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Abstract: Hospitality companies often face economic crises, which stress their financial structure.
In 2008, Spanish hotels were jeopardized when the travelers’ flows became stagnated, in either
domestic and foreign markets. Most of them overcame the crisis, but not all, in part depending
on their capital structure at the moment the downturn loomed upon them. This study analyzes
the financial ratios registered in 2008 by 3.341 Spanish lodging enterprises, to find out the most
relevant ratios that were associated with an eventual breakdown. The analyzed ratios have been
largely suggested by previous literature for anticipating financial distress; however, using survival
tables and Kaplan-Meier estimates we could also find new insights about several promising variates
for future research. In the end, by performing a Cox regression, we could isolate the return on
capital employed (ROCE) ratio as a long-term predictor for small hotels” bankruptcy after a market
downturn. Moreover, the legal status seems to be a key predictor concerning medium-sized hotels.

Keywords: ratio analysis; hotels; 2008 crisis; survival analysis; profitability ratios; structure ratios;
breakdown prediction; return on capital employed

1. Introduction

The corporate financial soundness can be analyzed using financial ratios, in a rather
similar way than a person’s health using a blood analysis. Financial ratios are propor-
tions of relative magnitudes that use two or more figures taken from financial statements.
When compared to a given standard, the observer can tell whether the company is more
likely to experience some event (provided everything remains constant). A good set of
ratios, carefully chosen and properly analyzed, can even give an expert an accurate idea of
how much time could the firm live before entering a financial distress period and, even-
tually, go bankrupt. The interest from both industry and scholars on this topic gained
intensity after several rather expensive corporate failures from 2000 onward.

This topic has been largely addressed by the scholar community, addressing it using
different models and techniques, from traditional techniques, such as discriminant or logit
analysis, to modern deep-learning schemes. The debate has substantially been focused on
the following three questions: (1) what is the optimal ratio set for a given industry? (2) for
how long can a given model be considered accurate and reliable prior to a bankruptcy
event? and (3) how can the problems associated with unbalanced datasets, lack of variates’
normality, or large amounts of financial data disconnected from their—perhaps relevant—
market information? The models proposed so far featured quite different approaches,
trying to address some of the constraints detected prior to each one in this field. Thus, since
the first logit or regressive models were presented, more techniques that are progressively
more powerful have been incorporated, such as neural networks or business intelligence
algorithms. However, parametric multivariate approaches have repeatedly faced two
problems—first, the fact that a given set of financial information accomplishes the normality
condition and, second, the datasets are often plenty of information about alive firms but
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lack the essential data about enterprises who yet expired. This problem is even more
critical when the information is taken in a relative timeline, totally disconnected from the
events that possibly affected the historical records for any firm in the dataset. As a result,
the models yet known are good classifying firms that most likely will go bankrupt in the
medium term, a maximum of four years.

In this study, we try to address several of those issues and verify the usefulness of
the ratio approach proposing a method to identify particular information associated with
a future long-term bankruptcy event, depending on the size of the company. For this
purpose, we addressed the aforementioned issues in several ways. First, we focused on the
particular industry of hotels, based on the pursue of an adapted model specific for them.
The reason for that is working under the assumption that not all the financial ratios need
to be entirely relevant for any industry when it comes to bankruptcy prediction. Second,
as a way of overcoming the time boundaries that come from the traditional time-relative
approach (prediction reliable no more than two or three years before the failure event),
we decided to anchor our analysis in a specific year to test the evolution of the firms from
that moment on, using a looking-forward approach. The chosen year was 2008, particularly
challenging for every hotel in Spain (see Figure 1).
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Figure 1. Travelers in Spanish hotels, either domestic and foreigners. Note the downturn in 2008 compared to the growth in
previous and past years. Source: INE (Instituto Nacional de Estadistica, Encuesta de Ocupacion Hotelera, 2019).

Furthermore, because 2008 was the year when an unprecedented economic stagnation
began for the whole tourism industry in Spain, we considered it a relevant starting point to
go forward in time, analyzing the ratios of the companies at that point in 2008 and stating
if it had a significant influence on whether the hotel had survived the crisis.

We also focused on a particular set of nine ratios, well known and widely used in
the most common models of bankruptcy forecasting. Those were organized around two
dimensions commonly accepted as strongly involved in financial distress—firm profitability
and financial structure. Those variables were discretized (see Section 2.1) for addressing the
traditional problem of normality, given the fact that the non-parametrical method chosen
(survival analysis) does not require a specific distribution for the continuous metric variables.
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Consequently, as we were speculating with the theory of a long-term effect of any
of the ratios in the survival function of the firms when a crisis arises, we stipulated our
hypotheses in the following way:

Hypothesis 1 (H1). The return on shareholders” funds is positively associated with the sur-
vival function.

Hypothesis 2 (H2). The return on capital employed is positively associated with the survival function.
Hypothesis 3 (H3). The return on total assets is positively associated with the survival function.
Hypothesis 4 (H4). The profit margin is positively associated with the survival function.
Hypothesis 5 (H5). The solvency ratio is positively associated with the survival function.
Hypothesis 6 (H6). The liquidity ratio is positively associated with the survival function.

Hypothesis 7 (H7). The financial autonomy ratio is positively associated with the survival
function.

Hypothesis 8 (H8). The solvency coefficient is positively associated with the survival function.
Hypothesis 9 (H9). Gearing is positively associated with the survival function.

Basically, the theory behind those hypotheses consisted of the idea that the soundness
of the financial statements in terms of profitability and structure significantly helped hotels
to overcome the economic crisis. Provided that market considerations are transparent in
this issue, as suggested by Kim et al. [1], and that using ratios along with survival analysis
is considered better than other mixed approaches [2], we set up the method described in
Section 2 for contrasting our theory.

