Socialo Zinatnu Vestnesis, 2020 1 (30), ISSN 1691-1881, eISSN 2592-8562 7

RAKSTI

EKONOMIKA

Julija Liodorova, Irina Voronova

FINANCIAL RATIOS FOR DETECTION OF COMPANY’S
INSOLVENCY AND BANKRUPTCY FRAUD:
SIMILARITIES AND DIFFERENCES

DOIL: https://doi.org/10.9770/s2v.2020.1(1)

This research is aimed to identify the similarities and differences of financial ratios used in
the international methods for detecting insolvency (bankruptcy) and bankruptcy fraud. This is
the first step in the process of developing a Latvia model of bankruptcy fraud detection. The
methods of research: literature review, analysis and synthesis, comparative and correlation
analysis. The selection of the analysed financial ratios is based on data from 28 bankruptcy
forecasting models tested in Latvia and Lithuania, developed on the basis of multiple
discriminant and regression analysis. In addition, the ratios of 3 analogical models for detecting
fraud are also analysed. 58 indicators for bankruptcy forecasting were included in the study,
selecting 19 indicators, which are also used to reveal fraud in financial statements (FFS) and to
detect bankruptcy fraud in experts’ and auditors’ practice. The forensic methods to detect
bankruptcy fraud, the international guidelines to reveal FFS, legislative acts and scientific
research in this area are reviewed with the purpose to identify and analyse the similarities and
differences in detecting insolvency (bankruptcy) and bankruptcy fraud. This type of complex
analysis has not been presented in the Baltic countries yet. The article presents the testing
results of fraud’s revealing score models (M-score, F-score) using a sample of data obtained
manually from financial statements of 114 small and medium companies in Latvia. It has been
concluded that it is necessary to implement the system of financial ratios and assess the possibility
to use fraud’s revealing models in accounting examination. The authors stated the impossibility
of using the M-score and F-score models without calibration for Latvia companies. The logistic
regression model for revealing fraud (Lithuania) one year before the fact of bankruptcy forecasts
the possibility of the bankruptcy fraud with an accuracy of 61.5%. The results of the study
can be used both to create a model for detecting bankruptcy fraud and to develop an accounting
expertise procedure to reveal fraud.

Key words: insolvency, bankruptcy fraud, financial ratio, model, financial statement, Latvia.
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Finansu raditaji uznemuma maksatnespéjas un krapnieciska bankrota noteiksanai: lidzibas
un atskiribas

Si pétijuma mérkis ir salidzinat finansu raditiju lidzibas un atskiribas, ko izmanto starp-
tautiskajas metodés maksatnespéjas (bankrota) un krapnieciska bankrota noteiksanai. Tas ir
pirmais solis krapnieciska bankrota noteiksanas Latvijas modela izstrades procesa. Pétljuma
metodes: literatiiras apskats, analize un sintéze, salidzinos$a un korelacijas analize. Analizéto
finansu raditaju izvéle balstas uz koeficientiem, kas ieklauti 28 maksatnespéjas (bankrota)
prognozésanas modelos, kas izstradati uz daudzdimensiju diskriminantas un regresijas analizes
pamata un ir parbauditi Latvija un Lietuva. Papildus tam tika analizéti finansu raditaji no 3
finansu krapSanas atklasanas analogiska tipa modeliem. Kopuma pétijuma tika ieklauti 58
raditaji bankrota prognozésanai, no kuriem tika atlasiti 19, kas vienlaicigi izmantoti ekspertu
un auditoru praksé krapsanas atklasanas finansu parskatos (KFP) un krapnieciska bankrota
noteikSanai. Maksatnespéjas (bankrota) un krapnieciska bankrota noteiksanas lidzibu un
atskiribu identificéSanai un analizei tika apkopoti ar $o jomu saistitie normativie akti un zinat-
niskie pétijumi, kriminalistikas metodes krapnieciska bankrota noteik$anai un starptautiskas
vadlinijas KFP atklasanai. Raksta prezentéti krapSanas atklasanas skoringa modelu (M-score,
F-score) testa rezultati, balstoties uz manuali ieglitiem finansu parskatu datiem par 114 Latvijas
mazajiem un vidéjiem uznémumiem. Lidz §im bridim finanSu krapsanas atklasanas modelu
visaptverosa analize un modelu piemérojamibas parbaude Baltijas valstis nebija veikta. Pétijuma
rezultata tiek secinats, ka ir nepiecieSams parskatit gramatvedibas ekspertizé izmantoto finansu
raditaju sistému krapnieciska bankrota noteiksanai,un sniegti priekslikumi tas pilnveidosanai.
Autores ierosina izvértét iespéju krapsanas atklasanas modelus izmantot gramatvedibas
ekspertizé, tomér konstatéja, ka bez kalibrésanas M-score un F-score modeli nav pieméroti
Latvijas uznémumiem. Krapsanas atklasanas logistiskas regresijas modelis (Lietuva) gadu pirms
bankrota iestasanas prognozé krapnieciska bankrota iespéjamibu ar precizitati 61.5%. Pétjjuma
rezultati varétu tikt izmantoti gan krapnieciska bankrota noteiksanas modela izveidei, gan
gramatvedibas ekspertizes proceduras izstradei krapsanas atklasanai.

Atslégas vardi: maksatnespéja, krapniecisks bankrots, finansu koeficients, modelis, finansu
parskats, Latvija.

DuUHAHCOBBIE MOKA3ATeNN IS 0OHAPYKEHUs] HEIIIATEXKeCHOCOOHOCTH M MOUMIEHHUYECKOTO
0AHKPOTCTBA MPEANPHATHS: CXOACTBA U PA3THINS

