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Abstract

Much have been done on forecasting and defaulaokfuptcy prediction, but not many of the earlierks
have dwelt considerably on connecting accountiegit with the topic. This paper examines the rateeaof
accounting theory as a tool in forecasting techesgand default prediction in an organization ineX, using
organisations in industrial goods industry (secéara study area. Ex-post facto design is usedtihily because
no attempt is made to control or manipulate relevatgependent variables. Published financial statem of
twelve (12) companies in the consumer goods sedthrfinancial statements and reports coveringgégod of
2012 to 2017 are used. Findings revealed thatdityuratios, leverage ratios and market ratios ificantly
predict and forecast firm default probability, vehpprofitability do not significantly predict defaudikelihood. It
is recommended that every stakeholders and esstying financial statements to ensure adequattosiise of
all relevant and material facts in the report ththie analysts and other users make informed judgefrom the
content of the report.

Key words: Accounting Ratios, Accounting Theory, Bankruptcyolbability, Corporate Default, Default
Predictions, Forecast Techniques.

1.0 Introduction

For over 100 years, financial statement analysssbieen used to assess a company’s likelihood ahdiial

distress — the probability that it will not be alerepay its debts. Financial statement analysis used by
credit suppliers to assess the credit worthinesissdforrowers. In many cases, there was littleraktive,

reliable information, other than the general repataof the borrower.

Predicting corporate default has been of a greatero to all stakeholders. This received more tadtem the wake of
the event of global financial crisis in 2007, whathrted in USA with subprime lending crises thatdd until mid-2010
(Soludo, 2009). Consequently, the global finareigine had withess many voices calling for a releoluf existing

default warning systems in order to identify orver recurring default problems. Many studies entidkat firms

follow leverage targets (Graham and Harvey, 20@indand French, 2002; Flannery and Rangan, 20Gfiedsn

‘Corporate Default Prediction with Industry Effecividence from Emerging Markets’ (Internationaud@l of

Economics and Financial Issues Volume 6: Speaakls2016). It can be said that any wrong decalimut capital
structure may lead the firm to financial distresd aventually to bankruptcy (Eriotis, 2007). Altigbuthe impact of
external factors is very important element thatukhde considered, this is not sufficient to haldts factors more
relevant than the concepts underpinning the acogupriactice.

The problem of predicting default can be viewedasoblem in assessing the probability of finandiatress
conditional upon the value of a ratio (or set dfog). In arriving at estimates of the conditiopabbability of
financial distress, the possible events are viewsdbeing dichotomous - either the firm will expede
financial distress or it will not. Prior to lookirat the financial ratios of the firm, certain prignobabilities are
formed.

Early research works have not substantially coreteetccounting theory to the topic of organisatiefadit.

This paper therefore studies the extent to whiatpaating ratios signal, forecast or predict thesfimkity
of corporate default or bankruptcy, using dataiokthfrom the Industrial Goods Industry in Nigeria.
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2.0 Literature Review

2.1 Conceptual Framework

Researchers since the 1930s have responded toetitk for forecasts by conducting experiments testing
multiple reasonable methods and the findings frovwsé experiments have led to great improvements in
knowledge about forecasting (Armstrong & Kester 20

For qualitative forecasts- such as whether a, b,witl happen, or which of x or y would be bettezeeuracy is
typically measured as some variation of percentecbr For quantitative forecasts, accuracy is assedy
differences between ex ante forecasts and datahat actually transpired. Therefore, the benchmarkre
measure for evaluating forecasting methods is #s#lyeunderstood and decision-relevant Relativeohiis
Error, abbreviated as “RAE” (Armstrong & Collopy9®).

Many studies, research works and textbookssf@ttention on sophisticated approaches for sitipksd
economic based models that have very little ratat@daccounting practice in forecasting the lileiti of default

in an organisation. Prior studies support the ingue of industry effects on probability of defaf®pler &
Titman, 1994) find that the adverse consequencesewdrage on bankruptcy are more pronounced in
concentrated industries and that single informatimm affect the industries differently across thele market.
Therefore, industries tend to have different issauras challenges, which could differently influerihe default
probability of firms. For that reason, industry aedvironment play significant role in explainingeth
organisational volatility (Nishat, 2001). As a riésmost of the past studies conclude by depenteayily on

the industry effect in forecasting and predictirdaalt.