1.1. Models and Techniques Used in Corporate Failure Prediction

Analyzing the financial distress of companies has been a challenge widely tackled by
scientists, due to its importance when it comes to evaluating loans, insurances, and any sort
of operation subject to the fact that the enterprise is still open for business in the stipulated
time. The modern approaches early in de seventies pointed out very soon the usefulness of
the ratios as predictors of the companies’ financial distress. Historically, the first attempts to
provide scientific insights over bankruptcies and their prediction focused on different ratio
sets, often too diffuse and too dependent on large datasets. In particular, the outstanding
work created by Altman [3] in 1968 was widely applied in many sectors, whereas it was
designed for manufacturing corporations through a Z-score evaluation concerning a set
of ratios. Dividing that score into three areas, namely a distress zone, a grey zone, and a
safe zone, the model became very popular among practitioners and scholars for decades.
Moreover, Johnson [4] summarized and proposed an interesting set of relevant ratios in
1979, again based on manufacturing and retailers’ data. After screening 61 financial ratios,
Johnson found that a factor analysis grouped them up into eight categories, highlighting
the fact that there are ratios that belong to a similar group, yet empirically determined.

These preliminary approaches were completed very soon using other models and
statistics, and comparing them to each other in pursuit of the optimal way of evaluating
different ratio sets. Several important advances in this side were produced in the 1990s
when multinomial logit methods [5] or neural networks [5,6] seemed pretty promising.
Actually, Johnsen and Melicher [5] pointed out that it is better to understand the classi-
fication using the distress zone as a continuum, rather than only looking for a two-class
classifier (i.e., bankrupt versus non-bankrupt). In the same vein, Atiya [6] proposed using
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neural networks as a way to better analyze the ratio sets and include novel indicators that
increased the accuracy of the forecasts up to three years in advance.

Later on, new comparisons were then performed in the search for an optimal model,
but ultimately, there seemed to be no single specific standard to compare, so the issue gener-
ated several ways for comparing different options for bankruptcy prediction. An example
of this can be found in the case of using linear discriminant analysis by Altman himself and
Varetto [7]. On the opposite side, from the ratio-approach academicians, Mossman et al. [8]
suggested in 1998 that although ratios are a good predictor for the very short term, none
of the models proposed so far were accurate enough beyond a two-year horizon. Despite
this fact, in 2007, Sun [9] proposed including non-traditional variables (e.g., abnormal
stock returns) and using a hazard model that outperformed the reference classification
model. In 2008, Agarwal and Taffler compared two approaches—the Z-score model against
market-based models—and concluded that every approach captures different information
about corporate failure, but “neither method subsumes the other” [10].

It can be noted that the first comprehensive studies had the merit of establishing
the basics for the forthcoming approaches, given the technology and techniques of the
times. The main goal was then getting the best classification model for telling whether
a given company could go bankrupt with anticipation enough to avoid it or, at least, to
issue a warning to lenders, customers, employees, or shareholders. On a slightly different
approach, this work evaluates the relative importance of several of the traditional ratios
and seeks how related they are, in the long term, with bankruptcies already known.

In the last two decades, other models emerged, proposing binary classification [11],
Malahanobis distance [12], or multiperiod prediction [13] as more fit techniques for pre-
dicting corporate failure. These methods were proposed along with the evolution of neural
networks in the shape of fuzzy logic, also at the same time of quite interesting works com-
paring those models. It is remarkable how outperformed a radial basis function network
compared to other classification systems [14], which is consistent with Kim’s findings.
He suggested using artificial neural networks as the most accurate classifier compared to
logistic or discriminant multivariate approaches, or event to support vector machine [15],
which solves the classification problem using hyperplanes. In recent years, the proposed
models have been using genetic algorithms [16] or deep learning techniques [17], mainly
black-box approaches to achieve the objective of optimal classifications and, eventually,
forecasts. Chou et al. [16] divided their 600-company dataset into three groups, accord-
ing to their respective industries, the selected year, and the company capital. Adapting
their assumption to our case, we have also split the sample into three groups. More-
over, Mai et al. [17] introduce a relevant concept for our purposes, the fact that economic
crises are relevant for bankruptcy prediction. They actually point out 2008 as “the Great
Recession,” which is in line with our work assumptions.

However, in spite of the large effort of research put into this topic, it is remarkable
how few papers have addressed two relevant topics still under debate—(1) the unbalanced
datasets commonly used in the research so far and (2) the valid anticipation for prediction.
In the first issue, it is important to bring forward the works of Le et al. [18,19], who proposed
compensating the unbalanced datasheets when using complex algorithms, due to the fact
that there were always many more non-bankrupt companies in the datasets than firms that
had gone bankrupt. This concern has also been addressed by Zori¢ak et al., who used three
algorithms in turn [20]. This paper approaches the issue in a different way, addressing it
either in the technique or the method, by combining the relatively new survival analysis
with a time-fixed data scheme.

On the other hand, the classification methods—regardless of the technique—do not
seem to be able of improving the time period within the forecast is valid and reliable. Yet,
in 1998, Mossman et al. pointed out that the models can predict bankruptcy only two
years in advance [8], which only improved up to three years when using multiperiod
prediction [13], but still certainly short; sadly, it is interesting to remark at this point how
the most recent literature underlines logistic regressions or neural network as superior
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methods compared to other models [21]. This work does not provide a comprehensive
classification model; however, it can help improving part of the systems already provided,
underlining the relative importance of several ratios when trying to build a long-term
classification model, accurate for five or more years, as illustrated by Altman et al. [21].