B nanHOM uccienoBaHUM MPOBOAUTCS CpaBHEHUE (PUHAHCOBBIX KO3(D(MUILIMEHTOB, UCITOJIb-
3yeMbIX B MEXTYHAPOIHBIX METOIaX OOHAPYKEHUsI HeTIaTéXecrmocoOHOCTH (0aHKPOTCTBA) U
MOILIEHHUYECKOTO OAHKPOTCTBA C LIEJIbI0 UAEHTU(MUKALUY CXOJCTB U pa3Inyuii B UX UCIOJIb30-
BaHWU. DTO — MEPBHIi1 IIaT Ha ITyTH K Pa3paboTKe JTaTBUICKON MOIEH TSt OOHAPYXEHUST MO-
LIEHHUYECKOro OAHKPOTCTBA. MeToabl UcCae0BaHUs: 0030p JUTEPATYpPhl, AHAIU3 U CUHTE3,
CPaBHUTEJIbHBIN U KOPPEISILIMOHHBII aHau3. Beioop aHanu3npyeMbix GUHAHCOBBIX KO3 du-
LIMEHTOB OCHOBAH Ha TI0KA3aTeJIsIX, BKIIIOUEHHBIX B 28 Moeseil TporHo3upoBaHus GaHKpPOT-
CTBa HA OCHOBE MHOTOMEPHOI'O TUCKPUMUHAHTHOTO U PErPECCUOHHOTO aHAIN3a, MPOTECTUPO-
BaHHBIX B JlaTBumM u Jlute. Takke mpoaHaTM3UPOBAaHBI KOADMUIIMEHTHI 3 MOJIesIeil BhIsIBIIe-
HUST PUHAHCOBOTO MOIIIEHHNYECTBA aHAJIOTUYHOTO TUNa. B nccienoBanmm 66110 BKITIOUYEHO 58
K02(hOUIMEHTOB MPOTHO3MPOBAHMSI OAHKPOTCTBA, CPEI KOTOPHIX OTOOPaHbI 19 MHANKATOPOB,
KCTOJIb3YEMbIX TAKXe KCIepTaMU U ayJUTOPAMU ISl BbISIBJIEHUS MOILLIEHHUYECTBA B (PUHAH-
coBoit otu€tHOCT (M®PO) U 0OHAPYKEHUSI MOIIEHHUYECKOTO OaHKpOTCTBa. st uaeHTudu-
KallM¥ U aHAJIu3a CXOJACTB U pa3inyuii B OOHAPYXKEHUU HETUIaTEKECITOCOOHOCTU U MOLLIEHHU -
YeCKOro OaHKPOTCTBA B CTaThe 0000IEHBI 3aKOHOAATEIbHbIE aKThl U HAyYHbIE UCCIEIOBAHUS B
IaHHOI 00J1aCcTU, METO/bI CYI€OHO IKCIIEPTU3BI 110 OOHAPYXKEHUIO MOILIEHHUYECKOTO OaHK-
pOTCTBa 1 MEXIyHapOIHbIe pyKoBozcTBa 1o BhisiBieHNIo M®O. B craThe mpencraBieHbl pe-
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3yJBTAThl TECTUPOBAHUST CKOPUHTOBBIX MOJIEJIEl BBISIBIIEHUSI MOIIIeHHUYecTBa (M-score, F-score)
Ha OCHOBE TaHHBIX, TIOJTYYEHHBIX BPYYHYIO 13 (PUHAHCOBBIX OTYETOB 114 JIaTBUIICKUX MAJIBIX 1
CpenHuX npeanpusaTuii. Takoro popa KOMILIEKCHbIN aHAJIU3 U TECTUPOBAHUE MOJIETIEH BbIsIBIIE-
HUS1 GUHAHCOBOTO MOLIEHHUYECTBA B cTpaHax bantuu nposeaéH BrepBbie. ABTOPbI MPULIUIU K
BBIBOAY O HEOOXOAMMOCTH MEPECMOTPA CUCTEMbI (PUHAHCOBBIX KOIGMMULIMEHTOB I OOHAPY-
JKEHUSI MOILIEHHUYECKOTO OaHKPOTCTBA, UCIIOIb3yEMOI B OyXTaaTepCKON SKCMepTU3e, U BHe-
CJIY TIPENIJIOKEHUS T10 €€ YIydllleHUI0. ABTOPBI MPEIAraloT TAKXKe PACCMOTPETh BOZMOXKHOCTh
KCTIOJIb30BAHUS B OYyXTaJTEPCKON 9KCIEPTU3e MOJIEJIE BbISIBICHUS MOILIEHHUYECTBA, OJHAKO
KOHCTaTUPOBAJIM HEBO3MOXHOCTb UCIIOJIb30BaHUS Mofesieln M-score u F-score 6e3 KaTuOpOBKU
IUJIS1 TATBUMACKUX MPEeANnpusTUil. Monesp JIOTUCTUYECKON PETPecCUui BbISIBICHUS MOILLIEHHUYE-
ctBa (JlutBa) 3a roa 10 HacTymieHUsl pakTa GAaHKPOTCTBA MPEACKA3bIBAET BO3MOXHOCTb MO-
LIEHHUYECKOTO OAHKPOTCTBA C TOUHOCTHIO 61.5%. Pe3ynbraThl Mccaea0BaHUsSI MOTYT ObITh UC-
MOJIb30BaHbl KaK MIPU CO3IaHUU MOJIeIM OOHAPYKEHUSI MOLIEHHUYECKOTO OaHKPOTCTBA, TaK U
1151 pa3paboTKU MPOLIEyPbl OYXTaATepCKON IKCIEPTU3BI MO BbISIBICHUIO MOLLIEHHUYECTBA.

KiroueBbie cjioBa: HEMIATEXECIMOCOOHOCTh, MOILIEHHUYECKOEe OAHKPOTCTBO, (DMHAHCOBBIIA
ko3(dunmenHT, Moesb, GUHaHCOBAast OTYETHOCTD, JIaTBUS.

Introduction

The topicality of fraud within the cases of insolvency (bankruptcy)! has been
substantiated by Deloitte report drawn up according to the order of the Foreign
Investors” Council in Latvia (FICIL). According to the report, during the period of
2008-2014, financial cost of insolvency in Latvia accounted for 6.6 billion EUR or
27% if compared to Latvia’s GDP in 2014. Insolvency abuse amounted to 74.3%
and 76.8% of the cases related to fraud in financial statements (Deloitte 2016).

According to the report of the Association of Certified Fraud Examiners (ACFE),
out of the three major categories of occupational fraud the losses caused by fraud in
financial statement are the largest ones, accounting for 975 000 USD (ACFE 2016).
The Financial Intelligence Unit (FIU) of Latvia recognises bankruptcy fraud as one of
the main domestic money laundering risks (FIU 2018).

There are two conceptual approaches to identifying bankruptcy fraud. The inter-
national guidelines have the general indications of “red flags” for fraud detection in
financial statementsin the countries based on the Anglo-Saxon law system. The financial
and non-financial indicators for detecting bankruptcy fraud are specified in the national
laws and regulations in countries based on the Romano-Germanic law system.

