of the Research

The research was conducted on a sample of 100 randomly selected hotel companies
in the Republic of Serbia that are in business. These are companies whose activity code
is: 5510—hotels and similar accommodation. According to the data of the Agency for
Business Registers [129], there were 580 such companies operating in Serbia in 2015, 791 in
2016, 864 in 2017, 904 in 2018, 855 in 2019, and 704 in 2020. Table 2 shows the share of the
enterprises in the total operating assets and equity of the entire population of enterprises
whose activity code is 5510 in the Republic of Serbia. It can be concluded that the sample is
representative, despite the relatively small share in the total number of such enterprises.
The structure of the sample, from the aspect of the legal form and size of the company, is
shown in Table 3. It can be noticed that the sample is dominated by small and limited-
liability companies.
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Table 2. Participation of sample companies in total operating assets and equity of the population.

Year Total Operating Assets Equity

2015 56.65% 70.93%
2016 59.48% 73.79%
2017 58.19% 76.22%
2018 57.67% 74.07%
2019 55.81% 70.34%
2020 55.18% 71.44%

Source: Authors, based on data from the Serbian Business Registers Agency [129].

Table 3. Sample structure in terms of company size and legal form.

Size * Number of Companies

Micro 8
Small 70

Medium 22
Big 0

Total 100
Legal form Number of companies

Joint stock company 12
Limited liability company 88

Total 100
Source: Authors. Note: * In 2020, the classification was performed according to the Law on Accounting [130].

The dynamic characteristics of a complex system can often be inferred from the
analyses of a stochastic time-series model that is fitted to observations of the system [131].

Here, we use a new conceptual framework that offers a different perspective on
bankruptcy risk prediction and analysis. The conceptual framework enables a more com-
prehensive analysis of the bankruptcy risk in relation to the classical analysis of the score
values and their mean values, and it extends the usability of the Altman’s Z”-score model
for a longer prediction horizon than one year. The dynamic conceptual framework involves
the usage of the structural time-series models and novel ZDI indicators, where both are
focused on the dynamism of the bankruptcy risk development process.

The ZDI indicators are used for monitoring the industry’s dynamism with regard
to the changes in the risk zones of Altman’s Z”-score model (zonal transitions) and they
are used for the analysis of the trend of the bankruptcy risk conditions, and they are also
predictors for Model 4 and Model 5, which are introduced here.

The structural time-series models are, on the other hand, used for assessing the impact
of the COVID-19 crisis in the past period and for assessing its future impact on hotel
companies and on the hotel industry as a whole. All five models assess the value of the
Z”-score, which is a forecasting tool by itself, and which gives the most accurate prediction
within a one-year forecasting horizon, so that “two levels of dynamism” are included in
the analysis. The first level of dynamism relates to the dynamical nature of the time series
of indicators, and the other relates to the one-year time lag in interpreting the forecast,
which is formulated through the Z”-scores. Thus, we conceptualize the predictors of the
models (i.e., the components of the trend) as the “Risk Development Conditions” (RDCs),
and the assessed state of the year with regard to the occurrence of bankruptcies, or the risk
of bankruptcy for the firm in the year under review, as the “Bankruptcy Risk Exposure”
(BRE). The BRE is a time-lagging indicator with regard to the RDC, which is in line with the
fact that bankruptcy is a time-lagging phenomenon and with the way that the Z”-scores
are interpreted.

When the effect of the COVID-19 crisis is assessed for 2020, the models are used as
a basis to assess the industry’s/firm’s expected condition with regard to bankruptcy in
2019 and 2020, assuming regular market conditions, without the effects of the COVID-19
crisis. The motivation of this exercise is to differentiate the changes in the factual value of
the indicators, which were expected as a result of previous market trends, and the changes
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induced by the COVID-19 crisis (i.e., to assess the impact of the crisis). In other words, if
we assume that the estimated value of a model that is derived from data that describes
a certain set of business conditions describes, to a significant extent, for a given year, the
situation that would be achieved in that year under the same set of business conditions,
and, to a lesser extent, includes the model’s error, then the difference between the predicted
value by the model and the factual value of reality can approximate the changes that are
introduced by the conditions in the year that is under analysis.

Similarly, the differences among the goodness-of-fit measures of the model (model
errors in the model’s building phase) and the goodness-of-prediction measures (predictive
accuracy) can be attributed to changed circumstances that affect the value of the projected
indicator. Additionally, when several predictive models are combined with the same
purpose, and when the results that are obtained by the models are consistent, while the
factual data for the same year differ significantly, it can be assumed that the obtained error
can be attributed to the unexpected changes in the conditions, which affect the predicted
indicator to a greater extent. Here, the data that were used to build the time-series models
originated from the pre-COVID-19 period, and so the differences among the forecasts that
were obtained by the models and the factual values of the Z”-scores, and the differences
between the errors in the modeling phase and the application phase, are interpreted through
the impact of the unexpected changes (i.e., the COVID-19 crisis).

In the second case, when ex ante forecasting is executed, the models use the forecasts
of the predictors, except for 2021, for which the actual values of the predictors are used.

One of the most important models for economic time series is the basic structural
model, which includes a trend, a seasonal component, and an irregular component [35].
No seasonal component is implemented by the models, and, as for all the predictor time
series for all the models, no seasonal patterns were identified. The seasonality of the
time-series data that were used by the models is checked through the Ljung–Box test on the
autocorrelation of the seasonal lag, whereby two to three cycles of regular differentiation,
depending on the time-series data, were applied so that the trend component was factored
out from the predictor time series, and stationarity was achieved before the testing.

We built different time-series models on the basis of the identified trend components,
which were formulated by the use of different multiple regression models. Bankruptcy
tendency is a dynamic phenomenon, which is being gradually built, so we should extract
the component of its trend component, which is a consequence of the previous period, and
the component, which is a consequence of the changes in the year under review. The split
of the trend component is motivated by an intention to differentiate the component, which
approximates the influence of the crisis. Hence, the basic assumption of the modeling
applied here was that the time series of the Z”-score has a relationship with its predictor
variables, which can be expressed by multiple regression, and that these relationships
can be expressed through the intuitive model components. One of the advantages of
structural models, which is reflected through the possibility of formulating the model’s
components through the use of classical regression models, is exploited by the models.
Another assumption of the structural approach—the assumption that the independent
variables must be easier to forecast than the dependent variables [132]—was applied so
that it was easier to forecast the RDCs than the Z”-scores. The components of the trend are
expressed in the intuitive form of the effects of the stabilizing force, a force of development,
the destabilizing force, etc.

The presented models are multivariate, as they have more than one time-dependent
predictor variable, where each variable depends not only on its past values, but also
has some dependency on other variables. As the predictor variables for the models, the
indicators of the Altman’s Z” score model and its derivates that are introduced here are
used, whereby the selection of the predictors for the structural models, which model
different trend components, was made by cross-correlation and autocorrelation analysis.
The aim was to use predictors that originate from the period of two years, maximum, before
the year for which the forecast is made so that the applicability of the models is magnified.
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The Altman’s Z”-score model was chosen as the foundation for building the models
because it is a well-known model for assessing bankruptcy risk and it has confirmed
applicability in the economic environment of the Republic of Serbia [1,120,121,123]. It is
also the only model that has previously been used to investigate the bankruptcy risk in
the hotel industry in the Republic of Serbia [30,123], and so the comparability with these
studies is ensured. The selection of the EM Z”-score model for emerging markets is in line
with the evident progress that has been made in recent years in the hotel industry of the
Republic of Serbia [26].

The exclusive use of Altman’s Z”-score model was not applicable for assessing the
bankruptcy risk within the targeted prediction horizon, as the model has the best prognostic
ability when used for short-term predictions (i.e., six months to one year), while, in this
paper, we attempted to assess the impact of the crisis until the moment of the crisis impact
cessation. Additionally, the financial statements of the companies are not publicly available
on a timely basis; in the Republic of Serbia, they are published with at least a one-year
delay. With these factors in mind, the forecasts for entire sectors, industries, and markets
that are built exclusively on Z”-scores under these conditions do not have prognostic value,
except when used for forecasting and trend analyses.

Although earlier works have shown large variations in the results of multiple credit-
scoring models [67–76] in different business areas (for example, Maharani and Sari [126];
Wulandari and Maslichah [96]; and Pakdaman [95]), the Springate and Zmijewski scores were
applied instead of the Altman’s EM score in order to test the robustness of the introduced
models. In this case, the obtained scoring values for the companies were converted into
Z”-score measures by converting one number range into another, so that, in this way, the
applicability of the models was retained for models other than the Altman’s EM model.

We have considered the usage of ANNs as a technique for building the models, having
in mind their popularity and proven accuracy, as well as the usage of other bankruptcy
prediction models that are based on scoring. However, among the pioneering works
that have dealt with the development of prognostic models under the conditions of the
COVID-19 crisis, it was shown that it is more challenging to provide forecasting by the
use of ANNs in new circumstances [133,134] than in regular conditions. ANNs learn by
recognizing the laws of the market from an earlier period, and their effective application
in the face of changing laws and relations is questionable, especially in cases where these
changes occur suddenly, as was the case with the COVID-19 crisis. Extensive testing of
different ANN configurations, in this case, would be accompanied by uncertainty with
regard to their applicability in the emerging conditions, and, in this case, we found that
a single algorithmic solution was possible to formulate. However, a limited study, which
used ANNs for forecasting the bankruptcy risk zones of the firms from the sample, was
performed here in order to conduct a validation test of the presented models.

As the factual validation of the models would need time to pass, whereby the warning
value of the paper would be lost, the validation of the results of the models was performed
by the comparative analysis of the results of the structural models, the ZDIs, well-known
time-series techniques (exponential smoothing and ARIMA), and purposefully trained
artificial neural networks.

5. Results and Discussion

The results and discussion are divided into Sections 5.1–5.3.
The results of this analysis, and the assessment of the impact of the COVID-19 crisis in

2020, are presented in the Section 5.1.
In the Section 5.2, the zonal dynamics indicators (ZDCs) are introduced and are used

with the aim of dynamically and comprehensively analyzing the bankruptcy risk and its
changes for the hotel industry and the period, 2016–2020. Within the same section, ANOVA
testing with regard to the changes in the transition dynamics was carried out for 2019 and
2020, relative to the previous period, 2015–2018. A discussion on the results of the evaluation
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of the influence of the crisis on a reallocation of the companies between three bankruptcy risk
zones is also included in this subsection.

The Section 5.3 introduces three time-series models that were built with the aim of
assessing the risk development conditions for the forthcoming period, including 2021, and
the ensuing bankruptcy risk exposure by 2026.

5.1. Assessment of the Impact of the COVID-19 Crisis on Bankruptcy Risk Exposure in 2020

For the purpose of assessing the impact of the COVID-19 crisis in 2020, the data on the
hotel industry’s Z”-scores in the period, 2015–2020, were analyzed. We used data on the
arithmetic means of the Z”-scores of the hotel companies in the sample in the year under
review to assess the industry’s Z”-score in the same year, and then to assess the impact
of the crisis on the RDCs in terms of its influence on the Z”-score that was obtained for
the analyzed year. Let us call the value that is obtained by means of the arithmetic mean
simply, the Z”-score (or Z”). In the analysis, the estimates that are derived from the Z” are
introduced (i.e., changes in the Z” in the year compared to the preceding year (∆Z”year), the
estimated Z”(E(Z”year)) for the year, and the aggregated indicator (AIyear) for the year).

The analysis of the Z” of the hotel industry in the analysis period indicates that, until
2017, there was a trend of the growth of this indicator, and, in 2018, there was a slight decline,
as shown in Table 4. The Z”-score that was obtained for 2018 has a value of 9.14, compared to
9.17 for 2017, and the decrement was continued in 2019, when the Z”-score took the value of
8.93, and in 2020, when it took the value of 8.44. Thus, the question that is examined in this
section is whether the significant decline in 2020 is part of a negative trend of the industry,
which started in 2019, or if it is a consequence of the emergence of COVID-19. In order to
assess the trends under regular RDCs in terms of the Z” values that were obtained for 2019
and 2020, and, thus, to quantify the impact of the COVID-19 crisis on the RDCs in 2020,
a time-shifting cross-correlation analysis was performed with the identified differences for Z”
in the period, 2015–2018. On the basis of this analysis, prognostic modeling was carried out to
estimate the expected value of this indicator in 2019 and 2020 under regular RDCs, with no
COVID-19 crisis.

