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Abstract

This paper presents a model for credit risk assessin the petrochemical industry. We first
briefly describe the main models and approachesddit risk assessment. Next we explain the
methodology of credit risk assessment and creditgrg at a major petrochemical company in
Europe. Then we describe why the current availaindels are not suitable for the company and
develop a model combining Z-score and an “A-Scavhich is comprised of a number of non-
financial factors selected based on qualitativeeexgudgment. We use Analytic Hierarchy
Process (AHP) to weight the factors. Using expedgment, we test and demonstrate that the
model has strong predictive power for assessingrtbditworthiness of the company’s customers

and that A-Score results in significant improvemsetd Z-Score in replicating the expert
judgment.



I. Introduction:

Credit risk is “the risk that a counterparty withtnsettle an obligation for full value, either when

due or at any time thereafter.” (BIS, 1996). Asréhas no clearcut measurement for

distinguishing the obligors that will actually dafafrom those who will not, there has been

continuous effort and improvement for credit rislodals. Furthermore, unlike risks such as
market risk where variables such as stock pricengds are observable daily, default is a rare
event. For instance, the odds of a firm with AAAing defaulting are approximately 2 in 10,000

per annum (Moody’s, 2003). This makes the taskredit risk measurement even more difficult.

(Figure 1)

Figure 1. Ease of measurement for different tygessks

Known

Market
Liquidity
Credit
Operational

Outcome
Probabilities

Reputational
Unknown Systemic

Unknown Known

Possible Outcomes
Source: Anderson, 2007

A number of factors have made credit risk measunermereasingly important during the last
few years. Among them are: (i) increased competiiio the financial services sector which
squeezes the margins on loans (Altman et.al., 19@8)the surge in the off-balance sheet
instruments and credit derivates market (McKindé83), (iii) historically low nominal interest
rates which has made investors seek new investogprtunities in high yield bonds with
inherently higher credit risk, (iv) a dramatic wawlide increase in the number of bankruptcies
among both financial and non-financial companies thuthe credit crisis of 2007-09, and (v)
implementation of Basel Il which sets a new framdwior calculating regulatory capital using

the Internal Ratings-Based approach (BIS, 2004)



As a result, in the recent years academics asagegiractitioners have developed a wide range of
sophisticated models for credit risk measurememipased to the early models such as the 5
“Cs”. In this system, which is almost as old agddrdself, 5 characters of the customer, namely
character (reputation), capital (leverage), capa@#arnings volatility), collateral, and cycle
(macroeconomic) conditions are assessed by humaertex Traditional expert systems specify
no weighting scheme that would order the 5 C’'s enms of their relative importance in

forecasting Probability of Default.

Expert systems and subjective analysis has beeoldlest and most common approach to credit
risk measurement prior to the development of theensmphisticated statistical and objective
methods. Despite the development of new methodsl] &rge international banks, “the human

judgment exercised by experienced bank staff israkto the assignment of a rating” (Treacy et
al., 2000). The same holds for the credit ratingrnages where judgment of the “lead analyst” and
the “rating committee” is the final word in deteénimg the rating of an issue or issuer (Standard
& Poor’s, 2008).

Accounting based credit-scoring systems are alsmngrthe most common methods of credit risk
measurement. In these models, the credit anakysiased on various key accounting ratios of the
obligor, which are then weighted to produce a ¢redbre, probability of default or credit limit.
In particular, for privately held firms with no nkat data available, accounting-based scoring
models are the most common approaches of asses@feemindes, 2005). There are at least four
methodological approaches to developing creditisgaystems: (i) linear probability model, (ii)
logit model, (iii) probit model, and (iv) discrimamt analysis model (Altman, 1998). One of the
first and most important of these models is Altnsazi‘score model (Altman, 1968) followed by
the “Zeta model” (Altman et al., 1977).

During the recent years, a number of new model® Hmcome commercial. One of the most
well-known models developed by JP Morgan is CreditMs which is based on analyzing the
probability of moving from one credit rating to dher within a given time horizon. The changes

in value are related to the migration, either doardvor upward, of the credit quality of the



obligor, as well as to default. In other words, thedel basically relies on rating transition
probabilities based on average historical frequesnoif defaults and credit migration. Details of
this model can be found in CreditMetrics (1997).