Assessment of the development rating of bankruptcydetection for the Baltic
countries is provided in B. Prusak study: Estonia — 3, Latvia — 2, Lithuania - 2.5
(according to a 4-point scale) (Prusak 2018). The literature review on bankruptcy
detection and the verified models in Latvia and Lithuania identified 28 bankruptcy
forecasting models. There are many studies on the causes of various risks of bankruptcy
in Estonia.

At least two models have been developed to reveal fraud in financial statements:

! The term “insolvency” or “bankruptcy” is used differently in national laws. The term
“bankruptcy” is commonly used in bankruptcy cases related to fraud and is most often described
as a “bankruptcy fraud”.
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M-score model (Beneish 1999) and its modification — F-score (Dechow et al. 2011)
model. Recent scientific publications have revealed a tendency to combine bankruptcy
forecasting and fraud identificationin financial statements using M-score model
(Wadhwa et al. 2020).

In Latvia and Lithuania, for the detection of bankruptcy fraud forensic experts
use only financial ratios, while Estonia experts also use the Altman models. The authors
have not found any studies about Mscore model in the Baltic countries.

The aim of the study is to identify similarities and differences between financial
ratios used in identifying insolvency (bankruptcy) and bankruptcy fraud for their
subsequent possible use to build model for detecting bankruptcy fraud.

To achieve the goal, the first objective of the research is to determine the financial
ratios of bankruptcy fraud, using the legislation, bankruptcy and fraud detection
models and experts’ experience. The second objective is to test empirically the models
for detecting fraud in financial statements for the bankrupt companies in Latvia caused
by fraud.

The article describes the determination of financial ratios using the classic ban-
kruptcy forecasting models, legislative acts, and guidelines for auditing, as well as
show the results of their comparison. Empirical results of models for revealing fraud
in financial statements (M-score, F-score and the logistic regression model for detecting
fraud (Lithuania)) use in Latvia are describedalso.

This article presents the first stage of the complex entire study of the authors.

Literature review

Detection and proof of bankruptcy fraud have become possible with the
introduction of mandatory financial statements and tightening of the rules for drawing
up the statements. The financial ratios can be used to reveal fraud; they are also
useful at all stages of an audit or an accounting examination, from planning to final
assessment (Guan et al. 2004).

The main achievement in the fight against bankruptcy fraud was creating a metho-
dology for assessing bankruptcy and its timely forecasting. The first step was to
determine the insolvency (bankruptcy) ratios, such as liquidity, solvency, profitability
and activity. The next step was to create a different type of forecasting models, for
example, the risk index scores, multiple discriminant analysis (MDA), the models
with conditional probability as logit/probit type and others.

The authors’ previous literature review about bankruptcy diagnostics in the period
from 1998 to 2017 in Latvia (Liodorova, Voronova 2018a) demonstrated that 19
foreign bankruptey forecasting models were tested based on the financial statements
of Latvia companies; four Latvia models had been created since 1998. The authors
added the Olhson model recommended for assessing solvency in auditing (Sneidere
2007), but it was not tested in Latvia; the Poland Credibility Index model was verified
as Tamari model in Latvia (Skiltere, Zuka 2006). The authors determined the ratios
of Tamari model (Ivanickova et al. 2016), quantitative indicators of Argenti score,
and added the Skiltere/Zuka scoring model (Skiltere, Zuka 2010). The Depalan’s
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model (Sneidere 2007) was not found in other studies.

In addition, the accuracy of the Chesser (1974), Slovak’s (1995-2005) and Zavgren
(1983) models has been examined in Lithuania (Kanapeckiene, Marcinkevicius 2014).
The regional bankruptcy forecasting logit/probit model has been developed in Lithuania
(Grigaravicius 2003); the economists have looked for the differences between financially
sustainable and insolvent companies (Stoskus et al. 2007). The model included in the
list (see Appendix 1) has been examined for practical use in forecasting bankruptcy of
Latvia companies.

There are many studies on the causes of bankruptcy, including attempts by mana-
gers to hide information in financial statementsin Estonia (Lukason, Camacho-Minano
2019).

Despite the rapid development of insolvency (bankruptcy) forecasting in the world
without any differences, there are differences in establishing evidence of bankruptcy
fraud in countries based on the Romano-Germanic and Anglo-Saxon law systems.?

Thus, the detection of bankruptcy fraud in countries based on the Romano-Ger-
manic law system, such as the Baltic countries, Russia, Belarus, Ukraine and others,
consists of two stages: the determination of economic insolvency and identification of
the fraudulent or anomaly transactions, which lead to the company’s bankruptcy
results. Determination of insolvency and fraud risk is based on the analysis of financial
statements, using the financial ratios. The identification of fraudulent transactions is
based on the detailed analysis of financial documentation (bank statements, accounting
ledgers, contracts, etc.). This documentation is available only to investigators and
auditors.

Baltic legislation mentions only non-financial indicators for detecting bankruptcy
fraud: transactions with stakeholders, indemnity transactions, etc.; financial ratios
are not considered. Detection methodology is not open information to public use in
the Baltic countries. The forensic accountants use a complex approach to the financial
analysis. Courts do not apply the developed and verified bankruptcy forecasting models
in practice (Spieciute et al. 2013). The financial and non-financial indicators for
detecting bankruptcy fraud are specified in legal acts of the Russian Federation, the
Republic of Belarus, Ukraine (Liodorova et al. 2019), but there is no information
about the application of any bankruptcy forecasting model to establish evidence of
bankruptcy fraud in these countries.

Detection of fraud, including bankruptcy fraud in countries based on the Anglo-
Saxon law system, such as the USA, Canada, Great Britain, Australia and others,
implies the auditing of the financial statements, using various analysis methods. There
are guidelines for detecting fraud in financial statements intended for auditors and
fraud examiners. For example, Standard No 99 of Statement of Auditing Standards —
SAS (AICPA 2002) developed by the American Institute of Certified Public Accountants
(AICPA) describes the general auditing methods forthe detection and prediction of

2 The definition of bankruptcy fraud is given and its forms are described in the previous study
of the authors (Liodorova, Voronova 2018b).
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fraud (AICPA 2002). The guidelines (Golden et al. 2006) for fraud detection are
recommended by ACFE, and they have general indications of “red flags” — the financial
and non-financial fraud predictors. Guidelines also contain recommendations for the
financial ratios, which should be analysed to detect bankruptcy fraud.