Table 4. Descriptive statistics for the Z”-score indicators in the period, 2015–2020.

2015 2016 2017 2018 2019 2020

Z”year 8.85 9.1 9.17 9.14 8.93 8.44
∆Z”year / 0.25 0.07 −0.03 −0.21 −0.49

Med (Z”year) 5.48 5.77 5.69 6.47 6 4.59
∆Med (Z”year) / 0.29 −0.08 0.78 −0.47 −1.41

AIyear = Z”year + Med(Z”year) 14.33 14.87 14.86 15.61 14.93 13.03
Std. deviation (σ) 9.09 10.63 10.59 10.51 9.61 12.35

Minimum −0.91 −1.07 −1.78 −1.91 −1.09 -3.08
Maximum 45.85 54.26 71.85 58.11 57.5 89.67

Number of companies 580 791 864 904 855 704

Source: Authors.

As shown in Table 4, the number of companies with the code, 5510, in the Republic of
Serbia in a given year is highly correlated with the Altman’s Z”-score that was obtained for
the previous year. For the period, 2016–2018, this correlation amounts to 0.99; and for the
period, 2018–2020, it amounts to 1. It is lower in the period, 2017–2019, and amounts to 0.71,
whereby, in 2017, the number of firms in the industry was increased by 73, although the
conditions for the existing firms deteriorated, especially in the lower zones. This brings us
to the conclusion that Altman’s Z”-scores describe the changes in the number of companies
in an effective manner, including the first year of the COVID-19 crisis.

Then, the COVID-19 crisis emerged, and the lockdown measures were introduced.
We found that, in the period from 2015 to 2017, the change in the Z” in a given year,

compared to the previous, was under the strong and statistically significant negative impact
of the Z” in the previous year (Z”year−1←→Z”year, corr. coeff = −0.989, rsq = 0.977). The



Sustainability 2022, 14, 4680 16 of 44

higher the Z”, the smaller the change in this score the following year, which means that the
market tended towards the local maximum (where the derivate of a function is equal to 0)
and, thus, the smallest change in the observed period was recorded in 2018. This happened
as the Z” that year was the closest to the local maximum of 9.156. In the period from 2018
to 2020, however, since there was a negative market trend, the change in the Z” in the
analyzed year, compared to the previous, was under the strong and statistically significant
positive impact of the Z” in the last year (Z”year−1←→Z”year, corr. coeff = +0.987). Let us
call this influence, the “stabilizing force”.

The role of the stabilizing force is to return the system to equilibrium so that its
effect increases when the Z” moves away from the local maximum and decreases as the
Z” approaches the local maximum. Practically, the effect of this force can be explained
as a consequence of two scenarios that arise when the market’s Z” is enlarged. First, for
firms with a particularly high Z”, the working capital, as a component of the X1 ratio of the
Altman’s Z”-score model, surpasses its optimal level, so that the companies will tend to
optimize the use of their working capital (for example, by redirecting it by funding business
growth) while the overall Z” drops. Second, in these conditions, firms with a low Z” may
face increased market competition, which can cause revenues and the Z” to decline. Thus,
“unbalanced” growth can temporarily cause a decline in the market Z”-score, and vice
versa; when the market’s Z” declines, firms may seek alternative sources of financing their
current assets, such as through bank loans, or they may go bankrupt, which can be the case
for the firms in the first risk zone, and so the overall market Z” will consequently grow.

Furthermore, the change in the Z” in the previous year in the period, 2016–2019,
indicates the magnitude of the change in the following year, with the relationship being
positive (Z”year−1←→Z”year, corr. coeff = +0.97, rsq = 0.95). Thus, the higher the growth
of the Z”-score in the previous year, the higher the growth in the following year, while
a larger decline brings about a larger decline in the following year (development force).
Practically, the effect of this force can be equated to the trend effect. Thus, we notice that
the Z” movement is simultaneously affected by the stabilizing force, which is influenced
by the Z”year, which slows down the growth when the development is positive (i.e., slows
down decline when development is negative, as shown by Figure 1), and the development
force, which is influenced by the Z”year, accelerates the growth or decline, depending on
the changes in the past year.
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Figure 1. Effect of stabilizing force. Source: Authors.

As the effect of the development force increases, so does the effect of the stabilizing
force, which tries to return the system to the state of balance, although this correlation is
not perfect because the latter lags behind the former, which is mainly due to the delayed
financial resource optimization measures of the companies in the market, so that the system
falls out of balance. Thus, the Z” in 2017 was under the strong positive influence of the
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development in the past year, which significantly exceeded the effect of the stabilizing force,
and, in this year, the local maximum was exceeded. Already in 2018, the development
force was weakened under the influence of the weakened growth in the past year, while
the stabilization force followed this trend more slowly because of the proximity of the local
maximum. Thus, the Z” in this year decreased, along with the consecutive expectations in
terms of the bankruptcy risk exposure for 2019.

Model 1 was used to estimate the Z” in 2019 and 2020 under regular RDCs (i.e.,
if the COVID-19 crisis did not occur, and assuming that the Z” will not tend towards
a new local maximum (pessimistic scenario)). The parameter, K, is used as an inherent
determinant of the Z”, which is expressed as the difference in the effects of the development
force ((FDEV(FDEV(∆Z”year−1)))~Z”year−1) and the stabilizing force (FSTAB(∆Z”year)), and is
calculated on the basis of multiple linear regression, as follows:

for : ∆Z′′ year−1 > 0 and Z′′ year−1 < Z′′MAX :

Kyear = ∆Z′′ year−1 − FSTAB(∆Z′′ year) = ∆Z′′ year−1 + 0.8339× Zyear−1 − 7.6353

for : ∆Z′′ year−1 < 0 and
(
∆Z′′ year−1 > 0 and Z′′ year−1 > Z′′MAX

)
:

Kyear = ∆Z′′ year−1 + FSTAB(∆Z′′ year) = ∆Z′′ year−1 − 0.8339× Z′′ year−1 + 7.6353

For the local maximum, Z′′MAX = 9.156→ FSTAB
(
∆Z′′ year

)
= 0 .

The parameter, K, is used as an independent variable to estimate the Z” (Z′′ year) by
using the linear regression model, and so we come to the multiple regression model:

for : ∆Z′′ year−1 > 0 and Z′′ year−1 < Z′′MAX

ESTAB(Z′′ year) = 0.6884× ∆Z′′ year−1 + 0.574× Z′′ year−1 + 3.80096

for : ∆Z′′ year−1 < 0 or
(
∆Z′′ year−1 > 0 and Z′′ year−1 > Z′′MAX

)
:

ESTAB(Z′′ year) = 0.6884× ∆Z′′ year−1 − 0.574× Z′′ year−1 + 14.313

The model requires the data on the arithmetic mean of the Z”-scores of hotel companies
in the previous year, and on the change in the value in the previous year (i.e., the Z”-scores
for the two years before the year for which the estimation is made). As shown in Table 5,
the model estimated a Z” of 9.02 in 2019, and it had a similar RMSE compared to the RMSE
of the model for the period, 2017–2018. In 2020, the RMSE of the model was 3.8 times
higher than for the period, 2017–2019, while, in the case where the predicted value for
the Z” in 2019 is used instead of the factual value of the Z” in 2019, this error would be
3.4 times higher, and the predicted Z” in 2020 would amount to 9.06. This means that the
degradation of the Z” in 2020 was significantly higher than in 2019, so that the RDCs in
2020 were significantly worse than in 2019.

Unlike the Z”year−1, the median Med(Z”year−1) has a strong positive effect on the value
of the Z”year in the following year (corr. coeff = +0.985, rsq = 0.989), although it is a weaker
prognostic indicator for forecasting the Z”, which is due to a slightly weaker correlation
of these two indicators. The median generally describes the situation in the analyzed
year better than the Z”year−1 because it abstracts the impact of the high scores of the firms
from the third zone, so that the changes in the median compared to the previous year
can be interpreted as changes in the diversification among the companies in the analyzed
year. It is noticeable that, in 2017, when the value of the Z” was at its maximum, the
median decreased compared to the previous year, which means that this year’s growth
was primarily driven by strong companies that were previously exposed to a relatively
lower risk of bankruptcy; although, for firms that were more exposed to the risk, the Z”
declined. Unlike in 2017, in 2018, when a slightly lower Z” was obtained, the change in
the median (∆Med(Z”2018)) was the greatest, which indicates that, in that year, the growth
was a consequence of the increased Z” for companies that were previously relatively more
exposed to bankruptcy risk, and so it is more balanced.
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Table 5. Mixed multiple regression model for estimation of Z” under regular market conditions with
no growth (Model 1), for 2019 and 2020.

Model 1: Mixed Model for Estimation of Z”-Score Under Regular Market
Conditions with No Growth ESTAB(Z”2019) ESTAB(Z”2020)

iv:
∆Z”year−1, Z”year−1

R2 = 0.942
RMSE = 0.093

For:
∆Z′′ year−1 > 0

Z′′ year−1 <
Z′′ MAX

Otherwise: ESTAB(Z”2019) = 9.02 ESTAB(Z”2020) = 9.13

dv: Z”year

= 0.6884×
∆Z′′ year−1 +
0.574× Z′′ year−1 +
3.80096

= 0.6884×
∆Zyear−1 − 0.574×
Z′′ year−1 + 14.313

RMSE = 0.0927 RMSE = 0.35

Source: Authors.

Because of these tendencies, the aggregate indicator (AIyear), which is calculated as the
sum of the Z”year and the Med(Z”year) (values are shown in Table 4), provides better insight
into the quality of the year in terms of the RDCs. In this sense, the year with the best RDCs
in the analysis period is 2018, although the overall Z”-score of the hotel industry declined
that year compared to 2017. If we take into account the AIyear of 14.93 in 2019, the question
of the extent to which this value differs from those of the previous years deepens, while, in
2020, the value had already deviated significantly from the previous values.

In accordance with the above, we developed a model to estimate the Z” for the hotel
industry in 2019 and 2020 that is based on the AIyear−1 (Model 2), which is presented in
Table 6. Previously, a significant negative correlation between the ∆Z”year for the period,
2016–2018, and the AIyear−1 for 2015–2017, was estimated, with the value of −0.93.

Table 6. Mixed multiple regression model based on AI indicator (Model 2) for estimating Z” in 2019.

Model 2: Mixed Model Based on AI Indicator EAI(Z”2019) EAI(Z”2012)

iv: AIyear−1 ∆Z′′ year−1 R2 = 0.8652
RMSE = 0.0453

= −6.23× Ln
(

AIyear−1
)
+

Z′′ year−1 + 16.851
EAI(Z”2019) = 8.87 EAI(Z”2019) = 8.94

dv: Z”year e(2019) = 0.06 e(2020) = 0.35

Source: Authors.

Model 2 projected a Z”-score of 8.87 for 2019, and it had an RMSE that was 1.3 times
higher compared to the average error of the model, although it assumed normal operating
conditions (Table 6). Given that the factual value of 8.93 in 2019 is within the limits set
by the two forecasting models (8.87, 9.02), and considering that both models predicted
a decline in the score for that year, and bearing in mind the high factual accuracy of Model
2, we can conclude that the factual score of 8.93 was in line with the previous trend in the
hotel industry.

The forecasted Z” by Model 2 for 2020 for the factual parameters in 2019 is 8.94. The
factual value of the Z” of 8.44 in 2020 is not within the limits set by these two models (8.94,
9.13). In order to make an estimation for 2020 that did not include 2019, we performed
an analysis of the time series. Among the time-series prediction models, the exponential
smoothing model (AAN, additive error, additive trend, no seasonality) was used for the
period, 2015–2018, and it generated, with the confidence level of 95%, an expected Z”-score
of 9.35 for 2020, while a low-confidence-bound (LCB) value of 9.15 was assessed, as shown
in Table 7. When the forecast for 2019 was included, the projected value was naturally
lower and amounted to 9.04.
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Table 7. Results of applying exponential smoothing model (Model 3) for estimating Z” for 2020.