Another equally popular model is developed by th&\K Corporation which, unlike
CreditMetrics, relies upon the so-called “ExpecBfault Frequency” or EDF for each issuer.
(Moody’s, 2003). It is essentially based on theeasslue model proposed by Merton (1974).
According to this model, firm’s liabilities are ceidered as contingent claims against its assets.
The firm will then default whenever its asset valaks short of its debt value. Thus, the default
likelihood and the loss at default depend on tha'é asset values and liabilities, default-free

interest rate, and the asset volatility.

Also, Credit Suisse Financial Products has relegSestlitRisk+ in 1997 which assumes a
Poisson process for the default of individual bonddoans. Finally, McKinsey has proposed
CreditPortfolio View which estimates the defaulblpability as a function of macro-variables

such as unemployment, interest rates level, ecotsogngwth rate, etc:

Another distinct method for credit assessment esdtedit rating agencies’ rating method; these
methods essentially take into account both quaiviitaand qualitative conditions of the obligor
simultaneously. A “lead analyst” is normally assgdrto the applicant company. By gathering the
information from different sources, using his exggerin that specific industry and also through
meetings with the company’s senior managers, tteysincomes to a conclusion about the
business risk of the customer. The financial riskhen assessed by means of analyzing key
financial ratios, sometimes specific to the indgstrhich is done both by the analysts and the
models the agencies have developed. By combinirg filiancial risk and business risk

assessment, the overall rating of the companydaezl and announced. (S&P, 2008)

With the advent of information technology and thesgibility of statistical analyses, financial
institutions as well as other users of credit ms&adels in the non-financial sector tend to rely

more on quantitative methods and steer away frobjestive and qualitative analysis, in an

! For more comprehensive coverage of each of theetapsee Saunders and Allen (2002).



attempt to streamline their methodology acrossethfiit business lines and geographical areas,

and among different customers.

The credit crisis of 2007-09, however, showed tfBtthere is still a long way in developing and
improving the credit risk methods in place, andg@ely statistical and quantitative methods are
not flawless and should not completely replace exjpelgment (Brunnermeier, 2009). Credit
Rating Agencies as well as other financial ingtteg will certainly conduct major investigations
on their rating methodologies in an attempt to dwimilar crises in the future. This, however, is
not limited to the financial services industry, ameh-financial companies are also revising their

credit risk models both to weather the currenti€i@asid to avoid similar issues in the future.

This paper explores the revision process of a trsti model in a major petrochemical company
in Europe. The company (Company hereforth) is eegd® the default risk of its customers
through its sales. Currently, the Company has ditcrisk model which is based on the financial
information of the customers, and in particular,bisilt upon Altman’s z-score with minor

adjustments. For a group of customers with theeltrgexposure, mainly in Chemicals &
Intermediates industry, we attempt to amend theeatrfinancial model by identifying and

incorporating a group of non-financial factors witke highest predicive power of customer’s

default probability.

The rest of this paper is structured as follows;the next section we explain our research
methodology and specify our sample. In section Wé& present our findings and use expert

judgment as our benchmark for back-testing andaet¥ concludes.

Il. Data and Methodology:

The Company uses Altman’s Z-Score model for assgd$ie credit risk of the applicants. Z-
Score is a model involving multiple variables thegasures the financial health of a company, as
shown below (Altman, 1968):

Z=12T1+14T,+ 3.3+ .6T,+ .999T



Where:

T, = Working Capital / Total Assets

T, = Retained Earnings / Total Assets

T3 = Earnings Before Interest and Taxes / Total Asset
T, = Market Value of Equity / Book Value of Total bidities

Ts = Sales/ Total Assets

In order to improve Z-Score’s performance in pradg the applicant’s credit risk, we develop
an “A-Score” which scores the non-financial indarat of credit risk. By multiplying Z-Score
and A-Score, we adjust Z-Score to improve its ta power:

ZAdjusted = Zscore™ Ascore (1)

The actual credit granting process in the Comparjfferent for two types of customers:

1) Customers with credit requests of less than 500P0®: the credit assessment of these
customers is outsourced to a credit agency andd@ogoto the recommendation made by the
agency, the Company decides on the amount of dreeli granted.

2) Customers with credit requests of more than 500P0€: the credit assessment is done

internally and is explained below.

As soon as the credit application is submitted ibyee the customer or a sales & marketing staff
member, one of the credit analysts of the Compamgsigned and is responsible for the analysis.

The analyst considers the credit limit recommergethe Company’s internal rating model.

