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ABSTRACT
The hospitality and tourism firms have been facing a severe challenge because of

recent financial tsunamis and accounting scandals. With the volume of financially
distressed hospitality and tourism firms increasing, it is essential to find out which
firms are most exposed to the risk of financial distress, because realizing a potentially
distressed firms and point out its inherent problems that enhance the possibility of
firms to survive in the highly competitive environment and yield the chance for
decision makers to make an appropriate actions to turn the firm around. Thus, the
primary objective of this study is to identify the key financial distress attributes and
proposed a pre-warning model for hospitality and tourism firms. The key financial
distress attributes can be determined by sequential floating forward selection, one sort
of feature selection techniques. The original data undergone the feature selection
process not only can eliminate the computational burden, but also increase the
forecasting performance. The pre-warning model was based on neural network, one
kind of artificial intelligence techniques which can reach superior outstanding
forecasting performance without satisfying strict statistical limitation. The
experimental result shows that our proposed forecasting model which incorporated
sequential floating forward selection and neural network achieve outstanding

forecasting quality and provide a more concise knowledge of the data.
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I.  Introduction

In highly competitive financial environments, the mechanisms for risk warning

have become important key instruments to guarantee the stability of the financial
market because of their potential to prevent huge economic losses for related parties
(e.g., creditors, bankers, investors, stockholders, and managers). Numerous firms
falling into a financial crisis status during the same time period could cause another
financial tsunami in the capital markets (Cao et al. 2011). Thus, helping firms
effectively forecast a financial crisis is becoming much more essential in order to
avoid the global economy going into a depression.

Compared with well-established research domains (financial crisis prediction, credit
scoring, etc.), little work has been done on forecasting a warning for those firms
falling into the decline stage, which is the inevitable stage before a financial crisis
occurs. The corporate life-cycle theory views the corporation from the longitudinal
perspective, by which the corporation might move through a justly predictable
sequence of developmental stages. A widely utilized corporate life cycle basically
consists of four or five stages: start-up, growth, maturity, decline, and death (Cao et al.
2011). Among these stages, the decline stage is much more important to recognize
than the others. After going through the start-up, quick growth, and relatively stable
maturity stages, numerous firms fall into the decline stage and encounter many
aspects of crises. If managers can modify the capital structure of their firms in the
decline stage, then the firms will have a higher possibility of surviving in an
extremely competitive market rather than falling into the death stage.

The effectiveness of a multi-agent mechanism depends on two elements:
preciseness and diversity of the base instrument/model. Among the artificial
intelligence techniques, decision tree (DT) is widely utilized for various reasons: (1)
its forecasting outcome can be easily attained for a decision maker, (2) the forecasting
model construction by DT has no pre-defined assumption about the underlying
distribution, and (3) the forecasting model construction by DT is faster than other
artificial intelligence techniques. Thus, we select DT with its superior generalization
ability as a base classifier. How to generate a diverse outcome is another critical task
that can be solved by the technique called the random subspace method (RSM) (Ho,
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1998). The utilization of dissimilar space for multi-agent mechanism establishment
has been extensive in recent research. Ho (1998) indicated that RSM is able to
facilitate forecasting accuracy and decreases the generalization error. The basic idea
of RSM, rooted in the theory of stochastic discrimination (Kleinberg, 2000), has some
points that are the same a bagging, but instead of sampling examples it samples
subspaces (Skurichina and Duin, 2001; Garcia-Pedrajas and Ortiz-Boyer, 2008). It has
been successfully implemented on numerous research domains.

The rest of the paper is structured as follows. Section 2 introduces the methodologies
used in this study. Section 3 presents a review of the data from our empirical work

and the experimental decisions. Finally, section 4 offers conclusions.

Il. Methodologies

The most commonly implemented artificial intelligence (Al) technique in the
category of data mining and machine learning is decision trees (DT) and it can be
used to handle two main types of problems: one is the regression problem and the
other is the classification problem. Due to the nature of easy-to-implement and
comprehension, it has become gradually more popular than other Al techniques. Kim
and Uoneja (2014) stated that C4.5, one of the popular types for constructing a DT
model, generates DT by an assessing criteria namely information gain (IG) or by
partitioning the tree at a specific stage. This technique starts with a minimal tress
and evaluates the attributes that provides the most useful partition of the training
cases. The mathematical format of gain ratio was represented in Eq. (1) and it is the
assessing criteria for splitting in the C4.5 DT technique.

k (U) B(u) s, B & (5) BY(s)
G(a,) = {Z (o109 5y } {Z(BM > - (B(S))Iog(B(g)) , (1)

h=1 h=1

where the first term and the second term in the formula represent the entropy at the
parent node and the entropy at the child node, respectively. The difference between
the two expresses the information and attributes that generate the gain ratio, and the
largest gain ratio among all gain ratios is used to handle the partition task. Each child
node is treated again as a new tree, and the process repeats until there is no

misclassification in the training data (Kim and Upneja, 2014).