Model 3: Exponential Smoothing Model (AAN Version) EESM(Z”2020) e(t) LCBESM
(Z”2020) e(t)

Time interval
2015–2018 α = 0.05, Alfa = 0.5,

RMSE = 0.1, MAE = 0.08

9.35 −0.91 9.15 −0.71

2015–2019 9.04 −0.598 8.72 −0.28

Source: Authors.

In order to test the robustness of Model 1 and Model 2, the scores from the Springate
model [72] and the Zmijewski model [78] were calculated for each year in the analyzed
period, and for each company in the sample, and these values were later averaged to
represent the scores for the individual years in the analyzed period. The obtained scores
were converted into Z”-scores through the translation of the interval ranges, so that the
Springate and Zmijewski scores could be used by the models that are presented here.
High correlation coefficients with Altman’s EM Z”-scores for the period, 2015–2020, were
estimated in both cases, where the correlation with the Springate scores was 0.915, and the
correlation with the Zmijewski scores was −0.914. Surprisingly, all three models produced
identical Z values for 2017 and 2020, while the lowest score for 2019 was obtained by
Altman’s Z” model (8.93), and the highest value was obtained by the Zmijewski model
(9.17). For 2018, the Zmijewski model produced the highest value (9.17), while the lowest
value (9.11) was obtained by the Springate model.

The Springate model estimated that, in the sample of companies in 2015, there were as
many as 73 failed companies, and that this number grew in the subsequent years, to 73,
73, 74, and 78, in chronological order, while, in 2020, it amounted to 93. Given that, in the
period from 2015 to 2020, none of the initially poorly rated 73 companies went bankrupt, the
applicability of this model for the hotel industry in the Republic of Serbia is questionable,
unless the obtained scores are used as continuous values, without applying discriminatory
factors, as demonstrated in this paper.

The results of the application of the Springate model with the converted values
are shown in Table A1 (Appendix A) by Model 1 and Model 2, which confirm earlier
conclusions, whereby the factual value of the converted Springate score for 2019 of 9.09 was
out of the interval [8.91, 9.04] that was set by the models, but this deviation was not
significant. For 2020, the discriminating interval that was set by Model 1 and Model 2 was
(8.92, 9.08), and as the obtained Z was 8.44, it was significantly outside of this interval. As
in the case of the application of Altman’s Z”-score, the application of the Springate scores
showed that a smaller decrease was expected to happen in 2019, while, in 2020, a smaller
increase in the score was expected.

As shown in Table A3 (Appendix A), the arithmetic mean of the Z-scores, which were
obtained by the Zmijewski model, turned out to be less sensitive to the changes between
the years. The converted Z-score value of 9.07 was achieved for the period, 2015–2016;
9.17 for the period, 2017–2019; and 8.44 for 2020. The Zmijewski model proved to be less
rigorous than the Springate model; according to the model, the number of companies in the
sample that were endangered in 2015 was 18, while, in the following years, the numbers
were 16, 17, 19, and 16, in chronological order, and were 28 in 2020. According to the scores
that were obtained by the Zmijewski model, which are shown in Table A3 (Appendix A),
2017 was just as successful as 2018; in 2019, a smaller increase in the risk of bankruptcy was
registered; and the change in 2020 was drastic.

As shown in Table A2 (Appendix A), Model 1 did not have different expectations with
regard to 2019 and 2020 (i.e., degradation in 2019, according to the arithmetic mean of the
Zmijewski score, was not noticed). However, the AI indicator for the Zmijewski scores
showed a positive change in 2018, and a negative one in 2019. The results of the application
of the Zmijewski scores by Model 1 and Model 2 indicate a deviation in 2019, as the factual
Z of 9.17 of the Zmijewski model was outside of the interval (8.79, 9.06). The registered
change in 2020 was, nevertheless, 3.2 times higher than in 2019 for the discriminating
interval that was set by Models 1 and 2 for 2020 (8.79, 9.06). The deviation in 2019 can be
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interpreted through the low sensitivity of the arithmetic means of the Zmijewski scores,
which showed no changes in 2018, and which was used as an input parameter to calculate
the expected Z-score in 2019.

On the basis of the results of the models, which used Altman’s, Springate, and Zmijew-
ski scores, we can conclude that 2020 differed significantly in terms of the deviations of the
Z-scores from the period, 2015–2019 (i.e., in this year, the consequences of the COVID-19
crisis were felt significantly with regard to the risk development conditions (RDCs) and the
expected rate of bankruptcies (BREs). At the same time, further deterioration in the RDCs
and BREs was expected for the period after 2020. As is shown by Table 4, the number of
companies in the hotel industry in 2020 fell from 885 to 704, although, at the state level,
this was reduced. On the basis of the above, we can conclude that the hotel industry is
more sensitive to exogenous changes with extreme measures, such as lockdowns, than
other industries, so that it reacts to them quickly (i.e., the lag between the changes in the
operating conditions and the real bankruptcies is shorter).

The models that used Springate and Zmijewski scores registered some change in 2019,
but this change was not significant, and, in the case of the Zmijewski model, the deviation
can be attributed to the weaknesses of its arithmetic mean indicator, and so we can conclude
that, in 2019, when there were no registered cases of COVID-19 in the Republic of Serbia,
the crisis, in the form of news and rumors about an emerging health crisis at the end of the
year, had no effect on the hotel industry of the country.

Although there are no previous comparable studies on the impact of the COVID-
19 crisis on the risk of bankruptcy in the hotel industry in the Republic of Serbia, the
results from this section can be compared with the results of studies that have dealt with
the impact of this crisis on hotel companies in other countries and/or on other relevant
performance indicators of the hotel industry. The strong influence of the crisis on the
different performance indicators of hotel companies worldwide in 2020 was confirmed by a
multitude of studies (such as [128,135–137]), while, when it comes to the risk of bankruptcy,
only a few studies indicated an increase in this risk in 2020 [124].

5.2. Assessment of the Impact of the COVID-19 Crisis on Transitions between Bankruptcy Risk Zones

In order to evaluate the impact of the COVID-19 crisis on the relocations of companies
among the three risk zones that are defined by the Altman’s Z”-score model, the data on the
dynamics of the model’s interzonal transitions in the period under review were analyzed.
As the data for different risk zones are interdependent variables, both in the current year
and in relation to previous years, the indicators of the mean values of the Z” for different
zones do not provide adequate results for assessing the trends in the zones and the impact
of the COVID-19 crisis on different zones. For example, the average Z” in the second and
third zones increased in 2020, compared to 2019, but this positive indicator was a result of
a negative phenomenon (i.e., the decline in some companies from the third to the second
zone). As a result, the probability of a transition between the risk zones was monitored,
and the values of the zonal dynamics indicators in a one-year period were calculated.

For the sake of formalization, let tij (type of transition) be the state of the transition of a
firm from Zone i (i ∈ [1, 3]) to Zone j (j ∈ [1, 3]) over two successive years, where i denotes
the risk zone of a firm in the previous year compared to the analyzed year; j denotes the
risk zone of the firm in the analyzed year; and i 6= j. Let the indicator, ti

*, be the state in
which the firm has not changed zones in two successive years (i = j), i ∈ [1, 3]. Let Tij be the
sum of all the transitions from Zone i to Zone j, and i 6= j, i, j ∈ [1, 3]; let Ti* be the sum
of the steady states that originate within Zone i (i = j), i ∈ [1, 3]; let Ti

− be the sum of all
the negative outbound transitions of Zone i under the conditions: i > j or i = j = 1, i ∈ [1, 3],
j ∈ [1, 2]; and let Ti

+ be the sum of all the positive outbound transitions of Zone i under the
conditions: i < j or i = j = 3, i ∈ [1, 3], j ∈ [2, 3]. Hence, by positive transitions, we consider
the states in which the firm entered a higher zone in the analyzed year compared to the
previous year, or in which it stayed in the highest zone (i < j or i = j = 3), while, by the
negative transitions, we consider the states in which the firm entered a lower zone or stayed
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in the lowest zone (i > j or i = j = 1). Similarly, Ni denotes the total number of companies
within Zone i (i ∈ [1, 3]). Each of the previous indicators can refer to an individual year or
to a desired period, with the analyzed year or period marked in the index of the variable.
For example, T−2 2020 denotes the sum of the firms in the second zone in 2019 that fell into
the first zone in 2020, and T−2020 denotes the sum of all the firms that had a decline in the
zone, regardless of the zone that they had had in 2019, and the firms that remained in the
first zone in 2020.

In order to perceive the nature and quantity of the interzonal transitions estimated
by the Altman’s Z”-score model in a more robust way, we introduced five zonal dynamics
indicators (ZDIs) for the individual years: the staticity of the year (Syear); the positive flows
of the year (PFyear); the negative flows of the year (NFyear); the index of change in the year
(ICyear); and the strength of the change in the year (SCyear). ZDIs are relative indicators, as
they are used to quantify the RDCs in the analyzed year in relation to the previous year
with regard to the quantity and nature of the transitions of the firms between the risk zones.

The staticity of the year (Syear) represents the average probability of a firm being in a
static state in the analyzed year, or of remaining in the same zone as the previous year, and
it is calculated as:

Syear =
1
n ∑

x∈X1

p(t∗iyear
) =

1
n ∑

x∈X1

T∗iyear

Niyear−1

where Syear ∈ [0, 1]; i ∈ [1, 3]; x represents a hotel company within the subset (X1) of the set
of the hotel companies in the sample-X, such that {x ∈ X1| X1 ⊆ X| tij(x) ∈ {11, 22, 33}},
or is otherwise expressed as: {x ∈ X1| X1 ⊆ X| tij(x) = t∗i (x)}; n represents the cardinality
of the set (X); p(t∗iyear

) represents the probability of a stationary state for the zone, i, in the
period: [year − 1, year]; Ti*year is the sum of the steady states that originate within Zone i
in the year; and Niyear−1 denotes the total number of the companies within Zone i in the
previous year. The staticity of the year indicates the quantity of transitions in the given year.

The positive flows of the year (PFyear) represent the average probability that the firm
will have a positive transition in the given year, and it is expressed as:

PFyear =
1
n ∑

x∈X2

p(tijyear ) =
1
n ∑

x∈X2

T+
iyear

Niyear−1

where PFyear ∈ [0, 1]; i ∈ [1, 3], j ∈ [2, 3], i < j or i = j = 3; x represents a hotel company
within the subset (X2) of the set of the hotel companies in the sample-X, such that {x ∈
X2| X2 ⊆ X| tij(x) ∈ {12, 13, 23, 33}}; n represents the cardinality of the set (X); p(tijyear)
represents the probability of the positive transition; T+

iyear
is the sum of all the positive outbound

transitions for Zone i in the year; and Niyear−1 denotes the total number of the companies within
Zone i in the previous year.

The negative flows of the year (NFyear) describe the extent to which negative transi-
tions have occurred in the given year; in other words, this indicator represents the average
probability that a firm will have a negative transition in the given year, and it is calculated by:

NFyear =
1
n ∑

x∈X1

p(tijyear ) =
1
n ∑

x∈X1

T−iyear

Niyear−1

where NFyear ∈ [0, 1]; i ∈ [1, 3], j ∈ [1, 2], i > j or i = j = 1; x represents a hotel company
within the subset (X3) of the set of the hotel companies in the sample-X, such that {x ∈
X3| X3 ⊆ X| tij(x) ∈ {11, 21, 32, 31}; n represents the cardinality of the set (X); p(tijyear )
represents the probability of the negative transition; T−iyear

is the sum of all of the negative
outbound transitions of Zone i; and Niyear−1 denotes the total number of the companies
within Zone i in the previous year.
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The index of change (ICyear) is an indicator of the extent to which positive and negative
flows in the current year differ from the previous year, and it is calculated as:

ICyear =
1
4
((PFyear − PFyear−1)− (NFyear − NFyear−1) + 2)

where the difference is normalized so that the value is obtained on the scale: ICyear ∈ [0, 1].
The index of change is designed to be used as an estimator of the transition’s dynamics
trend in the given year compared to the previous year, by which we consider the nature
(positive or negative) of the prevailing transitions in the analyzed period. If IC = 0.5, there
is no change compared to the previous year; if IC > 0.5, the trend is positive; and if IC < 0.5,
the trend is negative compared to the previous year.