The model uses Altman’s z-score as its core, wisithen slightly adjusted by some other factors
reflecting the applicant’s financial health. Basedthe model score and the applicant’'s amount
of equity, a credit limit is recommended by the mlod he analyst then, according to his expert
analysis and based on the financial facts & figuaed any other information he obtains via

industry experts or personal visits to the cust@neay adjust the recommended credit limit.



Once the final recommendation is made it needstagproved. Below a certain threshold, the
analyst can approve it on his/her own. Above thatghold, another credit analyst should also
approve the advised credit limit. From certain leiglmits above, the endorsement of the senior

risk managers or board members are also requirdtidaapproval.

One of the drawbacks of the current model is itamee merely on the financial facts and
figures. In other words, the only part of the asa@ywvhich is formalized is the financial attributes
of the customer. Non-financial factors are mairligen into account in the subjective analysis as
well as “feeling” the analyst gets about the custorand makes him sometimes arbitrarily
propose significant adjustments to the credittlirmcommended by the model. This, in turn,
leads to inconsistency of the assessments acribsgedt analysts and for different customers. In
order to minimize the amount of arbitrary adjusttseénvolved in the credit granting process and
bringing more consistency to it, a model needsaadbveloped which accounts for the most
crucial “non-financial” attributes of the customarsd ranks them in a more coherent fashion.

Additionally, the higher the amount of the credfjuested and thus, potential profit and risk
involved, the more resources should be dedicatede@redit assessment process and the more
human judgment is involved. As a result, retailtfwdios are normally automatically assessed
and monitored by the credit risk models. However, dorporate credits (i.e. large exposures)
more judgmental factors are involved given thatedhs little amount of historical data available
and also that dedicating analysts to the assessm@mrthwhile as a result of the high amount
potential loss and profit per credit. Figure 2 shdhe wide range of credit categories and their
differences.
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Based on the above argument, the largest groupstbimers were selected. These companies are
all categorized as the Chemicals & Intermediatesae mainly active in the chemical or oil &
gas industry. In total, 42 corporates were idesdifmeeting this criteria with their exposure
ranging from half a million to more than 150 miticEuro and each being supplied through
several of their affiliates. Out of 42 companied,dte rated by one or more of the major credit
rating agenci€s Also, 25 companies are publicly listed and ths, data for share prices are

accessible.

Another important factor for determining the cred#sessment method is the amount of data
available from various sources. Anderson (2007tifles six sources of data for risk assessment
which are defined in Table 1. Depending on the arhof data sources available for a group of
customers, the factors to be anlyzed and includegtle model differ. One of the most important
factors in determining the availability of thesex sSources is the company size. Table 2

summarizes the sources of data normally availagpedding on the size of the company.

2 Standard & Poor’s, Moody’s, and Fitch



Table 1. Available data sources for risk assessment

No. Sour ce Explanation
) Information on borrowers’ payment patterns, which a loose surrogate for
1 Payment history
character/management.
2 Principal assessments| A |ook at the entrepreneur(s) behind the busiriaskjding their credit histories.
3 Financial Assessments| A review of obligors’ financial positions, as presed in recent balance sheets and
income statements.
4 Environmental inputs | Review of industry and regional factors, whethéngeconomic data and forecass,
or historical aggregates based on internal/buresa. d
Market value of traded The Ievc—;l, volat!llty,'and buy/sell spreads of ntar_k).nces'prowde for\{vard-llookm.g
5 information, which is a summary of market particitg views on obligors’ credi
securities risk (the gold standard for corporate credit). Bbtind and equity prices may be
used.
Relationship managers’ and underwriters’ eyes amd are still a primary source pf
6 Human input information. The goal is to ensure that their obagons are as objective as possihle,
but in many instances, subjective inputs are requir
Source: Anderson 2007
Table 2. Company Size versus Data
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As most of the selected companies are large orunedi size, with a few being very large, the
main sources of data available about them arellasvi

1) Judgmental input

2) Environmental inputs

3) Financial statements

4) Payment history

Hence, both from the nature of analysis and thélabla data, implementation of quantitative
analysis on the companies was only possible tongaelll extend and thus, expert judgment was
selected as the main source of assessment for tldelmFor developing the A-Score, the
following steps were taken:

1) Developing a list of potential factors

2) Assessing the importance and measurability of dactor by means of single-factor

analysis using expert judgment
3) Selecting the most important factors for the model
4) Weighting the selected factors using the Analytiereichy Process (AHP)

5) Calculating the A-Score and the adjusted Z-scaré¢hi® sample of applicants

These steps are explained in turn in the remaiofdiis section.

