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Abstract 

 
This thesis considers the benefits of factoring on a firm’s liquidity and growth by analyzing the growth of 

the current- and quick ratio and the growth of the sales revenue. This research is conducted by Bank X (due 

to anonymous reasons we referred to this as Bank X), a bank in the Netherlands, and factoring company Y 

(also due to anonymous reasons, referred to as factoring company Y). The influence of factoring on a firm’s 

liquidity and growth is analyzed by conducting a data-analysis by using Structural Equation Modeling. 

Different models are tested and evaluated. However, the data sample was too small to draw significant 

conclusions, so only suggestive relationships are found. Theory suggests that firms that have liquidity 

problems, use factoring. This relationship is analyzed by a logistic regression. After the benefits for 

companies are investigated, the benefits for the bank are analyzed. Factoring can contribute to a decrease of 

the relative expected loss of the bank due to monitoring. This potential effect is simulated by using Monte-

Carlo methods in MATLAB. Finally, blockchain technology is described to reduce information asymmetry 

and create more transparency.  

  



 

 3 

Management summary 

 
One of the main assets of most corporate balance sheets is trade debtor (Summers et al., 2000). It can 

represent up to 35% and is one of the riskiest. One short-term financial aspect is trade credit. Trade credit is 

a loan a supplier provides to its customers in conjunctions with product sales (Nilsen et al., 1999). This 

payment delay could lead to liquidity problems, especially for small- and medium sized companies. Due to 

the financial crisis, Basel III was supposed to strengthen bank capital requirements by increasing bank 

liquidity and decreasing bank leverage. As a result, SME companies could hardly get a bank loan. A solution 

for liquidity problems for these companies is factoring. Factoring is an alternative finance solution to 

increase a firm’s liquidity. Factoring of accounts receivable is an economic decision whereby a specialized 

firm assumes the responsibility for the administration and control for a company’s debtor portfolio (Soufani, 

2002). It can be considered to be a method of raising short-term capital based on the selling of trade debts at 

a discount, or for a prescribed fee plus interest. The parties involved in the factoring mechanism are the 

client firm, customer firm, and the factor. The factor could be either a bank or a independent factoring 

company. There are two types of factoring (1) recourse factoring and (2) non-recourse factoring. In case of 

recourse factoring, the client firm must cover the cost of invoices that their customers do not pay. In case of 

non-recourse factoring, the factoring company accepts all the risks involved of non-payment of their client’s 

customers. In this research, we only focus on recourse factoring since we only have data of factoring 

company Y who only offers recourse factoring. However, factoring is still not very attractive and has a 

negative image. Companies consider factoring as a last resort (Turnbull, 2007). Another disadvantage of 

factoring are high factoring costs concerned with a factoring contract. We compare the yearly cost of 

factoring to the yearly cost of a current account bank loan. We assume that the interest rate of bank X and 

factoring company Y are equal and show that factoring charges more cost elements. Along with the 

disadvantages for the company, theory suggests that factoring contributes to a firm’s liquidity and growth 

(Soufani, 2002). Factoring is also attractive for a bank due to fact that they are able to have a more effective 

liquidity management because amounts are more predictable and manageable (Michalski, 2008). In order to 

research the benefits of factoring for a company, we investigate the effect of factoring on the growth of the 

current ratio, quick ratio and growth of the sales revenues.  

Current ratio  The current ratio is a liquidity ratio that measures a company’s ability to meet its 

financial obligations as they fall due (Watson and Head,  2010). The current ratio is 

determined by the current assets divided by the current liabilities. 

Quick ratio The quick ratio is a liquidity ratio that excludes inventory. The reason why 

inventory is not included is because in case of crisis, inventory may not sell at 

anything above fire-sales prices. The quick ratio is the current assets minus 

inventory divided by the current liabilities.  
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Sales revenues  Sales revenue is the amount realized from selling goods or services in the normal 

operations of a company in a specified period. 

Results show that there is no significant correlation of factoring and the growth of the current- and the quick 

ratio. However, a significant relationship is found between factoring and the growth of the sales revenues 

and is moderated by risk rating. To explain this relationship, more elements of growth are investigated. 

Results indicate that there is also a moderate significant relationship between factoring and the growth of a 

firm’s EBITDA. So factoring can contribute to a firm’s growth in terms of sales revenue and EBITDA. 

Additionally, a test is conducted to investigate if the current- and the quick ratio are estimators for the use of 

factoring. However, results show that there is no significant effect. 

A characteristic of factoring is monitoring the client. A simulation is setup to estimate the influence of 

factoring on a bank’s risk management. Here it is assumed factoring results in a decrease in risk rating, loss 

given default and an increase in exposure at default. Monte Carlo simulations are performed to calculate the 

relative expected loss. Results indicate that the relative expected loss in case of factoring decreases with 

43,8% compared to non-factoring. The relative expected loss could influence a bank’s economic capital. 

Not only Basel III forces financial institutions to change, also the expectations of Industry 4.0 forces them to 

change. Industry 4.0 refers to a further developmental stage in the organizational and management of the 

entire value chain process involved in manufacturing industry (Deloitte, 2014). The goal of Industry 4.0 is 

the emergence of digital factories that are to be characterized by smart networking, mobility, flexibility, 

integration of customers and new innovative business models (Jazdi, 2014). This also creates new 

opportunities for the bank. One element of Industry 4.0 is the blockchain technology. The blockchain 

technology is a decentralized network. The blockchain consists of a bundles of transactions, called “blocks”, 

with each transaction indicating the asset to be transferred, the time of transfer, the identity of the prior 

owner, and the identity of the new owner. Experts claim that the blockchain creates transparency of the 

whole supply chain. In prior research we found that transparency can contribute to a bank’s accurate risk 

estimation. This results in the same decrease of expected loss in line with monitoring in case of factoring. 

This in turn can influence a bank’s economic capital.  
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Chapter 1: Introduction  
It has been the business norm for many firms to sell goods and services on credit rather than requiring 

immediate cash payment (Soufani, 2002). According to Summers et al. (2000), trade debtors is one of the 

main assets on most corporate balance sheets. It can represent up to 35% of total assets and it is one of the 

riskiest. Therefore, trade credit is an important short-term financial aspect.  

The objective of firms that extend credit is to minimize the cost of credit extended to customers. There are 

many reasons for firms to extend trade credit. Mian and Smith (1992) elaborated on three reasons: cost 

advantage, market power, and taxes. Another important reason for extending trade credit is the dominance of 

the customer. The degree of competition in the market has lead that manufacturers and sellers have to 

conduct a non-price competition strategy to maintain existing customers (Soufani, 2000). The mechanism of 

extending trade credit is a source of survival and growth for firms. Findings of Malitz et al. (1993) show that 

smaller firms with longer production lead time, and those firms that produce products that take a longer time 

to evaluate their quality tend to extend trade credit.  

Due to the crisis and introduction of Basel III in 2009, firms have problems with getting a loan from a 

banking institution. The bank requires collateral in the form of fixed assets or personal guarantees. Many 

firms, especially small and medium size enterprises, experience difficulties producing collateral to obtain 

funds that alleviate working capital and cash-flow problems (Soufani, 2002). This collateral could force the 

enterprises into bankruptcy. 

As a result of payment delay, asset based financing options become important considerations to increase the 

firm’s liquidity. One of these asset based financing options is factoring.  

 

Asset based finance and the supplier 

 

Factoring 

According to Soufani (2002), factoring account receivables is an economic decision whereby a specialized 

firm assumes the responsibility for the administration and control of a company’s debtor portfolio. It is a 

method for raising short-term capital in exchange of selling trade debts at a discount, or for a prescribed fee 

and interest. It can be helpful by solving cash-flow problems of a business. The customer of the client firm 

becomes the debtor of the factor and thus, has to pay the factor directly (Soufani, 2002).  According to 

Klapper (2006), factoring is a comprehensive financial service that includes credit protection, accounts 

receivable bookkeeping, collection services and financing. Factoring also checks the credit and collects the 

accounts of the client firm. The factoring company focuses on the quality of the accounts receivable 

purchased (Berger et al., 2006). Soufani (2002) distinguishes two types of factoring, recourse factoring and 

non-recourse factoring. Recourse factoring entitles the factoring company to claim payment directly from 

the client in the event that a client’s customer defaults on payment, while non-recourse factoring does not 

involve such a provision. Recourse factoring is more desirable for the factoring company since they can 
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collect collateral in case their client defaults. However, in case of non-recourse the credit risks are higher 

and interest rates are higher. From an IFRS accounting perspective, non-recourse factoring is classified as 

the sales of receivables and recourse factoring is classified as borrowing. 

 

Parties involved in the mechanism are the client firm, the customer firm, and the factor. Figure 1 gives an 

overview of the mechanism behind factoring. It all starts with the customer of the supplier who places an 

order (1). The supplier delivers the supplied goods and issues the corresponding invoices with a trade credit 

period (2) The supplier requests the factor to buy the invoice (3). The factoring company advances cash 

against invoices once approved based on information about the accounts receivables (4). The customer of 

the supplier is expected to make full payment to the factoring company within the trade credit period (5). 

The factoring company charges fees and interest to the supplier (6). In case the customer of the supplier 

defaults on its payments, the client firm must repay the factoring firm (7). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Barriers to factoring 

According to Klapper (2006), there are a number of additional tax, legal, and regulatory challenges of 

factoring in many developing countries. As a result of selling an invoice to a factor, the contacts of the 

enterprise with its customers will weaken and could have grave consequences. In most situations, a 

significant aspect is the direct acquaintance of customers with the supplier, this could increase information 

asymmetry. This asymmetry can rise because the supplier is not directly involved in the payment process of 

their buyer. The factoring company collects information about the payment behavior of the suppliers’ 

buyers. There could be a lack of fitting the offer to the needs of the customer, which leads to lower sales 

Figure 1 Factoring mechanism (Soufani, 2002) 
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revenue. This has a greater chance of being identified in the case of traditional forms of the contract 

(Michalski, 2008). Asselbergh (2002) also found in her in research that there is a lack of trust in factoring in 

Belgium. This is based on prejudices that companies are afraid to lose control of managing the client 

relationships. Smith et al. (1993) argue that the reputation of the factor is a critical element in efficient 

functioning of factoring markets. Economies of scale are likely to be associated with the factor’s brand name 

because the individual sale of a client is put in line with the reputation of the factor. Another barrier is given 

by Summers et al. (2000). They argue that because of the involvement of a factor in credit management, the 

firm could be less flexible in the way it sets and varies credit terms between customers for price 

discrimination or other competitive reasons. 

Michalski (2008) remarks along with the benefits of factoring, factoring is also connected with a couple of 

burdens. The first one is interest, in the case of providing credit, similar in amount to that of a bank loan. 

The second one is that the front-end fees depend on the limit of factoring. The third one is that commission 

for assuming risk of bankruptcy of recipients depends of the level assessed risk. Since in most cases firms 

with a higher risk of bankruptcy use factoring, the commission can be very high and makes factoring very 

expensive. The last barrier is that administrative commissions depend on the amount of the liability for 

providing additional services in the scope of bookkeeping, debt collection, term credit rating of debtors, 

monitoring debtors of the enterprise and consultancy. 

Turnbull (2007) found that factoring services of a bank were the least used services. This was due to the 

existence of the widespread opinion among respondents that not use the service. Factoring was seen as the 

‘last resort’ for firms. They felt that when they use factoring, they lose control of their tasks and they were 

afraid that it would disturb the relationship between the company and its customers.  

 

Asset based finance and the Bank. 

 

Basel III is an international framework for liquidity risk measurement, standards and monitoring for the 

banking sector. The objective of the reforms is to improve the banking sector’s ability to absorb shocks 

arising from financial and economic stress, whatever the source, thus reducing the risk of spillover from the 

financial sector to the real economy (Bank for International Settlements, 2010). As a result of the economic 

crisis of 2007, Basel III aims at improving risk management and governance and to improve the 

transparency and disclosure of banks. During the economic crisis, many banks were holding insufficient 

liquidity buffers and were not able to cope with credit losses. The weaknesses in the banking sector were 

exposed to the financial system and real economy and resulted in a massive contraction of liquidity and 

credit availability.  

 

One of the key reforms of Basel III is the revised Liquidity Coverage Ratio (LCR). The aim is to strengthen 

global capital and liquidity regulations in order to create a more resilient banking sector. The LCR 

contributes to the short-term resilience of a bank’s liquidity risk profile. A bank must ensure to a bank has a 
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stock of high-quality liquid assets (HQLA) that can be easily converted into cash in order to meet its 

liquidity needs for a 30 calendar day liquidity stress scenario. This must help the banking sector to be 

resistant to shocks and economical stress. The LCR is introduced on 1 January 2015 with a minimal 

requirement of 60% and will raise annually with 10 percent in order to reach 100% in 2019. 

 

This part will explain the current situation of the investigated Bank. Because of confidential reasons we refer 

the investigated bank to as Bank X. In the current situation of Bank X, they do not determine the value of 

the asset. They provide some credit and mortgage to their customers. In some cases, this could lead to higher 

limit of their credit and in other cases this leads to a lower limit of credit. This could lead to too little or too 

much economic capital (further referred to as ECAP) for Bank X. ECAP is a bank’s reserve to ensure that 

they are able to stay solvent. It must cover the risk the bank faces.  In the current situation, they do not 

monitor their customer or their accounts receivables. On the other hand, Factoring company Y who provides 

factoring, monitors their customer and their accounts receivables very closely. They monitor the customer’s 

account receivables since all the invoices of the supplier are sent to the factoring company (this implies not 

that the factoring company fund the invoices) and the buyer payment process is directly linked to the 

factoring company. The factoring company also performs audits and determine the value of the asset in case 

a company defaults. The asset value influences not a client’s probability of default but the Loss Given 

Default (LGD).  This leads to a more accurate determination of the LGD’s. The result of this accuracy is that 

Factoring company Y has more certainty about their economical capital and less probability of having too 

little or too many economical capital. 

1.1 Problem statement 

The main problem of this master thesis is the little use of factoring among small-medium-size firms. 

Previous research only focuses on the qualitative benefits of factoring. There is no evidence of the 

quantitative benefits of factoring. Factoring is still not very popular and van den Berg (2015) found in his 

thesis that the acceptance of supply chain finance is a matter of trust in banks. In his thesis he claims that 

suppliers would be helped if the potential quantitative benefits of supply chain finance will be revealed. This 

thesis focuses on the quantitative benefits of factoring. First, benefits for the companies are investigated. 

Second, potential benefits for the bank are determined. Third, the blockchain technology is described as a 

technology to reduce information asymmetry and to increase transparency and how it can strengthen 

monitoring associated with factoring.  

1.2 Thesis outline 

The first part of this thesis consists of the influence of factoring on a company’s performance. First, 

hypotheses are determined based on the theory. Second, an empirical study is conducted to test the 

hypotheses. The first two hypotheses are tested by conducting Structural Equation Modeling and the third 
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hypothesis is tested by conducting a logistic regression. After these tests, remaining data is analyzed for 

explaining and verifying the results. Second, the influence of monitoring associated with factoring on the 

relative expected loss is simulated by using MATLAB. Third, the blockchain technology is elaborated to 

investigate the impact on the factoring process in terms of transparency.  
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Chapter 2: Research Questions and Hypotheses 
In order to investigate to investigate the benefits of factoring, a main research question is provided. This 

section describes the main research question and the associated research questions. Research questions one 

and two can be investigated by conducting a data-analysis. For this reason, associated hypotheses are 

determined. After determine the research questions, the method that is used to conduct this research is 

described. Next, relevant literature in order to investigate previous research and to provide hypotheses for 

the described research questions. 

 

2.1 Research Questions 

Main research question: 

What are the benefits of factoring? 

 

Research Question 1a 

Are relevant business performance indicators influenced by factoring? 

 

Research Question 1b 

What are the associated hypotheses? 

 

Research Question 2a 

Is there a relation between liquidity ratios and the use of factoring? 

 

Research Question 2b 

What is the associated hypothesis? 

 

Research Question 3 

What is the benefit of factoring for the bank? 

 

Research Question 4 

How is the bank of the future able to strengthen the factoring process? 

2.2 Methodology 

In order to conduct this research, the thesis will use the classic problem-solving cycle, the regulative cycle 

by van Strien (1997) (Figure 2). Van strain distinguishes five basic steps: problem definition, analysis and 

diagnosis, plan of action, intervention and evaluation. Van Aken et al. (2012) claims that a full business 

problem solving project consist of three parts: the design part, change part and the learning part. The design 
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part consists of redesigning the business system and is based on the problem definition, analysis and 

diagnosis. The change part consists of the implementation and the realization of the redesign. The learning 

part is the final part where the client organization learns to operate within the new system and with the new 

instruments, and how to realize the intended performance improvement. The scope of this research is design 

part, so it is focused on the problem definition, analysis and diagnosis. The change and learning part are out 

of scope. 

 

 
 
 

 

 

 

2.3 Literature and hypotheses 

 
If credit is extended to a customer or a short-term bank loan is made, the company’s leverage is of interest. It 

is important whether a company can lay its hand on the cash to repay its liabilities. That is why credit 

analysis and bankers look at several measures of liquidity (Brealey, 2014). Liquid assets are assets that can 

be converted in cash relatively quickly and cheaply. Factoring increases a firm’s liquidity. This liquidity is 

associated with a several performance indicators. In case a firm’s liquidity changes, these key performance 

indicators should change as well. According to Agarwal (2013), factoring increases liquidity by efficiently 

raising cash because they borrow asset based. It is more cost effective for firms in which the customers’ 

creditworthiness is higher than that of the firm itself.  

Chauffeur and Farole (2009) stated that trade finance mechanisms exist to support fundamental aspects of 

the trading process: risk mitigation and liquidity. Suppliers face a liquidity gap because of a gap in time 

between when they incur production costs and when they receive payments from buyers. Michalski (2008) 

argues that one of the functions of factoring is to provide services for the customer. By using these factoring 

services, liquidity management will be more effective.  

Soufani (2002) stated that the use of factoring becomes an important decision to increase the firm’s liquidity 

by providing the accounts receivables as the collateral to acquire finance. He found a significant relationship 

that indicates the higher the value of the loan the more inclined the borrower is to use factoring. He gave as 

possible explanation that this can be due to the fact that as businesses exhausts their allowable debt ratio 

based on the available collateral, then any increase in the need for liquidity has to be met by resorting to 

Figure 2 Regulative cycle (van Strien,1997) 
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other sources such as invoice financing. He concluded that the demand for factoring services will tend to 

reflect the relative impact of financial constraints upon firms and in particular the impact of delayed 

payment upon working capital and liquidity. Klapper (2006) claims in his article that factoring provides 

instant liquidity, which allows businesses to grow with funds that were previously tied up in receivables.  