The strength of the change in the year (SCyear) compared to the previous year refers to
the power of the transition’s dynamics trend, and it is calculated as follows:

SCyear = 2×
∣∣0.5− ICyear

∣∣ × 100

where SCyear ∈ [0%, 100%].
A sensitivity analysis was performed to analyze the applicability of the ICyear and Syear

indicators, with the changes in these indicators monitored under different lower cut-off
values for the period, 2017–2020, and the results are presented in Table 8. The aim of
the analysis was to consider the degree of the variation in the conclusions for these two
indicators, depending on the adopted discriminator value.

Table 8. Analysis of sensitivity of ICyear and Syear indicators to changes in lower cut-off values.

Lower
Cutoff Indicator 2017 2018 2019 2020 Sum(ICyear−Syear)

3.45
S 0.60 0.69 0.75 0.56 −0.68
IC 0.47 0.52 0.49 0.44

3.55
S 0.61 0.73 0.76 0.58

0
IC 0.46 0.52 0.50 0.44

3.65
S 0.60 0.69 0.75 0.56 −0.01
IC 0.46 0.52 0.50 0.43

3.75
S 0.61 0.75 0.75 0.59

0.04
IC 0.51 0.51 0.50 0.43

3.85
S 0.64 0.62 0.75 0.74

0
IC 0.51 0.51 0.50 0.43

3.95
S 0.63 0.73 0.75 0.59

0.01
IC 0.51 0.52 0.50 0.43

4.05
S 0.64 0.73 0.76 0.59 −0.02
IC 0.50 0.52 0.49 0.43

4.15
S 0.65 0.73 0.76 0.60

0
IC 0.50 0.52 0.49 0.43

Source: Authors.

A lower cut-off value differentiates the first zone (high risk of bankruptcy) from the
second zone (moderate risk), and it is particularly important for the timely identification
of firms that are becoming vulnerable to bankruptcy. A decrease in the lower cut-off
value, and the consequent shortening of the second zone, decreases the potential of an
indicator to identify extremely negative transitions (t31 transitions) and extremely positive
transitions (t13), which are particularly alarming within the monitoring of market dynamics
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and financial malfeasances, while, at the same time, it increases the opportunity to track
moderate transitions. The effect of an increase in the lower cut-off values is the inverse.

For the given sample of firms and the period of the analysis, the ICyear indicator is
insensitive to changes in the lower cut-off values for { X ∈ R | X ∈ [3.45, 4.15] } (ANOVA
one-way test: α = 0.05, p = 0.736), while the indicator, Syear, is statistically significantly
dependent on the lower cut-off values (ANOVA one-way test: α = 0.05, p = 0.000). In this
sense, the ICyear is a better tool for evaluating the risk of bankruptcy than the Syear, since it
is more sensitive to changes in the lower cut-off values.

If we assume that the model is better if it is, at the same time, more sensitive to the
zone changes in the two successive years and less sensitive to changes in the lower cut-off
values, we can find, for the analyzed lower cut-off values and period, the best cut-off value
by calculating:

max(
n

∑
k=1

(ICyear − Syear))

where k is a counter, and n denotes the number of years in the analyzed period. In our
study, for the analysis of the lower cut-off values of { X ∈ R | X ∈ [3.45, 4.15] }, with an
interval distance of 0.1 and for the period, 2017–2020, with n = 4, the maximum dynamicity
was found for a lower cut-off value of 3.75, which indicates that this is the most favorable
value for monitoring the transitivity between the zones, and best reflects the dynamics of
the transitions. Thus, we kept the lower cut-off value of 3.75, as it was originally suggested
by Altman.

Furthermore, on the basis of the ZDIs for the period, 2017–2020, 2018 introduced
changes in the transition dynamics, compared to the earlier period, as the staticity grew
and as positive transitions grew more than negative transitions, so that moderate growth
was achieved, as shown in Table 9. On the other hand, a year of decline preceded 2017,
with a strength of 8%, which is in line with the results of the AI indicator, which showed
a poorer performance for 2017 than 2016, although the highest Z” in the analysis period
was achieved in the same year. Given that the AI and the IC are highly linearly correlated
(AIyear←→ICyear, corr. coeff = +0.972, rsq = 0.945), both indicators similarly describe the
state of the year, so that AI can be used to approximate the IC indicators by the studies in
which transition dynamics analysis is not performed.

Table 9. Zonal dynamics indicators for 2016–2020.

ZDI/Year 2016 2017 2018 2019 2020

Syear 0.63 0.61 0.75 0.75 0.59
PFyear 0.36 0.32 0.45 0.44 0.26
NFyear 0.18 0.20 0.21 0.19 0.28
ICyear NA 0.46 0.53 0.5025 0.43

Type of change NA Fall Growth Neutral Fall
Strength of change (SCyear) NA 8% 6% 0% 14%

Source: Authors.

As shown in Table 9, the ZDIs for 2019 confirm earlier conclusions that assert that
the change in the transition dynamics, compared to 2018, was not significant, and that,
consequently, there was no change in the RDCs. On the other hand, 2020 was a turbulent
year with a negative trend, where negative transitions outweighed positive transitions and
the staticity was at the lowest level in the entire analyzed period, and so, in this year, the
RDCs significantly deteriorated.

In addition, in order to evaluate the dynamics of the transitions between the zones in
more detail, an analysis of the chronology of the transition types for 2016–2020 was carried
out. As depicted in Table 10, Figures 2 and 3, the probabilities of the different transition
types within the risk zones were calculated and their marginal means were estimated.
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In 2020, all positive transitions declined, while the negative transitions grew. For states
without transition, t22 and t33 declined, while t11 increased.

Finally, statistical testing of the formulated hypothesis regarding the changes in the
transition dynamics was carried out, which compared 2019 and 2020 to the previous period
(2015–2018). Table 11 shows the important results of three two-way ANOVA tests, one for
2019, and two for 2020.

The ANOVA test for 2019 shows, with a confidence level of 95%, that the transitions
in 2019 were not significantly different from the previous period, except for the transitions
from the second to the third zone, which were reduced, as is shown by Table 11. This
conclusion could not be made when the probabilities of the transitions in 2020 by type were
compared to those of 2015–2018 and to 2019 alone. This analysis shows, once again, with a
confidence level of 95%, that the first statistically significant results of the crisis, in general,
in terms of the changes in all the types of transitions by zone, were present in 2020, and
that they have manifested by an increase in the transitions from the third to the first zone,
and with the decline from the first to the third zone. In summary, the crisis in 2019 affected
the progress within the second risk zone, although there were no significant changes in the
transition dynamics, in general, while, in 2020, the progress of the companies from the first
to the third zone was reduced, which significantly endangered some of the companies in
the third zone, so that the change in the RDCs was evident.

Table 10. Probabilities of transition types within risk zones by year.

Zoneyear−1 Transition Type
Probabilities of Transition Types within Risk Zones by Year

2016 2017 2018 2019 2020

3

t3 * 0.833 0.837 0.939 0.890 0.706

t32 0.104 0.163 0.060 0.109 0.196

t31 0.063 0.000 0.000 0.000 0.098

N3year−1 48 49 49 55 51

2

t2 * 0.577 0.522 0.600 0.722 0.609

t23 0.269 0.217 0.240 0.056 0.130

t21 0.154 0.260 0.160 0.222 0.260

N2year−1 26 23 25 18 23

1

t1 * 0.808 0.714 0.885 0.815 0.962

t12 0.115 0.179 0.000 0.148 0.038

t13 0.077 0.107 0.115 0.037 0.000

N1year−1 26 28 26 27 26

Source: Authors. Note: * denotes the state in which the firm has not changed zones in two successive years (i = j)
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Table 11. Results of hypothesis testing with regard to transition dynamics by use of ANOVA.

Analyzed
Year

Compared
Period No Hypothesis Proven (Y/N) Sig. F Partial Eta

Squared

2019

2015–2018 1
There is a difference in all

transitions (tij), including ti *
(tij, i ∈ [1, 3], j ∈ [1, 3]))

N 0.125 1.891 0.457

2015–2018 2 There is a difference in -t23
transitions Y 0.034 38.653 0.951

2020

2015–2018 3
There is a difference in

transitions (tij), including ti *
(tij, i ∈ [1, 3], j ∈ [1, 3]))

Y 0.032 2.836 0.558

2015–2018 4 There is a difference in t31
transitions Y 0.000 59780 1.0

2015–2018 5 There is a difference in t13
transitions Y 0.050 18.563 0.903

2019 6
There is a difference in

transitions (tij), including ti *
(tij, i ∈ [1, 3], j ∈ [1, 3]))

Y 0.000 0.000 1

2015–2018 7 There is a difference in
positive transitions Y 0.011 10.744 0.574

2015–2018 8 There is a difference in
negative transitions Y 0.022 8.035 0.501

Source: Authors. Note: * denotes the state in which the firm has not changed zones in two successive years (i = j).

Although the ANOVA test showed that there was no significant difference in the transi-
tions that originated from the second zone in 2020 compared to 2015–2018, we performed a
more detailed analysis, which shows that the t21 transitions, which are especially dangerous,
have a normal distribution (Kolmogorov–Smirnov normality test, α = 0.05, p = 0.2, Z”-score
~N(4.533, 0.408)). Altogether, this means that half of the companies from the second zone that
declined to the first zone in the two successive years during the analyzed period had Z”-scores
in the range of 3.75–4.335 in the previous year (i.e., for this type of transition, there were as
many of these companies as those with Z”-scores of 4.335–5.85). However, if we take into
account the probability of t21 transitions, it is evident that there was a significant difference



Sustainability 2022, 14, 4680 26 of 44

between these two groups, as is shown in Table 12. Thus, the risk of falling from the second
to the first zone in 2020 for firms with Z”-scores of 3.75–4.335 in the past year increased to
42% (compared to 6% in 2016), while changes within this group in 2019 are also noticeable.
However, for companies with Z”-scores of 4.533–5.85, the stability was maintained in terms of
the bankruptcy risk in 2019 and 2020. Thus, as is shown by Table 12, the fall in the medians
of the Z”-scores in 2017, 2019, and 2020 can be attributed, to a great extent, to the enlarged
number of transitions from the lower subzone of the second zone into the first zone.

Table 12. Probabilities of t21 transitions for two groups in second zone in 2016–2020.

Group
Probability of t21 Transition

2016 2017 2018 2019 2020

1 Z′′ year−1 ∈ [3.75, 4.533] 10% 28.6% 16.7% 37.5% 41.7%
2 Z′′ year−1 ∈ [4.533, 5.85] 6% 18.8% 21% 20% 18.2%

Source: Authors.

