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Management summary 

Overview 
The Rabobank Group (further referred to as Rabobank) was established in the late 19th century as 

a cooperative agricultural credit union. These days, it is one of the biggest cooperatives in the 

Netherlands with almost 2 million members. They are active in 40 countries serving approximately 

8,5 million customers with over $900 billion in assets (Rabobank, 2022). Rabobank offers services 

such as retail banking, wholesale banking, private banking, leasing and real estate. Moreover, they 

are actively involved in leading banking for the Food & Agri sector. 

We focus on the Wholesale and Rural (W&R) department within the Rabobank. Wholesale and 

rural banking offers banking services, such as loans, to large entities who operate in different 

sectors such as the entire chain of Food & Agriculture. Rabobank is especially interested in knowing 

more about differences and similarities in Net Interest Income in basepoint (NII bps) between 

regions or sectors in which they operate. This will give them insights on which regions or sectors 

are profitable for them and what probable causes are.  

Approach 
In order to benchmark transaction data between region and sectors, we have developed an 

suitable Multiple Linear Regression (MLR) model. MLR allows the relationships between multiple 

variables to be analyzed at different levels of granularity, including individual securities, portfolios, 

and macroeconomic variables. This helps to identify how variables are related and which variables 

are most important for our outcomes. 

Moreover, we have also build a dashboard tool in which the results are visualized. This enables 

Rabobank to look in depth into the differences and similarities between regions and sectors. The 

dashboard can easily be updated with the most recent MLR results. 

We have opted to use the tool SPSS to execute our MLR as it can analyze large dataset, provide 

methods to test for violation of assumptions and is quick in processing output results. 

Rabobank has provided access to their database from which a dataset is retrieved. After applying a 

time series analysis to determine the size of the dataset, transaction data of 2021 and 2022 were 

used. This dataset is restricted to long-term loans for the departments “Credits & Loans” and 

“Coverage Large Corporates” within the wholesale department and contains important variables on 

a monthly basis on contract level. The variables here were month and year of the transaction, Net 

Interest Income in basepoints (NII bps), location (grouped and ungrouped), region (grouped and 

ungrouped), sector level 01-03, outstanding, Loss At Default (LAD), Sustainability kpi, Fund Transfer 

Price in basepoints (FTP bps), North American Industry Classification System (NAICS), Risk ratings 

(grouped and ungrouped), and facility currency (grouped and ungrouped). Grouped variables are 

variables containing all the different possibilities, e.g. location grouped is one variable containing all 

the possible locations. Whereas ungrouped location would be one variable for one specific 

location. 

MLR has several underlying assumptions which need to be met in order for the results to be 

representative. As these assumptions were not always met, some variables have been excluded 

from the model. These variables are as follows: nominal, EAD RC, expected loss RC, Regulatory 

Capital Credit Risk, Net interest income, other net interest income and GII bps. 

We have also looked into adding the contract length variable as some contract work with several 

months of EURIBOR. EURIBOR contracts have floating interest rates agreement and thus different 

Cost of Fund (CoF). Nevertheless, we were not able to add the above as we were unable to align 

both databases. 
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Key findings 
We only use standardized beta coefficients in order to analyze the different positive or negative 

weights of independent variables (IBM, 2016). Using the standardized beta coefficients, we can 

compare the results of different MLR’s and results of independent variables. A strong influence is a 

standardized beta coefficient higher then 0.2, a moderate influence a value of 0.1, and low to no 

influence a value of 0 to 0.05 in absolute term. 

 

✓ Some currencies have a positive correlation with the NII bps namely US Dollar (USD) and 

British Pound Sterling (GBP). They have a standardized beta coefficient of 0.222 and 0.265 

respectively. This is caused by the CoF for these two currencies. Here the CoF is deemed 

higher which is calculated towards the client. However, the real CoF is usually lower than 

what is calculated towards the customer thus increasing the Rabobank’s Net Interest 

Margin.  

 

✓ The currency EUR has a negative correlation with the NII bps namely a standardized beta 

coefficient of -0.259. No currency swaps are needed and thus no additional margin can be 

made on the spread between currencies. Moreover, no currency swaps are needed for 

EUR which is part of the FTP and thus, we have a lower CoF and to stay competitive, this is 

not calculated towards the customer. Finally, as Rabobank is an EUR bank, the fund price 

of EUR is cheaper compared to other region. Thus, there is no need to search for funds on 

the interbank market as the cheaper funds imply lower risk and thus lower margins. 

 

✓ India, Turkey and Argentina are three locations with high inflation and a strong positive 

correlation with the NII bps. Their standardized beta coefficients are 0.19, 0.131, and 0.141 

respectively. In these countries, higher interest rate base amounts are calculated as these 

pose higher risk. Due to the higher risk, higher net interest margins are calculated to 

compensate for the risk. Moreover, due to the high inflation, a higher outstanding amount 

will have a positive correlation with the NII bps. 

 

 

✓ Our model confirms that some sectors have positive impact on the overall NII bps. Taking 

Retail Trade (coefficient of 0.184) as an example. This sector has had some difficulties over 

the past years, starting with the migration towards online. Moreover, this trend has been 

strengthened by the Covid-lockdowns. Currently, Retail Trade also faces difficulties like 

hardly no personnel to find, increased energy and rental costs and so on. This all boils 

down to increased credit risk which Rabobank needs to take into account. Thus, increased 

credit risk implies higher margins are calculated to compensate for the risk and thus a 

positive factor on the NII bps. Similar trends can be seen on macro-economic levels for 

construction and manufacturing. 
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Recommendations 
Although we have found interesting results in our research there is still a lot of untouched potential 

regarding the benchmarking between regions and sectors. The following are the final 

recommendations for future research: 

1. Apply model to Rural portfolio to observe macro-economic trends. 

2. Further analyze why certain variables breach one of the MLR assumptions.  

3. Update dataset on monthly basis to observe changes in standardized beta coefficient and 

thus to be able to notice trend changes. 

4. Apply the model per location to spot differences in sectors and or other variables. 

5. Migrate the MLR model with current Rabobank’s margin models for strengthening 

predictive and descriptive power 

6. Translate the outcome in a more predictive model in order to support strategic decision 

making. 

 

The implementation of the abovementioned recommendations will offer a more in depth analysis 

in macro-economic trend changes, analysis of different departments, and offer more predictive 

power on the factors that influence the NII bps which can be used by Rabobank in order to 

strengthen their position. 

 

  



 
Page 7/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

Table of content 
 

1 Introduction ..................................................................................................................................... 13 

1.1 Problem context ....................................................................................................................... 13 

1.2 Research objective .................................................................................................................... 14 

1.3 Research design ........................................................................................................................ 15 

1.4 Scope and demarcations ........................................................................................................... 15 

1.5 Methodology and thesis outline ............................................................................................... 16 

2 Literature review ............................................................................................................................. 17 

2.1 How does wholesale banking work? ........................................................................................ 17 

2.1.1 What are the differences between retail and wholesale banking? ................................... 17 

2.1.2 What kind of products are offered within Wholesale and Rural banking? ....................... 19 

2.2 What are important variables and definitions within finance and wholesale banking? .......... 20 

2.2.1 What is Gross Interest Income and Net Interest Income? ................................................ 20 

2.2.2 What is Funds Transfer Price? ........................................................................................... 22 

2.2.3 What other variables are of importance when conducting an internal benchmark on Net 

interest Income? ......................................................................................................................... 24 

3 Model ............................................................................................................................................... 33 

3.1 What benchmark techniques can be used to compare net interest income? ......................... 33 

3.1.1 What are suitable benchmark frameworks? ..................................................................... 33 

3.1.2 What is an appropriate model when benchmarking NII? .................................................. 38 

4 Results .............................................................................................................................................. 48 

4.1 Benchmark results .................................................................................................................... 48 

4.1.1 All variables grouped ......................................................................................................... 48 

4.1.2 Sensitivity analysis ............................................................................................................. 50 

5 Conclusion ........................................................................................................................................ 56 

6 Recommendations ........................................................................................................................... 59 

7 References ....................................................................................................................................... 60 

8 Appendix .......................................................................................................................................... 63 

8.1 Dummy variables auto recoded ................................................................................................ 63 

8.2 Product type TERM ................................................................................................................... 66 

8.3 Other financial products ........................................................................................................... 66 

8.3.1 SYND .................................................................................................................................. 66 

8.3.2 SHLO ................................................................................................................................... 66 

8.3.3 ABON .................................................................................................................................. 66 

8.3.4 GUAG ................................................................................................................................. 67 

8.3.5 CURR .................................................................................................................................. 67 

8.3.6 LCST .................................................................................................................................... 67 



 
Page 8/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

8.3.7 BILF & BILT ......................................................................................................................... 67 

8.3.8 CALL ................................................................................................................................... 68 

8.3.9 IMPO .................................................................................................................................. 68 

8.3.10 FILE ................................................................................................................................... 68 

8.4 Snapshot of data input ............................................................................................................. 68 

8.5 Asia results ................................................................................................................................ 69 

8.5.1 All variables grouped ......................................................................................................... 69 

8.5.2 Sensitivity analysis ............................................................................................................. 70 

8.6 Australia Pacific results ............................................................................................................. 74 

8.6.1 All variables grouped ......................................................................................................... 75 

8.6.2 Sensitivity analysis ............................................................................................................. 75 

8.7 Europe results ........................................................................................................................... 78 

8.7.1 All variables grouped ......................................................................................................... 78 

8.7.2 Sensitivity analysis ............................................................................................................. 79 

8.8 North America results ............................................................................................................... 84 

8.8.1 All variables grouped ......................................................................................................... 84 

8.8.2 Sensitivity analysis ............................................................................................................. 85 

8.9 South America results ............................................................................................................... 89 

8.9.1 All variables grouped ......................................................................................................... 89 

8.9.2 Sensitivity analysis ............................................................................................................. 90 

 

  



 
Page 9/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

List of figures 
Figure 1-1: Loan structure wholesale banking. ................................................................................... 14 

Figure 1-2:Oustanding per Super Parent (SP) department. ................................................................ 16 

Figure 2-1: Overview of Cost of Funds components (Rabobank, 2018). ............................................ 22 

Figure 2-2: Schematic overview of FTP framework (Rabobank, 2018). .............................................. 23 

Figure 2-3: Default rating scales and definitions (Rabobank, Practical Standards for Methodology 

Deliverables, 2022). ............................................................................................................................ 27 

Figure 2-4: Masterscale ratings for R00 to R20 (Rabobank, Global Standard on FTP Pricing 

Methodology, 2018). .......................................................................................................................... 29 

Figure 2-5: Masterscale ratings for D01 to D04 (Rabobank, Global Standard on FTP Pricing 

Methodology, 2018). .......................................................................................................................... 29 

Figure 2-6: NAICS sector codes. .......................................................................................................... 32 

Figure 3-1: NII bps over time. ............................................................................................................. 40 

Figure 3-2: Normality plot. .................................................................................................................. 42 

Figure 3-3: Linearity plot. .................................................................................................................... 42 

Figure 3-4:Homoscedasticity plot standard residuals versus predicted value. .................................. 43 

Figure 3-5: NII bps (Y) versus standard residuals (Y’). ........................................................................ 44 

Figure 3-6: Absolute difference between NII bps and standard residuals versus standard residuals.

 ............................................................................................................................................................ 45 

Figure 3-7: A selection of dummy variables MLR ............................................................................... 46 

Figure 4-1: Standardized beta coefficient MLR benchmark. .............................................................. 48 

Figure 4-2: Risk rating versus count Benchmark................................................................................. 49 

Figure 4-3: Standardized beta coefficient MLR South America. ......................................................... 50 

Figure 4-4: Risk rating ungrouped and NAICS2 Benchmark. ............................................................... 51 

Figure 4-5: Rating ungrouped and NAICS3 Benchmark. ..................................................................... 51 

Figure 4-6: Risk rating and Facility currency ungrouped Benchmark. ................................................ 52 

Figure 4-7: Risk rating and location ungrouped Benchmark. ............................................................. 53 

Figure 4-8: Risk rating and NAICS ungrouped benchmark. ................................................................. 54 

Figure 4-9: Benchmark Risk ratings. ................................................................................................... 55 

Figure 4-10: Benchmark NAICS. .......................................................................................................... 55 

Figure 8-1: Values for regions MLR ..................................................................................................... 63 

Figure 8-2: Values for locations MLR .................................................................................................. 63 

Figure 8-3: Values for sectors MLR ..................................................................................................... 64 

Figure 8-4: Values for sectors level 02 MLR ........................................................................................ 64 

Figure 8-5: Values Facility currency MLR ............................................................................................ 65 

Figure 8-6: Values Risk ratings MLR .................................................................................................... 65 

Figure 8-7: Product type TERM (Rabobank, Rabobank, 2023) ........................................................... 66 

Figure 8-8: Small snapshot of dataset (hidden due to confidentiality) .............................................. 68 

Figure 8-9: ........................................................................................................................................... 68 

Figure 8-10: Adjusted R-squared for each iteration region Asia. ....................................................... 69 

Figure 8-11: Standardized beta coefficient MLR Asia. ........................................................................ 69 

Figure 8-12: Risk rating ungrouped and NAICS2 Asia. ........................................................................ 70 

Figure 8-13: Risk rating and Facility currency ungrouped Asia. .......................................................... 71 

Figure 8-14: Risk rating and Location ungrouped Asia. ...................................................................... 72 

Figure 8-15: Risk rating and NAICS ungrouped Asia. .......................................................................... 72 

Figure 8-16: Asia Risk ratings. ............................................................................................................. 73 

Figure 8-17: Asia NAICS. ...................................................................................................................... 73 

Figure 8-18: Adjusted R-squared for each iteration region Australia Pacific...................................... 74 