Irrespective of the scholarly trend into which any study falls (i.e., finding the failure
and its symptoms versus comparing the classification systems accuracy [14]), the ultimate
resource to be taken into consideration is the ratio dataset. Despite the fact that other
mixed approaches have been proposed, the specific financial ratio analysis is still a very
challenging and active topic for there are continuous outcomes concerning the relationship
with the financial health of a given company. In addition, there is evidence of a strong
relationship between several ratios and corporate failure. There are a number of ratios
mentioned in the literature that could play a different role in this process, and they are
specially surveyed by those who, in one way or another, need to foreknow the expected
life of any company, such as lenders, insurance companies or public institutions. However,
the model used often changes depending on the country [22] or could be influenced
by the nature of the activity of the enterprise [23]. Those aspects have been seldom
approached by academicians or practitioners, and it is worthwhile bringing forward those
who underpinned this issue. On one side, Kliestik et al. presented a quite original way
of grouping up ratios, using cluster analysis rather than like Johnson’s [4] factor analysis.
Moreover, they crossed the ratios and the countries where they are commonly used for
calculating financial distress, and it turned out that depending on the country (or political
background), the ratios used are different. On a different topic, Pech et al. [23] used a
well-balanced 60-enterprise sample for analyzing the bankruptcies in the same period of
the present study. One of their outcomes was that there were weaker classification systems
when the dataset mixes companies from different industries. That is the reason for this
study to focus on a single homogenous service (lodging).

Using financial ratios for getting diagnostics about financial distress or the likelihood
of a corporate failure has been a boosting topic in the last two decades, associated with
new algorithms and techniques, not to mention the improved capabilities of the technology
for managing large datasets and perform complex calculations. Many of the analyses use
a single sound technique for improving the accuracy of the models proposed or rather
propose new models. In 2000, Laitinen and Laitinen [24] proposed a solution for the issue
about the normality of the variables involved in many of those analyses, using Taylor’s
series expansion instead of a logistic or exponent function. At this point, it is remarkable
that the model proposed in this research overcomes the problem of data normality, due to
the fact that the survival analysis is not a parametrical test and, consequently, does not
assume a specific distribution of the data.

The logit model used so far also was improved in 2010 by Li and Liu [25], who pro-
posed to use dynamic loadings instead of constant. Bahiraie et al. [26] proposed another
approach in 2011, the dynamic geometry approach, which is really promising, but it seems
to have no further improvements on that side so far. De Andrés et al. [27] approached
the topic in a different way and suggested that it is not the ratio, but its deviation from
an industry standard, which really matters for classifiers, suggesting several interesting
ideas to the scholarly debate. In 2017 Tian and Yu [28] suggested a different set of ra-
tios for Japan and several European countries, providing a quite interesting insight into
how different predictors could be depending on the country where the firm is located.
This seems to be confirmed by the work performed by Kliestik et al. [22], which suggests
different preferences depending on the country when it comes to evaluate firms and pre-
dict their bankruptcy. The latest improvements addressing issues in this matter came
from Balina and Idasz-Balina [29], who proposed to take into consideration two so-called
stimulants—current assets to total assets ratio and quick liquidity ratio.
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1.2. Previous Works about Hotel Bankruptcy Prediction

The goal of this work is to underpin the ratio approach as a proper way for anticipating
corporate failure in a near future. However, a cross-sectional approach would drive us to
similar conclusions, already pointed out by previous studies, for different branches within
with companies operate might change the accuracy of the model, as indicated by Pech [23].
Consequently, we selected a quite homogeneous industry not subject to diversification,
which is the hotel industry. The advantages of doing so are that the companies are rather
comparable to each other, belonging to the same sector and rather similar business and
technology. Given the fact that all the analyzed hotels worked in the same environment,
they had also to comply with similar regulations (that are Spanish lodging law). Moreover,
we decided to use information attached to a specific year, provided that all the info supplied
by the companies to the public agencies is true and reliable. This allowed us to compare
and build the model within an explicit time horizon, avoiding the bias that eventually could
arise if considering events in a relative timeline and utterly ignoring external effects on any
given year. This side-effect was controlled referring the analysis to a particular moment
for any firm considered—the year 2008 when the economic downturn stroked the Spanish
tourism sector. Another reason for choosing hotels was that we noticed a lack of works
related to this sector and topic. The tourism sector has been seldom researched concerning
financial distress or corporate failure. Most relevant papers happen to diverge when it
comes to models but not so much in the ratios they regularly use. In 2006, Kim and Gu [30]
focused on a very particular part of the tourism sector. They pointed out, after running
either a discriminant and a logit model, that restaurants with low earnings before interest
and taxes (EBITs) and high total liabilities are more likely to go bankrupt. Five years later,
Kim [15] provided evidence that neural networks are more reliable than other techniques
outputting early warnings about Korean hotels bankruptcy, suggesting that five ratios
would play the predictor’s role—ordinary income to owner’s equity ratio, quick ratio,
account receivable turnover, growth in assets and debt-equity ratio. In 2012, another
paper [31] focused on Greek hotels and evaluated Altman’s model and its accuracy among
different hotel categories, splitting it by hotel stars and Z1 to Z3 scores; according to
Diakomihalis, five and three-star hotels are more likely to go bankrupt than four and
two-star firms. In 2014, a neural network model [32] displayed that the group of ratios
that best could classify bankrupt versus non-bankrupt hotels is (a) financial expenses to
sales, (b) financial expenses to operating income, (c) owner’s equity growth, (d) operating
income to sales, (e) total assets turnover, (f) current assets to total assets, (g) net income
and depreciation to total liabilities, and (h) quick asset to total asset.