1. Empirical results

To examine the effectiveness of the multi-agent structure and feature selection
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approach DA, the study presents the outcomes under two scenarios: (1) with and
without multi-agent structure; and (2) with and without feature selection. The
experimental results are in Tables 1-2. To ensure that the outcomes do not happen
by chance, we examine the significance of the prediction outcomes by means of the
independent sample t-test, with the statistical outcomes in Table 3. According to our
research finding, the multi-agent structure outperforms the singular structure. The
finding is in response to prior research done by Sharkey (1996). The merit of the
multi-agent structure complements any error made by the singular model. The
model with the feature selection procedure not only can increase forecasting
accuracy, but also can decrease both types of errors.

Table 1. The results of scenario 1.

Condition With and without multi-agent structure (RSM+DA+DT v.s. DT)
Accuracy Type | errors Type Il errors
Cv-1 90.44 v.s. 83.22 9.51 w.s. 16.79 10.00 v.s. 16.67
Cv-2 90.11 v.s. 78.33 10.12 v.s. 21.98 7.78 v.s. 18.89
Cv-3 91.67 v.s. 80.44 8.40 v.s. 19.63 7.78 v.s. 18.89
Ccv-4 90.22 v.s. 79.67 9.88 wv.s. 20.12 8.89 v.s. 22.22
CV-5 91.33 v.5.79.89 9.01 wv.s. 20.49 5.56 v.5.16.67
AVG. 90.76 v.5.80.31 9.38 v.s. 19.80 8.00 v.s. 18.67

Table 2. The results of scenario 2.

Condition With and without feature selection (RSM+DA+DT v.s. RSM+DT)
Accuracy Type | errors Type Il errors
Cv-1 90.44 v.s. 87.56 9.51v.s. 12.35 10.00 v.s. 13.33
CV-2 90.11 v.s. 86.11 10.12 v.s. 13.83 7.78 v.s. 14.44
CV-3 91.67 v.s. 84.89 8.40 v.s. 15.80 7.78 v.s. 8.89
Ccv-4 90.22 v.s. 81.33 9.88 v.s. 19.26 8.89 v.s. 13.33
CV-5 91.33 v.5.82.67 9.01 v.s. 18.02 5.56 v.s.11.11
AVG. 90.76 v.s.84.51 9.38 v.s. 15.85 8.00 v.s. 12.22

Table 3. The statistic result under two dissimilar scenarios.

Condition Scenario 1 (RSM+DA+DT v.s. DT)

Accuracy 100-Type | errors 100-Type Il errors
AVG. 90.76 v.s.80.31 90.62 v.5.80.20 92.00 v.s.81.33
Statistic p-value= 0.00 p-value= 0.00 p-value=0.00
Condition Scenario 2 (RSM+DA+DT v.s. RSM+DT)

Accuracy 100-Type | errors 100-Type Il errors
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AVG. 90.76 v.s.84.51 90.62 v.s.84.12 92.00 v.s.87.78

Statistic p-value=0.00 p-value=0.00 p-value=0.00

IV. Conclusions

The prediction of corporate financial distress is an important and challenging
issue that has served as an impetus for many academic research studies over the
past decades. While intangible assets are widely acknowledged to be essential
elements when forecasting a corporate financial crisis, they are usually excluded
from prior related early warning models. The objective of this study is to utilize the
attributes of intangible assets as predictive variables and to propose a multi-agent
hybrid mechanism, MAHM, to increase preciseness in the prediction of corporate
financial distress. The introduced MAHM is grounded on the hybrid model that
integrates multiple dissimilar base instruments into an aggregated outcome and has
proved its superior forecasting performance. The fundamental idea behind the

hybrid model is to complement the error made by a singular model.
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Motivation and Background

« Financial crisis  (Listed
companies, investors, and
even the overall economy
of a country)

* Financial crisis prediction
model construction

Motivation and Background

If the prediction of a financial crisis is reliable or
reachable, then top corporate managers can initiate
remedial procedures to prevent any serious
| deterioration in firm performance before the crisis
bursts out, while investors can adjust their
investment strategies and allocate their scarce
economic resources to help scale down or even
decrease anticipated investment related losses.