Figure 8-19: Risk rating count Australia Pacific. ................................................................................. 74 

Figure 8-20:Standardized beta coefficient MLR Australia Pacific. ...................................................... 75 

Figure 8-21: Risk rating ungrouped and NAICS2 Australia Pacific. ..................................................... 75 

https://raboweb-my.sharepoint.com/personal/mark_haring_rabobank_com/Documents/My%20Desktop/Final%20benchmark/Haring_MA_BMS.docx#_Toc137455140


 
Page 10/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

Figure 8-22: Risk rating and Facility currency ungrouped Australia Pacific. ....................................... 76 

Figure 8-23: Risk rating and Location ungrouped Australia Pacific. ................................................... 76 

Figure 8-24: Risk rating and NAICS ungrouped Australia Pacific. ....................................................... 77 

Figure 8-25: Adjusted R-squared for each iteration region Europe. .................................................. 78 

Figure 8-26: Standardized beta coefficient MLR Europe. ................................................................... 79 

Figure 8-27: Risk rating ungrouped and NAICS2 Europe. ................................................................... 80 

Figure 8-28: Risk rating and Facility currency ungrouped Europe. ..................................................... 80 

Figure 8-29: Risk rating and Location ungrouped Europe. ................................................................. 81 

Figure 8-30: Risk rating and NAICS ungrouped Europe. ..................................................................... 81 

Figure 8-31: Europe Risk ratings. ........................................................................................................ 82 

Figure 8-32: Europe NAICS. ................................................................................................................. 83 

Figure 8-33: Adjusted R-squared for each iteration region North America. ...................................... 84 

Figure 8-34: Standardized beta coefficient MLR North America. ....................................................... 84 

Figure 8-35: Risk rating ungrouped and NAICS2 North America. ....................................................... 85 

Figure 8-36: Risk rating and Facility currency ungrouped North America. ......................................... 86 

Figure 8-37: Risk rating and Location ungrouped North America. ..................................................... 86 

Figure 8-38: Risk rating and NAICS ungrouped North America. ......................................................... 87 

Figure 8-39: North America Risk ratings. ............................................................................................ 87 

Figure 8-40: North America NAICS...................................................................................................... 88 

Figure 8-41: Adjusted R-squared for each iteration region South America. ...................................... 89 

Figure 8-42: Standardized beta coefficient MLR South America. ....................................................... 89 

Figure 8-43: Risk rating ungrouped and NAICS2 South America. ....................................................... 90 

Figure 8-44: Risk rating and Facility currency ungrouped South America. ......................................... 91 

Figure 8-45: Risk rating and Location ungrouped South America. ..................................................... 91 

Figure 8-46: Risk rating and NAICS ungrouped South America. ......................................................... 92 

Figure 8-47: South America Risk ratings. ............................................................................................ 92 

Figure 8-48: South America NAICS. ..................................................................................................... 93 

 

  



 
Page 11/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

List of abbreviations 
Abbreviation Meaning 

ABON Advance payment bon 

AF Adjustment Factor 

BCBS Basel Committee on Banking Supervision 

Bps Basis point 

BRID Bridge loan 

CALL Call loan 

CoF Cost of Funds 

CROIC ex-post performance evaluation 

CURR Current Account Overdraft 

ECB European Central Bank 

FILE Financial Lease 

FTP Fund Transfer Price 

GII Gross interest income 

GUAG Guarantee Given 

IMPO Import letter of credit 

LAD Loss at Default 

LCST Standby letter of credit 

LGD Loss given default 

LOTA Long-term advance 

NII Net Interest Income 

NIM Net Interest Margin 

PD Probability of Default 

RC Regulatory Capital 

RFR risk-free rate 

RWA Risk-weighted assets 

SHLO Short-term loans 

SME Small and medium-sized enterprises  

SYND Syndicated loan 

TERM Long-term loan 

Wholesale & Rural Wholesale and Rural 



 
Page 12/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

 

Abbreviation Meaning 

AI Artificial Intelligence 

ARIMA AutoRegressive Integrated Moving Average 

CGCB Central Governments and Central Banks 

EAD Exposure at default 

EL Expected Loss 

IRB Internal Rating Based 

MAE Mean absolute error 

ML Machine Learning 

MLR Multiple Linear Regression 

MSE Mean squared error 

NAICS North American Industry Classification System 

RC Recovery Rate 

RRR Rabobank Risk Rating 

VAR Vector Autoregression 

VECM Vector Error Correction Model 

VIF Variance inflation factor 

  



 
Page 13/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

1 Introduction 
The Rabobank Group (further referred to as Rabobank) was established in the late 19th century as a 

cooperative agricultural credit union. These days, it is one of the biggest cooperatives in the 

Netherlands with almost 2 million members. They are active in 40 countries serving approximately 

8,5 million customers with over $900 billion in assets (Rabobank, Rabobank, 2023). Rabobank offer 

services such as retail banking, wholesale banking, private banking, leasing and real estate. 

Moreover, they are actively involved in leading banking for the Food & Agri sector where, according 

to their mission statement, they aim to build a better world together. 

 

Banks are under strict regulation from regulators such as the European Central Bank (ECB) and 

other entities. They are expected to provide external reporting on their assets, risk-weighting and 

conducts in conform to the Basel system (Bank for international settlements, 2022). The Basel 

system is a set of international banking regulations established by the Basel Committee on Banking 

Supervision (BCBS). It prescribes the minimal capital requirements for financial institutions with the 

goal of mitigating credit risk as experienced in the banking crisis of 2008. Banks that operate 

internationally are required to maintain a minimum amount of capital based on their risk-weighted 

assets.  

 

Banks do not only provide external reporting but also internal reporting in order to align their 

business processes. Thus, it is of importance for the management teams to have quantitative and 

qualitative analyses of data on a daily basis. In an age where data are one’s new gold, one can 

obtain valuable quantitative and qualitative information from data on ones operations and 

conducts.  

We focus on the Wholesale and Rural (W&R) department within the Rabobank. Wholesale and 

rural banking offers banking services to large entities who operate in different sectors such as the 

entire chain of Food & Agriculture.  

 

 

1.1 Problem context 
As explained, W&R department wants to achieve more insights on data available and or the 

products they offer their customers. They are especially interested in knowing more about 

differences and similarities between regions or sectors in which they operate and the probable 

causes. 

 

In order to understand the problem context, one should first understand the basic concept of 

banking. Some may remember the 3-6-3 rule of bankers back in the day. According to this rule, 

bankers gathered deposits at 3 percent, lent them at 6 percent, and were on the golf course by 3 

o’clock in the afternoon. Of course this rule doesn’t hold true these days, but one can grasp the 

basic concept of how a simple loan would work for retail banking. The idea is that banks lend out 

money they have at a higher interest rate while ensuring they have enough capital for their risk-

weighted assets. 

 

Wholesale banking works a bit differently but has the same basic concepts. The main difference 

between wholesale and retail banking is that products, in this case loans, are offered to large 

entities or corporations. These customers can obtain a loan with a nominal amount, which is the 

maximum amount they may borrow from the bank. However, they cannot decide to use up the 

entire nominal amount in one go as the ability of the bank to obtain all the repayments or the 

possibility of default would be too risky. However, customers may use up smaller amounts of the 

nominal to fund business decisions or processes. Purposes of using funds of the nominal amount 

can be to build a new factory, buying machines in order to run their business, to increase their 
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inventory or other business decisions where funds are needed. The actual amount that customers 

have used from the nominal amount is what we call the outstanding amount of the loan. From 

Figure 1-1, depicted below, we see that the customer has a nominal of 150 million and an 

outstanding of 100 million 

 

 
Figure 1-1: Loan structure wholesale banking. 

 

Now we see from Figure 1-1 that W&R department actually does not hold funds for the loans they 

offer. Wholesale and Rural department ask for a loan at treasury, which is the bank within the 

bank. Rabobank first checks if the customer is eligible for such loan and if this is the case, treasury 

offers the loan to the W&R department. Nonetheless, treasury needs to obtain funding for this loan 

and looks to borrow this money from the Financial markets such as the European Union interbank 

market. These markets are where banks borrow money from each other and ask a risk-free rate 

(RFR) plus some margin. In Chapter 2, we explain more on RFRs and on how these are calculated on 

a daily basis. 

 

Evidently, treasury asks W&R to pay for the interest rate plus an additional markup as treasury has 

to borrow the money from the open market. Consequently, W&R charges the customer this 

percentage plus some additional interest rate for the loan. As can be seen from Figure 1-1, this 

results in Gross Interest Income (GII) for W&R of 216.667. When we subtract the costs W&R incurs, 

this results in a Net Interest Income (NII) of 183.333.  

 

It must be noted that many different types of loans exist. The situation above describes a Credit & 

loans long-term loan. However, other products such as short term loans (SHLO), long term advance 

(LOTA),  call loan (CALL), bridge loan (BRID) and many others exist. We will elaborate more on this 

in Section 2.1.2. 

 

As Rabobank is a large player in the financial markets and especially for Wholesale and Rural 

banking, they offer large amounts of loans and have a large customer base. Rabobank is interested 

in a benchmark on the income per transaction between regions and or per sector. This gives them 

more insights on which regions and or sectors are more profitable and what probable causes are. 

Moving forward, in our research income per transaction is defined as net interest income as 

Wholesale control uses this to determine their performance. 

 

1.2 Research objective 
Our objective is to investigate the differences in net interest income made by the Rabobank on 

services provided by W&R department and to get a better understanding on these differences and 

their possible causes. By shedding light on the differences between region and sectors, we aim to 

find critical differences in the net interest income which yields focus points for management teams. 
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Moreover, we will develop a benchmark methodology for a certain loan product within the W&R 

department which later can be applied to other products yielding valuable additional information.  

 

1.3 Research design 
To achieve the research objective, we have formulated research questions to structure the 

research. The main research question is stated below: 

What are the significant differences in Net Interest Income bps (NII bps) between regions and 

sectors, and how can Rabobank gain a competitive advantage from the factors that influence the 

NII’s bps? 

 

 

In order to answer this, several sub-research questions are formulated. 
1. How does wholesale banking work? 

a. What are the differences between retail and wholesale banking? 

b. What kind of products are offered within Wholesale and Rural banking? 

2. What are important variables and definitions within finance and wholesale banking? 

a. What is Gross Interest Income and Net Interest Income? 

b. What is Fund Transfer Price? 

c. What other variables are of importance when conducting an internal benchmark 

on Net interest Income? 

3. What benchmark techniques can be used to compare net interest income? 

a. What are suitable benchmark frameworks? 

b. What is an appropriate model when benchmarking NII 

1.4 Scope and demarcations 
In order to ensure that the research is feasible within the given time restriction, it is necessary to 

define the scope and demarcations of the research. We define the scope such that the research can 

be executed within 26 weeks but is of high complexity and academic level. 

 

From initial data analyses, we see that Wholesale department has the highest nominal and 

outstanding amounts compared to Rural. Moreover, we note that the departments “Credits and 

Loans” and “Coverage Large Corporates” amounts for the largest proportion of the portfolio, 

namely 60.98% of the outstanding for Wholesale and 36.91% for Rural. These two departments are 

a subset of the Wholesale department. 

 

Furthermore, within the Wholesale portfolio, we see that the groups “Credits and Loans” and 

“Coverage Large Corporates” constitute 96.83% of the entire outstanding Wholesale portfolio, 

65.84% and 28.29% respectively. Figure 1-2 depicts the outstanding amount per super parent (SP) 

within the wholesale portfolio. It must be noted that the number of outstanding on the y-axis has 

been hidden due to confidentiality. 
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Figure 1-2:Oustanding per Super Parent (SP) department. 

 

Taking a deeper look into the “Credits and Loans” and “Coverage Large Corporates”, we notice that 

product types labelled “TERM”, which are long-term loans, make up the largest proportion of the 

portfolio with 69.35%. The second largest proportion are “SHLO”, which are short term loans, and 

they only account for 6.74% of the portfolio. Thus, we will only focus on the long-term loans which 

are offered for “Credits and Loans” and “Coverage Large Corporates” within wholesale lending. 

 

Currently, rural lending is only offered in 10 different regions which are four in North America, four 

in South America, and one in Australia and New Zealand each. Rural lending used to have a region 

situated in Utrecht however this one was closed in late 2021 and has missing data on GII and NII.   

 

In conclusion, due to time restriction of the research, missing data on GII and NII, and the 

observation that rural lending has way fewer locations compared to wholesale lending, this 

research will only focus on long-term loans for “Credits and Loans” and “Coverage Large 

Corporates” within wholesale lending. Nevertheless, once the methodology is constructed for 

Wholesale lending, the same model may be applied to Rural lending in the future as 97.4% or the 

rural lending portfolio constitutes of the product type long-term loans. 

 

We analyze the last 5 years of data for the products described above as it will provide sufficient 

data for our research. Some assumptions will need to be made concerning certain fees, e.g. 

commitment fee and penalty fee which are correlated to the maturity date.  

 

1.5 Methodology and thesis outline 
 

We answer the main research question with the help of the sub-research questions. The first two 

sub-questions aim to gather information by means of a literature study on Wholesale banking, loan 

structures, Income per transaction, Gross Interest Income, Net Interest Income and FTP. The third 

sub-research question aim to construct an appropriate model in order to successfully apply a 

benchmark on NII. Thus, once the model is determined and constructed, we use it to analyse the 

NII per regions and sectors. In Chapter 4, we elaborate on the results of the proposed benchmark 

model.  

 

In Chapter 5 we will discuss our findings and results and draw conclusions from them. Moreover, 

we will elaborate on the limitations of the research. In Chapter 6 we give some recommendations 

for further research followed by a reference list and appendix. 
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2 Literature review 

2.1 How does wholesale banking work? 
This literature review provides an overview of the current research on retail and wholesale 

banking, including their comparative analysis, the role of wholesale banking in financing small and 

medium-sized enterprises, and the role of wholesale funding in bank liquidity management. 