2. Materials and Methods

For addressing this project’s goal, we first gathered information from SABI (Iberian
Statements Analysis System) financial database. The constraints used for this analysis were
set up in order to find a suitable set of information, which in turn allowed us to build
a sound model. First of all, we needed a comprehensive list of hotels that were already
open in 2008, when the tourism crisis took place. We also needed to combine the list with
information about their financial ratios comprising 2008-2019 years, due to the fact that the
last available report recorded in the dataset was 2019, and we would like to consider the
largest timeline feasible for the study:.

2.1. Preparation of the Dataset

To this purpose, we conducted a search within the aforementioned SABI database,
using, in turn, three Boolean constraints for identifying and sorting the companies we
were interested in. First, we selected national Spanish companies, regardless of whether
they were still alive or not in 2019, due to the fact that we were indeed interested in
those who had been terminated within the time-lapse considered. This allowed us to
access more than 1.7 million firms. Afterward, we located those linked to lodging and
hospitality activities using not only a criterion but two; the most accurate way of identifying
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lodging enterprises in the list was using the economic activity classification declared by the
enterprise (CNAE 2009). However, to remove firms not directly linked to this activity we
added another boundary at that moment using IAE (Economic Activities Tax), a similar
activity list; making both requirements to be achieved at the same time we made sure all the
companies in the list belonged to the desired set and could utterly be considered suitable
for the analysis. This reduced the number of firms first to 14.250 and, in the second step,
11.893 hotels. However, many of those companies were not still active in 2008, and this
issue could bias the results of the analysis entirely, so we had to filter the list once more
and consider only 3.341 enterprises from the whole dataset. As an ultimate filtering and
sorting method, we removed the outliers in the database calculating the Z-score for either
the variables “total assets” and “employees” related to 2008, the year we considered as the
beginning of the analysis. Afterward, we ran a K-means cluster analysis, distributing the
sample in 25 different groups depending on three variables—"total income,” “total assets,”
and “number of employees.” This method output three main clusters where the firms
converged, namely 17, 20, and 25, adding up to 2.639 hotels altogether in the final sample.
The centroids and size of those clusters are represented in Table 1, along with the reference
for each one, to be used in the rest of this work for descriptive purposes.

Table 1. Sample description after clustering.

Cluster Reference for Hotels within the Centroid: Centroid: Total Centroid: Number of
Dimension Cluster Operating Income ! Assets ! Employees
17 Large (L) 192 8726.20 20,797.89 80.33
25 Medium (M) 475 3968.68 8034.05 39.37
20 Small (S) 1972 958.24 1356.39 12.31

1 Unit: Thousand euros.

Due to the fact that we were speculating with the idea of how strong is the impact of
an economic crisis in the profitability of any hotel considered, depending on its financial
structure when the crisis started, we saw fit to include nine standard ratios used in the
literature as indicators of the profitability and the structure of the firm. The variables
to be used had to fulfill two requirements—(1) minimizing the missing values and (2)
expressing a financial insight of different aspects of the firm. SABI database, which records
Spanish and Portuguese firms, offers a wide set of ratios, divided into four categories—
profitability, operations, structure, and employee. Ratios about operations are often used in
manufacturing and retail, but seldom in hotels, due to the nature of the service provided.
Additionally, ratios per employee add little new information if the model already has
considered that a preliminary parameter, as was the case. As a result, we included in the
model the ratios belonging to “profitability” and “structure” categories as representative
measures of the financial aspect of the hotels.

Consequently, the selected ratios described in Table 2 were collected from the SABI
database for the 2008-2019 time period and included in the research. Moreover, along
with those ratios, other data were also registered for each firm in the dataset—the Spanish
region, which hosts the hotel headquarters, and legal status, both to be used as control
variables. Operating income, number of employees, and total assets were also included in
the dataset for the initial clustering.

Once those ratios were downloaded, and after preformatting the figures involved
using an Excel procedure for that, two calculations were achieved—first, using the variable
that indicated the last year each company presented their financial records, we calculated
whether the firm was still alive (then it was considered to be censored), or actually had
been declared extinct (bankrupt). Moreover, we also calculated the number of years from
2008 that the company had stayed alive because it was the main variable to be used in
any survival analysis. The business status different than “active” or “extinguished” (e.g.,
“temporarily inactivated”) were also considered censored data.
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Table 2. Ratio dataset descriptive information.