 

Hypothesis 1: Factoring is positively correlated to liquidity performance indicators  

 

In order to provide an answer to hypothesis 1, liquidity performance indicators have to be determined. 

Hypothesis 1 will be separated into hypothesis 1a and hypothesis 1b.  

According to Khan and Jain (2008), factoring leads to a reduction of current liabilities. This results in a 

desirable improvement in the current ratio. Liquid assets can be converted into cash quickly and cheaply 

(Brealey, 2014). According to Brealey (2014), managers have another reason to focus on liquid assets: Their 

book values are usually reliable. A disadvantage of liquidity ratios is that they are highly dynamic, so that 

measures of liquidity can rapidly become outdated. The same paper also stated that bankers and other short-

term lenders applaud firms that have plenty of liquid assets. They know that when they are due to be repaid, 

the firm will be able to have their money. There are a few measures to measure the liquidity of a company. 

Two measures used in this research are the current ratio and the quick ratio. 

 

The current ratio measures a company’s ability to meet its financial obligations as they fall due (Watson and 

Head, 2010). According to Watson and Head (2010), it is often said that the current ratio should be around 

two but the nominal current ratio varies from industry to industry. Therefore, sector averages are more 

accurate estimations of the current ratio. The current ratio is determined by the current assets divided by the 

current liabilities (1):  

 

 

𝐶𝑢𝑟𝑟𝑒𝑛𝑡	  𝑟𝑎𝑡𝑖𝑜 = 	  
𝐶𝑢𝑟𝑟𝑒𝑛𝑡	  𝑎𝑠𝑠𝑒𝑡𝑠

𝐶𝑢𝑟𝑟𝑒𝑛𝑡	  𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
 

                        (1) 

            

Hypothesis 1a: Factoring is positively correlated to the current ratio of a firm. 

 

Watson and Head (2010) argues that the current ratio may overstate the ability to meet financial obligations 

because it includes inventory in the numerator. This argument has merit it is not easy to convert inventory 

into sales, i.e. if the inventory days’ ratio is long. Watson and Head (2010) also say that it is not true, 

however, when inventory is turned over quickly and sales are mainly on a cash or near-cash basis. An 

indicator that does not take inventory into account is the quick ratio. The quick ratio compares liquid current 
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assets with short-term liabilities. Also for the quick ratio, there exists a rule of thumb that it should be close 

to one but in practice the sector average value should be used as reference.  

The quick ratio does not include inventory. In case of crisis, inventory may not sell at anything above fire-

sale prices. For this reason, managers often exclude inventory and other less liquid components of current 

assets when comparing current assets to current liabilities. They focus instead on cash, marketable securities, 

and bills that customers have not yet paid (Brealey, 2014). The quick ratio is given by the sum of cash, 

marketable securities and receivables divided by the current liabilities (2):  

  

𝑄𝑢𝑖𝑐𝑘	  𝑟𝑎𝑡𝑖𝑜 =
𝐶𝑢𝑟𝑟𝑒𝑛𝑡	  𝑎𝑠𝑠𝑒𝑡𝑠 − 𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦

𝐶𝑢𝑟𝑟𝑒𝑛𝑡	  𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑖𝑒𝑠
 

            (2) 

In case of no inventory, the current ratio and the quick ratio are equivalent. 

 

Hypothesis 1b: Factoring is positively correlated to the quick ratio of a firm. 

 

According to Hart and Oulton (1996), measures of company size are employment, assets, sales, market 

value and value added. Borgia et al. (2003) stated that growing businesses are vulnerable to lagging cash 

flows. A rapidly expanding company with excellent products and booming sales can be hamstrung by stalled 

collection efforts needed to fund operations and growth. The problem is further compounded if the company 

has to invest in material and labor costs before the occur sales. In order to grow, a company has to spend 

money to get money and the time between these two moments can be a bottleneck. For small growing start-

up, it can be hard to get a fund of the bank. They typically lack sufficient credit history or liquidity ratios to 

meet benchmarks required by large banks (Borgia et al., 2003). Levy (2007), demonstrated a more 

sophisticated model to understand the motives behind company’s decision to resort to factoring being those 

companies that need to expedite its cash flow to finance its growth or to comply with certain covenant and 

financial reporting. According to Ittleson (1978), factoring contributes to a company’s overall expanding in 

terms of turnover and customer base. Irwin (2006) stated that SME’s are important and widely deemed to be 

the backbone behind a sustainable and invulnerable economic growth. They incline to be more productive. 

However, SMEs are still suffering from a lack of finance. Asselbergh (2002) stated that factoring is not a 

sign of weakness despite companies which factor their receivables are usually less profitable and denied its 

perception as the last resort for finance. (Weisel et al., 2003) insisted that Factors get themselves allied to 

growth companies unlike the traditional perception about factoring to be associated to companies expected 

to go out of business.  According to Beck and Demirguc-Kunt (2006), small firms face larger growth 

constraints and have less access to formal sources of external finance, potentially explaining the lack of 

SMEs’ contribution to growth. Financial and institutional development helps alleviate SMEs’ growth 

constraints and increase their access to external finance and thus levels the playing field between firms of 

different sizes. Specific financing tools such as leasing and factoring can be useful in facilitating greater 
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access to finance. Klapper (2006) claims in his article that factoring provides instant liquidity, which allows 

businesses to grow with funds that were previously tied up in receivables. Soufani (2002) argues that 

although financial statements are considered to be an essential requirement for evaluation by the factoring 

company, their overall strength or weaknesses are not considered an important criterion in the decision to 

supply credit. Small firms that possess weak financial positions are unable to gain financing through normal 

banking channels. To stimulate growth, implementing a factor in the channel could be a solution. Due to 

limited available data, the growth of the sales revenue of companies is investigated.  

 

Hypothesis 2: Factoring is positively correlated with the growth of a companies’ sales revenue. 

 

Shliefer and Vishney (1992), and Brown et al. (1994) found empirical evidence for the argument that firms 

sell their assets to generate liquidity when they are in financial distress. Smith (1994) argues that a common 

perception is that factors are predominantly used by firms with cash flow management problems such as 

firms with seasonal sales. This leads to little current assets and high current liabilities which result in a low 

current- and quick ratio. 

Smith (1994) found no significant evidence to the test if factors are engaged to improve cash flow and 

therefore do affect a firm’s cash position. They argue that it is difficult with cross-sectional data to 

determine the significance of cash flow problems as a motivating factor.  

Asselbergh (2002) found significant evidence that relatively young firms with capital intensive investment 

programs and seasonal sales figures are more likely to use factoring. He rejected the prejudice about 

factoring being a last resort means of finance. The same paper found only minor evidence that trade credit is 

more often extended specifically by the more liquid suppliers, factoring is confirmed to be a real alternative 

financial resource.  

 

Hypothesis 3: A firm’s current ratio and quick ratio are positively correlated with factoring. 
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Chapter 3: Factoring influence on business 
performance 

This chapter tests the hypotheses by using Structural Equation Modeling (hypotheses 1 and 2) and logistic 

regression (hypothesis 3). Research questions 1 and 2 are investigated in this chapter. First, the relevant 

descriptive statistics are summarized. Second, the analysis is explained including associated results.  

 

3.1 Summary statistics  

 
Table 2 gives an overview of the data statistics. For this research, 53 factoring companies and 10 non-

factoring companies are analyzed. Table 2 gives an indication of the different branches of the companies. 

The average risk rating of the data samples are equal. The average current- and quick ratio of factoring 

companies are respectively 13,40 and 33,77 percent lower compared to non-factoring companies. However, 

the average sales revenue of factoring companies is 88,8 percent higher compared to non-factoring 

companies. In order to make a proper comparison, data of companies with a comparable risk rating is used. 

Risk rating is a client’s rating based on the probability of default and is a scale of 1-20. 1 implies a low 

probability of default and 20 a high probability of default. The average risk rating is 15,22, this is in line 

with the fact that riskier firms use factoriong. 

 

Table 1 Statistics summary 

 Factoring companies Non-factoring 

companies 

Total 

No of companies 53 10 63 

No of companies 

branch: Industry 

6 2 8 

No of companies 

branch: Wholesale 

26 3 29 

No of companies 

branch: 

Transportation 

12 5 17 

No of companies 

branch: Others 

9 0 9 

Mean current ratio 1,1993 1,3600 1,2236 

Standard deviation 

current ratio 

0,80746 1,01383 0,841 
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Mean quick ratio 0,9498 1,2705 1,00 

Standard deviation 

quick ratio 

0,79155 1,01383 0,830 

Mean sales revenue 19569655,06 10363576,92 11323028,83 

Standard deviation 

sales revenue 

51042244,95 12238658,30 38107764,21 

Average Risk Rating 15,22 15,22 15,22 

 
In addition to the growth of the sales revenues, we investigate the growth of the earnings before interest, tax, 

depreciation and amortization (EBITDA) and the growth of the inventory turnover. We investigate these 

variables separately since only respectively 19 and 20 data points are available. Table 2 and 3 show 

descriptive statistics of the analyzed samples. 

 
Table 2 Descriptive statistics 

 N Minimum Maximum Mean Std. Deviation 
Factoring 20 0 1 ,85 ,366 
Growth Inventory 
Turnover 20 -56 399 12,87 94,370 

 
Table 3 Descriptive statistics 

 N Minimum Maximum Mean Std. Deviation 
Factoring 19 ,00 1,00 ,5789 ,50726 
Growth EBITDA 19 -98,65 190,39 3,1465 68,58610 
Growth Sales 
Revenues 19 -30,14 18,67 2,1232 11,51615 

 

3.2 Methodology 

 
Hypothesis 1 and 2 

To test hypothesis 1 and 2, structural equation modelling (SEM) is used. Structural equation modelling can 

be used if there are multiple independent and dependent variables with multiple directions. The general idea 

of SEM is to test the theoretical assumption that factoring improves a firm’s liquidity and the growth of the 

sales revenue. SEM is a family of statistical models that seek to explain the relationships among multiple 

variables (Hair et al., 2014). It examines the structure of interrelationships expressed in a series of equations, 

similar to a series of multiple regression equations. These equations describe the relationships among 

dependent and independent variables involved. SEM enables to estimate multiple and interrelated dependent 

relationships, and to represent unobserved concepts in these relationships. Furthermore, it accounts for 

measurement error in the estimation process and can be used to define a model to explain the entire set of 

relationships.  
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The first step for building a Structural Equation Model, is to establish causation. A causal inference involves 

a hypothesized cause-and-effect relationship and is perhaps the strongest type of theoretical inference a 

researcher can draw (Hair, 2014). In this research, we test the cause-and-effect relationship between 

factoring and the growth of the current-, quick ratio and sales revenue.   

This research, the relationship between the growth of the current ratio, quick ratio and the sales revenue and 

factoring is tested. The proposed relationships are translated into a structural equation for the dependent 

variable. This enables to find multiple relationships between dependent and independent variables. The 

simplified model is given in Figure 3.   

 

Factoring

Growth	  liquidity	  
indicators

Growth	  Sales	  
Revenue

Hypothesis	  1

Hypothesis	  2

 
Figure 3 Influence of factoring on liquidity indicators and sales revenue 

 

Statistical theory dictates a regression coefficient is composed of two elements: the true structural coefficient 

between the dependent and independent variable and the reliability of the predictor variable (Hair et al., 

2014). The reliability measures the degree of internal consistency of indicators based on how highly 

interrelated the indicators are with each other. The advantage of SEM over other statistical techniques is that 

it corrects for the amount of measurement error in the variables and estimates what the relationship would be 

if the measurement error was equal to zero (Hair et al., 2014). This process results in more accurate 

relationship coefficients.  

 

Requirements for causation by using SEM are covariation between variables. Causality means that a change 

in a cause brings about a corresponding change in effect. Systematic covariance (correlation) between the 

cause and effect is necessary, but not sufficient, to establish causality (Hair et al., 2014). Since only the 

growth of the current ratio is linear with the growth of the quick ratio, we cannot use the Pearson correlation 

matrix since it assumes linearity (Figure 4). 
 



 

 21 

 
 
 

 
Figure 4 Scatterplots 

We use the Kendall’s Tau-b nonparametric correlation matrix for this analysis. We only have a small sample 

size of 63 companies. This specific correlation matrix is used in small samples (Field, 2009). The 

requirement for the Kendall’s Tau-b correlation matrix is that the variables should be measured on an 

ordinal or continuous scale. The correlation matrix is given in Table 4. The correlation matrix shows 

whether a relationship is significant. If a correlation between two variables is negative, it means a negative 

correlation between the two variables. This correlation matrix is used for SEM.  It indicates that the 

correlation between the growth of the sales revenue and the growth of the current ratio and the correlation 

between factoring and the growth of the current ratio is not significant which implies that there is no 

significant correlation relationship. One possible explanation can be due to the fact that the sample size is 

too small. In order to estimate relationships, we continue with this correlation matrix for constructing a 

structural equation model. The correlation matrix is used as input for the model. 
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Table 4 Kendall's tau-b correlation matrix 

 Growth Current 
Ratio 

Growth Quick 
Ratio 

Growth Sales 
Revenue 

Factoring 

Growth Current 
Ratio 

1    

Growth Quick 
Ratio 

0,682** 1   

Growth Sales 
Revenue 

-0,116 -0,247** 1  

Factoring -0,184 -0,225* 0,341** 1 
 

**Correlation is significant at the 0,01 level (2-tailed). 
  *Correlation is significant at the 0,05 level (2-tailed). 
 

A second requirement for causation is the temporal sequence of events. The third requirement is that only 

nonspurious relationships, ones that are not false or misleading, can be included. Fourth, lack of collinearity 

among the predictors is desirable and the final requirement for causation is theoretical support.  

The second step is to translate the conceptual models into LISREL code. LISREL is a statistical software 

package used in structural equation modeling. It is mainly syntax-based. Important for this step is to 

distinguish endogenous and exogenous variables. Syntax used for this analysis is given in Appendix I.  

In addition to the growth of the sales revenues, the growth of the EBITDA and inventory turnover growth 

are analyzed. Figures 5 indicates a non linear relationship between the inventory turnover growth, growth of 

the EBITDA, and the growth of the sales revenues. Because of linearity, the Kendall’s tau Correlation is 

used to determine the correlation between these variables. The correlation matrixes are given in Table 5 and 

6. 

 

 
 
 

 
 

Figure 5 Scatterplot 
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Table 4 Kendall's tau correlation matrix 

 Factoring Growth 
Inventory 
Turnover 

Growth Sales 
Revenue 

Factoring 1   
Growth Inventory 
Turnover 

,199 1  

Growth Sales 
Revenue 

,012 ,320 1 

 
 
Table 6 Kendall’s tau correlation matrix 

 Factoring Growth 
EBITDA 

Growth Sales 
Revenue 

Factoring 1   
Growth EBITDA ,457* 1  

Growth Sales 
Revenue ,505* ,556** 1 

  * Correlation is significant at the 0.05 level (2-tailed). 
** Correlation is significant at the 0.01 level (2-tailed). 
 

 

Hypothesis 3 

Hypothesis 3 is tested by conducting a logistic regression analysis. Logistic regression is multiple regression 

but with an outcome variable that is continuous or categorical (Field, 2009). Compared to discriminant 

analysis, logistic regression is limited in its basic form to two groups for the dependent variable, although 

other formulations can handle more groups (Hair, 2014). This method is used because the outcome variable 

is binary: a company factors or not. Figure 6 gives an illustrative overview of this hypothesis.  

 

Liquidity	  indicators FactoringHypothesis	  3

 
 

Figure 6 Influence on liquidity indicators on factoring 

The first step is to determine the objective of logistic regression. The independent variables that impact the 

dependent variable in this analysis are the current ratio and the quick ratio. The dependent variable is 

factoring. The second step for logistic regression is the research design. Logistic regression has several 

unique features that impact the research design (Hair, 2014). First, the dependent variable must be binary, 

which is met for factoring. The second feature relates to sample size, which is impacted by several factors, 

among them the use of maximum likelihood as the estimation technique as well as the need for estimation 

and holdout samples such as discriminant analysis. Since we use the same data set as used for analyzing 
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hypothesis one and two, the small sample size still holds. Therefore, only suggestive relationships can be 

found. As with any other multivariate statistical technique, small sample sizes have relatively high sampling 

error that identification of all but the largest differences is improbable.  

The third stage of logistic regression is testing the assumptions. The advantage of logistic regression is the 

general lack of assumptions required in a logistic regression analysis (Hair, 2014). Since the independent 

variable is binary, it does not require a normal distribution nor a linear relationship between the independent 

and dependent variables. For this reason we conduct a logistic regression since the outcome can either be 

factoing or not.  The fourth step is to estimate the logistic regression model and assess the overall goodness 

of fit. Logistic regression transforms the dependent variable by conducting a logit transformation.  

In logistic regression, the probability of Y (the probability of factoring), occurring given known values of X 

is determined (Field, 2009). The logistic regression equation from which the probability of factoring is 

predicted is given by equation (3). 

𝑃 𝑌 =
1

1 + 𝑒9(;<=;>?>=;@?@)
 

                        (3) 

 

Where Y is factoring and x1 is the current ratio and x2 the quick ratio. The parameter values are estimated 

using maximum-likelihood estimation. This is a method for estimating the parameters of a statistical model. 

It selects the set of values of the model parameters that maximizes the likelihood function. The logit model 

is derived from the logistic regression equation and is given by equation (4). 

 

𝑙𝑜𝑔
𝑃(𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑛𝑔 = 1)
𝑃(𝐹𝑎𝑐𝑡𝑜𝑟𝑖𝑛𝑔 = 0)

= 𝑏E + 𝑏F𝑥F + 𝑏H𝑥H 

                        (4) 

 

3.3 Data and empirical results 

To identify the relationship between performance indicators and the use of factoring, longitudal data is used. 

Data is only available of a limited number of companies. First annual reports of factoring companies are 

collected from factoring company Y (because of confidential reasons we refer to the investigated factoring 

company as factoring company Y). In total, a sample is collected of 53 companies that use factoring as 

finance method. Data is available from the year the companies started their agreement with factoring 

company Y until 2014. Second, annual reports of comparable companies (comparable risk rating and sales 

revenues) that do not use factoring are collected from bank X. The second sample that is used for this 

research consists of 10 companies that do not use factoring, they use a bank loan or current account at bank 

X.  
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3.3.1 Variable definition 
 
Data available are the annual reports of companies that use factoring and companies that do not use 

factoring. By using these reports, current and quick ratios are determined. These ratios are used to indicate 

the short-term liquidity of a company. Further data is the branch they cooperate in, risk rating and revenue.  