5.3. Assessment of the Risk of Bankruptcy for the Period after 2020

As shown in previous sections, unlike in 2019, the position of the hotel companies in
the Republic of Serbia with regard to the RDCs seriously deteriorated in 2020. The Z”-score
for this year was 8.44, and the median fell to 13.03, while the transition dynamics indicators
showed noticeable turbulences, and a decline of 14% was registered. Thus, the results for
the RDCs in 2020 suggest that, in 2021, more hotel companies were heading for bankruptcy,
and the struggle to survive in the industry may have been intensified (i.e., the bankruptcy
risk exposure (BRE) increased in 2021). As previously stated, we make conclusions here
on the BRE of the year under review on the basis of the RDCs from the previous period,
and we quantify the BRE on the basis of the change in the Z”-score in the previous year
compared to the year before (∆Z”year−1). With the aim of numerically expressing the BRE
in a more assessable way, we introduce a relative BRE estimator for the analyses period,
which represents the normalized value of the indicator and is calculated as follows:

RBREyear/period =
∆Z′′ year−1 −MIN(∆Z′′ year−1)

MAX(∆Z′′ year−1)−MIN(∆Z′year−1)

where period represents the period under analysis; MIN represents the minimum Z′′ year−1 for the
period; and MAX represents the maximum ∆Z′′ year−1 for the period, with RBREyear/period ∈
[ 0, 1]. RBREyear/period = 1 denotes the worst position in terms of the bankruptcy exposure
risk, and RBREyear/period = 0 denotes the best position within the analyzed period. When
the formula is applied and the BRE is estimated for the period, 2017–2024, it can be concluded
that the BRE was at the highest level in 2021, compared to the previous period (BRE = −0.49;
RBRE = 0.15), as depicted in Figure 4, and that it will worsen in 2022.

In order to predict the Z”-scores for 2021 and 2022, and, thus, the BREs for 2022 and
2023, we firstly predicted the RDCs for 2021 and 2022. The predicted Z”-scores for 2021 and
2022, which were obtained from Model 1, refer to stable working conditions, in which the
stabilizing and development forces operate. However, because of the unexpected health
crisis, the stability of the RDCs in the hotel industry was disrupted, while the consequences
of both the previous and current effects of the crisis are currently materializing. If the
current indicators from 2020 were used to predict the Z”-score in 2021, Z”2021 = 9.18 would
be obtained, while, in the following years, it would amount to 9.08, 9.03, 9.1, 9.07, and 9.09,
in chronological order. Such a prediction would imply that the health crisis was in full
swing only in 2020, and that, after that period, the hotel industry would take some time to
stabilize, while the changes after 2021 would be negligible. In this scenario, the Z” would
have a minimal change in the period, 2022–2023, when it would reach the minimum value.
This is in line with the previous conclusion that the time that lags between the change in
the operational conditions and real bankruptcies is shortened for the hotel companies in
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the Republic of Serbia when compared to the bankruptcy tendencies at a general national
level, and so, by this scenario, the strongest hit would happen in 2020.
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In order to adapt Model 1 so that it is applicable in the advent of a crisis, we included
an additional factor in the estimation of Parameter K, which represents the basis of Model 1.
The additional factor, the destabilizing force, models the negative effects of the COVID-19
crisis and depicts the delays in adapting planning mechanisms and operative methods
to new business conditions, which can lead to bankruptcies, reorganizations, and other
problems. The destabilizing force in the model acts in a way that modifies the action of the
stabilizing force and prevents the rapid return of the system to its previous state. In order
to model the destabilizing force, we first made predictions on the RDC indicator, the ICyear,
through Models 4 and 5. We used this RDC indicator, as we previously found a strong
correlation of ∆Z”year−1←→∆ICyear (corr. coeff = 0.979; rsq = 0.959), so that these models
allowed us to foresee the degree of change in the transitions and, consequently, to assess
the values of the Z” for 2021 and 2022.

In an effort to find variables to predict the ICyear values in 2021 and 2022, we analyzed
the dependencies of the different derived indicators from the Z”-score and the ICyear, PFyear,
and NFyear indicators for 2017–2020. A cross-correlation analysis of these indicators was
performed for the time intervals within this period, without a time lag, and with a one-year
lag. We found that the change in the positive flows in a given year, compared to the
previous year, was perfectly positively linearly correlated with the value of the Z”-score
change from the previous year (∆Z”year−1←→∆PFyear, corr. coeff = 0.999, rsq = 0.999), while
the best parameter for modeling a description of negative flows is the change in the positive
flows in the previous year (∆PFyear−1←→NFyear, corr. coeff = −0.967, rsq = 0.935). Thus,
Model 4 uses these dependencies to build predictions about the positive and negative flows
of the year, as is shown in Table 13. On the basis of the predicted values for the PFyear and
the NFyear, it is possible to estimate the value of the ICyear in the analyzed year; however,
this approach requires the availability of data on the transitions in the three previous years
to the year for which the prediction is performed.



Sustainability 2022, 14, 4680 28 of 44

Table 13. Results of applying Model 4 for forecasting positive and negative flows for 2021.

Model 4/1: Forecasting Positive Flows F(PF2021)

iv: ∆Z”year−1
PFyear−1

R2 = 0.999
RMSE =
0.0013

For F(PFyear) ≥ 0:
= 0.9305 × ∆Z”year−1
+ PFyear−1 + 0.0161
For F(PFyear) ≤0: = 0

F(PF2021) =
= 0.9305×∆Z”2020 + PF2020

+ 0.0161
F(PF2021) = −0.18 ~ 0

dv:
PFyear

Model 4/2: Forecasting Negative Flows F(NF2021)

iv: ∆PFyear−1,
NFyear−1

R2 = 0.921
RMSE =
0.0115

For F(NFyear) ≥ 0:
= −1.1269 × ∆PFyear−1

+ NFyear−1 + 0.0667
For F(NFyear) ≤0: = 0

F(NF2021) =
= −1.1269 × ∆PF2020 + NF2020

+ 0.0667
F(NF2021) = 0.5495

dv:
NFyear

Source: Authors.

The severity of the crisis in 2021 is indicated by the projected value of the positive
flows of zero, and by the enormous growth in the negative flows (0.549) that year. The
corresponding value of the IC2021 is 0.4076, and the SC2021 is 18.47%. In this way, Model
4 confirms that the RDCs in 2021 were worse compared to 2020, with negative transitions
prevailing. In order to translate this result into the predicted Z”-score of the hotel industry,
we developed a multiple regression model (Model 4/3), which is shown in Table 14, and
which comes from the dependency: ∆Z”year−1←→∆ICyear.

Table 14. Model 4/3 submodel for calculating Z”year based on ICyear.

Model 4/3: Submodel of Model 4 for Calculating Z”year Based on ICyear F(Z”2021) F(Z”2022)

iv: F(ICyear),
Z”year−1

R2 = 0.96
RMSE =

0.059

For F(Z”year) ≥ 0:
= 5.1631 × F(ICyear) + Z”year−1 − 2.7302

For F(Z”year) ≤ 0: = 0

F(Z”2021) = 7.81 F(Z”2022) = 7.57

dv: Z”year

Source: Authors.

According to the results of Model 4/3, the projected Z”-score of the hotel industry for 2021
is 7.81. By applying the same model and by using the forecast for 2021, it is possible to establish
that the further deterioration of the RDCs is also expected in 2022, with F(IC2022) = 0.483,
SC2022 =3.335%, and Z”2022 = 7.57; however, it will be modest compared to 2021 and 2020.
In the same way, it is possible to calculate the IC value of 0.48 for 2023 and for subsequent
years, which indicates that the structural breakpoint in the IC values was achieved in 2021, so
that, as the IC is an RDC indicator, the structural change in the Z-scores can be obtained for
2022. These results are in line with the results of the application of ANNs in predicting the
number of hotel companies from the sample within the three zones of Altman’s model, which
are presented in the next section. The ANNs estimated that, in 2022, the number of companies
within the second zone will reach zero, and that, in 2023 and in the following years, no further
transitions will occur. The application of Model 1, as it is formerly stated, has also shown
that the change in the Z”-score would be the smallest in the period, 2022–2023. Bai–Perron
tests confirm that, for the period, 2018–2024, the structural change in the IC value happened
in 2021.

These results indicate that, in 2023, the BRE could remain negative, and that further
bankruptcies can be expected that year as a consequence of the negative RDCs in 2022,
but that the RDC conditions in the same year may become positive, so that the forecasted
Z”-score could start to grow that year. The growth of the Z” in 2023 would further indicate
a positive shift in the BRE in 2024. With regard to the interpretation of Model 1, the strong
deterioration and the effect of the crisis in 2021 will affect 2022 in terms of intensifying the
effect of the stabilization force, which will prevent significant deterioration in 2022, and
which will even influence the growth of the Z” in 2023, compared to 2022.
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Furthermore, in order to confirm these findings and assess the value of the IC in 2023
and 2024, the exponential smoothing model (AAN) and polynomial regression were used
(x(t) = 0.0362 x(t−1)

2 − 0.1901 x(t−1) + 0.6586; where x denotes IC; R2 = 0.9826). The first
model produced an assessment of the IC in 2023 of 0.52, and, in 2024, of 0.566. The second
model, with a confidence level of 95%, assessed the IC indicator to have a value of 0.58 in
2023, and 0.56 in 2024. In all, these two models forecasted the further growth of the IC in
2023 and 2024.

Bai–Perron tests were conducted with the R program (strucchange package) [138] for
the time-series values of the IC indicators in the period, 2019–2024, where the IC values
that were obtained from Model 4 were used for the period by 2022, and the exponential
smoothing model’s results were used for 2023 and 2024. This test, as depicted by Figure A1
(Appendix A), confirmed that the structural breakpoint happened in 2021, so that the worst
RDCs occurred in this year, which suggests that the lowest Z” was in 2022. The test has
shown an intercept value of 0.5416, and a time factor of −0.04745 for the period, 2019–2021,
and 0.3155 and 0.0415 for the period, 2022–2024, respectively. A recursive CUSUM test
showed that this conclusion is statistically significant, with S = 1.526 and p = 0.00017.

The second approach is to predict the ICyear directly, by using the data on the change in
the Z”-score in the previous year (∆Z”year−1). The advantage of this approach is that having
the data on the transitions for two years before the forecast year is sufficient; however,
the disadvantage is that this model is only applicable within a time span of one year, as
median values of the Z”, so that neither AI indicator is forecasted by other models. The
multiple regression model that yielded the smallest error while predicting the ICyear is
Model 5, which is shown in Table 15. This model is a combination of a linear regression
model for predicting the ∆ICyear on the basis of the change in the Z”-score in the previous
year (y = 0.2773 × ∆Z”year−1 − 0.0085, R2 = 0.959, RMSE = 0.0066), and Model 2, which is
used to approximate the ∆Z”year−1.

Table 15. Model for forecasting the ICyear indicator.

Model 5: Forecasting IC Indicator F(IC2021)

iv: AIyear−2, ICyear−1 R2 = 0.96
RMSE =
0.0386

For F(ICyear) ≥ 0:
= −1.72924× ln

(
AIyear−2 ) + ICyear−1 + 4.664

For F(ICyear) ≤ 0: = 0

F(IC2021) =
0.419dv: ICyear

Source: Authors.

According to the results of this model, the ICyear for 2021 is 0.419, which represents a
16.15% decline in the strength. To translate the result into a predicted Z”-score for 2021, the
auxiliary Model 4/3 was used, which obtained a value of 7.87.

On the basis of the conclusion of Model 4, which is that the collapsed RDCs will slow
down in 2022, we projected that the destabilizing force would reach its maximum in 2021,
that it would produce similar Z”-scores in 2021 and 2022 as in Model 4, and that it would
act inversely to the stabilizing force. The addition of the destabilizing force—which, similar
to the stabilizing force, depends on the Z”year−1 and represents a prediction for the Z”year
but acts in the opposite direction; i.e., it intensifies the negative changes until reaching its
maxima, then decreases proportionally and changes the formula for the calculation of the
parameter, K:

Kyear = ∆Z′′ year−1 − (FSTAB(∆Z′′ year)− FDESTAB(∆Z′′ year))

The application of second-order polynomial regression, on the basis of data for 2019
and 2020, obtains the calculation formula for the destabilizing force:

FDESTAB(∆Z′′ year) = 0.1334× x2 − 0.8002× x + 0.5348

where x represents the ordinal number of the year in the analyzed period, so that, for 2019,
x = 1.
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When Parameter K in Model 1 is replaced with the parameter that includes the effect
of the destabilizing force, we obtain the formula to calculate the forecasted Z”-score, which
can be applied when a sudden crisis emerges:

FCOVID(Z′year) = 0.6884× ∆Z′′ year−1 + 0.574× Z′′ year−1 + 0.0918× x2 − 0.55085× x + 4.16385

Figure 5 depicts the effects of the three components of Model 6, including the K
parameter and the forecasted Z”-score for 2021–2024.