To reduce the subjectivity of selection of financial ratios for assessing bankruptcy
and/or fraud risk, associations of specialists engaged in the examination and analysis
of finances constantly work on improving their methods, including new scientific
achievements. The National Association of Certified Valuators and Analysts (NACVA)
published the review of scientific studies of fraud detection models (Bishop et al.
2017).

To assess the intentional falsification of financial statements and the likelihood of
fraudulent reporting, the mathematical models have been developed. M-score
manipulation index developed by M. Beneish (Beneish 1999) is a mathematical model,
which consists of eight financial ratios to identify earnings manipulation. M. Beneish’s
research has shown that the value of the M-score composite index for organisations
that manipulate their earnings exceeds 2.22. Three various F-score models were deve-
loped by P. Dechow and his colleagues (Dechow et al. 2011), which differed in terms
of the ratios used, related to information availability. Research has shown that the
value of the F-score index for companies’ fraudulent statements — for example, in the
case of Enron, — exceeds 2.45.

After this period, the authors can highlight the research by C. Corsi and his
colleagues (2015) as well as by H. A. Nguyen and H. L. Nguyen (2016). The research
conducted by H. A. Nguyen and H. L. Nguyen (2016) provides an overview of most
important previous studies on the use of M-score performed in the USA, Ttaly, India,
Malaysia, the UK and Nigeria in the period of 2011-2014.

All studies have been performed on the basis of joint stock companies whose
reports are publicly available. The sample of the investigated fraud cases is small. The

results of some studies about bankruptcy and fraud in financial statements are presented
in Table 1.
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Table 1

Studies on the ability of financial ratios to detect fraud
in financial statements — FFS

Author, Object of the P f the stud Main results
year study urpose of the study of financial ratios
103 fraudulent and Examining variables Capital turnover, finan-
non-fraudulent to evaluate FFS models cial leverage and asset
Pearsons O. companies on the and assessing their composition are signifi-
(1995) basis of industry predictive ability using cant factors associated
and period logistic regression with FFS
Period: 1970-1990
76 manufacturing Development of a finan-  Companies with high
companies: 38 com- cial ratio model to detect inventory and debts, low
Spathis C panies with FFS and FES using logistic profitability, and Z-score
pZOO; " 38 — without FFS regression are more likely to use
( ) Period: 2000 FFS Receivables show
the ability to manipulate
with earnings
158 companies: 79 Examining whether Five ratios are significant
Kaminski K. companies with FFS financial ratios of frau- during the period prior
et al. and 79 - without FFS  dulent companies differ  to the fraud year
(2004) Period: 1982-1999 from the ratios of health  The limited ability of
companies ratios to detect FFS
73 companies in the Studying the develop- Models that detect
computer technology  ment of FFS models over  bankruptcy can also
Lenard M. services .industry: 30 the years and determi— ind%cate fraud Corpbi—
et al. companies Fl}at were  ning their r.elaFlve use'ful— nation of accounting
(2009) subject to litigation ness. (descriptive statis-  rules, regulation, and
and 43 healthy tics, Persons’, Altman’s,  government enforcement
companies Lenard’s models, etc.) helps develop FFS
Period: 1996-2004
130 companies: 65 Identifying which Total debt to asset,
Dalnial H fraudulent and 65 fi.nar.lc.ial ratios are receivables to revenue,
et al ) noq—fraudulent significant to fraudu- Z—scgre are significant
(2014) Period: 2000-2011 lent reporting predictors to detect FFS
Ratios may be helpful to
detect FFS
134 companies Investigating differences  Difference between the
Nia S. Period: 2009-2014 between the mean of ratios of current assets,
(2015) financial ratios of fraud  inventory and revenue to
and non-fraud companies total assets is significant
66 companies Identifying significant Three variables: asset
Ragab Y Period: 2009-2015 financial ratios to FFS; turnover, operating
(2017) ’ developing a logistic profitability and finan-

regression model to
detect fraud

cial leverage were
entered in the model

Source: compiled by the authors.
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The studies do not reveal any differences between the adjusted version of M-
scorelt (Italia) and the simplified model for European companies (Corsi et al. 2015).
Results of the research realized by H. A. Nguyen and H. L. Nguyen (2016) indicate
that the M-score model may be considered suitable for selective observations in
Vietnam, as the results of research are also consistent with the audit reports on
information disclosure in 2014. According to Y. Egorushkina (FO. Ecopywkuna) (2017),
the use of models developed on the basis of the information of foreign countries is not
possible because the features and characteristics of the Russian economy are not taken
into account. The application of M-score and F-score has revealed significantly different
results: the degree of mismatch — 47.04%, the coincidence of the results on the
manipulation — 18.64%, non-manipulation — 34.32%.

The model of fraud detection has been developed in Lithuania (Kanapickiene,
Grundiene 2015). The authors of the present study have not found any research on
the use of M-score and F-score conducted in Estonia, Latvia and Lithuania.

Experts and scientists discuss the effectiveness of using financial ratios to reveal
fraud in financial statements (FFS). However, there is no consensus on this issue:
some studies show that financial ratios may be helpful to detect FFS; other studies
prove the limited ability of financial ratios to detect FFS.

Methodology of the study

The authors’ complex research methodology — the development of a bankruptcy
fraud detection model for use in forensic examination consists of several stages: lite-
rature review of the use of financial ratios for detecting bankruptcy and fraud, logical
analysis of the ratios included in the models, correlation analysis between financial
ratios and facts of bankruptcy fraud, and test of models for revealing fraud in financial
statements (FFS) to detect bankruptcy fraud (see Figure 1).

Figure 1
Process of developing a model for detecting bankruptcy fraud

Literature review Logical analysis Test of models for
of the use of of the ratios included revealing FFS to detect
financial ratios in the models bankruptcy fraud
e analysis of the frequency of ratios included
. Fo thECt economic Ln bf(l?ukruptcfy fo;zcasthg modeés jz o data collection
insolvency bankr “ptcy Tau c_stcc.:tlon mct. ods - fraud cases
e to reveal fraud e identification of coincidence of inclusion - financial
* practice o_f forensic of ratios in fraud detection models statements of
examinations for (M-F-LT) _ ) ) companies
detecting ° co1jrelat10n analysis between financial . e Latvian case study
bankruptcy fraud ratios and facts of bankruptcy fraud or its
absence

Source: compiled by the authors.
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Comparison of forensic approach to detecting insolvency
(bankruptcy) and bankruptcy fraud

The authors’ previous study (Liodorova, Voronova 2018a) regarding the models
tested in Latvia and Lithuania presents 28 models. International forecasting models,
such as the Altman, Liss, Zmijewski, Fulmer, etc., and regional models, such as Sorin/
Voronova (Latvia), Grigaravicius (Lithuania), etc. have been included in the list.