Accounting data as an easily accessible and a priswurce of information provides the context, onick
researchers could develop their prediction and basie forecasting activities. (Michael, 2015). Tiiterature
identifies the industry effects on probability affdult but the argument seems to stand under-eegblior the
context of emerging markets. A number of studiewlteo ignore the significance of industry in theiodel
specification. In addition, researchers face pnobie establishing the industry- specific variabtkse to data
limitations. Therefore, most of the past studiesaeed the industry effect by including an industrdummy
(Chava & Jarrow, 2004). However, prior studies supphe importance of industry effects on probapitf
default. Opler and Titman (1994) find that the adeeconsequences of leverage on bankruptcy are more
pronounced in concentrated industries. In relagsbarch, Lang and Stultz (1992) reveal competitite-
industry effects of bankruptcy announcements. Adicgr to Acharya and Srinivasan (2003), industry
conditions at the time of default affect the reagveate. The argument between firm-specific andustd/
effect is indecisive across emerging markets. Hamnethere exist enormous institutional differences.well,
the effect of sectoral behaviour on probability default determinants may differ across differentrkats.
Despite that, the unique behaviour of each indugnes between countries due to different finareddtings.

It is affirmed that, the lack of developed bond keds is often one of the reasons for the intensftyhe
financial crisis across developing countries. Ag financial system in most emerging and developing
economies is centred on banks, an important aggebe development of bond markets is the impacthen
banking system. Since the Asian financial crisid®97-98, attention has increasingly focused orréfegive
roles of the banking sector and of the capital mitk developing economies. In many instancesdtraestic
bond market, where it exists, is generally undesetigped, in both breadth and depth, compared tdam&ing
system and the equity market. It has been argusddker-reliance on bank lending for debt finagoxposes
an economy to the risk of a failure in the banlsggtem.

According to Noravesh, Dilami and Bazaz (2007)niaa industries are heavily dependent on bank &imay)
which has been shown to affect the investment mewssof firms. Consequently, during uncertain macro
environment, banks are resistant to advance lomg-gans to the private industries, and often edtte short-
term lending. Based on significance of industrieghe performance of firms, it reveals the impoctaro
investigate the industry effects on probabilitydefault of firms in emerging economies.
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2.1.1 Accounting Theory

A ‘theory’ according to Oxford Advanced Learnerstciionary, Oxford University Press, (2010) is anfiad set
of ideas that is intended to explain why somettiagpens or exists; the principles on which a paeicsubject
is based or an opinion or idea that somebody bediéy true but that is not proved. Theory is usadegimes to
say that a particular statement is supposed toeuleebut may in fact be wrong.

According to Kerlinger, (1973) Theory can be defirees a set interrelated constructs, (conceptsinitieh or
proposition that present a systematic view of phega by specifying relations among variables wité t
purpose of explaining or predicting the phenomena.

Henderiksen (1970) defined theory as ‘a set of tygtical, conceptual and pragmatic principles fomgnthe
general framework of reference for a field of lidjty’.

2.1.2  Forecasting Techniques and Methods

Accuracy is the most important criterion for moartges concerned with forecasts (Fildes & Goodwio?).
The predictive validity of a forecasting methodassessed by comparing the accuracy of forecasts thie
method with forecasts from the currently used meittos from other evidence-based methods. For iz
forecasts—such as whether a, b, or ¢ will happenyhich of x or y would be better—accuracy is tylig
measured as some variation of percent correctqbantitative forecasts, accuracy is assessed gralices
between ex ante forecasts and data on what actimabgpired. The benchmark error measure for etiafya
forecasting methods is the easily understood amiside-relevant Relative Absolute Error, abbreulats
“RAE” (Collopy & Armstrong, 1992).

There are many forecasting techniques, but we Hmgcally two approaches to forecasting; these are,
qualitative and quantitative.

In qualitative approach, forecasts are based ognjeet and opinion, for instance, executive opinjddslphi
technique, sales force polling, consumer surveaehriiques for eliciting experts' opinions - PERTiv. In
guantitative approach, forecasts are based onigtrical data, these include; naive methods, ngpeaverages,
exponential smoothing, trend analysis, decompasitibtime series and box-Jenkins. (2) Associatizaugal)
forecasts, here, we have simple regression, meiltggression, econometric modelling. (3) Consunebakiour
oriented forecast such as the Markov approach dpdng@irect methods which comprises of market sysye
input-output analysis and economic indicators. €hae discussed in detail below:

2.1.2.1 Qualitative/Judgmental Methods

This is the use of expertise based on experiencniilar situations, using for example relativeginencies.
Experience can also lead to the development of Isirfiules of thumb,” or heuristics that provide ci
forecasts that are usually sufficiently accuratenfiaking good decisions, such as choosing betwptons. The
superiority of simple heuristics for many recurr@mactical problems has been shown by extensivearel
conducted by Gigerenzer and the ABC Group (199%hefMax Planck Institute for Human Development in
Berlin cited in Armstrong and Kesten, (2017). Googw2017 also describes situations where expertise,
translated into rules-of-thumb helps to make adeuferecasts. Generally, it has been establishaduhaided
expert judgment should be avoided for complex noummng situations for which simple heuristics havat
been shown to be valid. For such situations, siredtjudgmental methods are needed; nine of suiclemse-
based structured methods are identified. The rastieclude Intentional surveys, Expectation suryv&ygert
surveys, simulated interaction, structured anakdixperimentation and Expert systems.

2.1.2.2 Quantitative Methods

Quantitative methods use some typically numeriedh delated to what is being forecast. These msthuake
use of judgmental methods, such as decompositibis. Study focuses on the regression analysis fetiecp
methods. Regression analysis is useful for estimgatie strength of relationships between the viesaand one
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or more known causal, or predictor, variables. Bsgipon analysis is an important tool for quantidyin
relationships. One of the benefits of regressioalyasis is that it is conservative, in that it redsiche size of
coefficient estimates to adjust for random measerdgrerror in the variables. Much literature over ylears has
however concluded that the validity of regressistineated model parameters has been poor. (loandtisley
& Doucouliagos cited by Armstrong & Green (2017).

2.1.3 Corporate Default Prediction

The ability of account users to perform accuratessment of a firm’s likelihood of default usingbficly

available sources of default risk information idtical for efficient resource allocation. For exdmp
(Campbell, Hilscher and Szilagyi 2008) document @@ more likely to experience financial distrésse
higher volatility and greater non-diversifiablekiis

2.1.4 Corporate Default Drivers

The choice of default drivers extensively in prasditerature remains ambiguous. Campbell, Hilsced
Szilagyi (2008) make use of firm-level market infation, Duffie, Saita and Wang (2007) recommends
macroeconomic indicators using macroeconomic veshChava and Jarrow, (2004) suggests industecieff
while Altam, (2000) recommends and adopts accogniittios. Other non-numerically measurable driviers
instance, quality of a firm’s assets, managemegdtority, the decisions of the regulator unsystéerat random
events and courts of law, are suggested. This stodyborates the Altam stance as it looks intoplaee of
accounting theory in all these.

2.1.5 Modelling Default or Bankruptcy Probability

Bankruptcy prediction has received increasing &itiarfrom the finance and accounting literaturecsithe late
sixties. Seminal research of Beaver (1967) stattednalyse the antecedents of bankruptcy by leading
discriminant analysis on a single ratio (cash-flotal debt) while Altman (1968) developed a
multidimensional approach that combined five actimgnratios to calculate the well-known “Z-score”arder

to predict corporate bankruptcy. Over years, nusemodelling techniques have been designed to geowi
more complete understanding of the bankruptcy pimemmn and improve the accuracy of the models. dh th
sense, Du Jardin (2009) reveals that more than &Mads have been used to build bankruptcy predictio
models (discriminant analysis, logistic regressiombit regression, rules induction, spline regassneural
networks, gambler’s ruin model, hazard model, andrg.

One of the most frequently employed statisticahtégues in bankruptcy forecasts is the logit mqéiedt used
in Ohlson, 1980). This model offers several advgesathat make it superior to alternative procedbia.
instance, logit models do not require the poterigikruptcy predictors to be normally distributed allow

combining several bankruptcy indicators into a matiate probability score which indicates the likeod of

corporate bankruptcy (Balcaen & Ooghe, 2006; Karl915). Given the reliability of logit models &ssess
corporate bankruptcy (Acosta-Gonzalez & Fernartledriguez, 2014; Gupta, Gregoriou & Healy, 2015), this

statistical technique will be used in this study.