 

To determine the growth in current and quick ratio of factoring companies, the percentage growth of the first 

two years of factoring is taken (e.g. for companies which started factoring in 2011, the data from this year is 

compared to data from 2013). It is assumed that the current and the quick ratios will initially grow most 

rapidly. For each company is defined as the year in which the company starts factoring.  To determine the 

growth percentage of non-factoring companies, year 2011 is compared with 2013 since there is no starting 

point for factoring. Year 2011 is taken as starting point because of the availability of the data. 

 

The sales revenue of companies that use factoring is determined by the sum of all invoices xi of buyer i of 

one year are the sales of company j per year. N is the number of buyers and a year consist of 360 days 

(Factoring company Y, 2015). (5). All invoices are send to the factoring company. In case of a different 

currency, the exchange rate of 1 Euro is 1,4201 GBP is used. The sales revenue of companies of the data set 

of bank X is available.  

 

 

𝑥I,K

L

IMF

NOE

KMF

	  	  	  	  	  	   

                        (5) 

 

To determine the growth in net sales, the year a company starts with factoring is disregarded, since we 

assume that the net sales is the sum of all the company’s invoices. For example, in case a firm starts with 

factoring in September 2011, the net sales misses 8 months of invoices. Only 4 months of factoring are taken 

into account. In this case, year 2 and 3 of factoring are compared. For the non-factoring companies, we 

compare year 2011 with 2012 since these are middle points in the dataset.  

 

To elaborate a companies’ growth, we investigate other elements of growth. These elements are the 

inventory turnover, earnings before interest, tax, depreciation and amortization (EBITDA). Only limited data 

is available for these variables so we only test the correlation between these variables and factoring 

separately. Efficient firms do not tie up more capital than they need in raw materials and finished goods 

(Brealey, 2014). They hold only a relatively small level of inventories of raw materials and finished goods, 

and they turn over those inventories rapidly. Usually, a higher inventory turnover ratio is preferred, as it 

indicates that more sales are being generated given a certain amount of inventory. It is determined by the 

sales divided by the inventory (6). 
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    𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦	  𝑡𝑢𝑟𝑛𝑜𝑣𝑒𝑟 = QRSTU
VWXTWKYZ[

                (6) 

 

In order to explain the significant effect of factoring on the growth of the sales revenue, the growth of the 

the earnings before interest, tax, depreciation and amortization (EBITDA) are taken into consideration. 

EBITDA is in essence operating profit excluding non-cash expenses such as depreciation and amortization 

(a regular provision writing down intangible assets such as goodwill), it is similar to cash flow from 

operating activities, ignoring the effect of changes in working capital (Watson and Head, 2010). EBITDA 

eliminates the effect of financing and capital expenditure, and hence can indicate trends in sustainable 

profitability. Only a few data points are available so only a suggestive relationship can be determined. This 

is due to the regulations for publicizing annual reports for small- to medium sized companies. We analyze 

the influence of factoring on the growth of the EBITDA and the growth of the sales revenues. For determine 

the growth of the EBITDA, we compare year 2 with year 3 to compare the same years of the growth of the 

EBITDA and sales revenues. To determine the growth of the inventory turnover, and growth of a company’s 

EBITDA, a company’s value of year 2 is compared to the value of year 3 for factoring companies. For non-

factoring companies, year 2011 is compared to 2013 to contain consistency of compared years with the 

growth of the sales revenues. The variables are analyzed separately due to a lack of combined data.  

 

For testing hypothesis 3, the current and the quick ratio of the year companies start with factoring is used. 

For companies that do not start with factoring, year 2011 is used because this is a middle point of the 

available data. 

 

3.3.2 Model specification  
 
Data is cleaned and the assumptions are tested before statistical analysis. Important is to remark that the rule 

of thumb for SEM is that the minimal dataset must require 50 plus 8 times the number of variables 

observations. Since this number of observations is not met, only suggestive relationships can be found. 

 

Before a structural equation model can be constructed, the data has to be cleaned and checked on missing 

data and outliers. First, the missing data is determined. Table 7 gives an overview of the univariate statistics. 

It shows that 30,2 percent of the variable Sales Revenue is missing. Variables with higher levels of missing 

data (20-30%) can often be remedied (Hair,2014). There are a several strategies to deal with variables that 

contain less than 50 percent of missing values. First, the type of the missing data is examined. The level of 

randomness of the missing Y value is determined by a Little’s Missing Completely at Random (MCAR) test. 

Table 8 shows the results of this test. The null hypothesis is that the missing data is missing in a random 

way. In case the p-value of the test is smaller than 0,05 (for significance level of 5%), the hypothesis can be 

rejected. This test is statistically significant since the p-values 0,027 (p-value <0,05). To conclude, the null 
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hypothesis is rejected so the missing values are not missing at random and there exist a pattern in the 

missing data. For estimating the missing data, a maximum likelihood estimation (MLE) is used because of 

the non-randomness. The missing values are estimated by using missing values analysis Expectation 

Maximization (EM) in SPSS. Table 9 and 10 gives the means and standard deviation of the variables. Mean 

1 and standard deviation 1 are the mean and the standard deviation from the data with missing values, mean 

2 and standard deviation 2 are the mean and standard deviation from the data after estimating the missing 

data. This table shows that the mean of the variables is the same. However, the standard deviation of the 

growth of the sales revenues is larger after estimating the missing values. This can be due to the fact that it 

contains more data points and this causes more dispersion. Since the data set is relatively small, estimated 

values are used for the analysis.  

 
Table 7 Univariate statistics 

 N Mean Std. No. 
Missing 

% 
Missing 

No. of 
extremes 

(low) 

No. of 
extremes 

(high) 
Growth 
Current 

Ratio 

53 5,88 32,358 0 ,0 2 6 

Growth 
Quick 

ratio 

53 2,66 32,224 0 ,0 1 3 

Growth 
Sales 

Revenues 

53 19,07 94,402 16 30,2 0 2 

Factoring 37 0,83 ,83 ,379 0 ,0 . 

 
Table 8 EM Means 

Growth_Current_Ratio Growth_Quick_ratio Growth_Sales_Revenues Factoring 

5,88 2,66 24,52 ,83 

a.   Little’s MCAR test: Chi-square= 9,144, DF=3, Sig.= 0,027 

b.   The EM algorithm Failed to converge in 25 iterations 

 
Table 9 Summary of Estimated means 

 Growth_Current

_Ratio 

Growth_Quick_r

atio 

Growth_Sales_R

evenues 

Factoring 

All Values 5,88 2,66 19,07 ,83 

EM 5,88 2,66 24,52 ,83 
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Table 10 Summary of Estimated Standard deviations 

 Growth_Current

_Ratio 

Growth_Quick_r

atio 

Growth_Sales_R

evenues 

Factoring 

All Values 32,358 32,224 94,402 ,379 

EM 32,358 32,224 96,543 ,379 

 
 
Second, outliers in the data are investigated. Univariate outliers are investigated by using the standardized 

scores and remove values that are less than -2,5 and greater than 2,5 this is the cut-off point for sample sizes 

smaller than 80 data points (Hair, 2014). This results in a removal of one case. Second, multivariate outliers 

are investigated.  For detecting multivariate outliers, Mahalanobis D2 method of identification is used. This 

is a multidimensional version of a Z-score and it measures the distance of a case from the multidimensional 

mean of a distribution, given the multidimensional variance of the distribution. A case is a multivariate 

outlier if the probability of D2≤ 0,001. 

First the Mahalanobis D2 are computed in SPSS. Second the Mahalanobis D2 probability is determined. In 

our data set are no multivariate outliers because all of the probabilities are higher than 0,001.  

 

Before analyzing the data about the growth of the EBITDA and inventory turnover growth, the data is 

cleaned by analyzing univariate- and multivariate outliers and missing data the same way as the current- and 

the quick ratio, and sales revenues data. For analyzing univariate outliers, standardized values are analyzed 

and values ≤-2,5 and ≥ 2,5 are removed from the data set. For determine multivariate outliers, the 

Mahalanobis distance D2 is analyzed values with D2 ≤ 0,001 are removed from the data set. Second, the data 

is analyzed for missing values. First the percentage of missing values is determined and second the 

randomness of the missing values is determined (same approach as current ratio, quick ratio and sales 

revenues data). Results of these tests are given in Appendix IV.  

 

Hypothesis 3 

First, the data is cleaned and the assumptions are tested. The test for multicollinearity is given in Appendix 

IV Table 4 and 5. As mentioned before, in general the advantage of logistic regression is the lack of 

assumptions (Hair, 2014). Also in this case it is important to remark that the sample is too small to make 

conclusions and only suggestive relationships can be found. 
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3.3.3 Results hypothesis 1 and 2 
 
Structural equation modelling can be used if there are multiple independent and dependent variables with 

multiple directions. This research has one dependent variable and three independent variables. The program 

used for this modelling is LISREL. The syntax constructed for developing a Structural Equation Model is 

given in Appendix II. 

 

For analyzing the goodness of fit of the model we start with the Chi-Square. The Chi-Square test is the only 

statistical test of the difference between matrices in SEM and is determined by (N-1) multiplied by the 

observed sample covariance matrix (S) minus SEM estimated covariance matrix ( )\ 	  where N is the overall 

sample size. The fitting function of SEM is the minimized sum of the squared residuals. The closer the 

estimated matrix to the observed matrix, the better the fit. In case the fit is perfect, so the observed matrix is 

the estimated matrix, the chi squared is zero.  

The chi square is an absolute fit index (7). Absolute fit indices are direct measures of how well the specified 

model reproduces the observed data (hair et al., 2014). These measures provide the most basic assessment of 

how well the data fits to the theory. Each model is evaluated independently. 

𝜒H = (𝑁 − 1)(𝑆 − )
\

 

                        (7) 

𝑑𝑓 =
1
2

𝑝 𝑝 + 1 − 𝑘 

                        (8) 

p=observed variables and k=estimated (free) parameters (8). The H0 hypothesis is that the observed (S) and 

the estimated matrices (Σ) are equal, and indicates a good fitting model. We test the statistical probability p 

that the observed sample and SEM estimated covariance matrices are actually equal in given population.  In 

in case the p value is < 0,05 (if we take significance level of 5%), the model must be rejected. As the chi 

squared test is it highly depended on sample size and increases when adding new indicators. Therefore, other 

goodness of fit measures are taken into consideration and analyzed as well.  

 

The model that is tested is the relationship between the independent variable factoring on the dependent 

variables growth of the current ratio, growth of the quick ratio and the growth of the sales revenue. Figure 7 

illustrates the Path Diagram constructed in LISREL. Factoring (FA) is the independent variable and the 

dependent variables are the growth of the current ratio (%CR), growth of the quick ratio (%QR) and the 

growth of the sales revenue (&SR). Table 11 gives an overview of the goodness of fit indices for the tested 

model. First, indices are used for determine the goodness of fit of a model are the Maximum Likelihood 

Ratio Chi-Square, Root Mean Square Error of Approximation, Non-Normed Fit index, Comparative Fit 
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Index and the Parsimony Goodness Fit Index. The rule of thumb for good-fitting models is that the fitting 

index is > 0,95 or < 0,05 (Hair, 2014).  

 
Figure 7 Path-Diagram 

 

The parameters are estimated under the condition that the model is correct. Second, SEM focuses on the 

size, direction and significance of the structural parameter estimates. Even if the model is a perfect fit to the 

data, the theory cannot be accepted immediately (hypotheses testing).  

 

Table 11 Goodness-of-fit Statistics 

Model X2 df p PNFI CFI RMSEA PGFI 
Initial model 38,7 4 0,0000 0.149 0,208 0,405 0,307 
 
 
Table 5 shows that the model has a lower p value than 0,05 which indicates that the model should be 

rejected. As stated before, the chi-square is highly depended on sample size. The sample size could be a 

reason that the p-value is < 0,05. The Root Mean Squared Error Approximation (RMSEA) is 0,405. The 

lower this value, the better. In general, a value lower than 0,05 is an indicator for a good model. Thus, the 

RMSEA indicates that the model is not a good fit for the observed data.  

The other indices are incremental fit indices. Incremental fit indices differ from absolute fit indices in that 

they assess how well the estimated model fits relative to an alternative baseline model. An example of an 

incremental fit indices is Comparative Fit Index (CFI). The CFI is an incremental fit index that is an 

improved version of the normed fit index (Hair et al., 2014). Higher CFI values indicate a better fit. Usually 
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values above 0,90 are associated with a model that fits well (Hair et al, 2014). The model has a very low 

CFI. As mentioned before, the sample used for this model is very small and only a suggestive relationship 

can be proposed.   

 

Table 12 gives an overview of the LISREL Estimates based on the Maximum Likelihood. The t-value cut-

off is ±1,96 for a significance of 0,05. The estimates for the influence of factoring on the growth of the 

current ratio is not significant since the t-value is >-1,96. The direct effect of factoring on the growth of the 

current ratio is -0,184 so hypothesis 1a is not confirmed. The influence of the growth of the quick ratio on 

factoring is also not significant, the t-value is > -1,96, hypothesis 1b is not confirmed. However, the 

estimates show factoring is negatively correlated with the growth of the quick ratio. The effect of factoring 

on the growth of the sales revenue is significant (t-value is >-1,96), however, factoring is negative correlated 

with the growth of sales revenues, so hypothesis 2 is rejected.  

 

Table 12 Listel Estimates (maximum likelihood) 

  Factoring 

Growth Current Ratio Estimate -0,184 

 Standard error 0,136 

 t-value -1,353 

Growth Quick Ratio Estimate -0,225 

 Standard error 0,135 

 t-value -1,665 

Growth Sales Revenue Estimate -0,341 

 Standard error 0,130 

 t-value -2.616 

 

 

3.3.4 Model improvements 
 
Because the initital model is not a good fit, we try to improve this model. first, based on the literature we add 
the variable risk rating to our model. 

Model improvement 1 

 

According to Chorafas (2002), in times of low liquidity, the net income has great impact on the likelihood of 

default. A low net income is pared with a high likelihood of default. A research of Shumway (2001) shows 

that a low value of equity is a strong predictor of bankruptcy. However, this does not directly imply that an 

illiquid firm has a higher probability of default. Davydenko (2013) did research about the effect of liquidity 
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in combinations with default. He found that controlling the value of assets and cash shortages are the second 

most important factor explaining the timing of default. Moreover, he found that the importance of liquidity 

varies with the availability of external financing, which may depend both on firm-specific as well as on 

economy-wide factors.  

 

Factoring company Y and Bank X uses the probability of default (PD) to estimate a firm’s risk rating.  It is 

the probability of default that a customer cannot fulfill his obligations within a time frame of one year. To 

determine the probability of default, they use a historical average that serves as a best estimate for the PD. 

The PD is client specific and can change over time. The PD for corporate contracts is developed according 

to a Markov process described by the Bank X Risk Migration matrix and depends on the risk rating. This 

matrix shows the migration of the risk rating over time. It is developed on the global Bank X corporate 

portfolio.  

Since we only have data about the company’s risk rating, we add the independent variable risk rating (RR) 

to our model and investigate if there is a significant effect between risk rating and the liquidity ratio’s and 

the growth of a firm and if there is a model improvement (Figure 8). The correlation matrix and the LISREL 

code that is used is given in Appendix II Table 2. It is important to remark that sample is still too small and 

only suggestive relationships can be found. 

 

 
Figure 8 Path diagram modified Model 1 

Appendix II shows the output of the improved model 1. Still only the correlation between factoring and 

Sales revenue is significant (t-value> 1,96). The correlation between Factoring and Sales revenue is positive 

and has a value of 0,373. This supports hypothesis 2. If we look at the the goodness-off-fit indices, given in 
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Table 13, we see that the overall indices show an improvement of the model. Still the chi-squared has a p-

value lower than 0,05 which indicates that the model is not a good fit.  

 

Table 13 Goodness-of-fit indices 

Model X2 df p PNFI CFI RMSEA PGFI 
Initial model 38,7 4 0,0000 0.149 0,208 0,405 0,307 
Modified model 1 34,950 6 0,0000 0,193 0,303 0,302 0,336 
 

The improved model indicates a better fit compared to the initial model. However, still the model shows not 

a good fit. For this reason, we add a moderating variable to the model based on the literature.  A moderating 

variable is a variable that affects the strength of the relationship between a dependent and independent 

variable. We improve the model by adding risk rating as a moderating variable to the model.  

 

Model improvement 2 

 

Boissay and Gropp (2007) found evidence that firms who face defaulted firms by extending payment delay, 

are themselves more likely to default. Their estimates suggest that firms are able to pass on more than one 

fourth of their unexpected liquidity shocks by defaulting on trade credit. One reason why firms engage in 

factoring is because they have liquidity problems due to payment delay. Such firms face more default risk. 

They found evidence that small, illiquid firms with little access to outside finance pass liquidity checks on to 

their suppliers by defaulting on trade credit. If the supplier is also small, illiquid and cannot raise fresh funds 

on short notice, a substantial portion of the chock is likely to be passed on further down the trade credit 

chain. Soufani (2002) found that a difference between factoring and bank loans is the performance of credit 

risk assessment; factoring companies are interred in a number of qualitative and quantitative characteristics 

in deterring loan acceptance or rejection. The risks that are related to these characteristics determine the fees 

attached to the credit. Some of these characteristics are the type of business, size, age, and the sector in 

which the firm is operating. Factoring depends on sales and the finance position, financial position such as 

the profitability of the business is not a prerequisite for factoring. The creditworthiness of the account 

receivables is more important for factoring since the factoring company buys the account receivables. This is 

a result of asset based lending. For bank-loans on the other hand, the profitability of the business is a 

requirement for a loan. This implies that a firm with e.g. a higher probability of default will be rejected for a 

current account (tradition bank loan) but can implement factoring. Factoring is also more likely among firms 

with lower credit ratings, which may again relate to the collateral problem given that credit ratings are in 

practice often based largely on the firm’s net worth (Summers et al.,2000). According to Chauffour et al. 

(2009) factoring is a type of supplier financing that could be particularly suited to a heightened risk 

environment. 
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In order to test if risk rating (RR) affects the relationship between factoring (FA) and the growth of the 

current (CR)- and quick ratio (QR), a moderating effect is added to the model. Only this effect is tested since 

only limited data about companies is available. The model is tested for the relationship between factoring 

and liquidity ratios and the growth of the net sales, including a moderating effect by risk rating. Figure 9 

illustrates the LISREL path diagram of the model. Appendix III Table 3 shows the correlation matrix and the 

syntax used for building this model in LISREL.  