Additionally, a loan structure is an essential aspect of banking and financial services, which can be a 

complex process that requires a deep understanding of various factors and assumptions. 

 

2.1.1 What are the differences between retail and wholesale banking? 
The banking industry has been evolving over the years, with retail and wholesale banking being two 

major models. These major models are two distinct types of banking services offered by financial 

institutions to different categories of customers. Retail banking serves individuals and small 

businesses, while wholesale banking serves large corporations, financial institutions, and 

governments. The differentiation of the two types of banking services lies in the nature of the 

services they offer, the risks involved, and the regulatory framework governing them.  

 

Retail banking is a banking service that satisfies the financial needs of individual customers, small 

businesses, and households. It offers a wide range of products and services, including checking and 

savings accounts, personal loans, mortgages, and credit cards, among others. On the other hand, 

wholesale banking is a banking service that caters to the financial needs of large corporations and 

institutions. Wholesale banking services include trade financing, foreign exchange services, and 

underwriting services, among others. 

 

One of the significant differences between retail and wholesale banking is the size and type of 

clients they serve. Retail banks serve smaller clients, while wholesale banks serve larger clients. 

Another key difference is the nature of services provided by these two types of banks. Retail banks 

offer a wide range of products and services to their customers, while wholesale banks tend to offer 

fewer, more specialized complex products and services. 

 

Ahmad & Khan (2016) conducted a comparative analysis of retail and wholesale banking, focusing 

on their organizational structure, product lines, customer base, and regulatory framework. The 

authors found that retail banking is highly regulated, offers a wide range of products and services 

to individual and small business customers, and relies on physical branches to deliver its services. 

Wholesale banking, on the other hand, is less regulated, offers a narrower range of products and 

services to large corporate and institutional customers, and relies on sophisticated technology and 

digital platforms to deliver its services. The authors conclude that while retail banking is more 

stable and less risky, wholesale banking offers higher returns and growth potential. 

 

Keogh (2015) examined the role of wholesale banking in financing small and medium-sized 

enterprises (SMEs). The author argued that SMEs face significant challenges in accessing credit 

from traditional retail banks, and wholesale banking can play a critical role in filling this gap. The 

author identified several wholesale banking products that can be used to finance SMEs, including 

asset-based lending, trade finance, securitization, and private placement of debt. The author also 

highlighted the importance of building relationships between SMEs and wholesale banks to 

increase access to credit and support long-term growth. 

 

Düllmann & Masschelein (2018) explored the role of wholesale funding in bank liquidity 

management. The authors argued that wholesale funding plays a crucial role in providing banks 

with access to low-cost funding sources, but also exposes them to liquidity risks. The authors 
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examined the impact of different types of wholesale funding on bank liquidity, including interbank 

funding, securitization, and covered bonds. The authors also highlighted the importance of stress 

testing and contingency planning in managing liquidity risk in wholesale banking. 

 

It must be noted that banks are subject to strict government regulations on the risk they 

undertake. Although many options, futures and other derivatives are offered within the banking 

industry, appropriate risk management is demanded and supervised by central banks. This all is 

done according to the Basel system and regulatory capital needed, as explained in section 0. 

 

In conclusion, retail and wholesale banking are two distinct types of banking services that cater to 

different customer segments and operate under different regulatory frameworks. While retail 

banking offers a wider range of products and services to individual and small business customers, 

wholesale banking offers higher returns and growth potential to large corporate and institutional 

customers. Wholesale banking can also play a critical role in financing SMEs and providing banks 

with access to low-cost funding sources, but it also exposes them to liquidity risks. Thus, managing 

risk is critical in wholesale banking, and stress testing and contingency planning are essential tools 

for managing liquidity risk. Overall, the above highlights the importance of understanding the 

differences between retail and wholesale banking and the challenges and opportunities they 

present for financial institutions. 

 

 

 

  



 
Page 19/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

2.1.2 What kind of products are offered within Wholesale and Rural banking? 
Loans are a critical component of the banking industry, and they are provided to both retail and 

wholesale banking customers. Loan structures differ depending on the type of customer and the 

amount of capital needed. 

 

In retail banking, loans are usually structured as consumer loans, mortgages, or small business 

loans. Consumer loans are provided to individuals for personal needs such as purchasing a car or 

paying for education. Mortgages are provided to individuals for purchasing homes, while small 

business loans are provided to small businesses for expansion or investment purposes. The loan 

structure for retail banking customers is typically straightforward and involves a set repayment 

schedule. 

 

In wholesale banking, loans are usually structured as syndicated loans or project finance. 

Syndicated loans are large loans provided to corporations that require significant amounts of 

capital, and they are usually structured as a group of banks sharing the loan risk. Project finance is a 

type of loan provided to businesses for specific projects such as building infrastructure or investing 

in renewable energy. The loan structure for wholesale banking customers is typically more complex 

and involves multiple parties and detailed agreements. 

 

The loan structure offered in both retail and wholesale banking involves a loan agreement between 

the bank and the borrower. The agreement outlines the terms and conditions of the loan, including 

the loan amount, interest rate, repayment schedule, and any collateral required. In retail banking, 

the loan agreement is usually straightforward and standardized, while in wholesale banking, the 

loan agreement is more complex and tailored to the specific needs of the borrower. We will now 

elaborate on some of these complex loan agreements (Rabobank, 2018) found within the 

departments as defined in our scope and demarcation in Section 1.4. Here only the product type 

“TERM” will be of interest for our research. All other financial product types can be found in 

Section 8.3. 

2.1.2.1 TERM 

A term loan is a loan for a period of at least one year, subject to previously agreed conditions.  

The interest can be fixed or variable. In the case of a fixed rate, the interest can be established for 

the entire term of the loan or for a shorter period, in which case the period must be at least one 

year, in accordance to the definition of the Rabobank.  
Term loans are used for long term financing needs (fixed assets) and for working capital needs 

(current assets). A term loan can be paid back in equal monthly, quarterly, semi-annual or annual 

instalments, or in annuities. Other methods of repayment are repayments with a balloon and bullet 

repayments. Rabobank policy concerning term loans are given below: 

• The maximum tenor for long term loans should not exceed 10 years, with a strong 

preference for a 5 to 7 years tenors. Exceptions to this policy have to be based on strong 

motives.  

• Repayment should preferably be by the straight line method of repayment. Thus a same 

amount of interest is allocated in each payment until the debt is repaid in full. Repayment 

should be dependent on the cash-flow of the business requesting the loan, or the cash 

flow from the project being financed. The nature of the goods to be financed should also 

be taken into account.  

• Bullet loans may only be granted to primary customers of the bank, whose financial 

position must also be sound. The maximum term of a bullet loan is limited to 5 years. The 

credit report should indicate that the bullet loan is a suitable way of financing. The report 

should also indicate which funds the bullet loan will be repaid from at the date of 

maturity. 
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2.2 What are important variables and definitions within finance and 
wholesale banking? 
We firstly elaborate on the difference between Gross Interest Income and Net Interest Income. 

Moreover, we discuss other important variables within finance. These include variables such as 

Exposure at Default, Regulatory Capital, Fund Transfer Price, Probability of Default, Rabobank’s Risk 

Rating, Facility currency, and sustainability KPI. 

2.2.1 What is Gross Interest Income and Net Interest Income? 
Wholesale banking plays a significant role in the global economy, and the interest income 

generated by these banks is a critical component of their profitability. Gross interest income (GII) 

and net interest income (NII) are two key indicators of a wholesale bank’s performance. GII is the 

total amount of interest income earned by the bank before any expenses are deducted. In contrast, 

NII, or also called Net Interest Margin, is the difference between interest earned and interest paid, 

after deducting any expenses.  

Below an overview is given on gross interest income and net interest income in wholesale banking, 

including their definitions, significance, and factors affecting them. 

 

GII is a measure of a wholesale bank’s revenue generated from lending activities, such as corporate 

loans, trade finance, and project finance as explained in previous section. It is a key indicator of a 

bank’s profitability and reflects the bank’s ability to earn income from its assets. However, GII does 

not account for any expenses, such as funding costs, credit risk, or operational costs. Therefore, it 

may not provide a comprehensive picture of a bank’s performance. 

 

NII is the difference between interest earned and interest paid by a wholesale bank. It is a key 

indicator of a bank’s profitability and reflects the bank’s ability to manage its interest rate risk. 

Wholesale banks typically earn interest income from their assets, such as loans and investments, 

and pay interest expenses on their liabilities, such as deposits and borrowings. Therefore, a bank’s 

ability to manage its costs of funds (CoF) and interest rate risk is critical to its NII. 

 

GII and NII are important measures of a bank’s financial performance as they reflect the bank’s 

ability to generate income from its assets and liabilities. A higher GII indicates that a bank is earning 

more interest on its assets, which is a positive sign for the bank’s financial health. Similarly, a higher 

NII indicates that a bank is earning more interest on its assets than it is paying on its liabilities, 

which is also a positive sign for the bank’s profitability. However, a low NII may indicate that a bank 

is paying high interest on its liabilities or is unable to generate sufficient income from its assets. 

 

Several factors affect GII and NII in wholesale banking, including market conditions, interest rate 

risk, credit risk, CoF, and operational costs. In times of economic downturns or recession, wholesale 

banks may face higher credit risk and increased default rates, which can lead to lower GII and NII. 

Similarly, changes in interest rates can affect a bank’s NII, as higher interest rates increase CoF, 

while lower interest rates reduce interest income. 

 

Moreover, it must be noted that it isn’t uncommon to talk about GII and NII in basis points (bps). 

One basis point is equivalent to 0,01% thus 100 bps is equal to 1%. This measure is often used 

within financial systems. Control Wholesale within Rabobank actually steers based on NII bps. 

 

Research studies have shown the importance of GII and NII in assessing the financial performance 

of banks. For example, a study by Demirgüc-Kunt & Huizinga (1999) found that GII is positively 

related to a bank’s profitability, while a study by Bikker & Haaf (2002) found that NII is a significant 

determinant of bank profitability. Hasan & Dridi (2011) found that GII and NII are positively related 

to bank size, suggesting that larger banks are better able to generate income from their assets and 
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liabilities. Huang & Huang (2018) examine the relationship between interest rate risk and NII for 

Chinese banks and found that interest rate risk has a significant negative impact on NII. Interest 

rate risk is the potential for investment losses that can be triggered by a move upward in the 

prevailing rates for new debt instruments thus resulting in a lower NII (Chen, 2022). 

 

 

In conclusion, GII and NII are essential indicators of a wholesale bank’s performance. GII reflects 

the bank’s ability to generate revenue from lending activities, while NII indicates the bank’s ability 

to manage its interest rate risk and CoF. Factors affecting gross and net interest income include 

market conditions, credit risk, interest rate risk, CoF, and operational costs. Therefore, wholesale 

banks must manage their operations effectively, monitor their credit and interest rate risk, and 

adapt to changing market conditions to maintain their profitability. 
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2.2.2 What is Funds Transfer Price? 
The funds transfer price (FTP) of a transaction or product consists of a cost of funds (CoF) 

component and an adjustment factor. The CoF component can consist of interest rates, liquidity 

premium or other product specific FTP add-ons. An overview of the CoF components can be found 

below. 

 

 
Figure 2-1: Overview of Cost of Funds components (Rabobank, 2018). 

 

The CoF is defined as the market price of an asset (liability) if it is funded (invested) in the financial 

markets with the same interest rate, currency and liquidity risk characteristics.  

 

For each transaction an FTP can be calculated, based on the characteristics of the transaction, 

prices in the financial markets and a possible Adjustment Factor. Besides steering on the 

performance metrics as stated in the SF, there is also an element of steering within the FTP called 

the adjustment factor (”AF”). This is an additional spread (which can be negative or positive) on top 

of the Cost of Funds. Figure 2-2 shows a schematic overview of the FTP framework: 
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Figure 2-2: Schematic overview of FTP framework (Rabobank, 2018). 
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2.2.3 What other variables are of importance when conducting an internal benchmark 
on Net interest Income? 
We discuss several variables which are of importance when conducting an internal benchmark on 

NII bps. These consist of some overall finance related variables which are deemed necessary by the 

authorities and central banks and other variables which are Rabobank specific. 

 

2.2.3.1 Regulatory Capital 

Regulatory Capital (RC) is an important concept in wholesale banking. It refers to the amount of 

capital that a bank must hold in order to comply with regulatory requirements. In other words, it is 

the minimum amount of capital that a bank needs to maintain in order to cover potential losses 

from credit, market, and operational risks.  

 

Regulatory Capital (RC) is a crucial component of bank regulation, and it plays a significant role in 

ensuring the safety and soundness of the banking system. The concept of RC has evolved over time, 

and it is currently governed by a set of international standards known as the Basel Accords. The 

Basel Accords were developed by the Basel Committee on Banking Supervision (BCBS), which is a 

global regulatory body that sets standards and guidelines for banking supervision (BCBS, 2010). 

 

According to the Basel Accords, banks are required to maintain a minimum level of regulatory 

capital to cover their risk exposures. Regulatory capital is divided into Tier 1 and Tier 2 capital. Tier 

1 capital is composed of equity capital and retained earnings, while Tier 2 capital includes 

subordinated debt and hybrid capital instruments. The purpose of these two tiers is to ensure that 

banks have sufficient capital to absorb potential losses. 

 

In addition to the minimum regulatory capital requirements, banks are also subject to capital 

adequacy ratios. The two most common ratios are the Tier 1 capital ratio and the Total Capital 

Ratio. The Tier 1 capital ratio is the ratio of Tier 1 capital to risk-weighted assets, while the Total 

Capital Ratio is the ratio of Tier 1 and Tier 2 capital to risk-weighted assets. 