Motivation and Background

Crisis

Performance

Literature reviews-

Performance assessment (Ratios)

Return on assets (ROA)

Return on Equities (ROE)

Sales growth rate (SGR)

Net income growth rate (NIGR)
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Research design-Support Vector

Machine-Linear Discriminant Function

How would vou classify these
points using a lincar
discriminant function in order
to minimize the error rate?

Infinite number of answers!

Which one 1s the best?

Non-linear SVMs: Feature Space

General idea: the original input space can be mapped to some
higher-dimensional feature space where the training set is
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Empirical results

Ratios THustration

R1: WCITA Working capital to totnl asscis

R2: TINTA Totnl debis (o totnl nssets

R3: CAML Curreni asscts 1o current liabilities

Ra: OQANCL. Ouick asscts o current liabilities

R5: OIFTA Opcrating inooms 1o total asscts

R&: MLISTA Met income o ioinl nssets

RT: CFTA Cash o total asscls

RE: 'S Iln-':_'-runr_\.- i sales

R9: S/TA Sales vo votal asscis

R 10 CASS Curreni asscis o sales

Rl1l: CFTD Cash Aow to wial debia

R12: QAML Duick asscis o current liabilities

H13: NIATA-TL) Met income o (total assets-total liabilivties)
Rild: LTINTA Long-tcrm doebt to total asscis

R15: CF/S Cash flow w aales

Rl16: AE Advertiscment exponditurc

R17: R&D Rescarch and development expenditure

Empirical re

SVM RF BPNN BN

57.50 82.50 77.00 76.2
88.75 82.25 78.00 1225
89.50 86,00 79.25 75.00
89.25 84.00 77.00 81.75
89.25 85.00 §2.00 77.25
88 85 83.95 78.65 76.50

N
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Empirical results

Condition

CVv-1
CV-2
CV-3
Cv-4
CV-5
AVG

Assessing criterion: Sensitivity (SEN)
RF

SVM

86.50
89.50
90.50
88.00
87.50
88.40

Empirical results

BPNN

76.50
78.00
75.50
78.00
80.50
717.70

BN

77.00
73.00
72.50
83.00
77.00
7650

Condition

Cv-1
CV-2
CV-3
Cv-4
CV-5
AVG

Assessing criterion: Specificity (SPE)

88.50
88.00
88.50
90.50
91.00

89 .30

83.50
82.00

85.50
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77.50
78.00
83.00
76.00
83.50

79.60

73.50
71.50
77.50
80.50
77.50
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Empirical results

Condition Assessing criterion: F-Score (FS)
il 87.37 82.32 76.88 76.43
Cxa 88.83 82.20 78.00 72.46
e 89.60 86.07 78.44 74.36
Cht 89.11 84.24 77.23 81.98
oans 89.06 85.22 81.73 77.19
e 88.80 84.03 78.46 76.48

SWM vs RE L= 3 (p=0,043)
SVM v.s. BPNN MyMdyg =8 723 023 (p=0.043)
SVM v.s. BN B it

(023 (p=0.043)

Z
SVM v.s. RI z
SVM v.s. BPNN T Z=20023 (p=0.043)
SVM v.s. BN : 2

z

SVM v.s RF

{
Ll

023 (p=0.043)
023 (p=0.043)
l
[

SVM v.s. BPNN S 123 (p=0.043)
SWM v.s BN £==2023 (p=.043)
SVM vs RE i g =023 (p=0043)
SVM v.s. BPNN o =0 =203 (p=0.043)
SVM v.s. BN 7=-2.023 (p=0.043)
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Conclusions

We developed a general model based on
statistical learning and manifold learning
theories to predict the corporate financial
Crisis.

A real case was executed to examine the
feasibility of the proposed model.

The results reveals that the proposed model 1s
a promising alternative forecasting model for
corporate financial crisis

Conclusions

A real case was executed to examine the
feasibility of the proposed model.

The results reveals that the proposed model is
a promising alternative forecasting model for
corporate operating performance.
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