As shown in Table 16 and Figure 4, Model 6 delivered similar predictions for 2021 and
2022 to Model 4 when the Altman scores were used. As the destabilizing force will become
weaker in 2022, the Z”-score will reach its periodic minimum, until finally, in 2023, it will
start to grow under the influence of the stabilizing force. In 2024, besides the stabilizing
force, the development force will start to act positively, and the destabilizing force should
stop operating, so that the K parameter and the consequential Z”-score will start to grow
faster. For this year, a Z”-score of 8.50 will be obtained as predicted, and, for the following
year, 2025, the score will have a value of 8.76.
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Table 16. Model 1 adapted for forecasting Z”-score in the COVID-19 crisis (Model 6), applied for
2021–2025.

Model 6: Model 1 Adapted for Forecasting Z”-Score in COVID-19 Crisis Scor. Model F
(Z”2021)

F
(Z”2022)

F
(Z”2023)

F
(Z”2024)

F
(Z”2025)

iv : ∆Z′′ year−1,
Z′′ year−1, R2 = 1

RMSE =
0.017

= 0.6884× ∆Z′′ year−1 + 0.574× Z′′ year−1 +

0.0918× x2 − 0.55085× x + 4.16385
- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -

for : FDESTAB
(
∆Z′′ year

)
= 0, xyear → 1 .

Altman’s EM 7.85 7.55 7.84 8.50 8.76

dv : Z′′ year
Springate 7.73 7.38 7.7 8.34 8.66

Zmijewski 7.77 7.34 7.35 7.93 8.66

When the converted Springate scores from Table A1 (Appendix A) were applied to
Model 6, similar values of the Z” were assessed. The Springate scores indicated that the
minimal value of 7.38 will be obtained in 2022 (i.e., that the Z-score will start to grow in
2023, so that the BRE of +0.32 will be reached in 2024, after which the BRE will dramatically
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rise in 2025 to +0.64). The application of the Springate scores also indicates that lower
values of Z-scores will be obtained in the period, 2023–2025, but the crisis will hit even
harder in 2022 than was foreseen by the use of the Altman scores.

The results of the application of the Zmijewski scores confirm that the local minima
of Z will be obtained in 2022, although Model 6, based on the Zmijewski scores, assessed
a negligible positive change in the Z in 2023, and so, for this model, the state of the local
minima is prolonged (i.e., the destabilizing force will stop operating in 2025, instead of
in 2024). In 2024, in this case, the assessed value of the Z will still remain lower than in
the cases of the Springate and Altman scores, while the BRE factor will have a modest
value of +0.01; however, the significant rally will be obtained in 2025, with a BRE factor of
+0.73, when the Z for the Zmijewski model will reach the same level as in the case of the
Springate model, and will be somewhat lower than the assessed value that was obtained
by the application of the Altman scores.

Figure 5 depicts the changes in the RDC and BRE values for the period, 2017–2024.
The RDC values are obtained on the basis of the calculated change in the Z”-score in the
year under analysis, compared to the previous year.

As is shown in Figure 5, which depicts the changes in the RDCs and BREs for
the period, 2017–2024, the year with the most significant changes that were induced
by the COVID-19 crisis, in terms of the preconditions for bankruptcy, seems to be 2021
(RDC = −0.63; IC = −0.41), when the changes that were induced by COVID-19 hit the
market the hardest. In the same year, the destabilizing force had the greatest power.

The year when the periodic minimum of the Z”-score for the hotel industry will be
reached, and when the BRE will be the highest, is 2022 (Z”-score = 7.55; BRE = −0.63;
RBRE = 0.0), when the highest number of bankruptcies can be expected within the analyzed
period. Although the RDCs will be better for this year compared to 2021 and 2020, the exposure
to bankruptcy will be higher as a result of previous RDC developments. The Bai–Perron tests
on the Z” obtained from Model 6, which used Altman’s Z”-scores for the period, 2020–2025,
as depicted by Figure A2 (Appendix A), confirm that the structural breakpoint in the Z-scores
is reached in 2022, and the recursive CUSUM test confirms that this result is statistically
significant, with S = 1.2009 and p = 0.00585. This result has been confirmed by the same
test for the variant when Model 6 used converted Springate scores (where intercepts for the
period, 2020–2022, accounted for 8.91/time: −0.53, and for the period, 2023–2025, accounted
for 5.83/time: 0.48), and the recursive CUSUM test shows that this result is significant, with S
= 1.3053 and p = 0.00207. The Bai–Perron test identified the structural breakpoint in 2022, as
well in the case of Model 6’s variant with Zmijewski scores (where intercepts for the period,
2020–2022, accounted for 8.95/time: −0.55, and for the period, 2023–2025, accounted for:
4.705/time: 0.655). However, the recursive CUSUM test was not able to detect any statistically
significant breakpoint in the period, 2020–2025, with S = 0.92873 and p = 0.0576.

The trend of the RDC development will be reversed to positive in 2023, which repre-
sents the turning point in risk conditions development, as the stabilizing force will have
the strongest positive effect in this year, while the negative influence of the development
force and the destabilizing force will weaken. The twist in the trend can be explained by
the effect of the stabilizing force and, practically, by the elimination of the hotel firms that
could not withstand the pressure of the crisis through bankruptcies (i.e., the amplified
elimination of the “weak” companies from the sample in 2022, which will cause the growth
of the Z” in 2023), and through the internal adaptations made by other hotel companies
and their adjustments to the new operating conditions.

With the growth of the RDC in 2023, the expectations for the following year will rise.
Thus, an amelioration of the position of the hotel companies with regard to their exposure
to bankruptcy risk can be expected in 2024 (BRE = 0.29; RBRE = 1), when the destabilizing
force will stop having effects on the hotel industry in the Republic of Serbia, COVID-19
conditions will turn into the “new regular operating conditions”, and the lower rate of
bankruptcies for a reduced sample of hotel companies can be expected compared to the
previous COVID-19 period. With an assessed value of the Z” of 8.5 for the hotel industry in
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2024, the expectations with regard to the bankruptcy rates in 2025 are even more positive.
Further growth of the Z” in 2025 suggests a further reduction in the bankruptcy rate in
2026 for the sample. However, such improvements are mainly caused by the strict selection
of the firms that will continue to operate, and that were shaped by the COVID-19 crisis
in the previous years. Even in 2025, the Z”-scores of the remaining companies will stay
at a lower level when compared to the pre-COVID-19 period, starting with 2015, which
makes the surviving companies more fragile to any oscillations in demand, and to other
exogenous changes in the future. From the previous discussion, the prospective level of
degradation of the hotel industry in the Republic of Serbia, caused by the outbreak of the
COVID-19 epidemic, becomes more evident.

Crises such as the COVID-19 pandemic are sudden, uncertain, and volatile [127]. In
such circumstances of extreme uncertainty and unexpected shock, the application of con-
ventional forecasting techniques that are based exclusively on the pre-COVID-19 dynamics
of the variables and/or their determinants is not appropriate. In conditions of sudden crisis,
particularly difficult is the problem of assessing the risk of bankruptcy because financial
reporting is a lagging process, and not enough data to construct new and customized
forecasting models can be obtained early enough for early predictions.

In this sense, to the best of our knowledge, there are no scientific studies that predict
the risk of bankruptcy in the hotel industry for the Republic of Serbia and in the region to
which the results of the study can be directly compared. Indirectly, the results of the paper
can be compared to the research by Zhang et al. [127], which devised three scenarios with
regard to the evolution of the tourism income losses in Hong Kong, and with experts’ help
and the autoregressive distributed lag-error correction model, assessed that the losses will
be the highest in 2021, while, in the period, 2022–2024, the losses will still be growing, but
at a slower pace. This is in line with the fact that bankruptcy is a lagging phenomenon, and
so it follows the financial losses with the inability of a business to recover from the sudden
shock created by the crisis. Similarly, these results are in accordance with the worst-case
(severe) scenario results of the study by Liu et al. [65], which aimed to forecast the recovery
rate of the tourism sector, where the predicted repair rates of the tourist arrivals in 2021 for
20 international destinations were at very low levels. Such predictions were also indicated
by a study that was conducted by Wieczorek-Kosmala [139], which implied that the degree
of financially driven risk preparedness is relatively low for hospitality businesses that
operate in Central European countries and concluded that nearly 60% of the examined
businesses are vulnerable to the consequences of operating disruptions.

If we take into account the opinion of the UNWTO’s Panel of Experts, only 4% of the
surveyed experts expect a full recovery in international arrivals in 2022, roughly one-third
of respondents believe that international arrivals will return to prepandemic levels in 2023,
while 63% think it will take even longer than that [140]. At the same time, the UNWTO
scenarios predict that international tourist arrivals could grow between 30 and 78% in 2022,
compared to 2021, but will still be more than 50% below prepandemic levels.

6. Validation of Models through the Application of ANNs and Classic Time-Series Models

In order to compare the results of the structural time-series models with the results
of other forecasting techniques, we performed the forecasting of the Z”-score values for
the used sample of companies and for the period from 2021 to 2024, on the basis of data
from 2015 to 2020, by using the exponential smoothing model (ANN version), the ARIMA
model, and purpose-developed ANNs. Program R was used to work with the time-series
techniques, while the networks were trained by using SPSS v27.

For each firm in the sample, separately, the Z”-score prediction was performed by
using the exponential smoothing model, where the RMSE values of the prediction models
were recorded. With a confidence interval of 95% for 32 firms, the RMSE value was
within the range of 0.2 to 0.5, which makes the use of the model in the case of predicting
bankruptcy risk for the period, 2021–2024, destitute. In an attempt to stabilize the variance
in the inapplicable models, we applied the Box–Cox technique and transformed the data,
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after which the exponential smoothing model was applied. In this case, a satisfactory
RMSE was achieved for 58 companies, and, for this set of companies, the average Z” was
calculated for every year in the period, 2021–2024. According to the results of this model,
the standardized Z”-score will decrease in the entire analyzed period (2.05, 2.43, 2.80, and
3.18, in chronological order).

In the case of the ARIMA modeling with no seasonality component, the test on the
residuals shows that satisfactory models are configured for 67 firms. The Hyndman and
Khandakar [141] algorithm was used to formulate the models, where the Auto Arima
package for R was applied. One cycle of regular differentiating was applied in the case
of 48 firms, while two cycles were applied for 19 firms. The average values of the Z” for
the 67 firms show, with a confidence level of 95%, that a decline is expected in the entire
analyzed period, but that the decline will begin to slow from 2022 (8.21, 8.00, 7.87, and 7.76,
in chronological order).

In order to test the results presented in Section 5.1. and Section 5.2, a total of 90 ANNs
were trained to predict the risk zones of the firms from the sample in 2019 and 2020. A total
of 30 ANNs for forecasting in 2019, which learned from the example of 2018; 30 ANNs for
forecasting in 2020, which learned from the example of 2019; and 30 ANNs for forecasting
in 2020, which learned from the example of 2018, were trained. Among these ANNs,
the five with the lowest cumulative error on the training and testing set were selected,
and their average errors (on the training, the test set, and the effective error), the average
estimated zones of the companies, as well as the average number of companies in each of
the zones in every year, were recorded. Errors within the ANN SPSS module are expressed
as a percentage of the false positive results in relation to the total number of observations.
Effective accuracy, used here, represents the number of true positive results for the entire
data set for the year for which the prediction is made. Since an ANN is a classification
technique, assessing the values of the Z” was not possible.

The idea behind this approach is the same as in the cases of Model 1 and Model 2,
where the expected values for the regular conditions that were obtained by using an ANN
are compared with the firms’ factual zones in 2019 and 2020, in order to extract the effects
of the COVID-19 crisis. In addition, ANN predictions were used to verify the veracity of
the conclusions, and they were obtained on the basis of the ZDI indicators and the ANOVA
hypothesis testing.