 

The minimum amount of risk capital needed arises from the materialization of Market Risk, 

Operational Risk and Credit Risk. The calculation methods of the minimum required amount are 

determined by legislation/regulators and change over time. The minimum capital requirement is 

calculated based on the risk-weighted assets are as followed:  

 

𝑅𝐶 =
𝑅𝑊𝐴

12,5
 

 

Regulatory capital has a number of implications for wholesale banking. First, it affects a bank’s 

ability to take on risk. Banks with higher levels of regulatory capital are able to take on more risk 

than banks with lower levels of capital. Second, regulatory capital can impact a bank’s profitability. 

Banks with higher levels of capital may have lower returns on equity because they are required to 

hold more capital. Finally, regulatory capital can impact a bank’s ability to pay dividends or 

repurchase shares. Banks that do not meet the minimum regulatory capital requirements may be 

prohibited from paying dividends or repurchasing shares. 

 

 

In conclusion, Regulatory Capital (RC) is an important concept in wholesale banking. It is a key 

component of bank regulation and plays a significant role in ensuring the safety and soundness of 

the banking system. Banks are required to maintain a minimum level of regulatory capital to cover 

their risk exposures, and they are subject to capital adequacy ratios. Regulatory capital has 

implications for a bank’s ability to take on risk, its profitability, and its ability to pay dividends or 
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repurchase shares. Overall, a bank’s ability to manage its regulatory capital is critical to its success 

in the wholesale banking sector. 

 

2.2.3.2 Loss at Default 
Loss at default (LAD) is a critical aspect of credit risk management in wholesale banking. It refers to 

the expected loss incurred when a borrower defaults on their loan obligations. Institutions must 

accurately estimate LAD to determine their overall credit risk and capital requirements. 

The estimation of LAD involves several factors, including the probability of default (PD), the loss 

given default (LGD), and the exposure at default (EAD). These factors help banks to assess the 

expected loss in the event of a borrower’s default and make provisions to cover these losses. 

Several studies have explored different models and methods for estimating LAD. For example, Vrins 

& Verbeek (2007) developed a model that accounts for the correlation between PD and LGD. The 

model also considers the variability in the timing of the recovery of the outstanding debt after a 

default. 

Another approach to estimating LAD involves using Monte Carlo simulation methods. Garcia et al. 

(2015) used this method to estimate LAD for a portfolio of commercial loans. The simulation 

considered the uncertainty in the values of PD, LGD, and EAD and provided a range of possible LAD 

values. 

Several studies have also investigated the impact of different factors on LAD estimates. For 

example, Krahnen et al. (2011) examined the impact of market volatility and asset correlations on 

LAD estimates for a portfolio of securitized products. They found that the inclusion of market 

volatility and asset correlations led to higher estimates of LAD. 

The importance of accurate LAD estimates has been highlighted by several studies. For example, 

Maio & Olsen (2016) found that the underestimation of LAD led to the failure of several European 

banks during the 2008 financial crisis. Accurate LAD estimates help banks to manage their credit 

risk and maintain so adequate capital reserves to cover potential losses. 

 

In conclusion, the estimation of LAD is an essential aspect of credit risk management within 

wholesale banking. Accurate LAD estimates help banks to manage their credit risk and ensure 

adequate provisions to cover potential losses. Several models and methods are available for 

estimating LAD, including those that account for correlations between different factors and the use 

of Monte Carlo simulation. The importance of accurate LAD estimates has been demonstrated by 

the impact of underestimation on banks during past financial crises. 

 

2.2.3.3 EADRC 
Exposure at Default (EAD) and Recovery rate (RC) are two crucial parameters in credit risk 

modeling, which determine the Expected Loss (EL) of a bank’s credit portfolio. Here we focus on 

EAD and RC in Wholesale Banking, which involves lending to large corporations, financial 

institutions, and sovereign entities. This review provides an overview of the definition and 

calculation of EAD and RC, as well as the key factors affecting them. 

Exposure at Default (EAD) is defined as the amount of exposure a bank has to a counterparty at the 

time of default. It is a key parameter in credit risk modeling and is used to calculate Expected Loss 

(EL), which is the amount that a bank expects to lose due to the default of its counterparties. The 

calculation of EAD involves the estimation of the amount of funds that a counterparty has drawn 

down from the credit line, as well as any undrawn amounts that may be available. EAD can be 
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calculated using either the Standardized Approach or the Internal Ratings-Based Approach (IRB). 

Under the Standardized Approach, EAD is calculated based on a fixed percentage of the total 

exposure, while under the IRB approach, EAD is calculated using a more sophisticated methodology 

that takes into account the creditworthiness of the counterparty. 

EAD for on balance exposure 

For a facility i at point in time t the following formula applies: 

𝐸𝐴𝐷 𝑛𝑑𝑖,𝑡 = 𝑋𝑚% ∗ 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑎𝑐𝑐𝑜𝑢𝑛𝑡𝑖𝑛𝑔 𝑝𝑟𝑖𝑛𝑐𝑖𝑝𝑙𝑒 

Where: 𝑋𝑚 = (0, 20, 50) based on the maturity 

EAD for off balance exposure (undrawn Credit Line) 

𝐸𝐴𝐷 𝑛𝑑𝑖,𝑡 = 𝐶𝐶𝐹𝑖,𝑡 ∗ 𝑈𝑛𝑑𝑟𝑎𝑤𝑛 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝐴𝑀𝑜𝑢𝑛𝑡 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡 

Where: 

𝐶𝐶𝐹𝑖,𝑡 equals the (Credit) Conversion Factor that is applicable for the Undrawn Exposure Amount 

Credit Line l at point in time t. 

And where: 

𝑈𝑛𝑑𝑟𝑎𝑤𝑛 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝐴𝑀𝑜𝑢𝑛𝑡 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡

= 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝐴𝑀𝑜𝑢𝑛𝑡 𝐶𝑟𝑒𝑑𝑖𝑡 𝐿𝑖𝑛𝑒𝑖,𝑡

− ∑ 𝐸𝑥𝑝𝑜𝑠𝑢𝑟𝑒 𝑎𝑐𝑐𝑜𝑟𝑑𝑖𝑛𝑔 𝑡𝑜 𝑎𝑐𝑐𝑜𝑢𝑛𝑡𝑖𝑛𝑔 𝑝𝑟𝑖𝑛𝑐𝑖𝑝𝑙𝑒𝑠𝑖,𝑡,𝑙

𝑖=𝑜

 

Where: 

i,l,t reflects a contract i that is drawn under credit line l at point in time t 

Recovery rate (RC) is the percentage of the exposure that a bank can recover in the event of a 

default. It is another key parameter in credit risk modeling and is used to calculate EL along with 

EAD and Probability of Default (PD). RC can be estimated based on historical data or expert 

judgment, and it typically varies depending on the type of collateral and the seniority of the debt. 

In general, the higher the seniority of the debt and the better the quality of the collateral, the 

higher the recovery rate. 

Several factors affect EAD and RC in wholesale banking. These include the creditworthiness of the 

counterparty, the type of collateral, the seniority of the debt, the loan structure, and the economic 

environment. The creditworthiness of the counterparty is a key factor in determining both EAD and 

RC. A counterparty with a higher credit rating is likely to have a lower EAD and a higher RC than a 

counterparty with a lower credit rating. The type of collateral and the seniority of the debt also 

affect RC, with collateralized debt typically having a higher RC than unsecured debt. The loan 

structure can also affect EAD and RC, with revolving credit lines typically having a higher EAD than 

term loans. Finally, the economic environment can also affect EAD and RC, with a recession or 

financial crisis leading to higher EAD and lower RC. 

 

Thus, Exposure at Default (EAD) and Recovery rate (RC) are two important parameters in credit risk 

modeling. EAD represents the amount of exposure a bank has to a counterparty at the time of 

default, while RC represents the percentage of the exposure that a bank can recover in the event of 

a default. Both EAD and RC are affected by various factors, including the creditworthiness of the 

counterparty, the type of collateral, the seniority of the debt, the loan structure, and the economic 

environment. Accurate estimation of EAD and RC is essential for effective risk management within 

wholesale banking. 
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2.2.3.4 Probability of Default 
The probability of default (D1-D4), as depicted in Figure 2-3, of a counterparty over a one-year 

period. The PD is determined using financial as well as non-financial characteristics of the client in 

question, and is expressed in basis points. Initially, the Rabobank Risk Rating (RRR) is used to 

classify clients into groups having a similar PD. To allocate a rating to an enterprise, various internal 

rating models are used, depending on the segment in which the enterprise operates. For 

applications other than economic capital (e.g. pricing) a different time horizon than one-year may 

be considered appropriate.  

 

Figure 2-3: Default rating scales and definitions (Rabobank, Practical Standards for Methodology Deliverables, 
2022). 

 

2.2.3.5 Rabobank Risk Rating (RRR) 
In line with the guidelines outlined for the ‘Internal Rating Based’ (IRB) Advanced approach, as set 

out in the CRD /CRR, Rabobank applies a consistent rating methodology based on internally 

developed models. The rating system has an obligor rating scale which reflects exclusively 

quantification of the risk of obligor default. 

The non-retail models calculate an obligor probability of default (PD) (with a one year horizon) 

which is classed to a rating scale for management information; Rabobank’s Masterscale is 

described in the following section. Moreover, the model coverage is provided and the maximum 

ratings. For retail portfolios the PD’s may be assigned at obligor level or at exposure/facility level3. 

Most rating models require quantitative and qualitative data input. By making use of the override 

process and group logic, additional information or expert judgement can be included in the rating. 

In principle, data has to be current, therefore the most recent annual figures available may not be 

older than 18 months. The rating itself has to be reassessed at least every twelve months for non-

retail, extensions of this term are allowed by way of exception. In case outdated ratings are used in 

capital calculations, several requirements must be met.  

For Corporates, Institutions, Central Governments and Central Banks (CGCB), the Masterscale 

provides twenty-one non-defaulted ratings (R00 – R20) and four default-grades (D01 – D04) as 

depicted in Figure 2-4 and Figure 2-5.  



 
Page 28/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

Obligors with the same rating or grade show a similar level of default risk, irrespective of other 

aspects such as the industry. Default risk increases as ratings move from R00 to R20 and finally to 

default (D01 to D04). Associated with each rating or grade (R00 to R20 or D01 to D04) is: 

• A range of default probabilities (between lower bound PDL and upper bound PDU) 

• A geometric average probability of default (PD) 

• A qualitative description 

 

 

Whilst PD retail pools can always be mapped towards a Rabobank Risk Rating, this is not a 

requirement. However for (regulatory) reporting, retail pools are mapped towards RRR. By using 

twenty-one performing ratings and four default grades, the Rabobank’s Masterscale:  

• Provides sufficient detail to comply with the minimum required seven grades for non-

defaulted borrowers and one grade for defaulted borrowers (CRR, article 170, 1b) 

• Has a meaningful population of all risk grades without excessive risk concentration in any 

particular rating (CRR, article 170, 1d) 

• Covers the entire default risk spectrum of exposures in the bank 

 

 

Multiple rebuttable and mandatory default triggers lead to one of the 4 default internal grades. The 

internal default grades are CRR compliant and the combined four internal default grades comprise 

the two CRR default indicators: 

• ‘Past due more than 90 days’ in a material way (D01) 

• ‘Unlikely to pay’ (D02 – D04) 

The probability of default assigned to obligors/facilities is 100% (CRR article 160, 3).  

 

The Masterscale comprises twenty-one non-defaulted ratings: R00 – R20. Default risk and the 

probability of default increase as ratings move from R00 to R20 as depicted in Figure 2-4. The 

twenty-one non-defaulted ratings are grouped into nine risk classes, each with a clear description 

of the associated degree of default risk. The nine non-defaulted classes range from ‘Zero Risk’ to 

‘Weak’ and each class represents a distinct and clear range of default risk. Modifiers “+” or “-” can 

be added to distinguish the relevant individual ratings within each of the nine classes. As such the 

descriptions are sufficiently detailed to allow for a consistent assignment of obligors with the same 

risk to the same rating and to allow third parties to understand the ratings-assignment. 
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Figure 2-4: Masterscale ratings for R00 to R20 (Rabobank, Global Standard on FTP Pricing Methodology, 2018). 

 

Figure 2-5: Masterscale ratings for D01 to D04 (Rabobank, Global Standard on FTP Pricing Methodology, 2018). 
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2.2.3.6 Sustainability KPI 
Sustainability is the quality of not being harmful to people, communities, environment or depleting 

natural resources, and thereby supporting long-term social and ecological balance (Rabobank, 

Rabobank, 2023). 

Sustainability related risks and opportunities assessed in relation to the strategy and primary 

business activities of the client. These can, apart from being client-specific, also be related to the 

country or sector of the client. Rabobank risk assessment and control looks at the quality of clients’ 

risk assessment and controls, i.e., their mechanisms to identify, prevent, mitigate, remedy and 

account for potentially adverse impacts (including their risk management of supply chains). 

The sustainability KPI incorporates the likelihood of a client causing, contributing to or being linked 

to adverse social, environmental, or governance impacts. Material and salient sustainability risks 

are environmental, social and/or governmental risks that, if not properly mitigated: 

• Have a negative impact on the environment 

• Have a negative impact on the well-being of people or employees 

• Have a negative impact on the clients (credit) risk profile caused by direct (e.g. fines) or 

indirect (e.g. loss of market share, loss of operating license) financial or reputational 

damage for the client 

• Can cause financial or reputational damage to Rabobank 

Sustainability performance is a measure of how advanced the sustainability approach is of a client 

based on its sustainability strategy, governance, transparency and reporting, supply chain 

management and its business and investment schemes. A clients relative sustainability 

performance (or client photo) indicates how advanced the sustainability approach of a client is 

relative to its peers. Global Standard Embedding Sustainability in Credit risk assessment for 

Wholesale and Rural clients v1.4 7 It identifies whether the client is a frontrunner (A), an average 

performer (B) or a laggard (C). Furthermore there is a separate client photo category which 

indicates that a client is policy noncompliant (D) or policy non-compliant with improvement plan 

(D+) versus Rabobank’s Sustainability Policy Framework.  