Beyond the regression technique, another point mistressed to build accurate bankruptcy predictiodel:
variable selection. Usually, a two-step procedarehiosen to select the most accurate variablesewiag 190
papers on bankruptcy prediction models, Du Jardd09) showed that, during the first step, 40 pent of
studies only used variables that have been fourietgood predictors in prior research. In otherdspthe
variables are included in the model because thene w@nificant in past empirical works. Howeveristh
procedure is quite reductionist as bankruptcy pteds can be reliable in one context but not intla@oowing

to their contingent nature (Balcaen & Ooghe, 2aD6;Jardin, 2015). To mitigate this concern, thetfastep of
this research proposes to adopt a mix-method theludes variables whose predictive power has been
demonstrated in prior studies as well as ad hoalias with the aim to improve the accuracy ofriredel.
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In the second step, an automatic procedure is conymemployed to build the final set of bankruptcy
predictors. Dash and Liu (1997) suggested diststgng between complete methods and heuristic msthod
While the former enables to find an optimal solntjgrovided the evaluation criteria is monotonie thtter
relaxes the monotonic assumption on the selectitgria. As a result, heuristic procedures allose@chers to
explore all possible combinations for the selectioiteria to finally restrict attention to a smalleumber of
potential bankruptcy predictors (Acosta-GonzaleFé&nandez-Rodriguez, 2014). Some of the most popula
methods are the forward or backward stepwise prgesd which sequentially include or exclude vaegabl
based on various criteria such as t-ratio stasistic the probability of F (Miller, 2002; Lussier &orman,
2015). Despite their relevancy, few studies endagich procedures. According to Du Jardin (2008)y 26
per cent of prior works on bankruptcy predictioropida stepwise selection procedure, which hampes t
robustness of their results.

This research uses Altman’s multidimensional apgnogp calculate the well-known “Z-score” in order t
predict corporate bankruptcy (Altman, 1968).

2.1.6 Accounting Ratios and Bankruptcy Probability

Accounting ratios were classified into four broadegories. Leverage ratios measuring the capabifiigyfirm
in paying its debt obligations. Liquidity ratiosdicating a firm’s ability to pay its debt obligati® using
available cash at the firm’s disposal. Beaver (396@ues that the firms with lower liquid assets arore
prone to bankruptcy and vice versa, that is firnith wigher liquidity show likely immunity againstethult.
Four ratios are considered in measuring liquidityaccompany in this study. Profitability ratios rseee the
effectiveness of the firm's use of resources. Bxofity ratios measure the firms’ efficient andfeetive
utilization of their assets and how they controkithexpenditure to produce adequate earnings fer th
shareholders. Here, what constitutes adequatengarmr rate of returns depends sometimes on th&sfir
industrial average and market ratios measure invessponse to owning a company's stock, thesesratso
measure the cost of issuing stock. They are coadenith the return on investment for shareholdans, with
the relationship between return and the value dhe@stment in company's shares.
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2.1.7 Conceptual Framework of Relevance of Accoumti Theory in Forecasting Technique and Default
Prediction in an Organisation in Nigeria
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Fig. 1: Source: Researchers’ Conceptual Frameworkfdrelevance of Accounting Theory in Forecasting
Technique and Default Prediction in an Organisationin Nigeria Model
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2.2 Theoretical Review
Accounting theory takes its root from decision theaneasurement theory and information theory.

2.2.1 Decision theory

Decision theory is an interdisciplinary approactdéermine how decisions are made given unknowiabias
and an uncertain decision environment frameworkcifden theory brings together psychology, statsstic
philosophy and mathematics to analyse the decisiaking process. The theory is the study of theaiag
underlying an agent's choices. Decision theory lmarbroken into three branches: normative decidieort,
which gives advice on how to make the best decssigiven a set of uncertain beliefs and a set dfes
Descriptive decision theory, which analyses hoveting, possibly irrational agents actually makeisleas; and
prescriptive decision theory, which tries to guategive procedures on how or what we should dordeoto
make best decisions in line with the normative the®ecision theory is closely related to game thieand is
studied within the context of understanding the iveids and decisions underpinning activities.
(investopedia.com)

2.2.2 Measurement theory

Measurement theory according to Glautier and Uralend(1978) cited in Agbiogwu (2015) holds the view
that rational decision making depends on infornmatipdata, hence measurement to them implies assignof
rules specifying the property to be measured, ttedesto be used and the dimension of the unit. The
measurement theory is very important to the AccanmtBusch and Lahti (2012) see term measurementyth

as referring to that part of a physical theory imckh the empirical and operational content of theaepts of the
theory is determined. Measurements are analysddasobperational procedures defining the observalbldwe
theory and as physical processes which are theassslibject to the laws of physics.