Just as we used lagged values in five structural time-series models, the lagged values of
the time series are used as inputs to the ANNs. By this way, neural network autoregression
(NNAR) was applied, where only one last observation is used as the input for forecasting.
As in the case of the structural model, no seasonality was assumed. The NNAR (p,0) model
is equivalent to ARIMA (p,0,0), but includes no constraints on the parameters to ensure
stationarity, where p denotes the lagged inputs, and the second parameter of the NNAR
model denotes no hidden layers. As the input parameters for the ANNs for the input layer
(∆Z”year−1) and the Z”year−1, in the case of Model 1, for each company from the sample at
the output layer, the companies were classified into three Altman risk zones.

The MLP paradigm was chosen because 95% of the ANN implementations that are
used in the business domain use this method [142]. The MLP method, with the standardized
rescaling method for covariances, was selected as the main method, while the batch type
of training, which included the scaled conjugate gradient optimization method, was also
applied. The network training was performed with a 70/30 ratio, and one step was defined
as the maximum number of steps without a decrease in the error. The cross-entropy error
was used for the back propagation method, while a maximum training epoch was set
automatically. When it comes to the network topology, multiple experiments with different
topologies have shown that the best results are obtained when one hidden layer, with a
hyperbolic tangent as the input activation function, and the Softmax output activation
function are used. The results of the ANNs are shown in Table 17.
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Table 17. Comparative overview of the actual number of companies by risk zones, and the projected
number of companies using the ANN.

Nr. of
Firms/Year

2018 2019 2020 2021 2022

Fact. Fact. FANN
2019/2018

Fact. FANN
2020/2019

FANN
2020/2018

FANN
2021/2020

FANN
2021/2019–2020

FANN
2022/2021

FANN
2022/2020–2021

Accuracy / / 83% / 75% 71% / / / /
Zone 3 55 51 56 39 53 54 35 37 35 35
Zone 2 18 23 12 23 19 10 14 18 4 0
Zone 1 27 26 32 36 28 36 51 45 61 65

Average
zone 2.28 2.25 2.24 2.03 2.25 2.18 1.84 1.92 1.74 1.7

Source: Authors.

The five ANNs with the highest accuracies, among the 30 ANNs that were trained for
forecasting in 2019, had an average error of 20.8% on the training set, 17.9% on the testing
set, and an effective error in estimating firm zones in 2019 of 83%. When compared to
2018, the forecast for 2019 had approximately the same number of companies in the third
zone (56 vs. 55 in 2019), a smaller number of companies in the second zone (from 18 in
2018 to 12 in 2019), and a higher number of companies in the first zone (from 27 to 32).
Therefore, the ANN estimated that, in 2019, under regular market conditions, there will
be a deterioration compared to 2018, which will be manifested through the decline of the
companies from Zone 2 to Zone 1, which is in line with the results of Model 1 and Model 2,
which predicted a decline in the Z” indicator in 2019.

In the case of 2020, the five most accurate ANNs that learned on the basis of 2019
(FANN2020/2019) had an average error of 14.3% on the training set, and 18.5% on the testing
set, and an effective accuracy of 75%. These networks estimated that, in 2020, stable
conditions will be maintained compared to 2019. The ANNs expected smaller growth in
Zone 3 (from 51 to 53), a smaller decline in Zone 2 (from 23 to 19), and smaller growth
in Zone 1 (from 26 to 28). The five most accurate ANNs that learned on the basis of 2018
(FANN2020/2018) had an average error of 23.7% on the training set, 12.5% on the testing
set, and an effective accuracy of 71%. Compared to 2019, these ANNs estimated that the
position of companies will be deteriorated in 2020, which predicts a slight increase in
the number of companies in Zone 3 (from 51 to 54), a significant decline in the number
of companies in Zone 2 (from 23 to 10), and a significant increase in the number of the
companies in Zone 1 (from 26 to 36). In this way, the results of Model 1 and Model
2 were confirmed, which predicted a worsening of the situation with regard to the risk of
bankruptcy in 2020 under regular operating conditions.

In the case of the evaluation of the ZDI indicators and the ANOVA testing, the results of
the same ANNs were used. The ANNs that were built for forecasting in 2019 were accurate
in assessing the average zone value of the firms in the sample, predicting an average value
of 2.24 for 2019, while the realized value in 2019 was 2.25, which is in line with the values
that were obtained through the indicators of the dynamism. When the achieved zones in
2019 (where the impact of the COVID-19 crisis was present) were compared to the ANN
forecasts on the basis of the assumption that there is no impact of the crisis, there were 5 fewer
companies in the third zone, 11 more companies in the second zone, and 6 fewer companies
in the first zone. In this way, it was confirmed that the COVID-19 crisis affected the progress
of the companies from the second to the third zone in 2019.

The ANNs that learned on the basis of 2019 estimated that the average zone of the
companies in 2020 will be 2.25, while the actual value of the average zone was 2.03. This
means that the ANNs overestimated the zones of the companies in 2020, which is a clear
sign of negative changes in 2020, compared to 2019. For the situation in 2020, compared to
the forecasts of the ANNs that learned from 2019, there were 14 fewer companies in the
third zone, 4 fewer companies in the second zone, and 1 less company in the first zone.
This result is in line with the conclusion that the crisis in 2020 hit the “good” companies,
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from the third risk zone, the hardest. A similar result was obtained for the ANNs that
learned from 2018 forecasting in 2020; the ANNs were completely accurate in predicting
the number of companies in the first zone, while they significantly underestimated the
number of the companies in the second zone and overestimated the number of companies
in the third zone.

In order to evaluate the results of Models 4, 5, and 6, a total of 180 ANNs were trained
(60 ANNs for 2021, 2022, and 2023), with the same configuration as in the previous analysis,
but the following input parameters were used: the zone of the firm in the previous year
(Zoneyear−1, which was the effective zone in the forecast in the case of 2021, while, in other
cases, the zone was predicted), and the change in the zone of the firm in the previous year
(∆Zone year−1). In this case, predictions of the Z”-scores were not included, as the ANN
represents a classification technique and could not be used to predict Z” values, and we
did not want to combine the results of the structural models with ANNs to isolate these
two approaches, as is required for the comparative analysis.

The five most accurate networks among the 30 ANNs that were trained on the example
of 2020 (FANN2021/2020) had an error on the training set of 25.9%, and on the testing set
of 19.3%, and it estimated that, in 2021, the average zone value of 1.84 will be achieved,
(i.e., a further increase in the risk of bankruptcy in 2021). Compared to 2020, the number of
companies in the first zone increased by as much as 15, while the number of companies
in the third and second zones decreased by four and nine, respectively. A slightly lower
degree of collapse was predicted by five ANNs among the 30 ANNs that were trained for
2021, which were trained on the examples of 2020 and 2019 (FANN2021/2019–2020), which
is analogous to the difference in the predicted values of Model 4 and Model 5, where
Model 4 used the input parameters from the previous year and predicted a slightly higher
value of the Z” (7.87) compared to Model 5 (7.81), which used the parameters from the
two-year period that preceded the forecast year. However, even in this case, the number of
companies in the first zone increased significantly compared to 2020 (by nine), while the
number of companies in the second zone decreased by five.

The ANNs trained to forecast the firms’ zones in 2022, which used the estimated
zone values (estimated by FANN2021/2020) as the input parameters, indicated a significant
slowdown of the industry’s collapse in 2022, although the fall also occurred in this year
and was manifested in the decline of 10 companies from the second to the first zone, while
the changes were stopped in the third zone. These ANNs had slightly better accuracy than
the networks that were trained for 2021 (on the training set: 17.5%; on the testing set: 9.3%),
which may indicate the stabilization of the market in this year. Similarly, 5 of the 30 ANNs
that learned by the example of 2020 and 2021 indicated an even greater decline in the firms
from the second zone to the first zone—there were no firms left in the second zone.

All 60 ANNs that were trained for 2023 produced forecasts that were identical to
those for 2022, which predicts that the average zone of the firms in 2023 will be 1.7, which
practically means that, in 2022, the local minimum of the zones will have been reached,
after which the ANNs no longer had the knowledge to predict zones. These results are fully
consistent with the results of the models that are presented here. Structural time-series
models have the advantage over ANNs, as they provide more precise risk predictions (Z”
values instead of the zonal predictions) and are, as is shown, capable of modeling trend
data even after the local minimum has been reached.

7. Conclusions

Despite the enormous number of general and specific models of different types, and the
existence of many studies that deal with bankruptcy in different sectors, there is a paucity
of studies that use forecasting models for the hotel industry. Most of the bankruptcy studies
in the hotel industry deal with the analysis of the relationships among different financial
and nonfinancial factors and the bankruptcy risk, while there is a deficiency of studies
that deal with bankruptcy forecasting, if we do not take into account studies that use a
straightforward application of Altman’s and other scoring models. Furthermore, there is a
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limited number of studies that address the impact of the COVID-19 crisis on bankruptcy
risk, particularly for the jeopardized T&T sector, and there are no customized models for
assessing the bankruptcy risk in any conditions for this sector in the Republic of Serbia.

The aim of the paper was to assess the impact of the crisis on the bankruptcy risk
exposure of the sample and, consequently, on the hotel industry in the Republic of Serbia,
from 2020 to 2026. Altogether, as it was assessed by the models introduced here, which
used Altman’s Z”-scores, as well as adapted Springate and Zmijewski scores, as the model
parameters, two years of negative development with regard to the operating conditions
(RDCs) of hotel firms, and almost three years of the presence of the COVID-19 virus, are
needed in order for the crisis to reach its maximal materialization in the hotel industry in
the Republic of Serbia in the form of the highest number of expected bankruptcies in 2022.

Unlike 2019, for which some form of destabilization has been registered, to some extent,
by the variations in the models based on the Springate scores, and, in a more noticeable
way, by the variations based on the Zmijewski scores, 2020 differed significantly from the
period, 2015–2019, for all the variants in terms of the deviations of the Z”-scores from the
expected trend (i.e., in this year, the consequences of the COVID-19 crisis began to be felt
significantly in relation to the bankruptcy risk development conditions and the expected
number of bankruptcies). Furthermore, our analysis shows that the hotel industry in the
Republic of Serbia is a dynamic industry in terms of the changes in the firms’ exposure
to bankruptcy risk, even in the pre-COVID-19 period, and so it is especially sensitive to
exogenous changes compared to other industries, and it reacts to them quickly (i.e., the time
lag between the changes in the operating conditions and the real bankruptcies is shorter for
this industry, so that the data on the number of bankruptcies for the whole economy are
not representative of the industry).

In the context of the transitions among the three risk zones, 2019 was the year with a
low level of interzonal transitions, in general, for which a change in the transitions from the
second to the third zone of Altman’s EM model was registered. On the other hand, 2020
was a chaotic year for the hotel industry in the Republic of Serbia, with negative transitions
outweighing positive transitions, which were accompanied by general interzonal turbu-
lences. The transition’s dynamics trend in this year was negative, statistically significant,
and strong (by the ZDI indicators, it fell by 14%, compared to 2019). The COVID-19 crisis
in 2020 induced the decrease in the progressive transitions from the first to the third risk
zones and endangered some of the companies in the third zone, whereby the number of
transitions from the third to the first zone significantly increased, which signals changes in
the bankruptcy risk exposure of these companies in 2021. Thus, overall, two years after
the virus outbreak in late 2019 in China, the COVID-19 crisis surprisingly endangered
the survival of some of the companies from the sample in the third risk zone in 2021 (i.e.,
healthy companies that were not previously exposed to the risk of bankruptcy, as elucidated
by Altman’s Z”-score model).

When two forecasting models with three variants, based on the scoring technique, were
applied for 2021, they assessed a larger deterioration in the risk development conditions
in 2021 compared to 2020, while the ZDI indicators estimated the power of the fall in
this year to be 18.5 and 16%. As shown by the models, 2021 seems to be a year when the
changes induced by COVID-19 hit the market the hardest, but still, the number of expected
bankruptcies in this year has not reached its periodic maxima. The year when the assessed
bankruptcy risk exposure is expected to be at the highest level is 2022, when the most
bankruptcies may occur.