The sustainability assessment is comprised of an assessment of the counterparties’ compliance 

with Rabobank’s Sustainability Policy Framework, its sustainability performance (expressed as the 

numerical sustainability score) and its relative sustainability performance (expressed as the client 

photo ranging from D+ to A). In the current sustainability version, sustainability automatically 

translates the numerical sustainability score of Wholesale clients into a client photo based on fixed 

brackets (1 point: D/D+ (non-compliant), 10 – 20 points: C (Laggard), 21 – 30 points (B (Average 

performer), 31 – 40 points: A / Frontrunner). It does not take into consideration differentiating 

factors like company size, the sensitive sectors and region the company is active in and its position 

in the supply chain. Since the sustainability analysts do take these differentiating factors into 

consideration when providing an ISA on Potentially High Risk clients, his/her recommendation may 

differ from the outcome of the sustainability assessment. For trading companies with no 

investments in activities with large sustainability impacts (e.g. mining or downstream activities like 

refining or fertilizer production), a separate model has been developed to determine the 

sustainability performance and relative sustainability performance for this specific category of 

traders (the Pure Trader Model). 
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2.2.3.7 NAICS 
The North American Industry Classification System (NAICS) is a standardized system used by various 

industries in North America to classify and categorize businesses into industry sectors based on 

their primary economic activity. The wholesale banking industry is one such industry that uses the 

NAICS system to classify its customers based on their economic activity. We aim to provide an 

overview of the NAICS system, its relevance to wholesale banking, and our research conducted on 

this topic. 

The NAICS system was developed jointly by the statistical agencies of Canada, Mexico, and the 

United States to provide a common industry classification system to facilitate the collection, 

analysis, and dissemination of industry data among these countries. The system is updated every 

five years to reflect changes in the economy and is currently in its sixth revision. The NAICS system 

uses a hierarchical structure to classify businesses into industry sectors, subsectors, industry 

groups, and industries based on their economic activity. 

Banking is one of the industries that use the NAICS system to classify its customers. Wholesale 

banks provide financial services to businesses, governments, and other financial institutions rather 

than individual consumers. Therefore, Rabobank amongst others use the NAICS system to classify 

their customers based on their primary economic activity to determine their creditworthiness and 

risk profile. This classification system helps banks to develop products and services that are specific 

to the needs of different industries and manage risk more effectively. 

Research has been conducted to examine the relevance of the NAICS system to the wholesale 

banking industry. For instance, a study by Li (2018) examined the impact of industry classification 

on the credit risk of small and medium-sized enterprises (SMEs) in China. The study found that 

using the NAICS system to classify SMEs into different industries can help banks to better assess 

their credit risk and develop appropriate risk management strategies. Another study by Serrani-

Cinca et al. (2017) examined the impact of the NAICS system on the performance of Spanish banks. 

The study found that using the NAICS system to classify customers can help banks to develop 

customized products and services, leading to better customer satisfaction and higher profitability. 

The NAICS system is a standardized classification system used by various industries in North 

America, including wholesale banking but used globally (NAICS, 2022). The system helps wholesale 

banks to classify their customers based on their primary economic activity to determine their 

creditworthiness and manage risk more effectively. Research has shown that using the NAICS 

system to classify customers can help banks to better assess their credit risk, develop customized 

products and services, and improve their performance. Therefore, the NAICS system is an 

important tool for wholesale banks in managing risk and providing better services to their 

customers. Figure 2-6 depicts the depicts the main categories based on sector code in the NAICS. 
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Figure 2-6: NAICS sector codes. 
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3 Model 

3.1 What benchmark techniques can be used to compare net interest 
income? 
Firstly, we discuss suitable benchmark models. Here we will explain the differences between the 

models. Hereafter, one model will be chosen which best suits our research goals. Finally, 

restrictions and adjustments which are made to the model will be explained and presented to the 

reader. 

 

3.1.1 What are suitable benchmark frameworks? 
Machine learning (ML) and artificial intelligence (AI) are rapidly gaining popularity in the finance 

and wholesale banking sector. These technologies are being used to improve financial forecasting, 

time series analysis, and multiple linear regression. We briefly discuss the application of machine 

learning, artificial intelligence, financial forecasting, time series analysis, and multiple linear 

regression within finance and wholesale banking. Hereafter, an appropriate model is proposed in 

order to benchmark NII per region and per sector. 

 

3.1.1.1 Financial forecasting 
Financial forecasting is the process of predicting future financial performance based on historical 

data. ML and AI are being used to improve the accuracy of financial forecasts. These technologies 

are being used to analyze data and make predictions about market trends, stock prices, and other 

financial indicators. 

Financial forecasting is an essential process in the finance and wholesale banking industries. It 

involves making predictions about future financial performance, which can help businesses make 

informed decisions about investments, budgeting, and other financial activities. To ensure the 

accuracy of financial forecasts, various forecasting methods and assumptions are used. 

Additionally, mathematical calculations are used to quantify the relationship between different 

financial variables and predict future outcomes.  

 

Financial forecasting methods are divided into two categories: qualitative and quantitative. 

Qualitative methods are subjective and rely on expert opinions, surveys, and market research. 

Quantitative methods, on the other hand, use statistical models and mathematical calculations to 

analyze historical data and make future predictions. Some of the most common quantitative 

forecasting methods used in finance and wholesale banking include time series analysis, multiple 

linear regression, and exponential smoothing. 

 

When using financial forecasting methods, we make certain assumptions to ensure the accuracy of 

predictions. Some of the common assumptions include the stability of relationships between 

different financial variables, independence of errors, and normal distribution of errors. It is crucial 

to test these assumptions to ensure that they are valid and reliable. 

 

Mathematical calculations play a crucial role in financial forecasting. For instance, time series 

analysis involves calculating moving averages, seasonal indices, and trend coefficients to identify 

patterns and trends in historical data. Multiple linear regression involves calculating standardized 

beta coefficients and residuals to quantify the relationship between different financial variables. 

Exponential smoothing involves calculating weighted averages of historical data to predict future 

outcomes. 
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Financial forecasting is a critical process that helps businesses make informed decisions about 

investments and financial activities. Various forecasting methods, assumptions, and mathematical 

calculations are used to ensure the accuracy of financial forecasts. The use of quantitative methods 

such as time series analysis, multiple linear regression, and exponential smoothing is prevalent in 

the finance and wholesale banking industries. 

 

 

3.1.1.2 Time series 
Time series analysis is a statistical technique that is used to analyze data over time. This technique 

is widely used in finance and wholesale banking for forecasting and risk management. ML and AI 

are being used to improve the accuracy of time series analysis by analyzing large data sets and 

identifying patterns. 

Forecasting is an important part of financial decision-making, allowing organizations to anticipate 

future trends and plan accordingly Hyndman et al. (2018). Time series methods have proven to be 

effective in financial forecasting, as they consider historical data to make predictions about future 

outcomes. However, there are important assumptions that need to be made when using time 

series for forecasting, and it is essential to understand how to interpret the results obtained from 

these methods. 

 

Time series methods for financial forecasting include univariate methods such as ARIMA 

(AutoRegressive Integrated Moving Average) and exponential smoothing, as well as multivariate 

methods such as Vector Autoregression (VAR) and Vector Error Correction Model (VECM) Shumway 

et al. (2017). ARIMA models consider the autocorrelation and seasonality in the data, while 

exponential smoothing considers the trend and level of the data. VAR and VECM models consider 

the relationships between multiple time series and can be useful in capturing the interdependence 

of financial variables. 

 

It is important to make certain assumptions when using time series methods for financial 

forecasting. For example, we assume that the data are stationary, meaning that its statistical 

properties do not change over time. Thus, one may assume the mean, variance and autocorrelation 

structure are constant over time. This assumption is important because time series methods work 

best on stationary data. In addition, we assume that the relationships between variables do not 

change over time, which can be tested using cointegration analysis which checks if there is a vector 

of coefficients to form a stationary linear combination. 

 

Interpretation of results from time series methods is also important. Forecast accuracy measures 

such as mean absolute error (MAE), mean squared error (MSE), and root mean squared error 

(RMSE) are commonly used to evaluate the performance of the models Banerjee et al. (1993). 

Additionally, residual analysis can be used to check for any patterns in the errors, which may 

indicate that the model needs to be refined. 

 

In conclusion, time series methods have proven to be effective in financial forecasting, and there 

are several methods available for use, including univariate and multivariate methods. However, it is 

important to make certain assumptions and to understand how to interpret the results obtained 

from these methods. The accuracy of the forecasts can be evaluated using various measures, and 

residual analysis can be used to identify any patterns in the errors. Further research is needed to 

develop more advanced time series methods for financial forecasting, as well as to improve our 

understanding of the assumptions and interpretation of results. 
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3.1.1.3 Machine learning and artificial intelligence 
Machine learning (ML) and artificial intelligence (AI) are being used in finance and wholesale 

banking to automate processes and improve efficiency. These technologies are being used to 

analyze large data sets and make predictions.  

Machine learning is a subfield of artificial intelligence that deals with the design and development 

of algorithms that can learn patterns and relationships in data without being explicitly 

programmed. Supervised learning is one of the main categories of machine learning where a model 

is trained to make predictions based on labelled data. In supervised learning, the model is trained 

on a labelled dataset, which consists of input features and their corresponding output labels. The 

model then uses this training data to make predictions on new, unseen data Hastie et al. (2009). 

 

Once a machine learning model has been trained, it’s important to evaluate its performance to 

ensure that it’s working as expected. Some common metrics for evaluating the performance of a 

supervised learning model include accuracy, precision, recall, and F1-score. In addition, confusion 

matrices, ROC curves, and precision-recall curves can provide additional insight into the model’s 

performance Shalev et al. (2014). 

 

In conclusion, supervised learning is a crucial part of machine learning that involves training a 

model on labelled data to make predictions on new, unseen data. Understanding the important 

assumptions and interpretation of results is crucial for developing accurate and effective machine 

learning models. Despite its popularity, supervised learning is not without its limitations and 

challenges, and it’s important to keep in mind that machine learning models are only as good as 

the data they are trained on. We will elaborate further on this in Section 0. 

 
 

3.1.1.4 Multiple Linear Regression 

Multiple linear regression (MLR) is a widely used statistical technique in finance and other fields to 

analyze the relationship between two or more independent variables and a dependent variable. ML 

and AI are being used to improve the accuracy of multiple linear regression by analyzing large data 

sets and identifying patterns. The use of MLR assumes certain assumptions to be met, and the 

resulting output includes standardized and unstandardized coefficients, standardized and 

unstandardized residuals, predicted values, R, R-squared, adjusted R-squared, and other important 

components.  

 
The multiple linear regression model is based on several important assumptions, which must be 

met for the results of the analysis to be valid. These assumptions are similar to ML and include 

linearity, independence of observations, normality of residuals, homoscedasticity, and absence of 

multicollinearity James et al. (2013). 

• Linearity assumes that the relationship between the dependent variable and the 

independent variables is linear. This means that the change in the dependent variable is 

proportional to the change in the independent variable. If the relationship is not linear, 

nonlinear transformations of the independent variables should be used to make the 

relationship linear. 

• Independence of observations assumes that the observations in the dataset are 

independent and not influenced by each other. This is important because it affects the 

accuracy of the regression coefficients. 

• Normality of residuals assumes that the residuals, which are the differences between the 

observed and predicted values, are normally distributed. This is important because it 

affects the validity of hypothesis tests and the interpretation of confidence intervals. 
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• Homoscedasticity assumes that the variance of the residuals is constant for all values of 

the independent variables. This is important because it affects the accuracy of the 

estimation of the standard errors of the regression coefficients and the hypothesis tests. 

• Absence of multicollinearity assumes that the independent variables are not highly 

correlated with each other. This is important because it affects the accuracy of the 

estimation of the regression coefficients and the interpretation of the results. 

 

It is important to check that these assumptions are met before interpreting the results of a MLR. If 

the assumptions are not met, the results may be biased or unreliable. Nevertheless, depending on 

which assumptions are violated, there are solution which can be applied to the tested dataset. We 

will elaborate more on these techniques in section 0. Tools such as SPSS, R, Excel, Python, SAS or 

STATA may be used to apply MLR and test the underlying assumptions. 

 
Interpreting the results of a multiple linear regression analysis involves understanding the 

coefficient estimates, the overall fit of the model, and the assumptions that were made. The 

coefficient estimates represent the change in the dependent variable for a one-unit change in the 

independent variable, holding all other independent variables constant. The overall fit of the model 

is evaluated by measures such as R-squared, adjusted R-squared, and the residuals plot Hair et al. 

(2014). It is important to examine the residuals plot to check for the presence of patterns, which 

could indicate the need for transformations of the independent variables or the presence of 

outliers. The abovementioned is done in Section 3.1.2.2. 

Standardized coefficients (beta coefficients) are a measure of the relative importance of each 

independent variable in the model. They indicate how much the dependent variable changes in 

standard deviations when an independent variable changes by one standard deviation, while 

holding other independent variables constant. The beta coefficients of the independent variables 

can be used to determine the strength and direction of the relationship between each independent 

variable and the dependent variable. Moreover, they can be used to analysis different MLR results 

to each other. Unstandardized coefficients (b coefficients) indicate the change in the dependent 

variable for a one-unit change in the independent variable.  