There are 58 ratios, which are included in all models 142 times. The most com-
monly used ratios are the profitability ratio — 16, solvency ratio — 11, activity ratio —
10, liquidity ratio — 9 and others, which cannot be clearly attributed to a particular
group — 12, such as the development of the net profit-to-profit ratio included in Tamari
and Ohlson models, total assets-to-GNP price-level index in Ohlson model (Sneidere
2007; Ivanickova et al. 2016).

The determined ratios and their number are represented in Table 2. Items from
the financial statements used for ratio accounting are presented in Appendix 2.

Table 2
The most commonly used financial ratios in bankruptcy forecasting models
Inclusion frequency in Inclusion frequency in
bankruptcy forecasting bankruptcy forecas-
Type Ratio models (times) Type Ratio ting models (times)
Foreign LV, Total Foreign LV, Total
models LT models LT
Profita- S/TA 9 4 E/TL 8 3
bility EBIT/TA 8 3 35  Solvency TL/TA S 3 26
NP/TA 8 3 E/TA 4 3
L(‘i‘il:‘y" CA/CL 5 2 7 Others EBIT/% 3 36
Activity  WC/TA 7 2 9 Total 57 26 83

Source: compiled by the authors.

As a result, nine of the most commonly used bankruptcy financial ratios have
been selected which are included in models 83 times (see Table 2). Such ratios are
profitability — 3 ratios disclosed in 11-13 models, solvency — 3 ratios (7-11 models),
activity — 1 ratio (9 models), liquidity — 1 ratio (7 models), other — 1. The authors
note, there are also inverse ratios used in some models, but it does not change the
ratio’s gist.

The study has shown that the most popular ratios used for bankruptcy prediction
100% are included in nine models: all Altman’s models, Sorin/Voronova (Latvia)
model, Liss and Zmijewski models, Savicka risk index scoring model and Slovakia
INOS5 model. None of the selected ratios are included in two models — Zavgren and
Chesser models.
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An analysis of forensic practice to identify insolvency (bankruptcy) has shown
that countries based on the Romano-Germanic legal system,® including the Baltic
countries, use a normative approach comparing the calculated financial ratios with
its normative value (Liodorova et al. 2019). The legislative acts establish 10 obligatory
ratios that are used in forensic examination to detect bankruptcy fraud in the Russian
Federation, the Republic of Belarus and Ukraine. Only two common ratios — solvency
and liquidity ratios — are identified in all countries’ laws, which areused for the detection
of bankruptcy fraud in Latvia. The obligatory of profitability are used only in Latvia
and Ukraine; the ratios of company’s activity — and in Belarus. The liquidity ratios are
used in Latvia, Russia and Ukraine.

Table 3 presents the identified financial ratios to detect bankruptcy fraud using
forensic methods based on the Romano-Germanic law system and the application of
these ratios to detect economic insolvency.

Table 3
Financial ratios for detecting bankruptcy fraud used by forensic methods
based on the Romano-Germanic law and their application
for insolvency detection

Countries that use it Included in bankruptcy

Type Ratio forecasting models (times)
Lv UA RU BY Foreign LV,LT  Total

o NP/E v 2 -

Profitability S/Cost 7 - - 2
E/TL v 8 3

Sobveney —pry v v v 5 3 Y
CA/CL Vv Vv Vv Vv 5 2

Liquidity ~ Cash/CL Vv Vv Vv 2 1 13
CA/TL v 2 1
WC/TL v v 1 -

Activity ~ WC/CA v 1 1 3
CL/(Sh) Vv - -

Total 26 11 37

Source: compiled by the authors.

Nine out of ten financial ratios used to detect bankruptcy fraud by forensic accoun-
tants in countries with the Romano-Germanic law system are included 37 times in the
Bankruptcy forecasting models (see Table 3). Such ratios are solvency — 2 ratios,
liquidity — 3 ratios, activity — 3 ratios and profitability — 2 ratios. There are not exact
financial ratios for insolvency or bankruptcy fraud detection in the countries’ legislation

3 Judicial decision is based on the common law system that is the legal tradition in the country.
The Romano-Germanic law system is based on principles (legislative acts), the Anglo-Saxon
law system is based on precedents summarizing practical examples.
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based on the Anglo-Saxon law system, such as USA, UK, Australia etc. Instead, there
are the publicly available international standards and guidelines for auditors and
forensic accountants, who inspect the financial statements; the method choice is the
personal issue. There are nine main ratios recommended for detecting fraud in financial
statements (FFS) (Corbett, Clayton 2006). Some of them are used in countries with
the Romano-Germanic law and are included in the insolvency forecasting models (see

Table 4).

Table 4
Financial ratiosof FFS recommended for auditors and their use to detect
bankruptcy fraud and insolvency (bankruptcy) in countries based on the
Anglo-Saxon law

Countries that use it Included in bankruptcy

Type Ratio forecasting models (times)
LV UA RU BY Foreign LV,LT Total
o NP/S - 2
Prof 1 1
rofitability STA 5 2 S
Solvency TL/E v 8 3 11
S CA/CL v v v v 5 2
Liquidit 10
e O NNS R NN 2 1
Cost/lnv ) a 4
Activity in days
S/Rec
. 2 -
in days
Total 28 12 40

Source: compiled by the authors.

The SAS 99 (AICPA 2002) recommends considering unusual or unexpected
relationships for fraud detection. Fraud predictors are the changes in inventory, liabi-
lities, sales or cost of sales. Auditors’ task is the evaluation of fraud risk and its like-
lihood, which is mainly related to revenue recognition, inventory quantities and mana-
gement estimates.

According to the International Standard on Auditing (ISA) 570 indication, “adverse
key financial ratios” may include the general financial ratios. The main aims of fraud
in financial statements are revenue recognition and misappropriation of assets (Golden
etal. 2006). One of the schemes of financial misstatements is the intent of company’s
value overstating (Frank et al. 2006). It is characterised with direct relationship between
overstatement of assets and understatement of liabilities and expenses, which is used
in scandals related to world corporative bankruptcy.