2.2.3 Information Theory

Information in business generally is seen as thgamzations resources and therefore is of paramount
importance to the Accountant. It is a theory thedld statistically with information, with the meesment of its
content in terms of its distinguishing essentiareleteristics or by the number of alternativesldwihg the fact
that information is a resource, information thethgrefore emphasizes efficient utilization in riglatto input

and output.

3.0 Methodology

For this research work, ex-post facto design iglusethis study. Data already exist as no attermphade to
control or manipulate relevant independent varglaleparently, because these variables cannot bipurated
since the events have already taken place andfdhertthe research is being conducted after the Tdwt study

is conducted among companies in the Consumer Gsed®r quoted on the Nigerian Stock Exchange, iwe
the periods 2012 — 2017. Data is obtained fromptlidished financial statements of twelve (12) conigs in

the consumer goods sector with financial statemants reports covering the period of the study. Fyear
observations without adequate data on studied blesaare excluded, leaving a sample of 71 firm-year
observation.

3.1 Model Specification

To test the research Hypotheses, the researcherthrele regression models. The first equation nsotled
relationship between selected accounting ratioa given year and the bankruptcy probability fort theven
year. Equation 2 and 3 models accounting ratiodidgamons in the prediction of future firm defaultith
Equation (2) predicting one year ahead bankruptaetault probability, and Eqgn. (3) forecasting grebability
of default in two years’ time.

BPi= L + fICR: + BQR+ BGPM, + BIOPM; + LGEAR + SFIC: + BEPS + KBROCE + KROE: + &

1
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BP.1= B + BiCR: + BQR + BGPM, + BIOPM; + BGEAR + GFIC + BEPS + BROCE + KROE, + &
2

BPu2= o + BICRi+ BQR+ BGPM; + BIOPM; + BGGEAR. + GFIC; + BEPS + KROCE + KROE, + &
3

Where BP denotes bankruptcy probability or probighdf default (measured using the Altman Bankrypfe

Score; expressed as a dummy variable. D=0 for Fimitis default in payment, having a high probabildfy

bankruptcy, i.e. Z<1, and D=1 for Firms with no@df in payment, having a low probability of baniiay, i.e.

Z>1); BR.; denotes the probability of a firm going bankruptdefaulting in one year time; BB denotes the
probability of a firm going bankrupt in two yeatsghe.

4.0 Results
4.1 Descriptive Statistics
Table 1: Correlation Coefficient of Current Values of Vdiles Studied

CR QR GPM OPM GEAR FIC EFS ROCE ROE B_PROB
CR 1
QR 0.950405 1
0 e
GPM -0.365123  -0.359373 1

0.0017 00021 e

CPM -0.458773  -0.390368  0.647326 1
0.0001 0.0008 0 e
GEAR -0.10279 -0.13215 0104791 0101394 1
0.3937 0.272 0.3845 04001 e
FIC -0.144984 -0.088726  0.200334 0453466 -0.101327 1

0.2277 0.4568 0.0938 0.0001 04005 e

EPS -0.121697  -0.075014  0.355059 0.5611&8  0.388148  0.266041 1
0.312 0.5341 0.0024 0 0.0008 0.0249 e
ROCE -0.119033  -0.111282 0.211653 0151996 0.037927  0.172234 0.01755 1

0.3228 0.3555 0.0764 0.2057 0.7535 0.1509 0.8840  eee

ROE -0.138914  -0.1000%6 0470003 0.653506 0.341506  0.236277  0.839644  0.020885 1
0.2445 04062 0 0 0.0036 0.0473 0 0.8627| e
B_PROB .132586 0184041  0.252768 -0.495748 0153735 0377243 0118818  -0174237 -0.100554 1
0.2704 0.1244 0.0334 0 0.0205 0.0012 0.3233 0.1462 0.0404 e

Source: Researchers’ Correlation Coefficient of curreritiea of Variables studied E-views 9.5

CR and QR are variables representing Liquidity é&ativhere CR denotes current ratio (measured asnturr
assets over current liabilities) and QR denoteskgratio (measured as current assets less inveat@rycurrent
liabilities).

GPM and OPM are variables representing ProfitgbiRatios where GPM denotes Gross Profit Margin
(measured as gross profit over sales), and OPMtde@perating Profit Margin (measured as opergihodits
before interest and tax over sales).

GEAR and FIC are variables representing Leveradgobrency Ratios where GEAR denotes Financial Ggari

(measured as total debt over total capital), ar@ d¢notes Fixed Interest Cover (measured as Néit Phas
Fixed interest all over Fixed Interest).
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EPS, ROCE and ROE are variables representing Mark&tvestors Ratios where EPS denotes Earnings Per
Share (measured as profit distributable to shadenslover number of equity shares), ROCE denotagf&on
Capital Employed (measured as Net operating poofitr total assets less current liabilities), andER{2notes
Returns on Equity (measured as Net Income overeBblder's equity).