Ratio

Description

Used in Literature

Return on shareholders’ funds EBIT/shareholders’ equity [33]
Return on capital employed (EBIT + financial expenses)/(shareholders’” equity + fixed liabilities) [34]
Return on total assets EBIT/total assets [25,34]
Profit margin EBIT/operating income [33,35,36]
Solvency ratio Shareholders’ equity/total assets [26]
Liquidity ratio (or quick ratio) (current assets — inventories)/current liabilities [2,37,38]
Financial autonomy ratio Shareholders” equity/total liabilities [39]
Solvency coefficient Total assets/total debt [40]
Gearing (long-term debt + short-term debt)/shareholders’ equity [2,36,41]
Afterward, the data were loaded in an SPSS (Statistical Package for the Social Sciences)
datasheet for running the analysis. We needed to perform some transformations on the
data at that moment, like converting text chains in operational values. We also produced
discretized variables from financial figures. The discretizing method consisted of allocating
the information for each ratio in 2008 and setting up boundaries based on their respective
average and standard deviation +1 (see Table 3). This allowed us to standardize the
financial data and have a homogenous starting point to begin the analysis, featuring also
the correlation measures for the ratios involved (see Table 4).
Table 3. Proportion bankrupt/censored at each variable, interval, and size.
Ratio Interval Laree Medium (M) Stall
<—350.77 0.001
, —350.77-17.31 0.09 0.05 0.06
Return on shareholders’ funds 17.31-385.39 0.02 0.07 0.10
>385.39 1.00 0.30
<—282.95 0.00!
Return on capital employed —282.95-16.7 0.08 0.05 0.06
16.70-316.35 0.05 0.09 0.11
>316.35 0.50
—-11.27-7.13 0.07 0.06 0.06
Return on total assets 7.13-25.54 0.10 0.05 0.09
>25.54 0.00! 0.11 0.15
—3,295,771.41-67,993.27 0.07 0.05 0.07
Profit margin 67,993.27-3,431,757.97 0.001
>3,431,757.97 0.00!
—2214.16-75.38 0.07 0.05 0.07
Solvency ratio 75.38-2364.92 0.00 ! 0.00 ! 0.16
>2364.92 0.001
—2214.53-74.99 0.07 0.05 0.07
Liquidity ratio (or quick ratio) 74.99-2364.52 0.001 0.001! 0.17
>2364.52 0.00!
—1177.55-52.17 0.08 0.05 0.05
Financial autonomy ratio 52.17-1281.90 0.10 0.00 0.06
>1281.90 0.001 0.001 0.001
<—98.05 0.20
Solvency coefficient —98.05-39.9 0.12 0.08 0.08
39.90-177.87 0.05 0.06 0.04
<—10,153.42 0.00
Gearin —10,153.42-142.69 0.06 0.05 0.07
& 142.69-10,438.81 0.09 0.08 0.06
>10,438.81 0.00! 0.08

! Not bankrupt or censored companies in the interval and size.
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Table 4. Significant correlation measures for described ratios (sizes).

Ratio Chi-Square  df Sig. Pearson Corr. Value  St. Error Aprox. T  Aprox. Sig.
Return on shareholders’” funds (M) 8.796 2 012 0.073 0.059 1.589 0.113
Return on shareholders” funds (S) 15.782 3 0.001 0.084 0.025 3.731 0.000
Return on capital employed (M) 19.939 2 0.000 0.103 0.063 2.249 0.025
Return on capital employed (S) 25.676 3 0.000 0.099 0.027 4.419 0.000
Return on total assets (S) 9.618 2 0.008 0.067 0.026 2.989 0.003
Solvency ratio (M) 18.022 2 0.000 0.150 0.110 3.299 0.001
Liquidity ratio (M) 18.022 2 0.000 0.150 0.110 3.299 0.001

In the end, the dataset boiled down to a sheet containing information from 2.639
Spanish lodging firms and their respective profitability and structure ratios throughout the
2008-2019 period. Moreover, city and region information was also included for each case,
along with the year they were bankrupt (if they were). Categorized variables for 2008 ratios
were also included in the dataset because it was the factors (covariates) information for
setting up the model. Control variables and information for clustering were also collected.

2.2. Method

After preparing the dataset as described previously, we ran the analysis. It was
designed from the beginning in three stages, namely, (1) we built a preliminary survival
table, after which (2) we figured out Kaplan-Meier indicators, and (3) we used a Cox
regression for retrieving the most relevant variates according to the main objective of
this research. The logic behind this design of the research is to progressively isolate
relevant ratios that could be associated with the future performance of the companies,
discarding those of the dataset that add little or no value at all to the final conclusion.
This led us to establish a three-stage process, increasingly demanding in order to get a
parsimonious model.

2.2.1. Survival Tables

The survival analysis is a quite preliminary method in this context, which is commonly
used for either medical and economic issues. It is also widely applied in educational design,
or even in engineering forecasting. It is essentially a method that describes the moment
when an event occurs and allows the researcher to model it, discriminating factors that
could affect the manifestation of the event [42].

The events described might ensue within the period of study. However, there are
subjects of the study who do not experience the event (in this case, enterprises that do
not go bankrupt), or might experience it beyond the study threshold. We also could have
missed the information about if they survived or not. All those cases in the sample are
considered censored due to the fact that the event cannot be registered for them. The
survival analysis organizes the information according to the time until the event happens
using also information coming from censored subjects.

Moreover, the event could be associated with factors that can be described and ana-
lyzed. In this case, conditions associated with financial strength expressed through ratios
have been included. Nonetheless, this analysis could also be broadened including compa-
nies that started their activity in the middle of the study period, but they were excluded
due to the fact that we were interested in measuring how the initial condition affects the
verification of the event from a particular controlled moment on.

2.2.2. Kaplan—-Meier Indicators

In 1958, professors Kaplan and Meier presented a method for estimating nonpara-
metric magnitudes when missing information [43], which became a standard in survival
analysis. In this paper, they proposed a way for figuring out the probability of a subject
among a population for surviving more than a given time, not assuming a particular shape
of the probability function. This was called the survival function S(t).
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They proposed to estimate the function by maximizing the likelihood function of the
sample. In other words, a given random sample (sized 1) coming from a certain population
could be split into k times where an event could be observed (k < #). There are n; hazarded
subjects in each time t;, when d; events are observed. Moreover, for each interval between
t; and t;,1, m; losses are registered.

In their work, Kaplan and Meier demonstrated that the likelihood function for the
whole sample could be estimated in the following way:

Sy =T )

t<t i

The convenience of this technique is remarkable if there is the need for predicting
how much time would live a given subject who belongs to a specific part of the population,
especially if the subject herself is featuring differences compared to other groups (e.g., a
quite different profitability or structure ratios).