As a start, a comprehensive list of potential fexctohich can potentially predict default were
gathered from different sources. For identifyingtsdactors, besides the literature, around ten
interviews were conducted with experts from th& ngnagement department as well as senior
sales and marketing managers of the Company. Addily, the rating methodology of the
major credit rating agencies and one of the comialelbanks were carefully studied. In total, a
list of 34 potential factors were identified. Thetlof factors along with their definition are

provided in Appendix 1.
The next step is selecting the most important factor the model using expert judgment. six

persons were selected for the interview, three bbrw were credit analyst or senior risk

managers and three were sales & marketing managelexction of sales & marketing managers
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was justified by their close contact and affinityttwthe customers. For each of the potential

factors two dimensions were measured by the regmsdluring the meeting:

1- Importance: How important is the factor in termpuoddicting delinquency/default;
2- Availability: How easily can the factor be judged measured given the limitations of

access to data and objective judgment about them.

Each factor was then measured using a scale obpwith 0 implying no importance/availability
and 5 exhibiting the highest level of importanceitability. The factors were subsequently
ranked based on their average scores of importandeavailability. The top 10 variables are
shown in Table 3 along with their average imporéaand availability score. For the final
selection of the variables, a group meeting wasviiét three credit analysts and two senior risk
managers. After discussions, quality of the finahaaformation was omitted from the model
with the justification that the majority of Chemisa& Intermediate customers have reliable

financial information audited by major auditing qoamies.

Table 3: Top 10 factors

Eactor Importance | Availability
Score Score
Payment behaviour 5.0 4.8
Quality of the financial information 4.5 3.7
Type of transaction with Company 4.5 4.8
Exposure to event risks 4.0 2.7
Operational diversity 3.8 4.0
Stability of purchase from Company 3.8 4.5
Legal form 3.8 4.7
Company's share in customer's supply 3.8 3.7
Level of integration of the business 3.7 4.0
Industry risk 3.7 4.3
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Also, stability of purchase from Company was coesd to be captured by the type of
transaction with Company and thus, was ruled outh Wegards to the Company’s share in the
customer’s supply, during the discussions it wagaked that despite its ease of measurement, it
cannot be interpreted in a clear-cut way; in otherds, for each amount of the Company’s share
in the customer’s supply, it could be interpreted different ways depending on the market and
industry of the customer. As a result, it was dedithat Country Risk would be included in the

model, instead, which had the importance score&8d availability of 4.2.

In total, 8 factors were selected for the modetoAlduring the meeting, factors which among the
experts had a difference of three or more in thaghest and lowest importance score, were
closely discussed by the corresponding analystedar to resolve the difference and investigate
the reasons of such deviations.

These factors were subsequently weighted in omletetermine their relative importance. For
weighting, the Analytic Hierarchy Process (AHP) wased. AHP is a methodology for
systematic evaluation of the relative importanceudlitative criteria. Like other Multi-Attribute

Decision Models (MADM), the AHP attempts to resoleenflicts and to analyze judgments
through a process of determining the relative irtgpare of a set of criteria. The AHP can be
applied to a wide range of situations from marlgetotecisions (Wind and Saaty, 1980) to
corporate credit-granting problem (Srinivasan amah,KL986). Zahedi (1986) provides a review

of non-financial applications of AHP.

In a meeting with three credit analysts and oneosananager, the AHP method was used to
determine the relative importance of the variablegle 4 shows the weights assigned by AHP.
In order to verify the consistency of the factongi#s, the Consistency Ratio was calculated. As
the Consistency Ratio is 7.6% and thus, less tB&h, the method is considered to be acceptable
(Saaty, 1994).
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Table 4: Selected factors and their weight

Factor Weight
Payment behaviour 36.4%
Industry risk 19.0%
Country risk 16.0%
Type of transaction with Company 12.0%
Operational Diversity 7.2%
Level of integration of the business 4.8%
Exposure to event risks 2.5%
Legal form 2.2%

At the next step, each factor was categorized daogto the possible alternatives for it and each
category was scored. For combining this model w4itore, two methods were considered,; first,

scoring each factor on a scale almost similar sx@re (e.g. from 1 to 5) and then weighting the
total non-financial score and combining it with thescore. Second, impacting the non-financial

score in the form of multiple on the Z-score, sat tach factor’s category would be scored above
or below one, and then the total non-financial easould be multiplied by the Z-score to adjust

it. For example, if the company would have a z-saufr3 and a non-financial score of 1.05, the

total score would be 3*1.05=3.15

For two reasons the second method was used; $oste of these factors were already in the
company’s model with scales around 1 (i.e. abowefonrewarding a certain type of customers

and below one for punishing some other categorgustomers) and thus, the data was readily
available. Second, Z-score could take a wide spectf numbers and thus, confining the non-

financial scale to 1 to 5, for example, might casiggtemic deviation between the Z-score and the
non-financial score which will make the total scamvard or downward biased.