There are some differences in the use of financial ratios to detect financial fraud
depending on the legal system of countries. However, despite the difference in legis-
lation, all specialists pay special attention to the quick liquidity ratio (see Tables 3
and 4). It means that availability of cash plays an important role in assessing financial

fraud.
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According to international accounting standards for annual reports and legislation,
a cash flow statement is not required for small companies, so it cannot be available in
all investigations. Thereby, the analysis of this statement is not popular in countries
based on the Romano-Germanic law system; however, the study of bank statements
and the identification of cash use are the most important procedures in economic
examination.

The profitability and cash flow are the main solvency indicators of “going concern”
company, according to the ISA 570 (IFAC 2009), adopted only for auditing of financial
statements, which do not contain mistakes and fraud. The negative operating cash
flow and substantial operating losses are separate insolvency (bankruptcy) predictors.
According to the SAS 99 (AICPA 2002), predictors of company’s bankruptecy in
fraudulent financial statements are the anomaly changes in profitability and ability to
generate a cash flow. One of the recommended ratios is the relationship of net income
to operating cash flow. Thus, a cash flow analysis should be used to evaluate bank-
ruptcy fraud.

Only four of the described bankruptcy forecasting models contain ratios that
include cash flow; two models contain ratios of commensurability of profitability
with the availability of cash (see Table 5).

Table 5
Financial ratios of cash availability and their use to predict insolvency

Commensurability of profitability

with availability of cash Payment ability

Ratio Model that contains it Ratio Model that contains it
NP / Operating 3 Fulmer
cash flow Poland Credibility
Cash flow / S Kralicek Cash flow / TL index
Skiltere/Zuka
S/ Cash Chesser MDA
Cash / Profit Zavgren (TL — Cash) / Cash flow Kralicek
Total inclusion 7
frequency

Source: compiled by the authors.

To predict or detect bankruptcy fraud, the auditors and forensic accountants
should also analyse other indicators: the relationship between a company’s profitability
to industry trends, changes in sales volume to personal statistic, etc. They must
determine all “red flags” that are the changes in asset estimates, changes in the earning
trends and incomes, and must examine the cash flow in bank statements and other
non-financial information.

The authors have analysed the ratios included in the three fraud identification
models, which are described in the next Chapter: M. Beneish M-score to identify
manipulations with reported earnings, F-score by P. Dechow and his colleagues (2011)
and Lithuania model (LT) by R. Kanapeckiene and Z. Grundiene (2015) to detect
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fraud in financial statements (FFS). The financial ratios of fraud detection models
that are simultaneously used to detect fraud and bankruptcy were identified (see
Table 6).

Table 6
Financial ratios of fraud identification models and their use to detect FFS,
bankruptcy fraud, and insolvency (bankruptcy)

Fraud detection Used for fraud Inf)ludlfd in the
model detection f an’ruptcy
Type Ratio orecasting models
M- F- LT-  Bankruptc . LV,
score score model tey frall)ldy FES  Foreign LT Total

Profitability EBIT/TA Vv 8 3 11
Solvency TL/TA v v v S 3 8
Liquidity  Cash/CL v v v 2 1 3
Activity S/Rec v v v 2 - 2
Inv/TA v v 1 - 1
Total 18 7 25

Source: compiled by the authors.

All types of financial ratios are used in fraud detection models. The Lithuania
model contains three ratios that are used for bankruptcy forecasting, and crosses
both fraud detection models (M-score, F-score). F-score model contains three ratios
used for; M-score — two ratios. Three ratios included in models for revealing fraud in
financial are used for fraud detection, including bankruptcy fraud (see Table 6). The
feature of F-score and M-score fraud detection models is the inclusion of the changes
in financial ratios compared with the previous period. Summarising the comparison
results, similarities and differences have been identified. All types of financial ratios
are used for detection of company’s insolvency (bankruptcy) and bankruptcy fraud:
profitability and solvency ratios are more often used to bankruptcy forecasting; liquidity
ratios are more often used to detect fraud. Out of 58 analysed bankruptcy forecasting
ratios, a total of 19 ratios were identified that are used to detect fraud in financial
statements, including bankruptcy fraud. Currently, only 8 ratios are used to detect
bankruptcy fraud in the expert practice (see Figure 2).



20 Socialo Zinatnu Vestnesis, 2020 1

19 common
ratios

58 ratios

9 top ratios
(Tale 2)

INSOLVENSY
28 models

8 common ratios

Source: compiled by the authors.

FRAUD
guidelines
and
3 models

Figure 2
Financial ratios used to detect bankruptcy fraud and insolvency
(bankruptcy)

classic and
complex ratios

The authors have conducted a study on the use of more important financial ratios
applied to detect fraud. These ratios are included in insolvency forecasting models to
detect bankruptcy fraud using a pairwise correlation between the fact of bankruptcy
fraud and financial ratios. The analysed ratios were calculated a year before
bankruptcy. In accordance with the importance of identifying anomalous changes in
order to reveal fraud in financial statements, the authors have analysed changes in the
values compared with previous year. The results of the conducted study are presented

in Table 7.
Table 7
Correlation between financial indicators
and fact of bankruptcy fraud or its absence
Financial ratios
Correlation NP S EBIT E TL CA WC Inv S

S TA TA TL TA CL CA TA Rec
Fact of bankruptcy
fraud and ratio -0.32 -0.24 -0.40 -0.19 0.40 -0.27 -0.29 -0.16 -0.17
(t,year)
Fact of bankruptcy
fraud and change 0.22 0.02 0.16 0.19 0.37 0.16 0.23  0.27 -0.18

of ratio
(t,— t,year)

Source: compiled by the authors.
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The correlation above 0.1 has been found for nine financial ratios reviewed in the
study, which confirms the results of other studies (see Appendix 1): capital turnover,
financial leverage, asset composition, sale to receivables, etc. However, such a
correlation does not allow using only certain financial ratios to detect bankruptcy
fraud as forensic evidence.

Application of models for revealing fraud in financial statements
to detect bankruptcy fraud: a case of Latvia

The methods of fraud detection based on “red flags” or financial ratios without
the use of specified norms are related to subjective evaluation. In order to identify
abnormal changes, the analysis must be carried out over time. According to such
flaws, economic theory uses the statistic-mathematical methods.