In order to fully predict the default probability firms using the highlighted accounting ratiose tistributed
lag model is introduced where the current valueshef dependent variable are predicted based on theth
current values and past values of the explanatariables. Using two lags for each independent b&jahe
model will show how each one will predict the pbd#ly of default from the current year up to twears’ time.
Thus, Equation (1) to (3) specified above can lesgmted in the standard distributed lag model helow

BPi= & + BICRi+ BCRu1+ BCRi2+ BiQRi+ BQRu1+ BeQRiz2+ BIGPM + BGPMu1 + LGPM, +
BrOPM; + B110PM; + Bi:OPMy; + B1:GEAR: + BiIiGEAR: 1 + SisGEAR., + BigFIC: + SirFICi: + BigFIC:
2+ PiEPSK + BoEPSK1 + BuEPS: + B:ROCE + ROCE + (4ROCE, + (sROE + BsROEB; +
BoROBw, + & ... 4

It is expected that any ratio that has predictioesgr over, or signals the default probability afifs should have
ap-value less than 0.05 alpha levels, otherwise @adbemull hypotheses.

From the above table 1, the Pearson moment caoelatoefficient reveals positive yet not statisfica
significant association between liquidity ratiose(icurrent ratio and quick ratio) and default idoibty.
Although a negative association is expected, thgdtige association explains the fact that in therent year,
liquidity and default are not significantly related

The association between profitability and defaulbbability reveals that GPM is positively relatedthw
bankruptcy in a statistically significant mannehil@ OPM is negatively associated with default istatistically
significant fashion. This explains the fact thatimerease in operating profitability is associatath decreasing
default possibility. The relationship between défauobability and solvency or leverage ratios eviat both
gearing and fixed interest cover ratios are padifiassociated with firm default rate at statidtjcaignificant

rates. In other words, as solvency ratios incredefgult probability increase too. This is in lin&h apriori

expectations that firm insolvency is directly asated with its chances of bankruptcy.

Investment ratios association with default proligbiteveals that all investors or market ratiosdgtd are
negatively associated with default in the curreeary While the association between ROE and detmalt
statistically significant, the association betwd&aS and ROCE, and Default probability are not stiaélly
significant. The negative association fits apriexpectations that firm value decreases with loviareholder
wealth, thus increasing the likelihood of firm defa

All the liquidity ratios are negatively relateddt) other ratios. The negative relationship betwiguidity ratios
and profitability ratios is statistically signifinafor both GPM and OPM. This could imply that iherease in
profit without a corresponding increase in cashiea@s. The negative relationship between liquidigios,
solvency ratios and market ratios are not statiyicignificant for GEAR, FIC, EPS, ROCE, ROE.

The relationship between profitability ratios amdrage ratios and market ratios are positive. Jdtive
relationship is statistically significant for FIEPS and ROE, and not statistically significant &EAR and
ROCE.

A positive relationship is also observed betweertdage ratios and market ratios, with the positalationship
being statistically significant for EPS and ROEd awot statistically significant for ROCE.
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4.2 Hypotheses Testing

Table 2: ARDL Regression Results of Accounting Ratios Ratai on Default Probability of Firms in the
Industrial Goods Sector in Nigeria, 2012-2017.

PANEL A: Regression model of Liquidity Ratios predcting the probability of firm default

Coefficient Std. Error t-Statistic Prob.
CR -0.159876 0.063319 -2.524940 0.0156
CR(-1) -0.051423 0.047910 -1.073320 0.0289
CR(-2) -0.037210 0.059691 0.623384 0.0366
QR 0.672381 0.192275 3.496978 0.0612
QR(-1) -0.285138 0.154340 -1.847465 0.0271
QR(-2) -0.109969 0.114282 0.962259 0.0342
PANEL B: Regression model of Profitability Ratios pedicting the probability of firm default

Coefficient Std. Error t-Statistic Prob.
GPM -0.981424 1.063211 -0.923076 0.3615
GPM(-1) 1.180832 1.305910 0.904221 0.3713
GPM(-2) -0.172393 1.108039 -0.155584 0.8771
OPM 1.958170 1.291436 1.516273 0.1373
OPM(-1) -1.692378 1.172111 -1.443871 0.1566
OPM(-2) 1.308735 0.864415 1.514012 0.1379