 
Figure 9 Path diagram modified model 2 

The LISREL output is given in Appendix III. It shows that a significant positive relationship between 

factoring and growth of the sales revenue exists (t-value>1,96). The correlation value is increased to 0,423, 

which in supports hypothesis 2. The other variables are still not significant. The chi-squared value has still a 

p-value lower than 0,05 which indicates that the model is not a good fit. Table 14 compares some goodness-

of-fit indices of the three models. It shows that none of the models is a significant good fit. However, the 

goodness-of-fit indicates indicate that modified model 2 is the best model. It has the highest values of PNFI, 

CFI and PGFI and the lowest value for RMSEA.  

 

 

Table 14 Goodness-of-fit indices 

Model X2 df p PNFI CFI RMSEA PGFI 
Initial model 38,7 4 0,0000 0.149 0,208 0,405 0,307 

Modified model 1 34,950 6 0,0000 0,193 0,303 0,302 0,336 
Modified model 2 34,948 9 0,0001 0,454 0,789 0,223 0,369 
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3.3.5 EBITDA and Inventory turnover 
 

No significant relation is found between factoring and the growth of the inventory turnover and the number 

of employees’ growth. However, Table 16 indicates a significant correlation between factoring and the 

growth of the EBITDA and the growth of the EBITDA and the growth of the sales revenues of respectively 

0,457 and 0,556 with a significance level of respectively 0,05 and 0,01. These values indicate that there is a 

moderate positive correlation between the variables. The EBITDA is derived from the sales revenues so this 

explains the moderate positive correlation. 

3.3.6 Results related to hypothesis 3 
 
To test hypothesis 3, logistic regression analysis is used. This analysis is conducted in SPSS and Table 15-

20 gives an overview of the outcomes of SPSS. For conducting the logistic regression, the enter method is 

used. This method is used because stepwise methods are recommended only if they are developing a theory 

from scratch and have no empirical evidence or sensible theories about which explanatory variables are most 

important (Field, 2009). This is not the case in this study. 

 

Table 15 Step 0: Variables in the equation 

 B S.E. Wald df Sig. Exp(B) 

Constant 1,727 ,384 20,264 1 ,000 5,625 

 

Table 16 Step 0:  Variables not in the equation 

  Score df Sig. 

Variables Current_Ratio ,679 1 ,410 

 Quick_Ratio ,003 1 ,958 

Overall Statistics  1,508 2 ,470 
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Table 17 Step 0: Iteration history 

Iteration -2 Log likelihood Coefficients 

Constant 
Step 0 1 45,783 1,396 

2 44,987 1,695 
3 44,980 1,727 
4 44,980 1,727 

a. Constant is included in the model. 

b. Initial -2 Log Likelihood: 44,980 

c. Estimation terminated at iteration number 4 because parameter estimates changed by less than 
,001. 

 
Table 18 Step 1:  Model summary 

Step -2 Log likelihood Cox & Snell R Square Nagelkerke R Square 

1 43,195a ,033 ,058 

a.   Estimation terminated at iteration number 6 because parameter estimates changed by less than 

0,001. 

 

 

Table 19 Step 1: Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 12,079 8 ,148 

 
Table 20 Step 1: Variables in the equation 

 B S.E. Wald df Sig. Exp(B) 

Current_Ratio 2,286 1,959 1,362 1 ,243 9,838 

Quick_Ratio -1,948 2,046 ,906 1 ,341 ,143 

Constant 1,079 1,059 1,038 1 ,308 2,943 
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By first analyzing the model without the independent variables (null model) (Table 15, 16 and 17), both the 

current and the quick ratio do not seem to be good predictors for factoring (both p-value > 0,05). By only 

including a constant in the equation, the -2 Log Likelihood (-2LL) is 44,98 (table 17). Logistic regression 

measures model estimation fit with the value of -2 times the log of the likelihood value, referred to as -2LL. 

This value can be used to compare equations for the change in fit or the calculate measures (Hair, 2014). 

The -2LL reflects the difference in model fit due to the different model specifications.  The likelihood ratio 

test compares the null model (without independent variables) to the model with the independent variables 

and tests the hypothesis that the null model is valid.  The 2LL is used to determine the chi square. The chi 

square is 44,98-43,195= 1,785. This is smaller than the cut-off value of 3,84 (1 degree of freedom and p-

value of 0,05). This suggests that the new variables should not be included in the model. Agresti (1996) 

states that the likelihood-ratio test is more reliable for small sample sizes than the Wald test. The Wald test 

provides the statistical significance for each estimated coefficient so that hypothesis testing can occur just as 

it does in multiple regression (Hair, 2014). 

The sample size is too small to use the Hosmer and Lemeshow Test; it requires a sample of minimum 400 

data points. The Nagelkerke R Square is 0,058 (Table 18), which implies that only 5,8 percent of the 

dependent variable is accounted by the independent variables.  By comparing the predicted capacity of the 

model without the independent variables and the model with the independent variables, the predicted 

capacity is the same (84,9 percent).  This means that by including the independent variables, the predicted 

capacity does not increase. Next, the variables in the equation are analyzed. It shows that the significance of 

these variables are all insignificant (p>0,05). For this reason, in contradiction with Shliefer and Vishney 

(1992), and Brown et al. (1994), hypothesis 3 is not confirmed.  

3.4 Summary 

To summarize, a positive significant correlation is found between the factoring and the growth of the sales 

revenues. There is no correlation between the current- and the quick ratio and factoring. This can be due to 

the limited data. Another explanation can be that growing companies have an increase in current assets and 

current liabilities. This results in no improvement of the current- and the quick ratio. Further research is 

necessary to confirm this. Model modifications show that the model improves by adding risk rating as a 

moderating variable. However, the model is still not significant. In order to explain this positive relation and 

to find the direction of this relationship, the growth of other elements is investigated. These elements are the 

turnover rate, and the EBITDA. No significant relation is found between factoring and the growth of the 

turnover rate. A significant positive moderate correlation is found between factoring and the growth of the 

EBITDA and the growth of the EBITDA and the growth of the sales revenues based on 19 data points. This 

makes sense since the EBITDA is derived from the sales revenues. The results do not show the direction of 

the correlation. Literature suggests that factoring is used by growing companies. However, a company is not 

able to grow without factoring. Figure 10 shows that factoring companies have an average growth of 5,68 
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percent during the first two years of factoring compared to a negative growth of 7,42 percent of companies 

that do not factor. So based on the literature we postulate that factoring is used by growing companies and 

the data indicates that factoring contributes to sustain growth of these companies. Finally, in contradiction to 

previous literature, no significant relationship is found between liquidity indicators, current ratio and quick 

ratio, and factoring.  

 

 

  
Figure 10 Average growth sales revenues 

 
  

-10
-8
-6
-4
-2
0
2
4
6
8

Factoring Non-Factoring

Average growth sales revenues (%)



 

 39 

Chapter 4. Benefits for the bank 

 

Another interesting element to analyze is the impact of factoring for the bank in terms of expected loss and 

economic capital. This part analyzes and simulates the impact of factoring for the bank. Due to lack of 

available data and literature, preliminary assumptions are made. 

 

According to Smith et al. (1993), the factor can find it advantageous to monitor their client. This is 

associated with additional monitoring costs. The information they acquire by monitoring can be beneficial 

for managing their credit risk.   

To identify whether a contract is valuable or not, it is important to have an accurate estimation. The value of 

a contract depends on the bank’s or factoring company’s cost structure, funding facilities, capital 

requirements, asset- and risk management and the overall effectiveness of its processes. As mentioned in 

this research, the interest rate of a contract depends on the associated risk of the customer. It is interesting to 

analyze the difference of the risk estimation of a bank and the risk estimation of factoring company Y and as 

a result its impact on the expected loss and economic capital.  

To prevent bankruptcy, banks hold capital reserves. The Dutch National Bank (DNB) and Basel III have set 

minimal Regulatory Capital requirements. Bank X set minimal Economic Capital (ECAP) requirements. 

This ECAP is determined monthly. The level of ECAP is calibrated to the Bank X’s AAA rating (currently, 

bank X has a AA+ rating). It is set such that the probability of bankruptcy- the event that assets (AS) fall 

below liabilities (LI)- in the ensuing year is less than 0,01% (Factoring company Y, 2013).  

 

𝑃 𝐴𝑆 + 𝐸𝐶𝐴𝑃 ≤ 𝐿𝐼 ≤ 0,01% 

 

The bank and the factoring company must hold economic capital for uncertain events. This implies that in 

case risks can be better managed and estimated, the bank or the factoring company is able to deal better with 

uncertain events. In case of a rough estimation of the risk of a contract, it could be the case that there will be 

held too little economic capital or too much economic capital. Too little economic capital could lead to the 

event that there is not enough money in stock for uncertain events and too much economic capital could 

mean that the bank or factoring company unnecessarily keep money in stock wherefore they pay interest and 

actually could earn interest.   

Calculations of the economic capital are based on the institutions financial strength and expected losses. We 

conduct simulations by using MATLAB to simulate the expected loss (11) in case of factoring and in case of 

non-factoring. Elements of the expected loss are the Probability of Default (PD), Exposure at Default (EaD) 

and the Loss Given Default (LGD). The first section describes these elements. Second, the simulation and 

the associated assumptions are explained. Third, the results and suggestions for further research are given. 
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(11) 

4.1 Variable definition  

4.1.1 Probability of default (PD) 
 
The Probability of Default is the probability that a customer cannot fulfill his obligations within a time 

frame of one year. Given by Factoring Company Y, a client defaults on a deal if the client is 90 days past 

due or is believed to be unable to meet its future obligations (Factoring company Y, 2013). The probability 

of default (PD) is a historical average and serves as a best estimate for the PD. The PD is client specific and 

can change over time. The PD for corporate contracts is developed accordingly to a Markov process 

described by the Bank X Risk Migration matrix for both the bank X as the factoring company Y. This matrix 

shows the migration of the risk rating over time. It is developed on the global Bank X corporate portfolio. It 

presents the average migration path of a corporate contract. Determination of the PD are based on annual 

statistics and a questionnaire at the beginning of the contract. 

The probabilities of default depend on the client’s risk rating. Table 21 gives an overview of the 

probabilities of default of a certain risk rating. Risk rating has a scale of 1-20. Risk rating 1 implies a client 

with low risk, a PD of 0,01% and a client with risk rating 20 means a client with high risk and thus a high 

probability of default (19,15%). Figure 11 shows the non-linear function between risk rating and the 

probability of default.  

 

Table 21 Probability of Default by risk rating 

RR 1 2 3 4 5 6 7 8 9 10 

PD(%) 0,01 0,02 0,03 0,04 0,05 0,08 0,11 0,15 0,22 0,33 

 

RR 11 12 13 14 15 16 17 18 19 20 

PD(%) 0,5 0,75 1,12 1,68 2,52 3,78 5,67 8,51 12,77 19,15 
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Figure 11 Probability of Default by risk rating 

 

4.1.2 Exposure at default (EaD) 
 
The EaD is the total outstanding exposure at time of default. In our simulation, we use the accounts 

receivables of the annual reports to determine the EaD. Figure 12 represents the distribution of the accounts 

receivables collected from annual reports. Figure 12 indicates that the accounts receivables follow a 

lognormal distribution. Figure 13 shows the fitted lognormal probability density function of the account 

receivables with mean 13,78 and standard deviation 1,437. 

 

The EaD depends on a client’s risk rating, factoring and in case of factoring, on branch. Riskier firms, with a 

high risk rating, will be able to receive less funding compared to less risky firms with lower risk ratings. In 

case of factoring, the factoring company distinguishes different branches to determine the maximum amount 

of funds in use. Table 22 gives an overview of the maximum percentage of funding per branch for factoring 

companies (i). By comparing Factoring Company Y and Bank X, an advantage of factoring is that the 

amount of funding is higher compared to a bank loan. Commonly, factoring is pared with a higher rate of 

funding this is because factoring depends on other business characteristics for example on sales and a 

traditional bank loan uses the profitability of the business. It is easier to use factoring than to receive a 

traditional bank loan.  
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Figure 12 Accounts Receivables 

  

 
Figure 13 Lognormal probability density of the accounts receivables 
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Table 22 Maximum percentage funding per branch i 

k Branch i Max % 

1 Employment agency 60% 

2 Transport 80% 

3 Industry 80% 

4 Services 85% 

5 Wholesale 90% 

 

4.1.3 Loss Given Default (LGD) 
 
The Loss Given Default (LGD) is a percentage of the total exposure at default and indicates the expected 

loss that will be incurred when a client defaults. In general, the LGD consists of three components, the 

indirect default costs (ICF), probability of write-off given default (WO) and curing and loss given loss. The 

ICF consist of the collections and recovery costs made for every defaulted contract plus the capital costs of 

the loss provisions made for the client’s default. These costs are business unit and year specific. The WO is 

the average percentage of defaulted clients that are ultimately written-off. This WO is business unit, country 

and vintage specific. There is also a probability that a defaulted contract may recover. In case a defaulted 

contract cures, arrears are redeemed, indirect and direct administrative costs associated with the default have 

been made, late fee charges are levied, and regular cash flows are resumed.  

4.2 Simulation 

The impact of factoring on expected loss is simulated by using Monte-Carlo techniques in the MATLAB 

environment. The MATLAB code is given in Appendix VIII. The expected loss is determined by the Ead, 

PD and LGD (12). We assume that the Exposure at Default, Probability of Default and Loss Given Default 

depends on whether a company factors or not. The Exposure at Default depends also on type of branch (I) 

and the Probability of Default depends on the Risk Rating (RR) a companies is given at the beginning of the 

contract.  

 

    𝐸𝐿 = 𝐸𝑎𝐷 𝑓, 𝐼, 𝑅𝑅 ∗ 𝑃𝐷 𝑓, 𝑅𝑅 ∗ 𝐿𝐺𝐷(𝑓)    

                                   

(12) 

 

To be able to compare the expected loss in case of factoring and non-factoring, we determine the relative 

expected loss (13). The relative expected loss is determined by the expected loss divided by the account 

receivables.  

𝐸𝐿ZTS =
𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑	  𝑙𝑜𝑠𝑠

𝐴𝑐𝑐𝑜𝑢𝑛𝑡	  𝑟𝑒𝑐𝑒𝑖𝑣𝑎𝑏𝑙𝑒𝑠
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                                 (13) 

 

4.2.1 Probability of Default 
 
The PD is determined by risk rating, which is assumed to vary for factoring and non-factoring. In case of 

factoring, the client will be monitored. This results in a more accurate assessment of a client and could 

reduce a client’s risk rating. We assume that the company’s probability of default decreases in case of 

factoring, this is compared to a lower risk rating. We assume that in case of no monitoring, the confidence 

interval of a clients’ probability of default is larger and the bank uses the upper bound for determine a 

client’s risk rating. Monitoring decreases this confidence interval and decreases the upper bound for the 

determine a client’s risk rating.  

The simulation is conducted with RR= 20 since in general, companies with a higher risk rating use factoring. 

In our data set we compare companies in case of factoring and non-factoring with comparable risk ratings 

(Table 1). Risk rating for factoring (RRf) is determined by risk rating non- factoring (RRnf) minus the risk 

rating reduction (RRreduction) (14). The probability of a small difference in risk rating is higher than large 

differences in risk rating. For example, the probability that a client’s risk rating decreases from RR20 to 

RR19 is higher than the probability that RR20 decreases to RR18. To simulate this behavior, a Poisson 

distribution with lambda=1 is used for the reduction in risk rating. Figure 14 shows that a risk rating 

reduction of 1 has a probability of  ~0,37. A risk rating reduction of 2 has only a probability of ~0,18. 

 

     	  	  	  𝑅𝑅m = 𝑅𝑅Wm − 𝑅𝑅ZTnopKIYW                     (14) 

 
Figure 14 Probability of risk rating reduction 
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4.2.2 Exposure at Default 
 
To determine the EaD, the accounts receivables from annual reports are used. EaD is determined by the 

percentage financed multiplied by the accounts receivables. Figure 2 indicates that accounts receivables 

follow a lognormal distribution, based on the available data. In the simulation, random values derived from 

the lognormal distribution are used with mean is 13,78 and sigma is 1,44 to approximate the accounts 

receivables (Figure 3). The percentage that is financed by the factoring company is a stochastic percentage 

and is client specific and the maximum depends on branch and risk rating. Figure 14 illustrates the 

relationship between risk rating and the maximum percentage of funding. We assume that this function is 

non-linear and the minimum EaD is 30% of the accounts receivables. This is modeled by equation 15. In our 

simulation we assume a typical risk rating decay RR0 of 5.  

        𝑚𝑖𝑛% + (𝑚𝑎𝑥I% − min%)𝑒9
uu
uu<     

                              (15) 

 

 Factoring Company Y distinguishes five different branches. For simulation, we use a random uniform 

distribution [1-5] to determine branch. With [1] employment agency, [2] transport, [3] industry, [4] services 

and [5] wholesale.  To determine the percentage, we assume that the maximum percentage of funding 

depends on risk rating, factoring and branch. Figure 15 shows that the EaD in case of non-factoring is lower 

compared to factoring. As mentioned, it is harder to receive a bank loan and we assumed that the maximum 

percentage of funding is only 50% in case of non-factoring. Figure 15 also shows that non-factoring does not 

distinguishes branches while factoring distinguishes 5 different branches. Wholesale has the highest 

probability of EaD in case of factoring and employment agency the lowest probability. A reason for this 

difference is the underlying asset value of the accounts receivables.  In case an employment agency defaults, 

there is no collateral. This in contrast to wholesale, which commonly has inventory. If the PD and the LGD 

are equal in both cases, the expected loss will be higher in case of factoring.  
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Figure 15 Probability of the financed part of the account receivables 

 

 

 

4.2.3 Loss Given Default 
 
No data is available about the indirect costs and the probability of write-off in case of default. In our 

simulations we assume that a client cannot recover after he defaults for the sake of simplicity.  

A characteristic of a traditional bank loan is that the client is not monitored and the underlying asset value is 

not established. We assume that the standard deviation of the loss given default in case of factoring and non-

factoring is different due to monitoring. By monitoring a company, the loss given default in case of factoring 

can be established more accurate and the factoring company is able to make choices based on the LGD.  