2.2.3. Cox Regression

Cox regression is a function that describes the risk of experiencing the event according
to time t and a set of r explanatory covariates (X). It is a semi-parametric function, due to
the fact that it is comprised of two parts [44]

(h, X) = ho(t)g(X). @

First, the non-parametric side of the function evaluates the risk of occurrence based on
the maximization of a partial-likelihood function, which allows us to calculate (3 coefficients
for each significant covariate for the model as indicated in Equation (3)

2(X) = eliz1 Bii — exp (er‘:l Bix;). 3)

In a second stage, once the (3 coefficients are known, the parametric part of the
equation, which is the baseline hazard estimation, can be calculated. At this second stage,
the researcher needs to estimate the risk for any individual who presents 3 = 0 for any
covariate to experience the event.

In this case, given that an estimate of /(t;) for any value of j belonging to space [j =1,
2...,m]is

]’lo (t]) =1- C]' (4)

and provided that ¢; is the solution to the equation

8s(X)
Y, — o(X) Y &s(X) ®)
SeD; 1-c¢ 7 SeR;

it might be concluded that ¢; is the probability that an individual does not experience the

event from a moment ¢; to the next t;,;. Consequently, the estimated baseline survival

function, for any t belonging to the interval [k=1,2... m — 1] is
k
So(t) =] 1¢ (6)

j=1

Then, the cumulative baseline hazard function, that is, the baseline function if the
model eventually did not also add covariates, should be

k
Ho(i’) =—InSy(t) = — ZII’IC]' (7)
=1
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2.3. Survival Analysis Applied to Bankruptcy Prediction

Although survival analysis has been widely applied in other fields such as medicine,
it is a relatively new technique when it comes to corporate failure prediction. The first
relevant survival analysis research applied to this topic goes back to 2001, in the work
presented by Turetsky and McEwen [45]; in this paper, the decline in cash-flows allows us
to determine the groups considered for business failure and the event of default. Later,
in 2008, Gepp and Kumar [2] also discarded using the survival analysis along with other
techniques, stating that the joint performance was poorer. Chancharat et al. [36] confirmed
in 2011 that survival analysis is an adequate technique for pointing out relevant ratios
associated with financial distress, such as profitability, leverage, past excess returns, or even
the size of the company. In the same vein, in 2016, Kim et al. [1] showed that the market
information adds no accuracy to a ratio-based model. Moreover, they highlighted the fact
that the Cox hazard model performs better than the traditional logit model when evaluating
financial distress. Kim et al. [46] focused on restaurants and non-financial information for
conducting their survival analysis in 2017, with outstanding results concerning high stock
return, limited-service operations, or category. Finally, in 2018, Gupta et al. [47] found
evidence of the inverse relationship between the size of the firm and the probability of
corporate failure applied to small and medium enterprises.

3. Results

As the preliminary stages of the analysis were carried out, there seemed to be a very
promising set of ratios related to the forthcoming results of the firm. However, after calcu-
lating Mantel-Cox and Kaplan-Meier estimates, we could identify six of them as relevant
indicators for the objective of the research, finding rather interesting information about
the expected time of survival when presenting different levels for each ratio. However,
concerning the relationship between the ratios and the long-term bankruptcy forecasting,
we had to build a more severe examination by using a Cox regression. After the analysis, it
turned out that the return on capital employed ratio suggested evidence of being linked to
the future performance of the company when a crisis strikes. Thus, in this case, we could
reject the null hypothesis and accept hypothesis H2 among the initial set of hypotheses.

3.1. Preliminary Survival Analysis

Considering both groups (censored and non-censored), the first measure we took
was to perform a Mantel-Cox test, contrasting their survival functions. As described
in Section 2.2.1, this test is often used to identify the influence of different factors in the
survival time of a given subject.

In this case, the factors were considered within which interval for any ratio each
company was in 2008. In other words, as we speculated with the theory about the effect of
having any ratio in 2008 over the time up to a bankruptcy event, we first discretized each
ratio in 2008 into intervals (see Section 2.1) and then run a survival analysis calculating
log-rank indicator for each variate (ratio) in the dataset, against the time until each firm
went bankrupt or censored (see Table 5).

As a result, five out of the nine ratios seemed significant in the model and, therefore,
linked to the survival function of the firm, namely, return on shareholders’ funds (for sizes
M and S), return on capital employed (M and S), return on total assets (S), solvency ratio
(M), and liquidity ratio (M). In other words, there seems to be a relationship between the
bankruptcy probability of medium-sized hotels and their return on shareholders ratio, the
return on capital employed, the solvency ratio, and the liquidity ratio. When it comes to
small companies, the results revealed that a difference arises—the return on total assets
was significant instead of solvency or liquidity ratio.
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Table 5. Log-rank (Mantel-Cox) for the ratios.

Ratio Chi-Square Degrees of Freedom (d.f.) Sig.

Return on shareholders’ funds L 1.724 1 0.189
M 8.963 2 0.011

S 18.142 3 0.000

Return on capital employed L 0.239 1 0.625
M 22.803 2 0.000

S 34.266 3 0.000

Return on total assets L 0.893 2 0.640
M 0.923 2 0.630

S 10.403 2 0.006

Profit margin ! M 0.022 1 0.882

S 0.073 1 0.786

Solvency ratio L 0.144 1 0.704

M 28.885 2 0.000

S 1.969 2 0.374

Financial autonomy ratio L 0.510 2 0.775
M 2.802 2 0.246

S 0.739 2 0.691

Liquidity ratio L 0.144 1 0.704

M 28.885 2 0.000

S 2.190 2 0.334

Solvency coefficient L 2.961 1 0.085
M 2.280 1 0.131

S 5.318 2 0.070

Gearing L 0.532 1 0.466

M 2.465 2 0.292

0.582 3 0.900

S
! Not large

3.2. Kaplan—Meier Indicator Outcomes

(L) hotels for calculating factor variable.