One of the founders of the statistic-mathematical method for detecting fraud in
financial statements was M. Beneish (1999), who developed the integral manipulation
index M-score. There are two various M-score models that contain 5 and 8 variables
(ratios). The commonly used model is the M-score with 8 ratios, the critical threshold
of which is > -2.22 (Nguyen H. A., Nguyen H. L. 2016). According to M. Alekseev’s
(M. Anexcees) and M. Tiuzhina’s (M. Tioncuna) (2017) calculation, M-score for Russian
companies was in the interval of -58.29 to 234.95. M-score formula is (1) (Nguyen
H. A., Nguyen H. L. 2016):

M =-484+0.920 - DSRI +0.528 - GM! + 0.404 - AQ] + 0.892 - SGI + (1)
0115 -DEPI —0.172 - SGAI + 4.679 - TATA — 0.327 - LVGI

The alternative method for fraud detection in financial statements is the F-score
developed by P. Dechow and his colleagues (2011). There are three various F-score
models, which contain 7 variables that are available from financial data; 9 variables
that are used in non-financial indicators (change in employees, etc.); 11 variables,
including the market-related indicators.

The F-score model with 7 financial variables is described in the present study. The
F-score predicts the probability of fraud in the interval of 0-1. The authors of the
model use the unconditional probability valued at 0.0037, based on their data (Dechow
etal. 2011).

There are some obscurities in the variable determination in F-score model
description. For example, there is the specific calculation of working capital for F-
score model (Dechow et al. 2011); there is the difference between the calculation of
accruals in the study by M. Alekseev and M. Tiuzhina (2017) and F-score by P. Dechow
and his colleagues (2011).

F-score formula is (2) (Dechow et al. 2011):

F = =7893+0.790 - RSSTyc; +2.518 " Chyo o + 1191 - Chypy +1.979 - Yogope +

0.17 - Cheggy = 0.932 - Chygy + 1.029 - Issue (2)

Calculation of variables used in the present research is shown in Table 8.
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Table8
Description of variables in M-score and F-score models
Ratio Formula Ratio Formula
PPE[+CA£] [ PPE£_1+CA£_1] [Rect] [Rec,_» 1]
AQI —_—— —_——
Q [1 L VA B v DSRI /5=
Amorte_q ] [A Amorts ] TLt] [Tl_,r 1]
DEPI
morte_,+PPEq_+ / mort,+PPE: LvGr TA¢ / TAe—q
SGACoste SGACost;_ 1 S¢_1—Coste_1 S;—Costy
sGAl | I/l | amr | | id ]
St / Se—1 Se—1 / St
ACA—ACash)—(ACL—ACP —A t, S
rara | & ash)—( aY)_AmoTte | gy =
TA¢ St—1
Chgec ARec/TA Chinv Alnv/TA
Do sott Soft/TA Chcasn AS/S — ARec
1 — if the firm issued securities
Chgoa (EBIT./TA.) — (EBITe_1/TA;_1) Issue during year t: O — if the firm did
not issue securities
AWC* + ANCO + AFIN /TA
RSST WC* = (CA — Cash) — (CL — Debt in CL),
Acc NCO = (TA — CA — Advances) — (TL — CL)
FIN = (Stinvest + Ltinvest) — (LtL + Debt in CL + Pr e ferreds stock)

Source: compiled by the authors based on Nguyen H. A., Nguyen H. L. 2016; Dechow et al.
2011.

The logistic regression model of fraud detection in financial statements, which
was developed in Lithuania, is easier for calculation (Kanapeckiene, Grundiene 2015).
More accurate model out of the three developed models contains four variables (ratios).
The probability of fraud is in the interval of 0-1. The formula of the Lithuania fraud
detection model is (3):

Inv S TL Cash
.768—4.2 .029 4.766 1.963
P = 1/(1 +€5 68 63TA 0.0 6UTA 963 CL ) (3)

FA

The test of the feasibility of using fraud identification models to detect bankruptcy
fraud in Latvia was conducted based on the financial statements of Latvia small and
medium-sized companies. 54 of them went bankrupt due to recognized fraud and 60
companies free from fraud. The use of fraud models was verified on the basis of data
one and two years prior to the bankruptcy.

The results of M-score application were obtained only for 34 companies for a
year before bankruptcy (10 — two years before bankruptcy). It was not possible to
obtain any results of M-score in other cases. This was due to the fact that reports did
not contain deprecation information; sales were not recorded in some statements.
Fraud was disclosed in 5 (6) financial statements of fraudulent bankrupts. On other
hand, fraud was disclosed in 17 (1) reports of companies without recognized fraud.
The range of M-score results was from -5.67 to 11.9 in cases of bankruptcy with
fraud, from -9.76 to 43.9 in cases without revealed fraud. Thus, the M-score is not
applicable to Latvia small and medium-sized companies or should be revised taken
into account local conditions and legislation.

F-score showed a high probability of financial fraud in almost all statements
including companies that are healthy from fraud. Results of F-score could not be
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accepted because F-score using unconditional probability was approximately 270
compared with a standard value of 2.45.

Fragment of the test results of the application of Lithuania model in Latvia are
presented in Table 9 on the basis of data one year prior to the bankruptcy, In Table 9,
the disclosed fraud is designated as “F”, the absence of fraud — “NF”, unused statements
for counting — “no data”, the company that went bankrupt due to recognized fraud is
designated as “Fraud”, the companies without revealed fraud — “Non-fraud”, the
company number is designated as “N” (see Table 9).

Table 9
Fragment of the test results of the application of
the Lithuania model in Latvia

Fraud fl:t)l?& Fraud E‘I:;l(i Fraud E:llll(i
N score, N N score, N N score, N

result score, result seore, result score,

result result result

1 87%,F 1 43%,NF 24 12%,NF 24 40%,NF 52 38%,NF 52 100%,F
2 11%,NF 2 100%,F 25 4%,NF 25 100%,F 53 3%,NF 53 80%,F
3 2%, NF 3 87%,F 26 84% F 26 7%,NF 54 1%,NF 54 5%, NF
4 48%,NF 4 23%NF 27 100%,F 27 3%,NF - - 55 no data
5 41%,NF S nodata 28 39%,NF 28 25%,NF - - 56 12%, NF
6 9%, F 6 14%,NF 29 19%,NF 29 8%,NF - - 57  68%,F
7 37%,NF 7 24%,NF 30 65%,F 30 18%,NF - - 58 12%, NF
8 69%,F 8 47%,NF 31 100%,F 31 12%,NF - - 59 100%, F
9 87%,F 9 100%,F 32 99%,F 32 48%,NF - - 60 43%, NF
20 nodata 20 20%,NF 48 99%,F 48 20%,NF F 30 20
21 100%,F 21 11%,NF 49 97%,F 49 98%,F NF 22 37
22 nodata 22 5%NF SO 13%,NF 50 67%,F 4 2 3
23 8%,NF 23 22%,NF 51 96%,F 51 100%,F Total 54 60

Source: compiled by the authors.