PANEL C: Regre

ssion model of Leverage Ratios preding the probability of firm default

Coefficient Std. Error t-Statistic Prob.
GEAR 0.107066 0.218000 0.491126 0.6260
GEAR(-1) -0.105138 0.205943 0.510519 0.0125
GEAR(-2) -0.132131 0.211466 -0.624834 0.0356
FIC -0.002960 0.005008 -0.591166 0.5577
FIC(-1) 0.007436 0.005039 1.475825 0.1478
FIC(-2) -0.011188 0.005883 -1.901890 0.0444
PANEL D: Regression model of Investors’ Ratios preidting the probability of firm default

Coefficient Std. Error t-Statistic Prob.
EPS 0.052574 0.060159 0.873916 0.3874
EPS(-1) -0.036637 0.046569 -0.786729 0.4361
EPS(-2) -0.018907 0.057467 -0.329007 0.0439
ROCE 2.307907 0.429622 5.371946 0.0000
ROCE(-1) -1.496759 0.479042 -3.124485 0.0033
ROCE(-2) -0.035993 0.109394 -0.329024 0.0439
ROE -0.042244 0.025293 -1.670142 0.0127
ROE(-1) 0.003003 0.026480 0.113411 0.9103
ROE(-2) -0.060764 0.031091 -0.217563 0.0289

R-Squared = 0.92; Adjusted R-Squared = 0.86; F-Stistics = 16.10p=0.000; DW=1.96

Source: Researchers’ ARDL Regression Results

Panel A

The ARDL regression result presented in Panel Aabfe 2, signalling, predictive, and forecastingvpo of
liquidity ratios on firm default or bankruptcy pratbility reveals the following. Current values ofr@nt ratio
has a negative effect on default possibility, réimgeover 15 per cent effect, which is significattthe 0.05 level
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(i.e. p=0.01). CR (-1) effect on bankruptcy probabilityRBexplains the predictive power of CR in one year
ahead bankruptcy likelihood. The results show tbBt negatively predicts one year ahead BP by 5 eet, ¢
which is statistically significant (p=0.02). CR J-€ffect on bankruptcy probability (BP) explaing ttorecasting
strength of CR on default probability in two yeané. The results show that CR negatively foredastchances
of two year ahead BP by 3 per cent, which is stedily significant (p=0.03). This indicates thaR(egatively
signals the likelihood of default in the currenaieand also negatively forecast future firm defaul

Quick ratio (QR) results indicate that current ydafault likelihood is not influenced by QR. Howeyv&iture
bankruptcy probability is negatively predicted bR Guch that QR predicts about 29 per cent andet tent of
one year ahead and two years ahead BP respedtivalgtatistically significant manner (with= 0.02 and 0.03
for year 1 and year 2 predictions).

Thus, the null hypothesis is rejected, and thearebe hypothesis upheld that Liquidity ratios sigaifitly
predict firm default probability.

Panel B

The ARDL regression result presented in Panel Babfe 2, signalling, predictive, and forecastingvpo of
profitability ratios on firm default or bankruptg@robability reveals the following. Current values@PM and
OPM do not statistically signal the likelihood céfdult in the current year (with=0.36 and 0.13 respectively).
GPM (-1) and GPM (-2) measuring the predictive powk GPM on future bankruptcy likelihood does not
appear to be statistically significant at the 0l@&el, implying that GPM does not predict firm bamtcy
probability (with p=0.37 and 0.87 respective foayé& and year 2 prediction).

OPM results also indicate that future default ptolits is not predicted by current values of OPMPK2 (-1)

and OPM (-2) measuring the predictive power of O8Mfuture bankruptcy likelihood does not appeabéo
statistically significant at the 0.05 level, impig that OPM does not predict firm default (with pE®and 0.13
respective for year 1 and year 2 prediction). Hehoth GPM and OPM do not predict or forecast filefault.

This is because an increase in profitability doesmean increase in cash earnings, thus, makindrthe to

unable to meet their financial obligations as aewHdue.

Thus, the null hypothesis is accepted that prdfitalbatios do not significantly predict firm defé probability.