Considering the results previously described, we confirmed them by using a more
accurate technique, i.e., Kaplan-Meier indicators, to be applied only in those ratios already
identified as having an effect in the survival function.

As indicated in Section 2.2.2, Kaplan—-Meier indicator is a non-parametric method for
estimating the probability for any firm of living more than the time ¢ by using maximum
likelihood. The advantage of this estimation is that it takes into account the censored
subjects of study, so we could also include in the analysis the liquidity ratio already
discarded in the previous step. Once performed, the results of this analysis are displayed

in Table 6:

Table 6. Kaplan-Meier mean estimates for log-rank significant ratios '.

Ratio (Size) Interval Estimated Std. Dew. L(:;VS?’Z]?: ;ld Ulzgpgiz BCO;I ;ld
Return on shareholders’ —350.77-17.31 10.766 0.066 10.637 10.896
funds (M) 17.31-385.39 10.476 0.211 10.062 10.889
>385.39 10.000 0.707 8.614 11.386
Return on capital —282.95-16.7 10.762 0.068 10.629 10.894
employed (M) 16.70-316.35 10.445 0.227 9.999 10.890
>316.35 9.000 0.000 9.000 9.000
—11.27-7.13 10.608 0.045 10.520 10.697
Return on total assets 7.13-25.54 10.477 0.094 10.293 10.661
>25.54 9.994 0.263 9.478 10.510

1 Calculated for intervals with censored and bankrupt companies.
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As it can be stated, there are a number of intervals where the probability of survival is
quite long, regardless of the initial ratio in 2008. It suggests that, in the long term, the initial
financial position of the firm is not so relevant to be considered due to having time enough
to recover after the initial shock. However, there are also several interesting questions
concerning high ratio intervals, which seems inversely proportioned to the probability
of surviving. It is remarkable the case of unusually high levels for return on capital
employed and return on total assets, which indicate slightly lower expected survival times.
The measures suggest that presenting an intermediate value (similar to the standard) for
each ratio—at the moment when market difficulties come over—might be associated with
a higher survival probability.

3.3. Cox Regression Results

As described in Section 2.2.3, Cox regression is a semi-parametric function that es-
timates the baseline hazard of experiencing an event, combined with a factor analysis,
which might influence up to a certain extent in anticipating the event in time. In this case,
the factors considered were, again the relevant ratios discretized in 2008, and the variable
time registered the years between 2008 and the moment each firm went bankrupt. We also
included two control variables for checking the influence of either the geographical location
of the hotel (19 Spanish regions) and their legal status (partnership, private limited, or
public limited companies). The distribution of the latter is displayed in Table 7.

Table 7. Distribution of hotels according to legal status and dimension.

Legal Status

Censored (L) Bankrupt (L) Censored (M) Bankrupt (M) Censored (S) Bankrupt (S)

Private limited
Public limited
Partnership

50.3% 53.8% 56.0% 84.0% 17.0% 20.8%
49.7% 46.2% 44.0% 16.0% 82.9% 79.2%

0.1% 0.0%

For setting up the Cox regression, we considered the most suitable parameters were
using a “Forward LR” algorithm, which included covariates in the model in an iterative
process if the p-value associated was less than 0.05. All nine ratios considered were included
initially as covariates for estimating the partial likelihood function with its respective
exp(p), if significant. Moreover, both control variables were also included in the initial set
for being tested.

After running the model, it only converged onto one significant ratio, the return
on capital employed (ROCE), which was clearly associated with the survival function of
small-sized hotels. Moreover, the legal status seems to have a predictive relationship about
the corporate failure of medium-sized hotels, as displayed in Table 8.

Table 8. Cox regression estimates for the model after iterative convergence.

Predictor

B

Lower Bound Upper Bound

SE Wald df Sig. Exp(B) (95% C.1.) (95% C.L)

ROCE (S)
Legal status (M)

0.921
1.335

0.254 13.150 1 0.000 2.512 1.527 4.131
0.632 4.455 1 0.035 3.799 1.100 13.124

The omnibus test for the model coefficient can be observed in Table 9.

Table 9. Omnibus test for significant models.

Predictor Log Likelihood Chi-Square Df Sig.

ROCE (S) 938.786 14.059 1 0.000
Legal status (M) 208.562 5.156 1 0.023
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Graphically, the survival functions for either variable could be represented, respec-
tively, according to Figure 2.

After the three tests performed, it can be concluded that there is only one particu-
lar ratio that is clearly associated with the probability of a small hotel surviving in the
long term to an economic downturn. The return on capital employed ((EBIT + finan-
cial expenses)/(shareholder’s equity + fixed liabilities)) is a complex measure that links
earnings to fixed liabilities and equity. From this point of view, it can be said that the
larger the earnings compared to the shareholder’s equity, the higher the ratio. Moreover, a
smaller magnitude for the fixed liabilities compared to the earnings could increase this ratio.
In other words, there seems to be a significant relationship between survival function and
hotels with large earnings, which are well-funded by shareholders and whose liabilities
are carefully managed.

On the other hand, concerning medium-sized hotels, it can be said that the data
provides an interesting association not concerning ratios, but the legal status. These types
of hotels seemed more likely to survive under the public limited status than rather private.