 

Standardized residuals are the differences between the actual values of the dependent variable 

and the predicted values from the MLR model, divided by the standard deviation of the residuals. 

They are a measure of how well the model fits the data, with smaller residuals indicating a better 

fit. Unstandardized residuals are the raw differences between the actual and predicted values. 

 

Predicted values are the values of the dependent variable predicted by the MLR model for a given 

set of values of the independent variables. The dependent variable is the variable we aim to explain 

or predicts where all other variables are independent variables. 

 

R (correlation coefficient) measures the strength of the linear relationship between the 

independent variables and the dependent variable. R-squared (coefficient of determination) 

provides a measure of the proportion of the variance in the dependent variable that is explained by 

the independent variables in the model. Adjusted R-squared adjusts R-squared for the number of 

independent variables in the model. The latter gives more conservative prediction on the 

percentage that the model explains.  

 

Other important components of MLR include the F-test for overall significance of the model, the t-

tests for individual coefficients, the Durbin-Watson statistic for detecting autocorrelation in the 

errors, and the VIF (variance inflation factor) for detecting multicollinearity among the independent 

variables. 
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As explained previously, MLR can be used to explain the relationship between variables and/or be 

used to make predictions in the future. If one would like to use the output of MLR to make 

predictions about the future, one would use the unstandardized beta coefficient to multiply with its 

independent variable to predict the dependent variable. Using the unstandardized beta coefficient, 

one could make a formula as follows: 

 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽1𝑥𝑖2+. . +𝛽𝑝𝑥𝑖𝑝 + 𝜖 

     Where, for 𝑖 = 𝑛 observations: 

  𝑦𝑖 = 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

  𝑥𝑖 = 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 (𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑜𝑟𝑦) 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

  𝛽0 = 𝑦 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 (𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑡𝑒𝑟𝑚) 

  𝛽ℎ = 𝑠𝑙𝑜𝑝𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 𝑓𝑜𝑟 𝑒𝑎ℎ 𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑜𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒          ℎ = 1, … . , 𝑝 

  𝜖 = 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙′𝑠 𝑒𝑟𝑟𝑜𝑟 𝑡𝑒𝑟𝑚 (𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠) 

 

 

In conclusion, MLR is a statistical technique for analyzing the relationship between two or more 

independent variables and a dependent variable. However, certain assumptions need to be met, 

including linearity, normality, constant variance of the errors, and independence of the errors. MLR 

also produces important output measures such as standardized and unstandardized coefficients, 

standardized and unstandardized residuals, predicted values, R, R-squared, and adjusted R-

squared, which help to interpret the results and assess the goodness of fit of the model. 

Understanding the mathematical calculations behind each component is crucial for proper 

interpretation of the output. 
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3.1.2 What is an appropriate model when benchmarking NII? 
We elaborate which model is best suited in order to find underlying relationships between 

variables that have an effect on the NII bps. We will first discuss why ML is not suited for our 

research and the pitfalls when using it. Secondly, we will elaborate on which model is best suited 

and how we have applied it to our case. Here, we will also discuss adjustments made to our model. 

3.1.2.1 Model to be applied 

Machine learning (ML) is a tool that has been widely adopted in many industries, including finance 

and wholesale banking. However, there are also concerns and debates regarding the use of ML in 

these sectors.  

 

One of the key issues with using machine learning in finance and wholesale banking is that the 

models can be complex and difficult to interpret. This can make it challenging to understand how 

the model arrived at its predictions and decisions. The lack of transparency can lead to distrust 

from stakeholders, regulators, and customers (Merkle, 2019). 

 

Secondly, ML models can be prone to overfitting, where the models perform well on the training 

data but perform poorly on new, unseen data. This is a significant problem in finance because poor 

predictions or decisions can lead to significant financial losses. 

 

Moreover, ML models require large amounts of high-quality data to perform well. However, in 

banking, data can be sparse, incomplete, or of low quality Kim et al. (2019). This can result in 

inaccurate predictions or decisions that can lead to significant financial losses. 

 

Finally, ML models can be sensitive to changes in the data or the environment, which can make 

them unstable. This can be a significant concern because the model may not perform well in new 

or changing market conditions Zhang et al. (2019). 

 

Machine learning is a tool that has been widely adopted in many industries. However, in finance 

and wholesale banking, there are concerns regarding the use of ML due to issues of transparency 

and interpretability, overfitting, data quality, and model stability. While ML can be beneficial in 

some cases, it is important to carefully evaluate the risks and benefits before adopting these 

technologies in these sectors. Due to the high importance of transparency and regulation within 

banking, we have opted to not apply a supervised ML model to our internal benchmark. 

 
 

Thus, which model would suit our defined problem? As we are interested in being able to explain 

the relationships between variables, financial forecasting would not suit our benchmark model. 

Time series analysis could help us in our final benchmark model however it could not be used on its 

own to explain the complex relationships we aim to analyze. Nevertheless, MLR is a statistical 

technique that allows the relationship between multiple variables to be analyzed. In finance, MLR 

can be a valuable tool for analyzing variables and predicting outcomes.  

MLR allows the relationships between multiple variables to be analyzed, which can help to identify 

how variables are related and which variables are most important for our outcomes. This can be 

valuable for analyzing variables such as interest rates, inflation, and exchange rates and thus 

exactly what we aim for. 

Moreover, MLR can be used to predict outcomes based on the relationship between multiple 

variables. In finance and wholesale banking, this can be valuable for predicting outcomes such as 

stock prices, loan defaults, and credit ratings Kozak et al. (2014). Note, that we would not want 

MLR to be used solely to predict the future. Nevertheless, the predictive power could be used for 
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the Control Wholesale business to test their assumptions concerning a company, region, sector or 

any other variable. 

Additionally, MLR can be used to test hypotheses about the relationship between variables. In 

finance, this can be valuable for testing hypotheses about the effects of policy changes, market 

trends, and other factors on outcomes such as economic growth, inflation, and interest rates Li & 

Peng (2017). Here, non-standardized beta coefficient should be used to form the formula of MLR. 

Nevertheless, for our research we will only use standardized beta coefficients in order to analyze 

the different positive or negative weights of independent variables (IBM, 2016). Using the 

standardized beta coefficients, we can compare the results of different MLR’s and results of 

independent variables. 

MLR is a flexible technique that can be adapted to a wide range of applications within finance. It 

can be used to analyze relationships between variables at different levels of granularity, including 

individual securities, portfolios, and macroeconomic variables. 

Thus, our chosen model will be a MLR as we deem it better suited for our problem compared to 

ML. ML can be complex and difficult to interpret which can lead to distrust of stakeholders and 

regulators. Moreover, ML is prone to overfitting which could lead to significant financial loses. On 

the contrary, MLR is a valuable tool for analyzing variables and predicting outcomes in finance and 

wholesale banking. It allows relationships between multiple variables to be analyzed, which can 

help to identify how variables are related and which variables are most important for predicting 

outcomes. It can also be used to predict outcomes, test hypotheses, and is a flexible technique that 

can be adapted to a wide range of applications in these sectors. We have opted to use the tool 

SPSS to execute our MLR as it can analyze big dataset, provide methods to test for violation of 

assumption and is quick in processing output results. 

 

3.1.2.2 Proposed model and important notes and changes 
Rabobank has provided access to their database from which a dataset is retrieved. The first dataset 

retrieved contained monthly transactions within our scope as discussed in section 1.4. Thus, the 

dataset contained important variables on a monthly basis and on contract level dating back until 

2018. The variables here were month and year of the transaction, NII bps, location, region, sector 

level 01-03, currency, nominal, outstanding, EAD RC, expected loss RC, Regulatory Capital Credit 

Risk, LAD, Net interest income, other net interest income, Sustainability KPI, GII bps and FTP bps. 

While setting the dependent variable as NII bps and using the others as independent variables, we 

quickly violated one or more of the underlying assumptions of MLR. We found that the variables 

nominal, EAD RC, expected loss RC, Regulatory Capital Credit Risk, Net interest income, other net 

interest income and GII bps violated the assumptions of heteroscedasticity, multicollinearity or 

provided an adjusted R-squared of 1 which is impossible as it would imply that we could predict all 

the variation of the NII bps. Moreover, while testing the remaining variables, we found that time 

was having correlation with our results. 

Thus, we have applied a time series analysis to determine the size of the dataset. Here we found 

that using a dataset of the last 2 years (2021 and 2022), time doesn’t play a significant role in the 

NII bps. As is depicted in Figure 3-1, we see that covid has had major impact on the NII bps after 

which some months are taken into account for the NII bps to stabilize. Here the axis are hidden due 

to confidentiality however it depicts the NII bps over time. 
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Figure 3-1: NII bps over time. 

Moreover, we have expanded our dataset with other variables such as Rabobank Risk Rating, 

Probability of default and NAICS as these were deemed of importance by business. It must be 

noted that some variables which do not have scales are coded as dummy variables. This is the case 

for the following variables: Region, location, RiskRatingGrouped, FacilityCurrency (grouped). A 

grouped variable imply it can take on all the possible values within that variable. Ungrouped 

variables is where the possible values, e.g. each location, will become its own variable. We will 

eventually ungroup the dummy variables and add them as scales to the model. This will give us 

better use cases for our sensitivity analysis to do further research. A list of the variables found 

within the dataset and the ones used in SPSS can be found in the table below. 

Columns Meaning and usage 

Month Month (only used for time series analysis) 

Contract Contract corresponding to entity 

Contract start date Start date of contract 

Contract end date End date of contract 

Region Region in which company is situated 

Location Location in which company is situated 

Rabobank sector level 01 to 03 Rabobank sector specification  

Risk Rating Rabobank’s Risk Rating 

Risk Rating PD Average Probability of default per risk rating 

Naics Code (ranging from 2 numbers to 6) North American Industry Classification System 

where 2 and 3 numbered NAICS are used 

Oustanding Oustanding amount 

EAD RC EAD RC amount 

LAD Loss at default amount 

Sustainability KPI Sustainability KPI 
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FTP bps Fund Transfer Price in basepoints 

NII bps Net Interest Income in basepoints 

Location grouped Locations auto recorded with SPSS as depicted 

in Section 8.1 

Risk Rating grouped Risk ratings auto recorded with SPSS as 

depicted in Section 8.1 

Currency grouped Currencies auto recorded with SPSS as 

depicted in Section 8.1 

Location ungrouped Each location will become its own variable 

taking on values 1 or 0 

Risk Rating ungrouped Each risk rating will become its own variable 

taking on values 1 or 0 

Currency ungrouped Each currency will become its own variable 

taking on values 1 or 0 

 

It must be noted that for grouped variables, the use of auto recoding in SPSS results in categorial 

variables to be recoded in numerical values in alphabetical order. We have tested other ways to 

recode these grouped variables with more logic, e.g. according to population size, currency index 

and so forth, however no noticeable changes were found in the standardized beta coefficients and 

adjusted R-squared. Nonetheless, the grouped variables will only be used in the first iteration of 

the MLR after which each variable will be ungrouped in their respectively iteration to see the true 

influence of a certain risk rating, location or currency.  

We have also looked into adding the contract length variable as some contract work with several 

months of EURIBOR. EURIBOR contracts have floating interest rates agreement and thus different 

CoF. Nevertheless, we weren’t able to add the above as we were unable to align both databases.  

 

Now that we have decided which variables to use, we have added all the datapoints into SPSS. We 

must note that we have already applied some filtering within excel to remove rows where blank 

cells are found within the variable columns. Nevertheless, to ensure that each variables (columns) 

has data, we add an additional filtering within SPSS. Here we also want to get rid of rows containing 

variables which are defined as “Unspecified”. Finally, we will filter out NII bps values bigger then 

1000 as these are deemed outliers. The above to mentioned points is achieved by applying the 

following formula in SPSS: 

 

𝑁𝐼𝐼𝑏𝑝𝑠

< 1000 𝐴𝑁𝐷 𝑁𝑀𝐼𝑆𝑆(𝑆𝑝𝑅𝑖𝑠𝑘𝑅𝑎𝑡𝑖𝑛𝑔𝑃𝐷𝐴𝑣𝑒𝑟𝑎𝑔𝑒, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔, 𝐸𝐴𝐷𝑅𝐶, 𝐿𝐴𝐷, 𝑆𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝐾𝑃𝐼, 𝐴𝑣𝑔𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑃𝐷)

< 0.00001 𝐴𝑁𝐷 𝑈𝑛𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑 = 0 𝐴𝑁𝐷 𝑈𝑛𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑𝐶𝑢𝑟𝑟𝑒𝑛𝑐𝑦 = 0 

 

The abovementioned formula ensures that NII bps may not be bigger then 1000, all the used 

variables may not have a number missing, and no variable may be defined as “Unspecified”.  

 

We are now able to run the first iteration of the MLR and investigate if all the assumptions are once 

again met. The above formula reduces our dataset from 175.000 datapoints to 132.611. The results 

of the first iteration are as follows: 
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Figure 3-2: Normality plot. 

 
Figure 3-3: Linearity plot. 
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Figure 3-4:Homoscedasticity plot standard residuals versus predicted value. 

The standardized residual is found by dividing the difference of the observed and expected values 

by the square root of the expected value. It is  a measure of the strength of the difference between 

observed and expected values. 

Standardized predicted values is a transformation of each predicted value into its standardized 

form. That is, the mean predicted value is subtracted from the predicted value, and the difference 

is divided by the standard deviation of the predicted values. Standardized predicted values have a 

mean of 0 and a standard deviation of 1 (IBM, 2016). 