Results of the Lithuania fraud detection model were obtained for 109 companies
for a year before bankruptcy (110 — two years before bankruptcy) from the financial
statements of 114 companies. The probability of fraud above 50% was disclosed in
30 (28) financial statements of fraudulent bankrupts; fraud was disclosed in 20 (24)
reports of companies without recognized fraud (see Table 9). Thus, the overall accuracy
of the Lithuania model using the two-error method was estimated at 61.5% (55.5%),
where the type I error was 35.1% (42.1%) and the type Il error was 42.3% (75.8%).
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Conclusions

Literature review about the use of financial ratios to identify bankruptcy fraud in
financial statements has distinguished three major problems: the differences in appro-
aches to detecting bankruptcy fraud due to the peculiarities of traditional legal systems
(based on the Romano-Germanic and Anglo-Saxon law systems); the insufficient basis
for monitoring of fraud cases; the large number of indicators are regulated by legislative
acts and guidelines.

The use of all types of financial analysis in the both law systems was established
in this study: profitability, solvency, liquidity and activity.

The authors found that 19 common financial ratios are used for insolvency fore-
casting, detect fraud and bankruptcy fraud, which is 33% of all ratios analysed in the
study. Pair correlation revealed a relationship between the 9 financial ratios and the
fact of fraud a year before bankruptcy; 4 of them have a correlation -0.19-0.40 and
are also included in the group of 8 ratios used to detect bankruptcy fraud: E/TL, CA/
CL, WC/CA and TL/TA.

The substantial differences in the use of financial ratios to detect insolvency and
bankruptcy fraud in countries based on the different law systems. The main ratios are
liquidity and solvency ratios, which are used for bankruptcy fraud detection in countries
based on the Romano-Germanic law. The main objects of manipulation in financial
statements are income and earningsin countries based on the Anglo-Saxon law. Coun-
tries based on the Romano-Germanic law do not sufficiently use the ratios of profita-
bility and activity; less attention is devoted to the analysis of cash flow statement
compared with countries based on the Anglo-Saxon law.

The authors recommend updating the Latvia and Lithuania forensic methods for
bankruptcy fraud detecting based on alternative ratios that are used internationally.
For example, the activity ratios used for bankruptcy fraud detection should be reviewed
and supplemented. It is necessary to supplement forensic methods for bankruptcy
fraud detection with the analysis of cash flow, including some acceptable ratios. Con-
sideration should be given to using ratios that capture changes over time, as in Tamari
and Olhson models, or ratios included in the M-score and F-score models.

The authors tested three models for revealing fraud in financial statements based
on the data of 114 Latvia small and medium-sized companies.

F-score and M-score models that are developed in countries based on the Anglo-
Saxon law, are not applicable to Latvia companies or should be revised for local
conditions; F-score has shown high probability of mistakes. The logistic regression
model of fraud detection developed in Lithuania that is country based on the Romano-
Germanic law, was more applicable for calculating the data of Latvia companies.
The assessment of the possibility of manipulation using the Lithuania model was
estimated at 61.5% a year before bankruptcy. The study has demonstrated that the
portability of models developed in one country to another without reassessment of
the coefficients instead of the original ones does not provide satisfactory results for
their practical application in forensic examination.

The present research has also demonstrated that there are not only financial
predictors of bankruptcy fraud. The results of the study have revealed a gap in the use
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of non-financial indicators of bankruptcy fraud detection. There is no cross-sectional
approach between the indicators used in insolvency forecasting models and non-
financial indicators of bankruptcy fraud. Therefore, a set of financial and non-financial
indicators have to be used, applying the cross-approach to their relationship detection
and valuation of influence. The areas of further research include a thorough study of
the application of fraud detection models to one’s own region and determination of
the non-financial indicators of bankruptcy fraud.
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Appendix 1
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Reviewed insolvency (bankruptcy) prediction models

Model Year  Type of model Model Year Type of model
Foreign models Kralicek 1993 scoring index
Tamari 1966  scoring index Irkutsk 1998 MDA
jzklgman 1968 MDA Savicka 2001 scoring index
-factors

Altman-Z 1968 MDA Savicka 2001 MDA
Liss 1972 MDA Slovak INOS 2005 MDA
Chesser 1974 logit/probit zﬁiﬁi‘y‘ Sf(‘fex 2005 MDA
Argenti 1976  scoring index Depalan no data scoring index
Tafflet / Tishaw 1977 MDA Latvian and Lithuanian models
Springate 1978 MDA Sorin / Voronova, LV 1998 MDA
Olhson 1980 logit/probit  Grigaravicius, LT 2003  logit/probit
Altman-Z2’ 1983 MDA Stoskus, LT 2007 -
Zavgren 1983 logit/probit ~ Muceniece / Lace, LV 2010 = MDA
Zmijewski 1984 logit/probit  Skiltere / Zuka, LV 2010  scoring index
Fulmer 1984 MDA Skiltere / Zuka, LV 2010 MDA
Altman-Z2’ 1993 MDA Genriha / Pettere, LV~ 2010  logit/probit

Source: compiled by the authors.

Appendix 2

The abbreviations of the used items in the financial statements

Source Item Abbreviation Item Abbreviation
1 2 3 4 5
Total assets TL Average total assets TA
Fixed assets FA Current assets CL
Plant, propert .
. equil; m‘;m Y PPE Equity E
Total liabilities TL Current liabilities CL
funds borrf)w'efi. Debtin CL  Inventory Inv
Balance in current liabilities
sheet Short—term Stlnvest Long-term liabilities LtL
investments
Receivables Rec Cash Cash
Working capital = Current payables of
Current assets — WC long-term debts and CP
Current liabilities Income tax payable
Soft assets = TA —
Soft

PPE - Cash

Sequel to Table 2 see on p. 29
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Sequel to Table 2

1 2 3 4 5
Sales S Cost Cost
Net profit NP Earnings before EBIT
interest and taxes
Profit or loss SGACost = Sales
statement cost + General Average monthly
. SGACost sales = Sales / Audi- S/t
expense + Admini- .
. ted period (months)
strative expense
Interest expenses %
Amortisation Amort Period t
Other
Changes A

Source: compiled by the authors.