Survival function Survival function
Smallsized hotels (S) Medium-sized hotels (M)

Iy N ROCE (%) -

LS . —<=282.95
1282951670
""""" ~11B.70-316.35

M>=316.35 038

Legal
status

=== Public Ltd,
~TIPrivate Ltd

Cumulated survival
o :
. &
Cumulated survival

0 2 4 3 8 10 12 0 2 4 3 3 10 12

Years until going bankrupt from 2008 on Years until going bankrupt from 2008 on

(a) (b)

Figure 2. Functions associated with the model: (a) survival function for small hotels with return on capital employed
(ROCE) displayed and (b) survival function for medium hotels, according to their legal status.

4. Discussion

There are no studies that estimate the effect of ratios in the long term, at least following
the path pointed out by Altman et al. [21]. For addressing this issue, this analysis was
performed following a forward-looking approach (i.e., considering an initial event for
any hotel and analyzing the time until going bankrupt), whereas the mainstream research
follows a reverse approach—most papers on this topic focus first on the relative moment
the enterprise goes bankrupt and then go back in time analyzing ratios till the model lacks
reliability or accuracy. As we previously mentioned, two or three years [5,8,13], at most five,
is the time threshold for getting good classification models. We suggest that this limitation
could be overcome using the survival analysis and following a forward-looking approach.

Another constraint to be tackled was the too general approach in many papers. This
topic lacks works focused on specific industries, whereas several authors addressed the
issue [15,20]. Following their works, we limited the analysis to a particular sector and
activity, because hotels are places where companies are not likely to have branches in
different industries, as suggested by Pech et al. or Choi and Lee [23,32]. This requirement
was double-checked when retrieving the dataset using, not one, but two activity filters.

Concerning the results of the research, and after performing the three tests, it can be
concluded that the return on capital employed ratio (ROCE) is consistently associated with
the bankruptcy of lesser dimension hotels when an economic downturn happens. This



Sustainability 2021, 13, 1473

150f 17

particular ratio is the only one that could be associated with this fact in the eleven-year
timeline considered, among the initial nine ratio sets that were included in the analysis.
This is consistent with the notion that the capital structure in the companies is remarkably
relevant in order to get ready for economic downturns and, eventually, manage the ensuing
financial distress.

Because ROCE is a structural ratio, which marks up the proportion between EBIT
and financial expenses, versus the shareholders’ equity and fixed liabilities, the following
insights can be concluded:

1.  We considered an intermediate ROCE value the interval limited by the mean of the
sector =+ its standard deviation;

2. When an economic crisis bursts, considered in the long term, a given small hotel that
features a ROCE value within that intermediate interval is more likely to survive than
small hotels with ROCE in extreme values, 95% significant;

3. The rest of the ratios analyzed in this study do not meet this characteristic, according
to Cox regression;

4.  Preliminary, and less accurate, survival analysis or Kaplan—-Meier models suggested
a relevant—but not significant—relationship in the long term with other ratios and
hotel dimensions. Particularly, the return on shareholders’ funds, the solvency ratio
and the liquidity ratio seem to influence somehow the medium-sized enterprises’
long-term survival function;

5. Our conclusions also underpin the idea that, combined with ratios, market informa-
tion adds little accuracy to the forecasting methods. Nonetheless, there is a secondary
outcome in this research, which would support the fact that legal status plays a rele-
vant role in the bankruptcy prediction when it comes to medium-sized hotels, which
is something to be included among the inputs of forthcoming research.

The overall results support that the survival analysis is a proper technique for ap-
proaching this topic, the Cox regression being the most restrictive method compared
to survival tables or Kaplan-Meier estimates. At this point, we could remark that the
advantages of using survival analysis addressing this matter are the usage of the whole in-
formation, including those cases including missing values, and the possibility of estimating
results among large unbalanced datasets.

Using this information, we could suggest hotel managers who are facing an economic
downturn pay attention to the relation between earnings and capital employed, because
it is quite related to the probability of experiencing financial distress and, eventually, a
corporate failure. More specifically, it applies to small hotels, which were dimensioned for
this study’s purposes according to the following cluster’s centroid characteristics: operating
income: 958,240 €; total assets: EUR 1,356,390; employees: 12.31). Given that premise, the
logical application of the conclusions is to keep the ROCE within that intermediate interval
in the event of an economic crisis.

This study considers the crisis that befell in 2008 as the main initial fuse for the
subsequent bankruptcies in the Spanish hotel sector. However, this might be the case for
hotels, certainly much worse, of the current economic situation derived from the COVID-19
crisis. The statistics show that after the outbreak and the closure of the border, the market
dropped nearly to zero customers, ruining the high season entirely. It is undeniable that
many hotel businesses will come to an end in the forthcoming months and years, providing
a unique opportunity for testing new models. However, the challenge for researchers shall
be discriminating the reasons for the future corporate failures, splitting them into regular
reasons—perhaps the financial situation was yet weak upon the outbreak or extraordinary
reasons due to pandemic itself-.

Despite the results, the limitations of this paper are to be overcome and its outcomes
improved in future research. First, the ratio set could be improved considering the prof-
itability and capital structure of the firm, in addition to operations or ratios per employee,
which seem also promising for being evaluated in the same model. Afterward, in a sec-
ond stage, when all the regular ratios had been evaluated, the model should be tested



Sustainability 2021, 13, 1473 16 of 17

against a more comprehensive version including appropriate hotel revenue management
information, such as revenue per available room (REVPAR) or gross operating profit per
available room (GOPPAR), to check whether this information is actually related to early
or late bankruptcies. When it comes to medium-sized hotels, the legal status seems to be
linked to the hazard function, which is something to be investigated in future research.
On the other hand, the method will also be tested using another industry whose companies
are more likely to have branches and different activities, so that other significant ratios
might emerge.
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