Thus, the non-financial score, or A-score, wouldeheal to:

A =0.364*P + 0.190*l + 0.160*C + 0.120*T + 0.072*©0.048*L + 0.025*E + 0.022*F (1)
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Where P is Payment behavior, | is Industry risks €Country risk, T is type of transaction with
the company, O is Operational Diversity, L is Leg€Integration of the business, E is Exposure

to event risk, and F is Legal Form.

Ill. Results:

The performance of the model is measured in terfnisow well the model replicates expert
judgment. In this respect, it is similar to studigsSrinivasan et al. (1987), Johnson et al. (1990)
and Marais et al. (1985). This method could be edgiw have some ambiguity in that the errors
could be due to the model built or due to the expelgment. However, we justify this by the
fact that the Company is mostly relying on the jmegt of its experts and is satisfied with this
given the limited loss it has incurred. The motimatfor the Company, however, is to identify
and organize the underlying decision method thdyatsause so that the whole process can be
replicated by means of a model which would bringermonsistency to the credit risk assessment
process. Another reason for using the expert judgrmstead of historical payment record of
customers as benchmark is the lack of enough fiatodata about the customer’'s payment

behaviour, especially for long periods.

For expert judgment, the assessment of the maguditcanalyst who is responsible for the

specific group of customers considered in this ywtués used. The expert rated customers’
riskiness with a scale of 1 to 3, with 1 representhe highest and 3 representing the lowest risk
for that customer. The expert rated the customeasedb on his overall assessment of the

customer’s riskiness and his affinity with the auser’s situation.

In the next step, customers were categorized incategories; those with expert rating of 1 were
labeled as High-Risk and those with ratings of Bavere categorized as Low-Risk customers.
Then, for the model, customers with the combinextesof less than 1.8 were categorized as Hig-
Risk, as is the prescribed threshold by Z-scoreahdd 37 cases out of the 42, the model
accurately categorized the customers. It is worttioning that due to lack of enough historical
data, there was no possibility to use categorirasanilar to the Discriminant Analysis

containing a number of bankrupt and non-bankrupésaAdditionally, as mentioned before, the
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Company has experienced negligible loss which iestihe existence of very few customers with
default.

As a second test, the Total Score for each custayb&@ined by multiplying A-Score and Z-score
were compared to the expert’s rating of the custoine36 cases out of 42, the deviation of the
Z-score and expert rating was reduced when A-sgareincluded. Out of the six cases where the
A-Score did not make an improvement, in a discussitth the credit analyst who had rated the
companies, it was indicated that one case was thtedame as its guarantor, whereas in our
model, the input was based on the information efdbmpany itself. In one case, the financials
were related to 2005 which is longer than the saufp8-score, two years, and also due to the
economic recession, the company’s situation haah lzéfected markedly compared to 2005.
There were four cases where the A-score had masedhiation between Z-score and expert

judgment larger.

IV. Conclusion:

This paper seeks to develop a model for assedsengréditworthiness of a group of customers in
the petrochemical industry. The model takes batarfcial and non-financial factors into account
and tries to complement a known financial modelScore, with other non-financial factors
which are important in practice for doing businesth other companies. Using the Analytic
Hierarchy Process (AHP), we weight the most impurfactors that a group of credit managers
and analysts have selected from a comprehensivefligotential factors. The method ensures
proper aggregation of their judgment and consisténcthe prioritization of the factors. The
model is comprised of eight factors which reflelsé tcreditworthiness of the customers and
include: payment behavior, type of transaction viite Company, exposure to the event risks,
operational diversity, legal form of the customswuntry risk, level of integration, and industry

risk.

Using expert judgment as the measure of the acgwfabe model, the model is tested as to how
well it can replicate the judgment made by an expéro is directly responsible for credit

granting to the group of companies present in dmapte. Given that the model was able to
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improve the Z-Score in 86% of the cases and was tabtiscriminate between High-Risk and
Low-Risk customers in 88% of the cases, the moselecommended for the Company for

assessing the creditworthiness of the Chemicalsté&inediate customers.