As 2022 was estimated to be a structural breakpoint year in terms of the assessed
scoring values, the assessed trend of the collapse of the hotel industry may be slowed in
2023 when, as indicated by the ZDI indicators, growth by 16% may be obtained, so that
the real advances in the position of the hotel firms from the sample with regard to their
bankruptcy rates, as indicated by the Altman and Springate variants of the models, may be
expected in 2024. Thus, the destabilizing force, which models the impact of the COVID-19
crisis in terms of the changes in the working conditions compared to the previous conditions
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(i.e., the shock induced by the emergence of the pandemic), will stop affecting the sample in
2024; thus, the COVID-19 conditions will become the new regular operating conditions for
the firms, which will survive the strike of the crisis in the previous period by that year. Even
if the COVID-19 pandemic remains active in the years following 2024, as it was assessed by
the models, with a strong assumption that the COVID-19 crisis cannot introduce a stronger
shock in the following period compared to the shock in 2020, the remaining companies will
adapt to the crisis conditions.

As is seen by the Zmijewski scores, the improvement in 2024 could be minor, while,
in 2025, there could be an enormous improvement in the position of hotel firms with
regard to their bankruptcy risk. This twist in the trend can be practically explained by the
elimination of the hotel companies that could not withstand the pressure of the pandemic
in the earlier years of the crisis, and so it is a consequence of negative ongoings, as well as of
the reorganizations and adjustments that were made in the domain of working procedures,
plans, and balance sheets to adapt to the new operating conditions by other hotel firms.
The expectations regarding the bankruptcy rates in 2025 and 2026 are even more positive.
However, we emphasize that such improvements are mainly caused by the strict selection
of the firms that will “survive”, on the basis of the previous years of the crisis. Even in 2025,
the Z”-scores of the remaining companies will stay at a lower level when compared to the
pre-COVID-19 period starting with 2015, which makes surviving companies more fragile
to any oscillations in demand and to other exogeneous changes in the future.

With regard to the use of the Altman’s EM, Springate, and Zmijewski scores, we can
conclude that, for the used sample of companies, the Springate model was too rigorous for
the economic conditions of the country, and it was imprecise in the period from 2015 to
2020, with, for example, 73% of false positives in 2015. When it comes to the Zmijewski
model, although this model is less rigorous than the Springate model, the Altman’s EM
and Springate scores are a better choice for use in the models that are presented in the
study, as the models rely on the arithmetic mean indicators of the scores for the sample; this
category of indicators, for the Zmijewski model, was less sensitive to exogenous changes in
the bankruptcy risk of the sample over the analyzed years. When it comes to Altman’s EM
model, besides the advantages of the model in the form of the three forecasted categories
of the firms and the fair granularity of the arithmetic mean indicators, the scores obtained
by the model for the sample of 100 firms were highly correlated with the factual number of
firms in the hotel industry in the period of 2015–2020.

The comparison of the results of the models and the ZDI indicators with the results
obtained through the use of the purposely designed artificial neural networks and the use
of the ARIMA and exponential smoothing methods show that the ANNs and the structural
models have approximately similar results, wherein the structural time-series models have
the advantage over ANNs, as they allow for assessing the bankruptcy risk for the hotel
industry for the period after the trend breakpoint. Here, an innovative approach in the
implementation of ANN models is demonstrated, where the ANN models forecast the
risk zones of Altman’s model of the firms and serve as a time-series forecasting method.
The ANNs indicated that the ongoing crisis is so severe that, in the current year, no more
companies may be found within the second zone, while the 35 most stable companies will
remain in the third zone.

The limitations of the paper stem from the limited context of the economic environment
of the Republic of Serbia, and from the limited sample of hotel firms under analysis. The
testing of the prediction accuracy of the models was not feasible, as, for the first two models,
the financial statements of the companies in the sample for 2021 were still not available
by March 2022, while the other models are ex ante models, and so the predictions were
obtained for the forthcoming period. However, even under these restrictions, we sought
to widen the viewpoints in the analysis of the bankruptcy risk in crisis conditions, and
to enrich the literature by introducing a new conceptual framework for assessment, and
methods for the analysis of the transitions among Altman’s risk zones of the firms, as well
as to provide a comparison of the Altman’s EM, Springate, and Zmijewski scoring models.
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Furthermore, we introduced a new approach for the implementation of ANNs that is aimed
at forecasting the bankruptcy risk. In the local domain, we introduced the first adapted
models for bankruptcy prediction in the hotel industry in the Republic of Serbia. Finally, the
largest contribution of this paper is a better understanding of the impact of the COVID-19
crisis on the hotel industry in the Republic of Serbia with regard to its dynamicity and to
the lagging nature of the bankruptcy risk. We strongly emphasize here the importance of
adequate supportive government mechanisms for the hotel industry in the most difficult
times, especially in 2022 and 2023, with the aim of preventing bankruptcies, to some extent,
in the forthcoming period in the industry, and the total collapse of the industry.

The conceptual framework for forecasting the bankruptcy risk that is presented here
should be tested in further research through the use of other scoring models (such as Conan
and Holder [71]; Fulmer et al. [73]; Ohlson [77], etc.), and with adapted versions of the
models for the analysis of the bankruptcy risks for the hotel industries in other countries. It
is also recommended to model a unique bankruptcy index for the hotel industry in Serbia
on the basis of the previously mentioned models, and through the use of techniques such as
PCA, so as to obtain more convincing and accurate results, and to input the models with the
value of the composite index. Further development in the field of artificial neural networks,
and other machine learning techniques, for broader prediction horizons in conditions of
sudden crisis, and combining the machine learning techniques with time-series models, are
also advisable, so that improvements in the models’ accuracies can be obtained.

Predicting the impact of the COVID-19 crisis, and other types of crises, on various
business areas and aspects of business, and especially on the maintenance of survival and
the avoidance of general economic collapse, is important for policymakers, stakeholders,
and the public, as it focuses their attention on sustainability. In addition, the COVID-
19 crisis has shown that it is necessary to deepen our knowledge about the behavior and
efficiency of different prognostic models, and that the adaptation of the existing models, and
the creation of new ones, are needed. In this way, the acquired knowledge on the example
of COVID-19 that was formulated through prognostic models represents a valuable basis
for further development in the field of financial modeling, the management of crises, and
business analysis.
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Appendix A

Table A1. Native values of Springate scores and values converted into Z”.

Springate Scores Converted into Z” Converted Median (Z”) Converted AI

2015 0.52 9.07 6.21 15.28
2016 0.49 9.05 6.16 15.21
2017 0.66 9.17 6.17 15.34
2018 0.58 9.11 6.32 15.43
2019 0.55 9.09 6.27 15.36
2020 −0.39 8.44 4.59 13.03

Source: Authors.

Table A2. Results of application of Altman’s Z”-scores, Springate scores, and Zmijewski scores in
Model 1 and Model 2.

Underlying Scoring
Technique:

Model 1 Model 2

F(2019) F(2020) F(2020 *) F(2019) F(2020)

Altman’s Z”-Score 9.02 9.13 9.06 8.87 8.94
Springate Score 9.04 9.08 9.075 8.91 8.92
Zmijewski Score 9.06 9.06 9.11 8.58 8.79

Source: Authors. Note: * Predicted values for 2019 were used to calculate assessed values for 2020.

Table A3. Native values of Zmijewski scores and values converted into Z”.

Zmijewski Scores Converted into Z” Converted Median (Z”) Converted AI

2015 0.22 9.07 6.26 15.33
2016 0.22 9.07 6.67 15.74
2017 0.21 9.17 6.94 16.11
2018 0.21 9.17 7.27 16.44
2019 0.21 9.17 6.71 15.88
2020 0.28 8.44 4.59 13.03

Source: Authors.
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17. Marinković, G.; Stevanović, S. Performance Changes of the Tourism Sector in the Crises. In 5th International Thematic Monograph:

Modern Management Tools and Economy of Tourism Sector in Present Era; Association of Economists and Managers of the Balkans,
Belgrade, Serbia and Faculty of Tourism and Hospitality: Belgrade, Serbia, 2020; pp. 425–439.

18. Florido-Benítez, L. The effects of COVID-19 on Andalusian tourism and aviation sector. Tour. Rev. 2021, 76, 829–857. [CrossRef]
19. Abraham, V.; Bremser, K.; Carreno, M.; Crowley-Cyr, L.; Moreno, M. Exploring the consequences of COVID-19 on tourist

behaviors: Perceived travel risk, animosity and intentions to travel. Tour. Rev. 2020, 76, 701–717. [CrossRef]
20. Dun & Bradstreet Worldwide Network, Global Bankruptcy Report 2020. Available online: https://www.dnb.com/content/dam/

english/economic-and-industry-insight/global-bankruptcy-report-for-2020.pdf (accessed on 16 December 2021).
21. Gourinchas, P.O.; Kalemli-Özcan, K.; Penciakova, V.; Sander, N. COVID-19 and SME Failures; NBER Working Papers; National

Bureau of Economic Research: Cambridge, MA, USA, 2020.
22. World Travel & Tourism Council. Economic Impact Reports 2019. Serbia. Available online: https://wttc.org/Research/Economic-

Impact (accessed on 5 February 2022).

http://doi.org/10.3390/su13147712
http://doi.org/10.1177/174578660501700204
http://doi.org/10.5539/ijbm.v5n4p133
http://doi.org/10.2139/ssrn.2945488
http://doi.org/10.1016/j.ijhm.2011.09.001
http://doi.org/10.3390/su131810380
http://doi.org/10.1007/s41130-016-0020-7
http://doi.org/10.1257/aer.20160346
http://doi.org/10.1080/09669582.2015.1044534
http://doi.org/10.1177/0010880404273891
http://doi.org/10.1177/108602668900300205
http://doi.org/10.1108/TR-12-2020-0574
http://doi.org/10.1108/TR-07-2020-0344
https://www.dnb.com/content/dam/english/economic-and-industry-insight/global-bankruptcy-report-for-2020.pdf
https://www.dnb.com/content/dam/english/economic-and-industry-insight/global-bankruptcy-report-for-2020.pdf
https://wttc.org/Research/Economic-Impact
https://wttc.org/Research/Economic-Impact


Sustainability 2022, 14, 4680 41 of 44

23. OECD Tourism Trends and Policies 2020, Serbia. Available online: https://www.oecd-ilibrary.org/sites/e653213b-en/index.
html?itemId=/content/component/e653213b-en (accessed on 16 December 2021).

24. Serbian Business Registers Agency. Financial Statements Annual Bulletin 2016. Available online: https://www.apr.gov.rs/
upload/Portals/0/GFI%202015/Bilten%202017.pdf (accessed on 5 February 2022).

25. Serbian Business Registers Agency. Financial Statements Annual Bulletin 2019. Available online: https://www.apr.gov.rs/
upload/Portals/0/GFI_2020/Bilten/Bilten2020.pdf (accessed on 5 February 2022).

26. The World Economic Forum. The Travel and Tourism Competitiveness Report. 2019. Available online: https://reports.weforum.
org/travel-and-tourism-competitiveness-report-2019/countryprofiles/#economy=SRB (accessed on 5 February 2022).

27. Statistical Office of the Republic of Serbia, Tourism. Available online: https://www.stat.gov.rs/sr-cyrl/oblasti/ugostiteljstvo-i-
turizam/turizam, (accessed on 16 December 2021).

28. Ministry of Finance of the Republic of Serbia—Tax Administation. Regulation on the Procedure and Manner of Deferring
Payment of Debt Tax and Contributions to Mitigate Economic Consequences Caused by COVID-19 Disease, 2020. Available
online: https://www.paragraf.rs/propisi/uredba-o-postupku-i-nacinu-odlaganja-placanja-poreza-i-doprinosa-covid-19.html
(accessed on 5 February 2022).

29. Ministry of Trade, Tourism and Telecmuncations of the Republic of Serbia. Business Entities in the Hotel Industry in Serbia That
Are Subsidized. 2020. Available online: https://www.trezor.gov.rs/sr/news/2020_10_09/ (accessed on 5 February 2022).
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