According to the Dutch law (artikel 161), institutions use a LGD value of 45% for non-subordinated 

exposures without any guarantees. However, this percentage varies between 0 and 100 percent. A normal 

distribution is used as it is more likely that the percentage will be near the mean, than near the edges of the 

distribution. Factoring could lead in a change of mean, a change of standard deviation or both due to 

monitoring. To model this, we assume that the LGD is normally distributed with mean value of 45% and a 

standard deviation of 15%. Figure 16 indicates the relative expected change in case of a change in mean. We 

divide the mean of the LGD in case of factoring by the mean of the LGD in case of non-factoring. This is a 

linear function and the variation of the relative benefit or loss remains the same. This relation is linear and a 

smaller LGD will result in a lower expected loss since the expected loss is related to the LGD. Figure 16 
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indicates the relative expected change in case of a change in standard deviation. The mean of the LGD 

remains the same but the standard deviation differs. This difference will be clear by conducting a simulation 

of these scenarios. To test different scenarios, a Monte Carlo simulation is conducted. The Monte Carlo 

method is a broad class of computational algorithms that rely on repeated random sampling to obtain 

numerical results. As shown in Figure 17, a decrease in standard deviation will lead to a smaller relative 

expected loss. For determine the relative expected benefit or loss, we divide the standard deviation of the 

LGD in case of factoring by the standard deviation in case of non factoring. For our simulation we assume 

that the mean of the LGD in case of factoring, 𝜇𝐿𝐺𝐷m, decreases according to a normal distribution with a 

mean of 10% and a standard deviation of 2% (16). This decrease is a result of monitoring in case of 

factoring. For a reduction in the variation, we assume a normal distribution with a mean of 25% and 

standard deviation of 5% (17).  

 

     𝜇𝐿𝐺𝐷m = 𝜇𝐿𝐺𝐷 − 𝜇𝐿𝐺𝐷ZTnopKIYW    

                      (16) 

     𝜎𝐿𝐺𝐷m = 𝜎𝐿𝐺𝐷 ∗ (1 − 𝜎𝐿𝐺𝐷ZTnopKIYW)             (17) 

 

 

 

4.3 Performance analysis 

 
In order to determine the required number of simulation runs, we conduct a performance analysis. To 

determine this number, we test the simulation with different number of runs and evaluate the consistency of 

the results. We tested the simulation with 10, 100, 1000, 10.000, and 100.000 runs 5 times. Figure 18 shows 

a proper distribution of the relative expected loss. Appendix IX gives an overview of the number of runs 

with corresponding distributions of the relative expected loss.  

Figure 17 Relative benefit or loss by comparing the 
standard deviations 

Figure 16 Relative benefit or loss by comparing the 
means 
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Figure 18 Distribution relative expected loss with N=10.000 

 

The mean and standard deviation for these experiments are given in Figure 19. The variation in the relative 

expected loss converges with increasing number of runs. This indicates the performance of the simulation. 

The second performance parameter is calculation time. For runs up to 10.000, the calculation time is in the 

subsecond regime. Increasing it to 100.000 runs, the calculation time is in the order of ~8 seconds. A trade-

off is made between accuracy and calculation time and 10.000 runs are chosen as it is associated with a well-

defined distribution, relatively high accuracy and yet an acceptable calculation time. 

 

 

 

 

 

  

 

 

 

 
 
 
 

Figure 19 Relationship number of simulation points and relative expected loss and calculation time 
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4.4 Results 

Figure 20 and Figure 21 show the results of 10.000 simulation runs in case of factoring and non-factoring. 

We simulate the relative expected loss to be able to compare non-factoring with factoring. Figure 20 shows 

the expected loss distribution for non-factoring which resembles a normal distribution with mean 2.62 and 

standard deviation 0.87. Figure 21 shows the expected loss for factoring and resembles a slightly skewed 

distribution with mean 1.47 and standard deviation 0.71. For factoring the mean decreases by ~44% 

compared to non-factoring. Moreover, the standard deviation decreases with ~18%.  

The expected loss in case of factoring depends on risk rating, LGD and EaD. The risk rating and the LGD 

are lower in case of factoring, the EaD is higher in case of factoring (Figure 5). The simulations show a 

decrease of expected loss of 43,8% in case of factoring despite a larger EaD. A larger EaD is beneficial for 

the bank in terms of income (interest). A lower expected loss is beneficial for the bank due to a decrease in 

required economic capital.   

However, the simulation is based on various assumptions and large variation is introduced. These 

assumptions and variations should be validated, which could currently not be done due to lack of data. The 

recommendation for further research is to validate the assumptions of the simulation. After validating our 

model, modifications can be made and details, such as the probability of cure in case of default, can be 

added to make the model more realistic.  

 

 
Figure 20 Relative expected loss in case of non-factoring 
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Figure 21 Relative expected loss in case of factoring 

 

4.5 Sensitivity analysis 

A sensitivity analysis is conducted in order to gain more information about the influence of the parameters 

and the assumptions. We run the simulation with extreme values and try different means and standard 

deviation for simulating different economic conditions and analyze the results of the relative expected loss 

in case of factoring and non- factoring. We start with the variation of the mean LGD reduction. Figure 22 

shows the effect on the mean and standard deviation. As the LGD reduction applies only to factoring, the 

values for non-factoring remain the same for all scenarios. Due to the linear relation between expected loss 

and LGD, the relation is linear as well. The variation in LGD reduction is related to context due to 

monitoring that is associated with factoring.  

 

The second parameter we investigate is the standard deviation of the LGD reduction (equation 16 and 17). 

We choose values between a sigma reduction of 0,05 and 0,50. Figure 23 shows an effect on standard 

deviation, which decreases as the reduction in standard deviation is increased. This is as expected, as well as 

the mean that does not vary significantly.  

 

0 1 2 3 4 5
0

100

200

300

400

500

600

Relative expected loss [%]

Factoring

C
ou

nt
s 

[-]



 

 51 

The third parameter we test for sensitivity is the mean of the LGD. This influences both non-factoring and 

factoring in a linear way as expected. The standard deviation grows proportionally with increase of the mean 

LGD. For a mean LGD of 10% there is a slight discrepancy between this value and the general trend. This is 

caused by the variation in LGD in the simulation, and the fact that LGD must be positive. 

 

The fourth parameter we have tested is the LGD sigma. In both cases, the mean relative expected loss 

increases just a little if we vary between 0,05 and 0,35. After a sigma of 0,35, the mean relative expected 

loss increases steeper. As the LGD sigma increases, the variation increases and hence the relative expected 

loss increases.  

 

 The last parameter we test is the lambda of the risk rating reduction. Figure 25 shows various Poisson 

distributions based on varying lambda between 0.1 to 1 in steps of 0.1. Figure 26 shows the associated 

influence on the relative expected loss. It only influences the expected loss for factoring. As lambda 

decreases, the average probability of risk rating reduction larger than zero (i.e. an actual reduction instead of 

a similar value as non-factoring) for factoring is lower. Therefore, the expected loss is bigger as the risk 

rating does not decrease as much on average for factoring. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 
 

 

 

 
 
 

Figure 22 Sensitivity analysis: mean LGD 
reduction (%) 

Figure 23 Sensitivity analysis: sigma LGD 
reduction (%) 

Figure 24 Sensitivity analysis: mean LGD (%) Figure 25 Sensitivity analysis: sigma LGD (%) 



 

 52 

 

 
 
 

4.6 Summary 

Monte-Carlo simulations show factoring can contribute to a significant decrease of a bank’s expected loss. 

However, various assumptions are made and further research is needed to validate the model underlying the 

simulation. The expected loss is one element that determines a bank’s economic capital. If the bank is able 

to reduce its required economic capital, it is in turn able to decrease interest rates. However, further research 

is needed to establish the influence of economic capital on interest rates. 

The reduction in expected loss is a result of monitoring the client. In case of monitoring, risks can be 

reduced due to more information about the client. It contributes to a reduction of information asymmetry. 

The next chapter describes new technologies of Industry 4.0 that can be used to strengthen factoring by 

creating more transparency, which is called “the blockchain”. 

 

  

Figure 26 Sensitivity analysis: Poisson 
distribution for various lambda values 

Figure 27 Sensitivity analysis: Lambda 
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Chapter 5: The bank of the future 
 
This chapter introduces the blockchain as a result of Industry 4.0. The blockchain is new technology that 

should create transparency. First, Industry 4.0 and the blockchain are introduced. Second, we conduct a 

literature study to investigate the influence of transparency. Third, we make a connection between the 

blockchain, transparency and factoring. 

5.1 Industry 4.0 and the blockchain 

According to Deloitte (2014), the term industry 4.0 refers to a further developmental stage in the 

organization and management of the entire value chain process involved in manufacturing industry. Figure 

28 illustrates the definition of Industry 4.0. Figure 28 shows that we are currently at the beginning of 

Industry 4.0. Figure 28 shows that the first Industrial revolution is through the introduction of mechanical 

production facilities with the help of water and steam power. The second industrial revolution is 

characterized by the production of mass production and with the help of electrical energy. The third 

industrial revolution is characterized by the application of electronic and IT to further automate production. 

According to Jazdi (2014), the goal of Industry 4.0 is the emergence of digital factories that are to be 

characterized by smart networking, mobility, flexibility, integration of customers and new innovative 

business models. Main drives of Industry 4.0 are changes in the customer’s demand as well as the 

convergence of new technologies such as the 3D printing and cloud computing. Components of Industry 4.0 

are Cyber-Physical-Systems, Internet-of-Things (IoT), Internet-of-Services (IoS), and Smart factories.  

 

 
Figure 28 Definition of industry 4.0 (Deloitte, 2014) 
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An application of the Internet of Things is blockchain technology. Tasca (2015) describes a blockchain as a 

“decentralized peer-validated time-stamped ledger”. The blockchain consists of a bundles of transactions, 

called “blocks”, with each transaction indicating the asset to be transferred, the time of transfer, the identity 

of the prior owner, and the identity of the new owner. This enables members of the blockchain to trace each 

unit of asset back to the earlier point at which it entered the network through the sequence of all previous 

owners. Since modifying a prior entry would require modifying all subsequent blocks, it is difficult to fraud 

or forgery. Blockchain technology is a transaction database shared by all blocks that are participating in a 

system or supply chain and is based on the Bitcoin protocol. Bitcoin is a crypto currency and there are no 

physical Bitcoins. Bitcoins is a peer-to-peer system and enables transactions without a third party such as a 

bank. According to Peters et al. (2015), the additional aim of Bitcoin is completely eliminating the need for 

financial intermediaries. Bitcoin transactions are verified by a node and recorded in a public distributor 

ledger called the blockchain. The main innovation of crypto-currencies such as Bitcoin is introducing 

technologies such as the blockchain, which is a ledger containing all transactions for every single unit of 

currency. It differs from existing ledgers in that it is decentralized (Peters et al., 2015). Decentralized 

systems are harder to attack than centralized systems. Blockchains offer potential advantages in cost, speed, 

and data integrity compared to classical methods of proving ownership, and the scale of these potential 

savings has motivated investments by venture capitalists and by established players in the financial services 

industry (Yermack, 2015). According to Peters et al. (2015), financial innovation is running ahead of 

regulation in this environment of fast-paced technological evolution. Bitcoin is a digital currency which is 

based on a protocol that allows network users to perform transactions with virtual money in a fast, and 

secure way (Tsilidou and Foroglou (2015). An advantage of the Bitcoin is that users of the currency can 

send and receive bitcoins for an optional transaction fee. In the current situation, book keeping of the trade is 

closed to the public. For that reason, intermediaries like banks are used. Bitcoin has a public bookkeeping 

and is available in one digital ledger, the blockchain. The blockchain logs all transaction data. The 

transactions are supervised by bitcoin miners and all nodes of the blockchain have to continuously agree on 

the current state of a transaction. Every transaction is public. The blockchain enables a shared single source 

of truth without needing a trusted third party. It automates cash and money flows. For example, a firm can 

program their spending. They can program their budget for example for salaries so they cannot overspend. 

Blockchain can also hold debt securities and financial derivates, which can be executed autonomously as 

“smart contracts” (Yermack, 2015). The blockchain is transparent, participants of the blockchain can check 

whether a transfer comes from the rightful owner. Yermack (2015) stated that perhaps most importantly, 

blockchains could provide unprecedented transparency to allow investors to identify the ownership position 

of debt and equity investors (including the firms’s managers) and overcome corruption on the part of 

regulators, exchanges, and listed companies. The main difference from classical record-keeping, typically 

done under control of a single bank, corporation, or government authority, is the transparency of the 

blockchain. Personal information and funds stays under their own control instead of under control of a bank. 

According to Yermack (2015), many problems can arise when one party controls access to a centralized 
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ledger and has the ability to alter it. These potential problems range from charging monopoly fees to 

corruption to technical failure, among others. If a firm elected to keep its financial records on a blockchain, 

opportunities for earnings management and other accounting gimmicks could drop dramatically, and related 

party transactions would be much more transparent. According to Tsilidou and Foroglou (2015), the most 

widely accepted application for the blockhain technology is in the field of finance, as it ensures the much 

valued transparency between the trading parties. It must be easier to detect fraud cases or money laundering 

through stock exchange moves. The distrust of banks as custodians of monetary ledgers was the motivating 

factor that spurred Nakamoto (2008) to create the blockchain for Bitcoin (Yermack, 2015). Blockchain 

could also improve crowdfunding. Instead of a platform that collects donations and distributes them to 

campaign runners, it could turn to a decentralized platform that manages money from the benefactors and if 

the campaign is successfully completed gives the money to the runners or otherwise returns the donations 

back (Tsilidou and Foroglou, 2015). The blockchain could be a solution for trust problems of the current 

crowdfunding approach. The latter will provide Nasdaq with core trading technology to help them build a 

new market for cryptocurrencies (Pilkington, 2015). According to KPMG (2015), NASDAQ is currently 

trialing blockchain technology. The process of clearing and settlement will be revolutionized by allowing 

instant transfer of shares from one party to another without risk of default as these transactions happen 

simultaneously. Currently, a third party such as a broker or central depositaries are used to minimize 

counterparty risk of a trade.  This brings higher transaction fees. The blockchain technology enables the 

trading market to immediately peer-to-peer transaction settlement with very low transaction fees. 

 

5.2 Transparency 

One common benefit of the blockchain on the financial sector is transparency. This section explains the 

influence of transparency on the financial sector. 

 

5.2.1 Advantages of transparency 
 
The blockchain provides opportunities for the banking sector in terms of transparency about customer 

histories, i.e. repayment histories, which can lead to reducing the risk of defaulters. Blockchain can be used 

to record and track the details of any transaction or ownership of any asset, including tangible assets such as 

real estate and intangible assets such as intellectual property. According to Petrasic and Bornfreud (2016), 

blockchain offers the potential to drastically cut settlement time, which in turn will reduce the amount of 

cash and collateral that financial institutions will need to hold to mitigate settlement risks. In the current 

situation, settlement time is dragged out by multiple intermediaries, which increases costs and risk for 

financial institutions. Jim Eckenrode (2015) stated that the Internet of Things can be beneficial for risk 

management. If a bank can continuously monitor customers “staff” activity, then all sorts of services (and 

not just insurers) can be optimized and given the right context. 
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According to Linsley and Shrives (2005), transparency is defined as ‘the public disclosure of reliable and 

timely information that enables users of that information to make an accurate assessment of a bank’s 

financial condition and performance, business profile, risk profile and risk management’. They argue that 

banks that disclose greater amounts of useful risk information should benefit from a reduction in their cost 

of finance as the providers of the funds will be better positioned to judge the bank’s risk level and this will 

remove the need for them to incorporate a risk premium within the cost of capital (Linsley and Shrives, 

2005). Hyytinen and Takalo (2000) argue that enhancing the transparency of the financial condition of banks 

would expunge the moral hazard problem by strengthening market discipline. The argument is that 

claimants are the more responsive to changes in banks’ risk profiles, the more comprehensive the available 

information on banks’ financial condition. According to Vishwanath and Kaufmann (2001), greater 

availability of reliable and timely information improves resource allocation, enhances efficiency, and 

increases the prospects for growth. They discussed that greater openness and wider information sharing 

enable the public to make informed political decisions, improve the accountability of governments, and 

reduce the scope for corruption. Nowadays, features of finance are lack of information and uncertainty, 

because capital markets are engaged in trade of money and information. In order to avoid the consequences 

of selecting inappropriate borrowers, lenders charge higher interest rates, which in turn induce borrowers to 

take on riskier projects (because of moral hazard). Imperfect markets and credit rationing occurs because 

information is costly; credit rationing may be destabilizing because those who are willing to pay higher 

interest rates may not be those who put the loans to best use (Vishwanath and Kaufmann, 2001). Caprio 

(1999) found evidence that lack of transparency is one of the causes of the banking crisis in the 1980s. Poor 

transparency made it difficult for investors to distinguish between healthy and unhealthy firms and banks; 

investors consequently abandoned them all, which caused banks runs and ultimately destabilized economies 

that were often already fragile (Vishwanath and Kaufmann, 2001). Vishwanath and Kaufmann (2001) stated 

that a prevalent weakness of many accounting systems is the ease with which they can be manipulated to 

mask differences between accounting values and the real value of assets. These differences are uncertain, 

cause additional risk, and can be misrepresented. Transparency can contribute to decrease these differences 

between accounting value and the real asset value. According to Linsley and Shrives (2005), the rise in risk-

management abilities across the banking sector will, in turn, create more stability within the industry, hence 

reducing systematic risk.  

 

According to Gai et al. (2003), consequences of signals generated by market prices for real economic 

decisions such as investment can be gained by examining an estimate for the cost of equity. The information 

conveyed by market prices affects the cost of equity, and hence real economic decisions.  
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Nier (2005) argues that the key argument is that bank transparency increases the sensitivity of the bank’s 

funding terms to the risk it takes and that this in turn can create incentives for the bank to control its risk (ex 

ante). Boot and Schmeits (2000) shows that the degree of transparency determines the likelihood that 

investors in bank liabilities learn the extent of the monitoring and screening effort invested by the bank. This 

effort in turn determines the bank’s risk of default, as increased monitoring is assumed to be associated with 

a lower probability of failure. Cordella and yeyati (1998) present a model where a bank’s funding terms are 

more favorable if the bank chooses lower levels of risk. In this model the funding terms are determined after 

the bank has chosen its risk of default. In case of transparency, the risk of default will decrease. Nier (2005) 

stated that depositors can observe the level of risk chosen by the bank, the bank chooses low levels of risk 

since it would otherwise be punished by a high required interest rate on its funds. This implies that if 

transparency can contribute to a lower level of risk, the bank can lend their funds at a lower interest rate. 