 

The formula of the first iteration is as follows: 

 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽1𝑥𝑖2+. . +𝛽𝑝𝑥𝑖𝑝 + 𝜖 

     Where, for 𝑖 = 𝑛 observations: 

  𝑦𝑖 = 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

  𝑥𝑖 = 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 (𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑜𝑟𝑦) 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

  𝛽0 = 𝑦 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 (𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑡𝑒𝑟𝑚) 

  𝛽ℎ = 𝑠𝑙𝑜𝑝𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑜𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒          ℎ = 1, … . , 𝑝 

  𝜖 = 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙′𝑠 𝑒𝑟𝑟𝑜𝑟 𝑡𝑒𝑟𝑚 (𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠) 

And where the 𝑥𝑖’s are: Sustainability KPI, Risk Rating PD average, NAICS (two digits), Risk rating 

grouped, Outstanding, Location, LAD, FTP bps, Facility Currency. 

 

Normality violation will affect the estimates of the standard error (SE) and the confidence interval 

(CI), and hence the significance of the risk factors. To provide robust estimates of SE, bootstrap 

techniques or nonparametric regression model can be performed. Nevertheless, these techniques 

require large sample sizes and are very sensitive to outliers (IOVS, 2019). It is more accurate to 

check whether the errors in a MLR are normally distributed or the dependent variable has a 

conditional normal distribution. 

 

By the law of large numbers and the Central Limit Theorem (CLT), the ordinary least squares (OLS) 

estimators in MLR may assumed to be approximately normal distributed around the true 

parameters values, thus the CI and estimated parameters remains robust. As our sample size 

consists of more than 160.000 datapoints, we may assume that Figure 3-3 is still normally 

distributed as the sample size is large enough, CLT kicks in and justifies that the OLS estimators are 



 
Page 44/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

well approximated by a multivariate normal distribution regardless of the distributions of the error 

terms (Zhu, 2022). Moreover, when applying a Jarque Berra test, we find a p-value 0.3921 and thus 

implying we do not have sufficient evidence to say the dataset is not normally distributed. 

 

Multicollinearity assumptions are met if the VIF values lies between 1-10, thus then there is no 

multicollinearity. However, if the VIF values are <1 or >10, then there is some form of 

multicollinearity and thus the assumption is violated. Nevertheless, the above does not hold if one 

uses dummy variables. In case of more than 3 dummy variables, significance (p) and high level of 

VIFs do not imply that the multicollinearity assumption is violated (Allison, 2012). As our model 

uses 40+ dummy variables, some higher amount of VIFs are sometimes detected where there is no 

true multicollinearity. 
 

For the used dataset, we have tested the dependent variable NII bps versus the standard residuals 

in order to ensure that the homoscedasticity assumption is met. As the dataset is very large, we 

cannot easily check this assumption by looking at the residual graph as depicted in Figure 3-4. 

Figure 3-4 depicts the standard residuals versus the standard predicted values. Moreover, one may 

spot some linear transformation however these are caused by the coded grouped dummy 

variables. However, we can test de dependent variable with the standard residuals and figure out if 

the gamma factor is larger than 0.5. If this is true, it implies our dependent variable contains some 

form of heteroskedasticity James & Knaub (2019). From the data, we have found that the gamma is 

near 0 as depicted in Figure 3-6 thus implying the assumption of homoscedasticity is not violated 

and thus we may apply MLR. Figure 3-6 depicts the absolute difference between NII bps (Y) and 

standard residuals (Y’), namely |𝑒| = 𝑌 − 𝑌′. 

However, we see some sort of deviation in the test data, as depicted in Figure 3-5. Nonetheless, 

this can be attributed to time series component. As time progresses, variance of the standard 

residuals may increase due to unforeseen changes in population size, number of open contracts 

and other factors. Therefore, we have decided only to look at the last 2 years to decreases the 

influence of time series and to remove the anomaly/ black swan event caused by the covid crash. A 

time series analysis in SPSS didn’t discover any significance influence of time on the NII bps for the 

last two years. Thus, it is sound to use the dataset of 2021 and 2022. 

 

Figure 3-5: NII bps (Y) versus standard residuals (Y’). 
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Figure 3-6: Absolute difference between NII bps and standard residuals versus standard residuals. 

 

As described earlier, the OLS estimators are well approximated by a multivariate normal 

distribution regardless of the distributions of the error terms. It must be noted that we will check 

the violation of the assumptions after each iteration during the research. Moreover, our model 

uses 40+ dummy variables, some higher amount of VIFs are sometimes detected where there is no 

true multicollinearity. Finally, from the data, we have found that the gamma is near 0 as depicted in 

Error! Reference source not found. thus implying the assumption of homoscedasticity is not v

iolated and thus we may apply MLR. Thus, all the assumptions of the MLR model are met and thus 

we may continue applying our model. 

For any violations, appropriate action will be taking by removing the corresponding variables. 

Moreover, it is of importance though to filter out more outliers in order to finetune our MLR 

output results. Outliers are filtered out when the they have a standard residual value outside of the 

boundaries of x such as:  

−3,29 < 𝑥 > 3,29          𝑤ℎ𝑒𝑟𝑒 𝑥 = 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 

This can be achieved by the following formula in which we change the standardized residuals.  

𝑁𝐼𝐼𝑏𝑝𝑠

< 1000 𝐴𝑁𝐷 𝑁𝑀𝐼𝑆𝑆(𝑆𝑝𝑅𝑖𝑠𝑘𝑅𝑎𝑡𝑖𝑛𝑔𝑃𝐷𝐴𝑣𝑒𝑟𝑎𝑔𝑒, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔, 𝐸𝐴𝐷𝑅𝐶, 𝐿𝐴𝐷, 𝑆𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝐾𝑃𝐼, 𝐴𝑣𝑔𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑃𝐷)

< 0.00001 𝐴𝑁𝐷 𝑈𝑛𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑 = 0 𝐴𝑁𝐷 𝑈𝑛𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑𝐶𝑢𝑟𝑟𝑒𝑛𝑐𝑦 = 0 𝐴𝑁𝐷 𝑍𝑅𝐸_1 <

=  3.29 𝐴𝑁𝐷 𝑍𝑅𝐸_1 >=  −3.29 

 

The abovementioned formula ensures that NII bps may not be bigger then 1000, all the used 

variables may not have a number missing, and no variable may be defined as “Unspecified”. 

Moreover, the standard residuals smaller then -3,29 and bigger then 3,29 are filtered out. 
 

When applying the model per region, we will use the following formula in order to filter them to 

their respectively region. 

𝑁𝐼𝐼𝑏𝑝𝑠

< 1000 𝐴𝑁𝐷 𝑁𝑀𝐼𝑆𝑆(𝑆𝑝𝑅𝑖𝑠𝑘𝑅𝑎𝑡𝑖𝑛𝑔𝑃𝐷𝐴𝑣𝑒𝑟𝑎𝑔𝑒, 𝑂𝑢𝑡𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔, 𝐸𝐴𝐷𝑅𝐶, 𝐿𝐴𝐷, 𝑆𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦𝐾𝑃𝐼, 𝐴𝑣𝑔𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑃𝐷)

< 0.00001 𝐴𝑁𝐷 𝑈𝑛𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑 = 0 𝐴𝑁𝐷 𝑈𝑛𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑒𝑑𝐶𝑢𝑟𝑟𝑒𝑛𝑐𝑦 = 0 𝐴𝑁𝐷 𝑅𝑒𝑔𝑖𝑜𝑛

= 1 𝐴𝑁𝐷 𝑍𝑅𝐸_1 <=  3.29 𝐴𝑁𝐷 𝑍𝑅𝐸_1 >=  −3.29 
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The abovementioned formula ensures that NII bps may not be bigger then 1000, all the used 

variables may not have a number missing, and no variable may be defined as “Unspecified”. 

Moreover, the standard residuals smaller then -3,29 and bigger then 3,29 are filtered out. Finally, 

the selected region in the formula is equal to 1 which corresponds to Asia. 
 

In Section 8.1, one can find the grouped dummy coded variables. Concerning the dummy coding of 

the ordinal scale variables, Figure 3-7 depicts a section of how they will look like. Each currency, 

risk rating and location will be split up and become their own variable with values 0 or 1. Thus a 

new column will be added for a variable, e.g. R1, where it will take on a value of 1 if the risk rating 

is equal to R1 and elsewhere it will take on the value 0.  

 

Figure 3-7: A selection of dummy variables MLR 

The formula of the second iteration is as follows: 

 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥𝑖1 + 𝛽1𝑥𝑖2+. . +𝛽𝑝𝑥𝑖𝑝 + 𝜖 

     Where, for 𝑖 = 𝑛 observations: 

  𝑦𝑖 = 𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 

  𝑥𝑖 = 𝑖𝑛𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡 (𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑜𝑟𝑦) 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 

  𝛽0 = 𝑦 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 (𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 𝑡𝑒𝑟𝑚) 

  𝛽ℎ = 𝑠𝑙𝑜𝑝𝑒 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡𝑠 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑒𝑥𝑝𝑙𝑎𝑛𝑎𝑡𝑜𝑟𝑦 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒          ℎ = 1, … . , 𝑝 

  𝜖 = 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙′𝑠 𝑒𝑟𝑟𝑜𝑟 𝑡𝑒𝑟𝑚 (𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠) 
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And where the 𝑥𝑖’s are: Sustainability KPI, Risk Rating PD average, NAICS (three numbered), Risk 

rating grouped, Outstanding, Location, LAD, FTP bps, Facility Currency. 

 

All hereafter iteration’s will use the dummy coded variables to find the true influence of the 

categorial variables. Here the 𝑥𝑖’s are:  

Sustainability KPI, Risk Rating PD average, two number NAICS (11, 21, 22, 23, 31, 32, 33, 42, 44, 45, 

48, 49, 51, 52, 53, 54, 55, 56, 71, 72, 92), R2, R3, R4, R5, R6, R7, R8, R9, R10, R11, R12, R13, R14, 

R15, R16, R17, R18, R19, R20, D2, D3, D4, Outstanding, Atlanta, Singapore, Brazil, India, Germany, 

France, Turkey, Hong Kong, Spain, Mexico, Shanghai, Chicago, Canada, Ireland, Australia, Belgium, 

New Zealand, Italy, London, Argentina, Chile, Kenya, New York, LAD, FTP bps, USD, INR, RMB, MXN, 

AUD, HKD, GBP, CAD, NZD, SEK, NOK, HUF, PLN, DKK. 
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4 Results 

4.1 Benchmark results 
Firstly, we dive into the main results generated by the benchmark model which is applied on the 

entire dataset for all regions. The benchmark model serves as a standard to which the different 

regions can be analyzed. We will take a look at the results when all variables are grouped together 

after which we will further investigate the cause of some standardized beta coefficients. Moving 

forward, we will refer to standardized beta coefficient as beta coefficient as we do not look into the 

non-standardized beta coefficients. We only use standardized beta coefficients in order to analyze 

the different positive or negative weights of independent variables (IBM, 2016). Using the 

standardized beta coefficients, we can compare the results of different MLR’s and results of 

independent variables. 

Moreover, when using the word influence we are talking about correlation between variables and 

not in the sense of causality. Finally, grouped variables are variables containing all the different 

possibilities, e.g. location grouped is one variable containing all the possible locations. Whereas 

ungrouped location would be one variable for one specific location. 

 

4.1.1 All variables grouped 
As depicted in Figure 4-1, we see the biggest variable of influence in the sense of correlation is the 

“Average risk rating Probability of Default” with a positive beta coefficient. Evidently, one would 

expect to see this, as a higher PD implies a higher risk thus a higher positive return on NII bps. On 

the contrary, we see that the risk rating grouped have a strong negative correlation with the NII 

bps. A strong influence is a standardized beta coefficient higher then 0.2, a moderate influence a 

value of 0.1, and low to no influence a value of 0 to 0.05 in absolute term. Further investigating is 

needed into the buckets and transaction counts in the different risk ratings. As depicted by Figure 

4-2, we see that most companies within the transactions dataset constitute of medium to lower 

risk rating. In 4.1.2, we will analyze more in depth the standardized beta coefficients of the 

individual risk rating. 

 

 
Figure 4-1: Standardized beta coefficient MLR benchmark. 
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Moreover, we see that FTP bps has a relative high negative influence. Evidently, when the CoF is 

higher, lower margins are made and thus lower NII bps is expected. With higher CoF, this will partly 

be calculated onto the customers however here a trade-off must be made between taking lower 

margins and staying competitive within the banking sector and new clients.  

 

It is interesting to note that both the currency and location have a strong positive correlation with 

the NII bps. The currency in which transactions are paid can yield positive gains on the NII bps by 

the spread between different currency as well as the currency index. Additional gains can be made 

by exchanging one currency to the other and the spread between both. Here, the spread refers to 

the difference between bid and ask orders on a certain currency.  Consequently, the operating 

location of a company yield some of the benefits for the Rabobank of the abovementioned.  

 

Other variables such as the sustainability KPIs, NAICS code, outstanding, and LAD look to only have 

a small positive or negligible effect on the NII bps. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4-3 depicts the standardized beta coefficients which results from our MLR for South 

America. This is the only region where we see a discrepancy in the influence of Outstanding on the 

NII bps. Corresponding to the outstanding, we also see a higher negative correlation with NII bps 

caused by LAD. Higher LAD results in higher amount of capital needed to comply with regulation 

and thus decrease the NIM. As South America is a region where high inflation is observed, this 

increases the risks for Rabobank’s and the offering of financial products there. Higher risks results 

in higher margin and thus it has a positive correlation with the NII bps. Moreover, we notice that 

both the NAICS codes as Location have a significant negative correlation with the NII bps for South 

America. 