There were a number of limitations, given the ratfrour study. The most important limitation
was lack of historical data on long-term paymeritawor of the customers which made testing
of our model limited to Expert Judgment. Also, giie good performance of the Company’s
credit analysts, there were few companies withnfoe distress in our sample. Larger sample
size with larger number of high-risk companies dollp our results to become more reliable.
And finally, the subjective judgment involved bathfactor selection and factor weighting by

AHP can cause imprecision in the model.

There are a number of recommendations made foCdmepany, in order to improve their credit
assessment procedures; first, the same approath lm®applied to other groups of customers in
other industries in order to ensure consistendhénprocedures. Given the flexibility of the AHP
method, the number of factors, the factors theneseland their weight can be customized for a

specific industry or group of customers.

Another important step for the company is to depedosuitable model for assessing the credit
risk at the portfolio level. This is especially ionpant because the company has a very
concentrated portfolio due to the nature of itsimess. Thus, such an assessment seems to be

necessary for the company from a risk managemespeetive.

In terms of future research, most models focusherfinancial attributes of the companies and do
not take into account the non-financial aspecta btisiness. Combining the two perspectives to
come up with a more comprehensive model needs tmusstigated more. Also, testing our
approach on larger sample size and its performanpeedicting the payment behaviour would
could better assess the validity of using the ArlBdnjuction with current financial models such

as Z-Score.
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Appendix 1: List of the potential factors and their definition

No. Factor Definition
1 Payment behaviour How good the track record of the customer is with respect to its payments to the Company
2 Type of transaction with the Company Whether the customer is a spot buyer or distributor or preferred buyer, etc
3 Years established For how long the customer has been operating
4 Number of clients the customer has To how many clients the customer is selling its products
5 Volatility of business of the customer’s clients How volatile the sale of the clients of the customer is
6 Company's share in customer's supply How many percentage of the customer's material is supplied by the Company
7 Duration of the relationship with Company For how long there has been relationship and transaction with the customer in place
8 Market share What is the company’s market share with respect to its peers in the market
9 Age of the youngest board member How old is the youngest board member
10 Essential (as opposed to non-essential) Whether the Company's materials are an essential part of the customer's production and

equipment

business or a non-essential part
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How likely is for the customer to face litigation, environmental liability, or changes in law or

11 Exposure to event risks X ;
national policy
12 Volatility of asset value How volatile is the value of the customer’s assets
13 Number of employees Number of employees of the customer
14 Increase in the number of staff The trend in the number of staff
15 Who approached whom (if customer Whether the customer approached the Company for doing business or vice versa
approached the Company)
16 Level of integration of the customer’s business To what extent the customer's business is vertically integrated along its value chain
17 Visited by the Company staff or not Whether the Company staff have visited the customer or not
18 Number of alternative customers the Company How many other customers the Company already has that could buy the material supplied to
has a specific customer
19 Stability of purchase from the Company How much volatility is observed in customer's past purchases from the Company
20 Volatility of sales volume How volatile the sales volume of the customer is
21 Volatility of revenue How volatile the revenue of the customer is
. . . How diversified is the customer (in terms of number of businesses, product lines,
22 Operational diversity . A
manufacturing plants, distribution outlets)
23 Size How big the customer is (in terms of assets)
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Geographical diversity

How diverse is the market in which the customer is selling

25 Asset Flexibility Whether the customer has some (peripheral) assets to sell in case of financial distress
How reliable the financial information supplied by the customer, as determined by factors
. . - . such as the size and capabilities of the accounting firm compared to the size and
26 Quality of the financial information o L .
complexities of the customer and its financial statements
27 Willingness of the customer for revealing How willing the customer is in terms of providing financial and accounting information and
financial/accounting information how rich are the financial statements in terms of information they provide
. How much political and macroeconomics risk is perceived for the country in which the
28 Country risk :
customer is based
29 Legal form What legal structure the customer has (e.qg. plc, etc)
30 Number of affiliates supplied Number of different affiliates of a parent company that the Company is supplying
31 Publicly-listed (as opposed to private) Whether the customer is publicly listed or not
32 Industry risk How risky is the industry in which the customer is active
33 Management quality Management skills and experience compared to the size and scope of the business
34 Being rated by rating agencies Whether the custoemr has issued bonds and thus, is rated by one of the rating agencies
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