Nier (2005) found evidence that banks who disclose more information are less at risk of falling into crisis. 

This suggests that transparency is able to improve bank stability and reduce the incidence of banking crisis.  

 

5.2.2 Disadvantages of transparency 
 
A disadvantage of transparency is ex post if it further destabilizes banks that are hit by exogenous shocks 

(Nier, 2005). Cordella and Yeyati (1998) show that when the bank’s risk profile is hit by a shock outside of 

the bank’s control, such as macroeconomic shock, bank transparency reduces bank stability since it results 

in investors demanding higher yields in response to the shock, compounding the bank’s problems. Furman 

and Stiglitz (1998) suggest that greater transparency would have greatly aggravated the banking crisis in the 

United States in the 1980s, because many major banks would have had to shut down, greatly curtain their 

lending or receive substantial injections of equity. On the other hand, if information was available 

beforehand, banks would not be exposed to the same shock. Transparency could help markets and depositors 

distinguish between those banks that are insolvent and those banks that are fundamentally sound (Nier, 

2005). Giannetti (2003) has formalized the idea that international capital flows are subject to contagion as a 

result of asymmetric information between international investors and emerging market banks. Berneth and 

Wolff (2006) found evidence that fiscal transparency is connected with lower risk premia. 

 

5.2.3 Transparency and economic capital 
 

The influence of transparency on economic capital is comparable to the influence of monitoring in case of 

factoring. The blockchain can contribute to a reduction of information asymmetry and can strengthen the 

factoring process. It makes it easier, faster and cheaper to monitor the client. Chapter 3 simulates the 

influence of monitoring on a bank’s expected loss. If we assume that transparency has the same influence on 

the expected loss as monitoring, we can suggest that transparency decreases the expected loss. Transparency 

could imply that a client’s risk rating can be estimated more accurate, and the bank can decide to only 

provide loans with a lower risk rating. This leads to a lower probability of default. Figure 14 gives an 



 

 58 

overview of the expected reduction in risk rating. Transparency could lead to a lower Loss Given Default in 

terms of a lower mean (Figure 16) or in terms of a lower variation (Figure 17). Figure 18 and 19 shows the 

difference of expected loss. If we can compare monitoring due to factoring with more transparency, we can 

conclude based on our simulation that transparency leads to a lower expected loss. A bank’s economic 

capital is based on the expected loss. This should give opportunities for a bank to lower their ECAP and this 

could result in turn on a decrease of interest rates. However, further research must confirm the assumptions 

made of our simulation.  

5.3 Summary 

Despite the fact that Industry 4.0 is still in its early stages, researchers who investigated the future of the 

banking sector all agree on one thing and that is that they should change. Firms that ignore the changes 

caused by IoT face the risk of moving too slow, financial services that do not change will not survive the 

changes of Industry 4.0. The role the bank should take will depend on their vision and strategy. It is possible 

that the bank will become just a facilitator in the exchange between customers and it is important to fully 

understand the customer’s needs and demands. Nowadays, they can benefit from the fact that people do not 

trust the Bitcoin. This creates possibilities for financial institutions to create a payment system that 

customers trust.  

 

The Internet of Things will make the supply chain transparent. This can be an advantage for financial 

services and can contribute to solve the current asymmetry of information problem. In case of no asymmetry 

of information, factoring will be less relevant. The risks associated with the accounts receivables such as 

default risk, will become transparent and easier to manage. Blockchain technology and cryptocurrency such 

as Bitcoin will make factoring less relevant as well. Transactions will become transparent and faster. 

Automatically, transactions between blocks will take place. This results in a more certain and faster supply 

chain, low transaction costs and no counterparty risks. There is consensus about the fact that the blockchain 

leads to a transparent network. More transparency should lead to more real time and reliable data. We 

compare transparency to more monitoring in case of factoring. If we make this comparison, we can conclude 

that more transparency could reduce a bank’s expected loss. This expected loss could in turn influence the 

economic capital.  
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Chapter 6: Conclusion and further research 
In contrast to previous literature, we found no evidence to conclude that factoring contributes to an increase 

of the current- and the quick ratio. This can be due to the fact of limited available data. However, in line 

with previous literature, we found a significant correlation between factoring and the growth of the sales 

revenues. The direction of this relationship is hard to determine since literature suggests that growing 

companies use factoring but without factoring, a company is limited to grow. Further analysis is necessary to 

give more insight in the direction of this relationship. Data suggest that factoring contributes to a sustainable 

growth of the sales revenues. In order to elaborate the growth of the sales revenues, other elements of 

growth are analyzed. However, due to a lack of data we were only able to found suggestive relationships. 

Results show no significant relationship between the inventory turnover growth. We found a significant 

relationship between factoring and EBITDA, and EBITDA and sales revenues. This is expected since 

EBITDA is derived from the sales revenues. Hypothesis 3 suggests that liquidity ratios are estimators for 

factoring. In contrast with the literature, we found no evidence to confirm this hypothesis. As already 

mentioned, to make a valid conclusion about the effect of factoring on the growth of the current ratio, quick 

ratio and the sales revenue, a larger sample size is required. In this research, only 10 non factoring 

companies are used for comparing their liquidity ratios and sales revenue. We also ignore the fact that there 

is a possibility that factoring companies which start with factoring at factoring company Y, already uses 

factoring provided by another company. There is a possibility that companies switch between factoring 

companies due to better terms and conditions, mostly regarding the interest rate.  

In this research, the current- and the quick ratio are used to determine a company’s growth of liquidity. The 

improvement of the cash conversion cycle (CCC) is also an indicator for analyzing a firm’s performance 

improvement. The cash conversion cycle measures the time it takes for a company to convert resource 

inputs into cash flows. It is the interval between the firm’s payment for its raw materials and the collection 

of payment from the customer. The cash conversion cycle affects the amount of working capital that the firm 

needs. The operating cycle is the total time between orders being placed with the supplier and cash that is 

received from the buyer. The longer the production process, the more cash the firm must keep in inventory. 

The longer it takes customer to pay their bills, the higher the value of accounts receivables and the less net 

working capital the firm has. Implementing a factor decreases the accounts receivables and thus the cash 

conversion cycle as shown in figure 29 and 30. 
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Figure 29 Cash conversion cycle without factoring 

 

 

 

 

 
Figure 30 Cash conversion cycle after factoring 

The CCC is not taken into account into this research because of the limited data available. Only data of two 

companies about the cash conversion cycle was available for this research.  Mostly, small companies use 

factoring and small companies are not obligated to publish an extensive annual report. This research only 

investigates the influence of recourse factoring on the liquidity ratios and the sales revenue because 

factoring company Y only offers recourse factoring. Interesting is also to analyze the impact of non-recourse 

factoring on the performance indicators. Another element for further research is the difference in revenue of 

recourse factoring and non-recourse factoring for the bank, and the associated risks. Non-recourse factoring 

is associated with a higher risk level so in general higher interest rates and factoring fees can be included in 

the total costs.  
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A characteristic of factoring is monitoring the client. This could impact a bank’s risk management. We 

conducted a Monte Carlo simulation to compare a bank’s the expected loss in case of factoring and in case 

of non-factoring.  The influence of factoring on the expected loss is simulated based on various assumptions. 

Results show that in case of factoring, the relative expected loss decreases with 43,8%. Further research is 

necessary to confirm the assumptions and to verify the model. After validation, the model can be extended 

to allow flexibility. Also the influence of this decrease of expected loss on a bank’s economic capital is a 

suggestion for further research. 

  

Currently, the influence of Industry 4.0 on the financial sector is a hot topic. In this research, we focused on 

the blockchain technology. A characteristic of the blockchain technology is transparency. However, 

literature hardly explains in detail how the financial institution benefits from more transparency. A 

suggestion for further research is to analyze if the blockchain can strengthen the factoring process due to this 

transparency. In this research we found that transparency can contribute to a more accurate risk 

management. This is in line with the influence of monitoring in case of factoring on a bank’s risk 

management. Based on the Monte Carlo simulation, we can suggest that transparency can contribute to a 

decrease of the relative expected loss.  
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Appendix I 

Table 23 Correlation matrix initial model 

Correlations  

   Growth_Current_Rati

o  

Growth_Quick_rati

o  

Growth_Sales_Revenue

s  

Factorin

g  

Kendall'

s  tau_b  

Growth_Current_Ratio   Correlatio

n  

Coefficient  

1,000   ,682**   -,116   -,184  

Sig.  (2-

tailed)  

.   ,000   ,220   ,107  

N   53   53   53   53  

Growth_Quick_ratio   Correlatio

n  

Coefficient  

,682**   1,000   -,247**   -,225*  

Sig.  (2-

tailed)  

,000   .   ,009   ,049  

N   53   53   53   53  

Growth_Sales_Revenue

s  

Correlatio

n  

Coefficient  

-,116   -,247**   1,000   ,341**  

Sig.  (2-

tailed)  

,220   ,009   .   ,003  

N   53   53   53   53  

Factoring   Correlatio

n  

Coefficient  

-,184   -,225*   ,341**   1,000  

Sig.  (2-

tailed)  

,107   ,049   ,003   .  

N   53   53   53   53  

**.  Correlation  is  significant  at  the  0.01  level  (2-tailed).  

*.  Correlation  is  significant  at  the  0.05  level  (2-tailed).  

  

  

 
Syntax 
 
DA NI=4 NO=53 MA=KM 
 KM 
 1 
 0.682 1 
 -0.11628 -0.247 1 
 -0.18437 -0.225 -0.341 1 
 LA 
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 %CR %QR %SR FA 
 SE 
 %CR %QR %SR FA/ 
 MO NX=1 NY=3 GA=FU,FI PH=FU,FI 
 FR GA(1,1) GA(2,1) GA(3,1) 
 PD 
 OU RS SC 
 
 
                           Number of Input Variables  4 
                           Number of Y - Variables    3 
                           Number of X - Variables    1 
                           Number of ETA - Variables  3 
                           Number of KSI - Variables  1 
                           Number of Observations    53 
 
 DA NI=4 NO=53 MA=KM                                                             
 
         Correlation Matrix       
 
                 %CR        %QR        %SR   Factorin    
            --------   --------   --------   -------- 
      %CR      1.000 
      %QR      0.682      1.000 
      %SR     -0.116     -0.247      1.000 
 Factorin     -0.184     -0.225     -0.341      1.000 
 
 Total Variance = 4.000 Generalized Variance = 0.390                                    
 
 Largest Eigenvalue = 1.813 Smallest Eigenvalue = 0.288                                    
 
 Condition Number = 2.507 
 
 
 DA NI=4 NO=53 MA=KM                                                             
 
 Parameter Specifications 
 
         GAMMA        
 
            Factorin 
            -------- 
      %CR          1 
      %QR          2 
      %SR          3 
 
         PSI          
 
                 %CR        %QR        %SR 
            --------   --------   -------- 
                   4          5          6 
  
 
 
 DA NI=4 NO=53 MA=KM                                                             
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 Number of Iterations = 0            
 
 LISREL Estimates (Maximum Likelihood)                            
 
         GAMMA        
 
            Factorin    
            -------- 
      %CR     -0.184 
             (0.136) 
              -1.353 
  
      %QR     -0.225 
             (0.135) 
              -1.665 
  
      %SR     -0.341 
             (0.130) 
              -2.616 
  
 
         Covariance Matrix of Y and X             
 
                 %CR        %QR        %SR   Factorin    
            --------   --------   --------   -------- 
      %CR      1.000 
      %QR      0.041      1.000 
      %SR      0.063      0.077      1.000 
 Factorin     -0.184     -0.225     -0.341      1.000 
 
         PHI          
 
            Factorin    
            -------- 
               1.000 
  
 
         PSI          
         Note: This matrix is diagonal. 
 
                 %CR        %QR        %SR    
            --------   --------   -------- 
               0.966      0.949      0.884 
             (0.189)    (0.186)    (0.173) 
               5.099      5.099      5.099 
  
 
         Squared Multiple Correlations for Structural Equations   
 
                 %CR        %QR        %SR    
            --------   --------   -------- 
               0.034      0.051      0.116 
 
                                 Log-likelihood Values 
 
                        Estimated Model          Saturated Model 
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                        ---------------          --------------- 
 Number of free parameters(t)         6                       10 
 -2ln(L)                        200.862                  162.162 
 AIC (Akaike, 1974)*            212.862                  182.162 
 BIC (Schwarz, 1978)*           224.684                  201.865 
 
*LISREL uses AIC= 2t - 2ln(L) and BIC = tln(N)- 2ln(L) 
 
 
                           Goodness-of-Fit Statistics 
 
 Degrees of Freedom for (C1)-(C2)                      4 
 Maximum Likelihood Ratio Chi-Square (C1)              38.700 (P = 
0.0000) 
 Browne's (1984) ADF Chi-Square (C2_NT)                32.322 (P = 
0.0000) 
  
 Estimated Non-centrality Parameter (NCP)              34.700 
 90 Percent Confidence Interval for NCP                (18.367 ; 58.490) 
  
 Minimum Fit Function Value                            0.730 
 Population Discrepancy Function Value (F0)            0.655 
 90 Percent Confidence Interval for F0                 (0.347 ; 1.104) 
 Root Mean Square Error of Approximation (RMSEA)       0.405 
 90 Percent Confidence Interval for RMSEA              (0.294 ; 0.525) 
 P-Value for Test of Close Fit (RMSEA < 0.05)          0.000 
  
 Expected Cross-Validation Index (ECVI)                0.957 
 90 Percent Confidence Interval for ECVI               (0.648 ; 1.405) 
 ECVI for Saturated Model                              0.377 
 ECVI for Independence Model                           1.091 
  
 Chi-Square for Independence Model (6 df)              49.838 
  
 Normed Fit Index (NFI)                                0.223 
 Parsimony Normed Fit Index (PNFI)                     0.149 
 Comparative Fit Index (CFI)                           0.208 
 Incremental Fit Index (IFI)                           0.243 
  
 Critical N (CN)                                      18.840 
  
  
 Root Mean Square Residual (RMR)                       0.234 
 Standardized RMR                                      0.234 
 Goodness of Fit Index (GFI)                           0.766 
 Adjusted Goodness of Fit Index (AGFI)                 0.416 
 Parsimony Goodness of Fit Index (PGFI)                0.307 
 
 DA NI=4 NO=53 MA=KM                                                             
 
         Fitted Covariance Matrix 
 
                 %CR        %QR        %SR   Factorin    
            --------   --------   --------   -------- 
      %CR      1.000 
      %QR      0.041      1.000 
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      %SR      0.063      0.077      1.000 
 Factorin     -0.184     -0.225     -0.341      1.000 
 
         Fitted Residuals 
 
                 %CR        %QR        %SR   Factorin    
            --------   --------   --------   -------- 
      %CR       - -  
      %QR      0.641       - -  
      %SR     -0.179     -0.324       - -  
 Factorin       - -        - -        - -        - -  
 
 Summary Statistics for Fitted Residuals 
 
 Smallest Fitted Residual =   -0.324 
   Median Fitted Residual =    0.000 
  Largest Fitted Residual =    0.641 
 
 Stemleaf Plot 
 
 - 2|2  
 - 0|80000000  
   0|  
   2|  
   4|  
   6|4 
 
         Standardized Residuals   
 
                 %CR        %QR        %SR   Factorin    
            --------   --------   --------   -------- 
      %CR       - -  
      %QR      4.659       - -  
      %SR     -1.129     -2.350       - -  
 Factorin       - -        - -        - -        - -  
 
 Summary Statistics for Standardized Residuals 
 
 Smallest Standardized Residual =   -2.350 
   Median Standardized Residual =    0.000 
  Largest Standardized Residual =    4.659 
 
 Stemleaf Plot 
 
 - 2|3  
 - 0|10000000  
   0|  
   2|  
   4|7 
 Largest Positive Standardized Residuals 
 Residual for      %QR and      %CR   4.659 
 
 DA NI=4 NO=53 MA=KM                                                             
Standardized Residuals 
 
 DA NI=4 NO=53 MA=KM                                                             
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 Standardized Solution            
 
         GAMMA        
 
            Factorin    
            -------- 
      %CR     -0.184 
      %QR     -0.225 
      %SR     -0.341 
 
         Correlation Matrix of Y and X            
 
                 %CR        %QR        %SR   Factorin    
            --------   --------   --------   -------- 
      %CR      1.000 
      %QR      0.041      1.000 
      %SR      0.063      0.077      1.000 
 Factorin     -0.184     -0.225     -0.341      1.000 
 
         PSI          
         Note: This matrix is diagonal. 
 
                 %CR        %QR        %SR    
            --------   --------   -------- 
               0.966      0.949      0.884 
 
         Regression Matrix Y on X (Standardized)      
 
            Factorin    
            -------- 
      %CR     -0.184 
      %QR     -0.225 
      %SR     -0.341 
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Appendix II: Modified model 1 

Table 24 Correlation matrix modified model 1 

Correlations  

   Growth_Current_R

atio  

Growth_Quick_R

atio  

Growth_Sales_Reve

nue  

Factori

ng  

Risk_Rati

ng  

Kendall

's  

tau_b  

Growth_Current_Rat

io  

Correlati

on  

Coefficie

nt  

1,000   ,682**   -,057   -,184   -,016  

Sig.  (2-

tailed)  

.   ,000   ,550   ,107   ,870  

N   53   53   53   53   53  

Growth_Quick_Ratio   Correlati

on  

Coefficie

nt  

,682**   1,000   -,209*   -,225*   -,133  

Sig.  (2-

tailed)  

,000   .   ,027   ,049   ,186  

N   53   53   53   53   53  

Growth_Sales_Reve

nue  

Correlati

on  

Coefficie

nt  

-,057   -,209*   1,000   ,328**   -,061  

Sig.  (2-

tailed)  

,550   ,027   .   ,004   ,544  

N   53   53   53   53   53  

Factoring   Correlati

on  

Coefficie

nt  

-,184   -,225*   ,328**   1,000   ,274*  

Sig.  (2-

tailed)  

,107   ,049   ,004   .   ,024  

N   53   53   53   53   53  

Risk_Rating   Correlati

on  

Coefficie

nt  

-,016   -,133   -,061   ,274*   1,000  

Sig.  (2-

tailed)  

,870   ,186   ,544   ,024   .  

N   53   53   53   53   53  

**.  Correlation  is  significant  at  the  0.01  level  (2-tailed).  
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*.  Correlation  is  significant  at  the  0.05  level  (2-tailed).  