Panel C

The ARDL regression result presented in Panel @ble 2, signalling, predictive, and forecastingvpo of
leverage ratios on firm default or bankruptcy ptubty reveals the following. Current values of dincial
gearing (GEAR) and fixed interest cover (FIC) da have statistically significant bearing on theelikood of
firm default, with both ratios having p=0.62 an&®respectively, greater than the 0.05 alpha l6SEIAR(-1)
effect on (BP) which explains the predictive pow€GEAR on bankruptcy likelihood in one year timeyeals
a negative prediction of 11 per cent, which idistigally significant (p=0.01). GEAR(-2) effect drankruptcy
probability (BP) which explains the forecastingesiyth of GEAR on default probability in two yeané reveals
that GEAR negatively forecasts BP by 13 per cehiclvis statistically significant (p=0.03). Thiglicates that
GEAR negatively signals the likelihood of futurenfi default.

FIC implications on future default likelihood shdkat FIC negatively and significantly predict abayper cent
of bankruptcy probability of Industrial Goods firrmmstwo years time, in a statistically significananner (with
p = 0.04). This indicates that FIC negatively sigrtakslikelihood of future firm default.

Thus, the null hypothesis is rejected, and thearesehypothesis upheld that leverage ratios sigmifly predict
firm default probability.

Panel D

The ARDL regression result presented in Panel Dabfe 2, signalling, predictive, and forecastingvpo of
market ratios on firm default or bankruptcy prolidbreveals the following. Current values of ROG@Ed ROE
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have statistically significant bearing on the likebd of firm default, with both ratios havingr0.00 and 0.01
respectively, less than 0.05 alpha level. GEARéff9ct on (BP) which explains the predictive powéGEAR
on bankruptcy likelihood in one year time, revealsegative prediction of 11%, which is statisticalgnificant
(p=0.01). EPS(-2), ROCE(-2) and ROE(-2) effect anksuptcy probability (BP) which explains the foaisting
strength of market ratios on default probabilitytuo year time reveals that these market ratiosatiegy
forecasts BP by 2 per cent, 4 per cent and 6 perrespectively, which is statistically significape=0.04, 0.04
and 0.02). This indicates that market ratios neghtisignal the likelihood of future firm default.

Thus, the null hypothesis is rejected, and thearesehypothesis upheld that market ratios signifigapredict
firm default probability.

5.0 Summary and Conclusion

Bankruptcy prediction, otherwise known as ‘firm @@’ prediction is a critical issue that has beeidely
explored and elaborately argued in the finance aowbunting literature. For decades, the ultimat@ gb the
most of the prediction models was (and it stilltis)increase the prediction power of the modelsstio this
leads to some complicated techniques. Varietiesaofors ascertain the quality of an econometriadystu
including the model and the data. The robust ambres endeavour to initiate reliable and accuratdetso by
considering noteworthy determinants and well-fouhtéehniques.

This study focused on the predictive and forecgstiawer of accounting theory (measured as ratiashirm
default prediction, using the Autoregressive disttéd lag (ARDL) model to predict future defaukdiihood up
to two years. The models suggest that bankruptoybeapredicted by a subset of nine variables: atimatio,
quick ratio, gearing, fixed interest cover, grossfip margin, operating profit margin, earnings géare, returns
on capital employed and returns on equity, compdtech four accounting ratios; liquidity, profitalii,
leverage and market ratios whose predictive povesr diready been shown (e.g. Altman, 1968). Theltsesu
reveals that liquidity ratios, leverage ratios andrket ratios significantly predict and forecastfidefault
probability, while profitability do not significalyt predict default likelihood.

In conclusion, it is incumbent upon every stakeboddand entity issuing financial statements to enadequate
disclosure of all relevant and material facts in tieport to aid the analysts and other users mafeenied
judgement from the content of the report. It iothgh this, the financial statements could fulfieasf its role as
a tool for forecast technique and default predittibhis should also include stiff penalties for remmpliance.

This study suffers from several limitations that snide acknowledged. First, the use of Altman Z-8cor
computation for the computation of bankruptcy ptuligg. Even if using such a procedure has beemdbu
reliable, there is the chance of having an oventifleation concern emanating from the five paraenetof the
model, meaning that false significant variablesld@dae included in the final model (Lovell, 1983).

Therefore, it is suggested that future researchuldhadopt a method that alleviates this problemhsas
computational search procedures or data miningh@achine learning techniques.

Finally, this study examined bankruptcy predictiming a sample of firms in the industrial goodsuistdy. It is
hoped that, by developing a further understandinigamkruptcy prediction among firms in the sameustdy,
this study will stimulate future research on thisnplex and important issue of finance and accogrgindies
across different industries within the Nigerianibass environment.
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