  

  

Syntax:  
 
DA NI=5 NO=53 MA=KM 
 KM 
 1 
 0.682 1 
 -0.05669 -0.209 1 
 -0.18437 -0.225 0.328 1 
 -0.01642 -0.13275 -0.06091 0.274 1 
 LA 
 %CR %QR %SR FA RR/ 
 SE 
 %CR %QR %SR FA RR/ 
 MO NX=2 NY=3 GA=FU,FI PH=FU,FI 
 FR GA(1,1) GA(2,1) GA(3,1) 
 FR GA(1,2) GA(2,2) GA(3,2) 
 PD 
 OU RS SC 
 
 DA NI=5 NO=53 MA=KM 
 
 
Lisrel outcomes 
                                                             
 
                           Number of Input Variables  5 
                           Number of Y - Variables    3 
                           Number of X - Variables    2 
                           Number of ETA - Variables  3 
                           Number of KSI - Variables  2 
                           Number of Observations    53 
 
 DA NI=5 NO=53 MA=KM                                                             
 
         Correlation Matrix       
 
                 %CR        %QR        %SR   Factorin         RR    
            --------   --------   --------   --------   -------- 
      %CR      1.000 
      %QR      0.682      1.000 
      %SR     -0.057     -0.209      1.000 
 Factorin     -0.184     -0.225      0.328      1.000 
       RR     -0.016     -0.133     -0.061      0.274      1.000 
 
 Total Variance = 5.000 Generalized Variance = 0.378                                    
 
 Largest Eigenvalue = 1.928 Smallest Eigenvalue = 0.282                                    
 
 Condition Number = 2.616 
 
 
 DA NI=5 NO=53 MA=KM                                                             
 
 Parameter Specifications 
 
         GAMMA        
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            Factorin         RR 
            --------   -------- 
      %CR          1          2 
      %QR          3          4 
      %SR          5          6 
 
         PSI          
 
                 %CR        %QR        %SR 
            --------   --------   -------- 
                   7          8          9 
  
 
 
 DA NI=5 NO=53 MA=KM                                                             
 
 Number of Iterations = 0            
 
 LISREL Estimates (Maximum Likelihood)                            
 
         GAMMA        
 
            Factorin         RR    
            --------   -------- 
      %CR     -0.194      0.037 
             (0.143)    (0.143) 
              -1.360      0.258 
  
      %QR     -0.204     -0.077 
             (0.141)    (0.141) 
              -1.442     -0.543 
  
      %SR      0.373     -0.163 
             (0.136)    (0.136) 
               2.748     -1.202 
  
 
         Covariance Matrix of Y and X             
 
                 %CR        %QR        %SR   Factorin         RR    
            --------   --------   --------   --------   -------- 
      %CR      1.000 
      %QR      0.039      1.000 
      %SR     -0.066     -0.062      1.000 
 Factorin     -0.184     -0.225      0.328      1.000 
       RR     -0.016     -0.133     -0.061      0.274      1.000 
 
         PHI          
 
            Factorin         RR    
            --------   -------- 
 Factorin      1.000 
  
       RR      0.274      1.000 
  
 
         PSI          
         Note: This matrix is diagonal. 
 
                 %CR        %QR        %SR    
            --------   --------   -------- 
               0.965      0.944      0.868 
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             (0.191)    (0.187)    (0.172) 
               5.050      5.050      5.050 
  
 
         Squared Multiple Correlations for Structural Equations   
 
                 %CR        %QR        %SR    
            --------   --------   -------- 
               0.035      0.056      0.132 
 
                                 Log-likelihood Values 
 
                        Estimated Model          Saturated Model 
                        ---------------          --------------- 
 Number of free parameters(t)         9                       15 
 -2ln(L)                        248.389                  213.439 
 AIC (Akaike, 1974)*            266.389                  243.439 
 BIC (Schwarz, 1978)*           284.122                  272.994 
 
*LISREL uses AIC= 2t - 2ln(L) and BIC = tln(N)- 2ln(L) 
 
 
                           Goodness-of-Fit Statistics 
 
 Degrees of Freedom for (C1)-(C2)                      6 
 Maximum Likelihood Ratio Chi-Square (C1)              34.950 (P = 0.0000) 
 Browne's (1984) ADF Chi-Square (C2_NT)                25.473 (P = 0.0003) 
  
 Estimated Non-centrality Parameter (NCP)              28.950 
 90 Percent Confidence Interval for NCP                (13.966 ; 51.433) 
  
 Minimum Fit Function Value                            0.659 
 Population Discrepancy Function Value (F0)            0.546 
 90 Percent Confidence Interval for F0                 (0.264 ; 0.970) 
 Root Mean Square Error of Approximation (RMSEA)       0.302 
 90 Percent Confidence Interval for RMSEA              (0.210 ; 0.402) 
 P-Value for Test of Close Fit (RMSEA < 0.05)          0.000 
  
 Expected Cross-Validation Index (ECVI)                0.999 
 90 Percent Confidence Interval for ECVI               (0.716 ; 1.423) 
 ECVI for Saturated Model                              0.566 
 ECVI for Independence Model                           1.162 
  
 Chi-Square for Independence Model (10 df)            51.561 
  
 Normed Fit Index (NFI)                                0.322 
 Parsimony Normed Fit Index (PNFI)                     0.193 
 Comparative Fit Index (CFI)                           0.303 
 Incremental Fit Index (IFI)                           0.365 
  
 Critical N (CN)                                      26.014 
  
  
 Root Mean Square Residual (RMR)                       0.170 
 Standardized RMR                                      0.170 
 Goodness of Fit Index (GFI)                           0.839 
 Adjusted Goodness of Fit Index (AGFI)                 0.597 
 Parsimony Goodness of Fit Index (PGFI)                0.336 
 
 DA NI=5 NO=53 MA=KM                                                             
 
         Fitted Covariance Matrix 
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                 %CR        %QR        %SR   Factorin         RR    
            --------   --------   --------   --------   -------- 
      %CR      1.000 
      %QR      0.039      1.000 
      %SR     -0.066     -0.062      1.000 
 Factorin     -0.184     -0.225      0.328      1.000 
       RR     -0.016     -0.133     -0.061      0.274      1.000 
 
         Fitted Residuals 
 
                 %CR        %QR        %SR   Factorin         RR    
            --------   --------   --------   --------   -------- 
      %CR       - -  
      %QR      0.643       - -  
      %SR      0.009     -0.147       - -  
 Factorin      0.000       - -       0.000       - -  
       RR      0.000       - -       0.000       - -        - -  
 
 Summary Statistics for Fitted Residuals 
 
 Smallest Fitted Residual =   -0.147 
   Median Fitted Residual =    0.000 
  Largest Fitted Residual =    0.643 
 
 Stemleaf Plot 
 
 - 0|5000000000000  
   0|1  
   2|  
   4|  
   6|4 
 
         Standardized Residuals   
 
                 %CR        %QR        %SR   Factorin         RR    
            --------   --------   --------   --------   -------- 
      %CR       - -  
      %QR      4.776       - -  
      %SR      0.068     -1.017       - -  
 Factorin      0.000       - -       0.000       - -  
       RR      0.000       - -       0.000       - -        - -  
 
 Summary Statistics for Standardized Residuals 
 
 Smallest Standardized Residual =   -1.017 
   Median Standardized Residual =    0.000 
  Largest Standardized Residual =    4.776 
 
 Stemleaf Plot 
 
 - 0|0000000000000  
   0|1  
   2|  
   4|8 
 Largest Positive Standardized Residuals 
 Residual for      %QR and      %CR   4.776 
 
 DA NI=5 NO=53 MA=KM                                                             
 
 
 DA NI=5 NO=53 MA=KM                                                             
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 Standardized Solution            
 
         GAMMA        
 
            Factorin         RR    
            --------   -------- 
      %CR     -0.194      0.037 
      %QR     -0.204     -0.077 
      %SR      0.373     -0.163 
 
         Correlation Matrix of Y and X            
 
                 %CR        %QR        %SR   Factorin         RR    
            --------   --------   --------   --------   -------- 
      %CR      1.000 
      %QR      0.039      1.000 
      %SR     -0.066     -0.062      1.000 
 Factorin     -0.184     -0.225      0.328      1.000 
       RR     -0.016     -0.133     -0.061      0.274      1.000 
 
         PSI          
         Note: This matrix is diagonal. 
 
                 %CR        %QR        %SR    
            --------   --------   -------- 
               0.965      0.944      0.868 
 
         Regression Matrix Y on X (Standardized)      
 
            Factorin         RR    
            --------   -------- 
      %CR     -0.194      0.037 
      %QR     -0.204     -0.077 
      %SR      0.373     -0.163 
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Appendix III: Modified model 2 

Table 25 Correlation matrix modified model 2 

Correlations  

   Growth_Curren

t_Ratio  

Growth_Quick

_Ratio  

Growth_Sales_R

evenue  

Facto

ring  

Risk_R

ating  

Factoring_Risk

_Rating  

Kend

all's  

tau_b  

Growth_Current

_Ratio  

Correla

tion  

Coeffic

ient  

1,000   ,682**   -,057   -,184   -,016   -,089  

Sig.  (2-

tailed)  

.   ,000   ,550   ,107   ,870   ,376  

N   53   53   53   53   53   53  

Growth_Quick_R

atio  

Correla

tion  

Coeffic

ient  

,682**   1,000   -,209*   -,225*   -,133   -,182  

Sig.  (2-

tailed)  

,000   .   ,027   ,049   ,186   ,068  

N   53   53   53   53   53   53  

Growth_Sales_R

evenue  

Correla

tion  

Coeffic

ient  

-,057   -,209*   1,000   ,328**   -,061   ,054  

Sig.  (2-

tailed)  

,550   ,027   .   ,004   ,544   ,592  

N   53   53   53   53   53   53  

Factoring   Correla

tion  

Coeffic

ient  

-,184   -,225*   ,328**   1,000   ,274*   ,573**  

Sig.  (2-

tailed)  

,107   ,049   ,004   .   ,024   ,000  

N   53   53   53   53   53   53  

Risk_Rating   Correla

tion  

Coeffic

ient  

-,016   -,133   -,061   ,274*   1,000   ,833**  

Sig.  (2-

tailed)  

,870   ,186   ,544   ,024   .   ,000  

N   53   53   53   53   53   53  

Factoring_Risk_ Correla -,089   -,182   ,054   ,573**   ,833**   1,000  
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Rating   tion  

Coeffic

ient  

Sig.  (2-

tailed)  

,376   ,068   ,592   ,000   ,000   .  

N   53   53   53   53   53   53  

**.  Correlation  is  significant  at  the  0.01  level  (2-tailed).  

*.  Correlation  is  significant  at  the  0.05  level  (2-tailed).  

 
Syntax: 
 
DA NI=6 NO=53 MA=KM 
 KM 
 1 
 0.682 1 
 -0.05669 -0.209 1 
 -0.18437 -0.225 0.328 1 
 -0.01642 -0.13275 -0.06091 0.274 1 
 -0.0886 -0.18237 0.053546 0.573 0.833 1 
 LA 
 %CR %QR %SR FA RR FA*RR/ 
 SE 
 %CR %QR %SR FA RR FA*RR/ 
 MO NX=3 NY=3 GA=FU,FI PH=FU,FI 
 FR GA(1,1) GA(2,1) GA(3,1) 
 FR GA(1,2) GA(2,2) GA(3,2) 
 FR GA(1,3) GA(2,3) GA(3,3) 
 PD 
 OU RS SC 
 
 DA NI=6 NO=53 MA=KM      
 
Lirsel outcomes: 
 
                                                        
 
                           Number of Input Variables  6 
                           Number of Y - Variables    3 
                           Number of X - Variables    3 
                           Number of ETA - Variables  3 
                           Number of KSI - Variables  3 
                           Number of Observations    53 
 
 DA NI=6 NO=53 MA=KM                                                             
 
         Correlation Matrix       
 
                 %CR        %QR        %SR         FA         RR      
FA*RR    
            --------   --------   --------   --------   --------   -----
--- 
      %CR      1.000 
      %QR      0.682      1.000 
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      %SR     -0.057     -0.209      1.000 
       FA     -0.184     -0.225      0.328      1.000 
       RR     -0.016     -0.133     -0.061      0.274      1.000 
    FA*RR     -0.089     -0.182      0.054      0.573      0.833      
1.000 
 
 Total Variance = 6.000 Generalized Variance = 0.0669                                   
 
 Largest Eigenvalue = 2.369 Smallest Eigenvalue = 0.102                                    
 
 Condition Number = 4.829 
 
 
 DA NI=6 NO=53 MA=KM                                                             
 
 Parameter Specifications 
 
         GAMMA        
 
                  FA         RR      FA*RR 
            --------   --------   -------- 
      %CR          1          2          3 
      %QR          4          5          6 
      %SR          7          8          9 
 
         PSI          
 
                 %CR        %QR        %SR 
            --------   --------   -------- 
                  10         11         12 
  
 
 
 DA NI=6 NO=53 MA=KM                                                             
 
 Number of Iterations = 0            
 
 LISREL Estimates (Maximum Likelihood)                            
 
         GAMMA        
 
                  FA         RR      FA*RR    
            --------   --------   -------- 
      %CR     -0.178      0.069     -0.044 
             (0.190)    (0.281)    (0.330) 
              -0.939      0.247     -0.135 
  
      %QR     -0.201     -0.071     -0.008 
             (0.188)    (0.278)    (0.326) 
              -1.071     -0.255     -0.026 
  
      %SR      0.423     -0.063     -0.136 
             (0.180)    (0.266)    (0.312) 
               2.359     -0.239     -0.437 
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         Covariance Matrix of Y and X             
 
                 %CR        %QR        %SR         FA         RR      
FA*RR    
            --------   --------   --------   --------   --------   -----
--- 
      %CR      1.000 
      %QR      0.039      1.000 
      %SR     -0.065     -0.062      1.000 
       FA     -0.184     -0.225      0.328      1.000 
       RR     -0.016     -0.133     -0.061      0.274      1.000 
    FA*RR     -0.089     -0.182      0.054      0.573      0.833      
1.000 
 
         PHI          
 
                  FA         RR      FA*RR    
            --------   --------   -------- 
       FA      1.000 
  
       RR      0.274      1.000 
  
    FA*RR      0.573      0.833      1.000 
  
 
         PSI          
         Note: This matrix is diagonal. 
 
                 %CR        %QR        %SR    
            --------   --------   -------- 
               0.964      0.944      0.865 
             (0.193)    (0.189)    (0.173) 
               5.000      5.000      5.000 
  
 
         Squared Multiple Correlations for Structural Equations   
 
                 %CR        %QR        %SR    
            --------   --------   -------- 
               0.036      0.056      0.135 
 
                                 Log-likelihood Values 
 
                        Estimated Model          Saturated Model 
                        ---------------          --------------- 
 Number of free parameters(t)        12                       21 
 -2ln(L)                        209.574                  174.625 
 AIC (Akaike, 1974)*            233.574                  216.625 
 BIC (Schwarz, 1978)*           257.217                  258.001 
 
*LISREL uses AIC= 2t - 2ln(L) and BIC = tln(N)- 2ln(L) 
 
 
                           Goodness-of-Fit Statistics 
 
 Degrees of Freedom for (C1)-(C2)                      9 
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 Maximum Likelihood Ratio Chi-Square (C1)              34.948 (P = 
0.0001) 
 Browne's (1984) ADF Chi-Square (C2_NT)                25.485 (P = 
0.0025) 
  
 Estimated Non-centrality Parameter (NCP)              25.948 
 90 Percent Confidence Interval for NCP                (11.438 ; 48.019) 
  
 Minimum Fit Function Value                            0.659 
 Population Discrepancy Function Value (F0)            0.490 
 90 Percent Confidence Interval for F0                 (0.216 ; 0.906) 
 Root Mean Square Error of Approximation (RMSEA)       0.233 
 90 Percent Confidence Interval for RMSEA              (0.155 ; 0.317) 
 P-Value for Test of Close Fit (RMSEA < 0.05)          0.000274 
  
 Expected Cross-Validation Index (ECVI)                1.112 
 90 Percent Confidence Interval for ECVI               (0.838 ; 1.529) 
 ECVI for Saturated Model                              0.792 
 ECVI for Independence Model                           2.932 
  
 Chi-Square for Independence Model (15 df)           143.375 
  
 Normed Fit Index (NFI)                                0.756 
 Non-Normed Fit Index (NNFI)                           0.663 
 Parsimony Normed Fit Index (PNFI)                     0.454 
 Comparative Fit Index (CFI)                           0.798 
 Incremental Fit Index (IFI)                           0.807 
 Relative Fit Index (RFI)                              0.594 
  
 Critical N (CN)                                      33.238 
  
  
 Root Mean Square Residual (RMR)                       0.144 
 Standardized RMR                                      0.144 
 Goodness of Fit Index (GFI)                           0.862 
 Adjusted Goodness of Fit Index (AGFI)                 0.678 
 Parsimony Goodness of Fit Index (PGFI)                0.369 
 
 DA NI=6 NO=53 MA=KM                                                             
 
         Fitted Covariance Matrix 
 
                 %CR        %QR        %SR         FA         RR      
FA*RR    
            --------   --------   --------   --------   --------   -----
--- 
      %CR      1.000 
      %QR      0.039      1.000 
      %SR     -0.065     -0.062      1.000 
       FA     -0.184     -0.225      0.328      1.000 
       RR     -0.016     -0.133     -0.061      0.274      1.000 
    FA*RR     -0.089     -0.182      0.054      0.573      0.833      
1.000 
 
         Fitted Residuals 
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                 %CR        %QR        %SR         FA         RR      
FA*RR    
            --------   --------   --------   --------   --------   -----
--- 
      %CR      0.000 
      %QR      0.643      0.000 
      %SR      0.008     -0.147       - -  
       FA       - -       0.000      0.000       - -  
       RR      0.000      0.000      0.000       - -        - -  
    FA*RR      0.000      0.000      0.000       - -        - -        - 
-  
 
 Summary Statistics for Fitted Residuals 
 
 Smallest Fitted Residual =   -0.147 
   Median Fitted Residual =    0.000 
  Largest Fitted Residual =    0.643 
 
 Stemleaf Plot 
 
 - 0|5000000000000000000  
   0|1  
   2|  
   4|  
   6|4 
 
         Standardized Residuals   
 
                 %CR        %QR        %SR         FA         RR      
FA*RR    
            --------   --------   --------   --------   --------   -----
--- 
      %CR      0.000 
      %QR      4.693      0.000 
      %SR      0.061     -1.007       - -  
       FA       - -       0.000      0.000       - -  
       RR      0.000      0.000      0.000       - -        - -  
    FA*RR      0.000      0.000      0.000       - -        - -        - 
-  
 
 Summary Statistics for Standardized Residuals 
 
 Smallest Standardized Residual =   -1.007 
   Median Standardized Residual =    0.000 
  Largest Standardized Residual =    4.693 
 
 Stemleaf Plot 
 
 - 0|0000000000000000000  
   0|1  
   2|  
   4|7 
 Largest Positive Standardized Residuals 
 Residual for      %QR and      %CR   4.693 
 
 DA NI=6 NO=53 MA=KM    
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Appendix IV: Explanatory analysis 

 
Table 26 Univariate Statistics 

Univariate  Statistics  

   N   Mean   Std.  Deviation   Missing   No.  of  Extremesa,b  

Count   Percent   Low   High  

Factoring   19   ,84   ,375   0   ,0   .   .  

Growth_Sales_Revenues   18   ,83   17,560   1   5,3   0   0  

Growth_Inventory_Turnover   19   -7,44   26,204   0   ,0   0   0  

a.  Number  of  cases  outside  the  range  (Q1  -  1.5*IQR,  Q3  +  1.5*IQR).  

b.  .  indicates  that  the  inter-quartile  range  (IQR)  is  zero.  

 

 
Table 27 Summary of estimated means 

Summary  of  Estimated  Means  

   Factoring   Growth_Sales_

Revenues  

Growth_Invent

ory_Turnover  

All  Values   ,84   ,83   -7,44  

EM   ,84   ,87   -7,44  

 

 
Table 28 Summary of estimated standard deviations 

Summary  of  Estimated  Standard  Deviations  

   Factoring   Growth_Sales_

Revenues  

Growth_Invent

ory_Turnover  

All  Values   ,375   17,560   26,204  

EM   ,375   17,413   26,204  

 
Table 29 EM estimated statistics 

EM  Meansa  

Factoring   Growth_Sales_

Revenues  

Growth_Invento

ry_Turnover  

,84   ,87   -7,44  

a.  Little's  MCAR  test:  Chi-Square  =  ,188,  DF  =  2,  

Sig.=  ,910  
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Missing values of the data of the growth of the sales revenues is 5,3 percent. According to Hair et al. (2014), 

missing values below 10 percent can be ignored in case the missing values are missing in a random way. 

Table 29 shows that the Little’s MCAR test p-value is above 0,05, which indicate that the null hypothesis 

that the missing data is missing in a random way is not rejected so we can ignore the missing values.  

 
 
Table 30 Descriptive statistics 

Descriptive  Statistics  

   N   Minimum   Maximum   Mean   Std.  Deviation  

Factoring   43   0   1   ,86   ,351  

Growth_employees   43   -100   300   15,46   61,058  

Growth_Sales_Revenue   33   -30   51   4,51   18,728  

Valid  N  (listwise)   33       

 
 
Table 31 Univariate statistics 

Univariate  Statistics  

   N   Mean   Std.  Deviation   Missing   No.  of  Extremesa,b  

Count   Percent   Low   High  

Factoring   42   ,86   ,354   0   ,0   .   .  

Growth_employees   42   8,68   42,394   0   ,0   2   4  

Growth_Sales_Revenue   33   4,51   18,728   9   21,4   0   1  

a.  Number  of  cases  outside  the  range  (Q1  -  1.5*IQR,  Q3  +  1.5*IQR).  

b.  .  indicates  that  the  inter-quartile  range  (IQR)  is  zero.  

 

 
Table 32 Summary of estimated means 

Summary  of  Estimated  Means  

   Factoring   Growth_employ

ees  

Growth_Sales_

Revenue  

All  Values   ,86   8,68   4,51  

EM   ,86   8,68   5,26  
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Table 33 Summary of estimated standard deviations 

Summary  of  Estimated  Standard  Deviations  

   Factoring   Growth_employ

ees  

Growth_Sales_

Revenue  

All  Values   ,354   42,394   18,728  

EM   ,354   42,394   18,553  

  

 
Table 34 EM estimated statistics 

EM  Meansa  

Factoring   Growth_employ

ees  

Growth_Sales_

Revenue  

,86   8,68   5,26  

a.  Little's  MCAR  test:  Chi-Square  =  2,186,  DF  =  2,  

Sig.  =  ,335  

 
21,4 percent of the values of the growth of the sales revenues are missing and are missing in a random way 

since the p-value of the Little’s MCAR test is above 0,05. The imputation method for missing data at 

random is regression-based method Least Squares Estimation. Regression-based methods estimate the scores 

for the new incomplete observations as the prediction from a regression model.  

 
Table 35 Summary of estimated means 

Summary  of  Estimated  Means  

   Factoring   Growth_employ

ees  

Growth_Sales_

Revenue  

All  Values   ,86   8,68   4,51  

Regression   ,86   8,68   5,85  

 

 
Table 36 Summary of estimated standard deviations 

Summary  of  Estimated  Standard  Deviations  

   Factoring   Growth_employ

ees  

Growth_Sales_

Revenue  

All  Values   ,354   42,394   18,728  

Regression   ,354   42,394   18,641  
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Regression  Estimated  Statistics  

 
Table 37 Regression means 

Regression  Meansa  

Factoring   Growth_employ

ees  

Growth_Sales_

Revenue  

,86   8,68   5,85  

a.  Residual  of  a  randomly  chosen  case  is  added  to  

each  estimate.  

 

 
Table 38 Regression covariances 

Regression  Covariancesa  

   Factoring   Growth_employ

ees  

Growth_Sales_

Revenue  

Factoring   ,125     
Growth_employees   2,807   1797,271    
Growth_Sales_Revenue   2,218   108,297   347,495  

a.  Residual  of  a  randomly  chosen  case  is  added  to  each  estimate.  

 

 
Table 39 Regression correlations 

Regression  Correlationsa  

   Factoring   Growth_employ

ees  

Growth_Sales_

Revenue  

Factoring   1     
Growth_employees   ,187   1    
Growth_Sales_Revenue   ,336   ,137   1  

a.  Residual  of  a  randomly  chosen  case  is  added  to  each  estimate.  

 
  



 

 88 

Appendix V: Results of linear regression 

Table 40 Test for multicollinearity 

Coefficientsa  

Model   Unstandardized  Coefficients   Standardized  

Coefficients  

t   Sig.   Collinearity  Statistics  

B   Std.  Error   Beta   Tolerance   VIF  

1  

(Constant)   ,760   ,149    5,101   ,000     

Current_Ratio   ,221   ,182   ,240   1,209   ,232   ,493   2,027  

Quick_Ratio   -,171   ,190   -,178   -,897   ,374   ,493   2,027  

a.  Dependent  Variable:  Factoring  

  
Table 41 Collinearity Diagnostics 

Collinearity  Diagnosticsa  

Model   Dimension   Eigenvalue   Condition  Index   Variance  Proportions  

(Constant)   Current_Ratio   Quick_Ratio  

1  

1   2,879   1,000   ,01   ,01   ,01  

2   ,084   5,855   ,83   ,03   ,31  

3   ,037   8,847   ,16   ,97   ,68  

a.  Dependent  Variable:  Factoring  

 
Table 40 shows that the tolerance value is above 0,2 and the VIF value is below 10, this means that there is 

no multicollinearity. Table 5 identifies collinearity between the current ratio and dimension 3 (97%). 

Unfortunately, there’s not much that can be done about it (Field, 2009).  

 
 
Table 42 Logistic Regression: Enter Method 

Case  Processing  Summary  

Unweighted  Casesa   N   Percent  

Selected  Cases  

Included  in  Analysis   53   100,0  

Missing  Cases   0   ,0  

Total   53   100,0  

Unselected  Cases   0   ,0  

Total   53   100,0  

a.  If  weight  is  in  effect,  see  classification  table  for  the  total  number  of  cases.  
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Table 43 Case processing summary 

Case  Processing  Summary  

Unweighted  Casesa   N   Percent  

Selected  Cases  

Included  in  Analysis   53   100,0  

Missing  Cases   0   ,0  

Total   53   100,0  

Unselected  Cases   0   ,0  

Total   53   100,0  

a.  If  weight  is  in  effect,  see  classification  table  for  the  total  number  of  cases.  

 
Table 44 Dependent variable encoding 

Dependent  Variable  Encoding  

Original  Value   Internal  Value  

,00   0  

1,00   1  

 

Table 45  Block 0: Beginning block 

Iteration  Historya,b,c  

Iteration   -2  Log  likelihood   Coefficients  

Constant  

Step  0  

1   45,783   1,396  

2   44,987   1,695  

3   44,980   1,727  

4   44,980   1,727  
a.  Constant  is  included  in  the  model.  

b.  Initial  -2  Log  Likelihood:  44,980  

c.  Estimation  terminated  at  iteration  number  4  because  parameter  estimates  
changed  by  less  than  ,001.  
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Table 46 Classification Table 

Classification  Tablea,b  

   Observed   Predicted  

   Factoring   Percentage  Correct  

   ,00   1,00  

Step  0  
Factoring  

,00   0   8   ,0  

1,00   0   45   100,0  

Overall  Percentage     84,9  

a.  Constant  is  included  in  the  model.  

b.  The  cut  value  is  ,500  

 
Table 47 Variables in equation 

Variables  in  the  Equation  

   B   S.E.   Wald   df   Sig.   Exp(B)  

Step  0   Constant   1,727   ,384   20,264   1   ,000   5,625  

 

 
Table 48 Variables not in the equation 

Variables  not  in  the  Equation  

   Score   df   Sig.  

Step  0  
Variables  

Current_Ratio   ,679   1   ,410  

Quick_Ratio   ,003   1   ,958  

Overall  Statistics   1,508   2   ,470  
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Step 1:  
 
Table 49 Iteration history 

Iteration  Historya,b,c,d  

Iteration   -2  Log  likelihood   Coefficients  

Constant   Current_Ratio   Quick_Ratio  

Step  1  

1   44,705   1,039   ,882   -,683  

2   43,299   1,100   1,748   -1,425  

3   43,196   1,080   2,213   -1,873  

4   43,195   1,079   2,285   -1,946  

5   43,195   1,079   2,286   -1,948  

6   43,195   1,079   2,286   -1,948  

a.  Method:  Enter  

b.  Constant  is  included  in  the  model.  

c.  Initial  -2  Log  Likelihood:  44,980  

d.  Estimation  terminated  at  iteration  number  6  because  parameter  estimates  changed  by  less  than  ,001.  

 
Table 50 Omnibus test of model coefficients 

Omnibus  Tests  of  Model  Coefficients  

   Chi-square   df   Sig.  

Step  1  

Step   1,785   2   ,410  

Block   1,785   2   ,410  

Model   1,785   2   ,410  

Table 51 Model summary 

Model  Summary  

Step   -2  Log  likelihood   Cox  &  Snell  R  

Square  

Nagelkerke  R  

Square  

1   43,195a   ,033   ,058  

a.  Estimation  terminated  at  iteration  number  6  because  parameter  estimates  

changed  by  less  than  ,001.  

 

 
Table 52 Hosmer and Lemeshow test 

Hosmer  and  Lemeshow  Test  

Step   Chi-square   df   Sig.  

1   12,079   8   ,148  
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Table 53 Contingency table for Hosmer and Lemeshow Test 

Contingency  Table  for  Hosmer  and  Lemeshow  Test  

   Factoring  =  ,00   Factoring  =  1,00   Total  

Observed   Expected   Observed   Expected  

Step  1  

1   0   1,159   5   3,841   5  

2   3   1,064   2   3,936   5  

3   1   1,200   5   4,800   6  

4   2   ,964   3   4,036   5  

5   0   ,889   5   4,111   5  

6   1   ,805   4   4,195   5  

7   0   ,708   5   4,292   5  

8   0   ,513   5   4,487   5  

9   0   ,398   5   4,602   5  

10   1   ,300   6   6,700   7  

 
Table 54 Classification table 

Classification  Tablea  

   Observed   Predicted  

   Factoring   Percentage  Correct  

   ,00   1,00  

Step  1  
Factoring  

,00   0   8   ,0  

1,00   0   45   100,0  

Overall  Percentage     84,9  

a.  The  cut  value  is  ,500  

 
Table 55 Variables in the equation 

Variables  in  the  Equation  

   B   S.E.   Wald   df   Sig.   Exp(B)  

Step  1a  

Current_Ratio   2,286   1,959   1,362   1   ,243   9,838  

Quick_Ratio   -1,948   2,046   ,906   1   ,341   ,143  

Constant   1,079   1,059   1,038   1   ,308   2,943  
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Appendix VI: Graphs factoring firms 

 
Graphs current and quick ratio of firms that uses factoring. 

 

 

Figure 31 Absolute current ratio 2007-2014   Figure 32 Relative current ratio 2007-2014 

 

Figure 33 Absolute quick ratio 2007-2014   Figure 34 Relative quick ratio 2007-2014 
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Figure 35 Absolute current ratio 2008-2014   Figure 36 Relative current ratio 2008-2014 

 
Figure 37 Absolute quick ratio 2008-2014   Figure 38 Relative quick ratio 2008-2014 

 

 
Figure 39 Absolute current ratio 2009-2014   Figure 40 Relative current ratio 2009-2014 
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Figure 41 Absolute quick ratio 2009-2014   Figure 42 Relative quick ratio 2009-2014 

 
Figure 43 Absolute current ratio 2010-2014   Figure 44 Relative current ratio 2010-2014 
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Appendix VII: Graphs non-factoring firms 

Graphs current and quick ratio of companies that do not use factoring 

 
Figure 45 Absolute current ratio non-factoring companies     Figure 46 Relative current ratio non-

factoring companies 

 
Figure 47 Absolute quick ratio of non-factoring firms Figure 48 Relative quick ratio non-

factoring companies 
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Appendix VIII: MATLAB code 

The simulations are conducted by main.m, which is outlined in Table 56. This script calls the function 
calcData.m, which is shown in Table 57. This function calculates and returns PD, EAD, LGD, EL and 
relative EL as function of risk rating, branch, factoring, LGDmu and LGDsigma.  

Table 56 MATLAB script main.m which is run in the simulations 

clear all 
close all 
clc 
  
RR=20; % Uniform random risk rating [1-20]; 
LGDmu=0.45; % LGD mean [-] 
LGDsigma=0.15; % LGD sigma [-] 
nsimpoints=1e4; % Number of simulation points [-] 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%% LGD dependence %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
datanf=zeros(nsimpoints,5); 
dataf=zeros(nsimpoints,5); 
for i=1:nsimpoints 
    % Factoring parameters 
    RRreduction=poissrnd(1); % Risk rating reduction according to Poisson 
distribution (lambda=1); 
    RRf=RR-RRreduction; 
    % Ensure RRf is in the range [1-20] 
    if RRf<1 
        RRf=1; 
    end 
    branch=unidrnd(5); % Uniform random branch [1-5]; employment agency [1], 
transport [2], industry [3] services [4] wholesale [5] 
  
    LGDmureduction=normrnd(0.1,0.02); % Mean LGD reduction with mu=0.15, 
sigma=0.02 
    LGDmuf=LGDmu-LGDmureduction; 
    % 0 =< LGDmuf <= LGDmu 
    if LGDmuf<0 
        LGDmu=0; 
    else if LGDmuf>LGDmu 
            LGDmuf=LGDmu; 
        end 
    end 
    LGDsigmareduction=normrnd(0.25,0.05); % Sigma LGD reduction with mu=0.10, 
sigma=0.02 
    LGDsigmaf=LGDsigma*(1-LGDsigmareduction); 
    % 0 =< LGDsigmaf <= LGDsigma 
    if LGDsigmaf<0 
        LGDsigma=0; 
    else if LGDsigmaf>LGDsigma 
            LGDsigmaf=LGDsigma; 
        end 
    end 
     
    datanf(i,:)=calcData(RR,branch,0,LGDmu,LGDsigma); 
    dataf(i,:)=calcData(RRf,branch,1,LGDmuf,LGDsigmaf); 
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end 
 
stats=zeros(4,5); 
for i=1:5 
    stats(1,i)=mean(datanf(:,i)); 
    stats(2,i)=std(datanf(:,i)); 
    stats(3,i)=mean(dataf(:,i)); 
    stats(4,i)=std(dataf(:,i)); 
 
 
Table 57 MATLAB function calcData.m which is called in main.m. 

function outputdata=calcData(RR,branch,factoring,LGDmu,LGDsigma) 
  
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%% Probability of default PD [-] %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
PDref=[0.01 0.02 0.03 0.04 0.05 0.08 0.11 0.15 0.22 0.33 0.5 0.75 1.12 1.68 
2.52 3.78 5.67 8.51 12.77 19.15]; 
  
% Calculate PD factor [-] 
PD=PDref(RR)/100; 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%% Exposure at default EAD [euros] %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
% Minimum percentage factor for EAD 
minper=0.3; 
  
% Accounts receivables AR from lognormal distribution [euros] 
parmhat=[13.7800609917047,1.43678525298955]; 
AR=lognrnd(parmhat(1),parmhat(2)); 
  
% Choose maximum percentage factor, depending on factoring and branch 
if factoring==1 
    switch branch 
        case 1 % Employment agency 
            maxper=0.6; 
        case 2 % Transport 
            maxper=0.8; 
        case 3 % Industry 
            maxper=0.8; 
        case 4 % Services 
            maxper=0.85; 
        case 5 % Wholesale 
            maxper=0.9; 
    end 
else 
    maxper=0.5; 
end 
  
RR0=5; % Exponential risk rating scale factor 
percentage=minper+(maxper-minper)*exp(-RR/RR0); 
  
EAD=percentage*AR; 
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%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%% Loss given default LGD [%] %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
% Loss given default (LGD) [%] 
LGD=normrnd(LGDmu, LGDsigma); 
if LGD<0 
    LGD=0; 
end 
 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%% 
  
% Expected loss [%] 
EL=PD*EAD*LGD; 
  
outputdata(1)=PD; 
outputdata(2)=EAD; 
outputdata(3)=LGD; 
outputdata(4)=EL; 
outputdata(5)=EL/AR; % Relative loss 
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Appendix IX: Performance Analysis 

 
Non-factoring N=10 

 
Factoring N=10 

 
Non-factoring N=100 

 
Factoring N=100 

 
Non-factoring N=1000 

 
Factoring N=1000 
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Non-factoring N=10000 

 
Factoring N=10000 

 
Non-factoring N=100000 

 
Factoring N=100000 

 
Figure 49 Performance analysis 