Risk Rating Count 
R7 36016 
R10 20734 
R11 19015 
R8 17966 
R12 15968 
R13 15440 
R9 12967 
R15 9906 
R14 5539 
R17 3563 
R6 3334 
D3 2742 
R16 2021 
R5 1107 
D4 687 
R18 562 
D2 263 
R4 216 
R19 126 
R3 41 
R20 20 
R2 7 
D1 5 

Figure 4-2: Risk rating versus count Benchmark. 
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Figure 4-3: Standardized beta coefficient MLR South America. 

All the results for region specific in depth results can be found in Section Error! Reference source n

ot found. and onwards. 

 

4.1.2 Sensitivity analysis 
We further investigate the ungrouped variables such as risk ratings, location and currencies. By 

analyzing the ungrouped version of these variables, we hope to find additional underlying 

information which otherwise would have gone unnoticed.  

 

4.1.2.1 Risk rating ungrouped and NAICS2 

Ungrouping the risk ratings already reveals a lot on the actual influence of the different risk ratings. 

As we can see from Figure 4-4, lower risk rating have a negative or negligible correlation with the 

NII bps whereas higher risk ratings and default rating have a positive correlation with the NII bps. It 

must be noted that the influence of the risk rating do not perfectly follow the risk to rewards ratio. 

Some medium risk ratings, e.g. R11-13, still have some noticeable positive correlation with the NII 

bps. This can be contributed to the higher transaction count in are used dataset, as depicted in 

Figure 4-2. While ungrouping the risk ratings, we now see a noticeable negative influence of the 

outstanding amount on the NII bps. Thus, the above observation implies that lending more money 

does not results in higher profits in terms of NII bps. Note that this observation is found when 

analyzing all regions and may not hold for a specific region. 
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Figure 4-4: Risk rating ungrouped and NAICS2 Benchmark. 

 

 

We have analyzed less aggregated NAICS code, as depicted in Figure 4-5, but we do not see 

significant difference in the standardized beta coefficient between a 2 or 3 numbered NAICS code. 

Evidently, when using NAICS3, more unique NAICS codes are used in the dataset and unless no 

specific sectors can be found of high correlation with the NII bps, we would expect the 

standardized beta coefficients to be approximately the same. Additionally, we have used the 

Rabobank specific sector variable but have not found any significance influence and the 

standardized beta coefficient were near zero. However, we found that the NAICS code is a better 

variable to analyze the sectors as this is a standardized method on classifying the different sectors. 

 

 
Figure 4-5: Rating ungrouped and NAICS3 Benchmark. 

Concluding, we see a logical trend within the risk ratings where higher risk yields higher returns in 

terms of NII bps. Although the abovementioned trend has some outliers, this can be assigned to 
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the risk rating count in the dataset. Finally, we do not see significant differences in the standardized 

beta coefficients between a two- and three digits NAICS code. 

 

4.1.2.2 Risk rating and Facility currency ungrouped 

In Figure 4-6 we see the influence of different currency on the NII bps. We see that all variables, 

which are explained in previous sections, stay about the same. Nevertheless, we see some 

significant positive influence of two different currencies namely US Dollar (USD) and British Pound 

Sterling (GBP). In consultation with Wholesale Business, they elaborate that this is caused by CoF 

side for these two currencies. Here the CoF is deemed higher which is calculated towards the client. 

However, the real CoF is usually lower than what is calculated towards the customer thus 

increasing the Rabobank’s Net Interest Margin. Hence, the positive influence of USD and GBP on 

the NII bps. 

 

Secondly, from Figure 4-6, we notice a high negative standardized beta coefficient for the EUR. In 

our dataset, if a different currency then the EUR is used, the price will incorporate the exchange 

rate and convert the amount to euro’s. Thus, one would expect the model to find a negative 

relationship between EUR and NII bps as compared to the other currencies, it will have a negative 

influence. Additionally, one could argue as no currency exchanges need to be made, no additional 

margin can be made on the spread between currencies. Moreover, no currency swaps are needed 

for EUR which is part of the FTP. Thus, we have a lower CoF and to stay competitive, this is not 

calculated towards the customer. Finally, as Rabobank is an EUR bank, the fund price of EUR is 

cheaper compared to other region. Thus, there is no need to search for funds on the interbank 

market as the cheaper funds imply lower risk and thus lower margins. 

 

 
Figure 4-6: Risk rating and Facility currency ungrouped Benchmark. 

 

4.1.2.3 Risk rating and Location ungrouped 

While running the MLR again and now with the locations and risk ratings ungrouped, we see some 

important locations that have correlation with the NII bps. Firstly, we see a high positive correlation 

with the NII bps caused by London, India, Turkey and Argentina.  
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India, Turkey and Argentina are three locations with high levels of inflation. In these countries, 

higher interest rate base amounts are calculated as these pose higher risk. Due to the higher risk, 

higher net interest margins are calculated to compensate for the risk. Thus, the inflation offers 

higher risk for business and these locations have a positive effect on the NII bps. 

 

It is interesting to note that both GBP and London have an positive correlation with the NII bps. 

Thus implying that or the location or the currency is of importance for the NII bps. This is evident in 

London as many equity financing products are offered there. These are usually paired with higher 

risk and in order to compensate for that risk, higher margins are charged.  

 

Nevertheless, we see the contrary between USD and the location which usually pay in USD, namely 

Chicago and Atlanta. Here, the relationship is inversed where the USD is of positive influence 

however the typical USD location have negative influence. We must however note that companies 

located in different location then the USA may choose to pay in USD which explains the discrepancy 

between USD and USA locations. Moreover, more value chain finance products are offered in the 

US regions. Value chain finance are financial products with lower risk portfolios. Evidently, lower 

risk also results in lower calculated margins. Hence why both American locations have a negative 

correlation with the NII bps 

 

 
Figure 4-7: Risk rating and location ungrouped Benchmark. 

 

4.1.2.4 Risk rating and NAICS ungrouped 

Finally, in Figure 4-8 we see the standardized beta coefficient where risk ratings and NAICS code 

are ungrouped. The risk ratings again have similar standardized beta coefficient as described in 

Section 4.1.2.1 where higher risk ratings results in a positive correlation with the NII bps. 
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Figure 4-8: Risk rating and NAICS ungrouped benchmark. 

Moreover, we now see in more depth the influences of different sectors on the NII bps. As can be 

seen from Figure 4-8 we see four different sector codes which have a high positive correlation with 

our dependent variables, namely NII bps. These are sectors  23, 31 to 33, 44, and 45. This are 

equivalent to the sectors: construction, manufacturing, and retail trade respectively. 

 

Our model confirms that some sectors have positive impact on the overall NII bps. Taking Retail 

Trade as an example. This sector has had some difficulties over the past years, starting with the 

migration towards online. Moreover, this trend has been strengthened by amongst others the 

Covid-lockdowns. Currently, Retail Trade also faces difficulties like hardly no personnel to find, 

increased energy and rental costs and so on. This all boils down to increased credit risk which 

Rabobank needs to take into account. Thus, increased credit risk implies higher calculated margins 

and thus a positive factor on the NII bps. Similar trends can be seen on macro-economic levels for 

construction and manufacturing. 

 

On the contrary, we also see two sectors which have significant negative correlation with the NII 

bps. These sectors are numbered as NAICS code 42 and 49, Wholesale trade and Transportation & 

Warehousing respectively. The abovementioned sectors have been under less stress in last two 

years. Moreover, they did not incur any demand decreases or other important trend changes. 

Currently, some macro-economic factors start to play a role in these sectors such as increased fuel 

costs. To see whether current increased levels of fuel costs have had correlation with these sectors, 

one should run the model on a smaller dataset. However, this could lead to lower adjusted R-

squared thus explaining less of the variance in NII bps. This is something for further research to see 

if we can spot trend changes on smaller timeframes while ensuring enough predicting power.  

 

Figure 4-9 and Figure 4-10 depict the risk ratings and NAICS codes without any other variables. 

Note, the reason for filtering of the beta coefficients from high too low for the NAICS was a 

business decision and does not have any other implications. 
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Figure 4-9: Benchmark Risk ratings. 

 

 

 

Figure 4-10: Benchmark NAICS. 
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5 Conclusion 
In the final chapter, we conclude the research and answer the research questions set at the 

beginning of the report. Firstly, we answer the sub research questions before answering the main 

research question. 

 
How does wholesale banking work? 

Retail and wholesale banking are two distinct types of banking services that cater to different 

customer segments and operate under different regulatory frameworks. While retail banking offers 

a wider range of products and services to individual and small business customers, wholesale 

banking offers higher returns and growth potential to large corporate and institutional customers. 

Wholesale banking can also play a critical role in financing SMEs and providing banks with access to 

low-cost funding sources, but it also exposes them to liquidity risks. Thus, managing risk is critical in 

wholesale banking, and stress testing and contingency planning are essential tools for managing 

liquidity risk.  

The loan structure in both retail and wholesale banking involves a loan agreement between the 

bank and the borrower. The agreement outlines the terms and conditions of the loan, including the 

loan amount, interest rate, repayment schedule, and any collateral required. In retail banking, the 

loan agreement is usually straightforward and standardized, while in wholesale banking, the loan 

agreement is more complex and tailored to the specific needs of the borrower. A wide list of 

financial products can be found in Section 2.1.2 and Section 8.3. 

 

What are important variables and definitions within finance and wholesale banking? 

Many variables are of importance within wholesale banking. Firstly, GII and NII are essential 

indicators of a wholesale bank’s performance. GII reflects the bank’s ability to generate revenue 

from lending activities, while NII indicates the bank’s ability to manage its interest rate risk and 

CoF. Factors affecting gross and net interest income include market conditions, credit risk, interest 

rate risk, CoF, and operational costs. Therefore, wholesale banks must manage their operations 

effectively, monitor their credit and interest rate risk, and adapt to changing market conditions to 

maintain their profitability. 

Secondly, the funds transfer price (FTP) of a transaction or product consists of a cost of funds (CoF) 

component and an adjustment factor. The CoF component can consist of interest rates, liquidity 

premium or other product specific FTP add-ons. Adjustment Factor in FTP, besides steering on the 

performance metrics as stated in the SF, there is also an element of steering within the FTP called 

the adjustment factor (”AF”). This is an additional spread (which can be negative or positive) on top 

of the Cost of Funds.  

Regulatory Capital (RC) is an important concept within wholesale banking. It is a key component of 

bank regulation and plays a significant role in ensuring the safety and soundness of the banking 

system. Banks are required to maintain a minimum level of regulatory capital to cover their risk 

exposures, and they are subject to capital adequate ratios. Regulatory capital has implications for a 

bank’s ability to take on risk, its profitability, and its ability to pay dividends or repurchase shares. 

Overall, a bank’s ability to manage its regulatory capital is critical to its success in the wholesale 

banking sector. 

Exposure at Default (EAD) and Recovery rate (RC) are two important parameters in credit risk 

modelling within wholesale banking. EAD represents the amount of exposure a bank has to a 

counterparty at the time of default, while RC represents the percentage of the exposure that a 

bank can recover in the event of a default. Both EAD and RC are affected by various factors, 

including the creditworthiness of the counterparty, the type of collateral, the seniority of the debt, 
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the loan structure, and the economic environment. Accurate estimation of EAD and RC is essential 

for effective risk management within wholesale banking. 

 

What benchmark techniques can be used to compare net interest income? 

Several benchmark techniques can be found in literature. Financial forecasting is a critical process 

that helps businesses make informed decisions about investments and financial activities based on 

quantitative methods which uses statistical models and mathematical calculations to analyze 

historical data and make future predictions. Some of the most common quantitative forecasting 

methods used in finance and wholesale banking include time series analysis, multiple linear 

regression, and exponential smoothing. 

Machine learning is a tool that has been widely adopted in many industries. Machine learning is a 

subfield of artificial intelligence that deals with the design and development of algorithms that can 

learn patterns and relationships in data without being explicitly programmed. However, within 

finance and wholesale banking, there are concerns regarding the use of ML due to issues of 

transparency and interpretability, overfitting, data quality, and model stability. While ML can be 

beneficial in some cases, it is important to carefully evaluate the risks and benefits before adopting 

these technologies in these sectors. Due to the high importance of transparency and regulation 

within banking, we have opted to not apply a supervised ML model to our internal benchmark. 

 

MLR is a valuable tool for analyzing variables and predicting outcomes in finance and wholesale 

banking. It allows relationships in the sense of correlation between multiple variables to be 

analyzed, which can help to identify how variables are related and which variables are most 

important for predicting outcomes. It can also be used to predict outcomes, test hypotheses, and is 

a flexible technique that can be adapted to a wide range of applications in these sectors. MLR use 

assumes certain assumptions to be met, including linearity, normality, constant variance of the 

errors, and independence of the errors. MLR also produces important output measures such as 

standardized and unstandardized coefficients, standardized and unstandardized residuals, 

predicted values, adjusted R-squared, which help to interpret the results and assess the goodness 

of fit of the model. 

 

 

What are the significant differences in Net Interest Income bps (NII bps) between regions and 

sectors, and how can Rabobank gain competitive advantage from the factors that influence the 

NII’s bps? 

We see a logical trend within the risk ratings where higher risk yields higher returns in terms of NII 

bps. It must be noted that the correlation of the risk ratings do not perfectly follow the risk to 

rewards ratio. Some medium risk rating, e.g. R11-13, still have some noticeable positive correlation 

with the NII bps. This can be contributed to the higher transaction counts within our used dataset 

where some ratings are more frequent then others.  
Moreover, we see that FTP bps has a relative high negative impact on the NII bps. Evidently, when 

the CoF is higher, lower margins are made and thus lower NII bps is expected. With higher CoF, this 

will partly be calculated onto the customers however here a trade-off must be made between 

taking lower margins and staying competitive within the banking sector and new clients. Moreover, 

the FTP bps may also change over time as some CoF are secured for the entire term of a loan 

however shorter CoF agreements are not uncommon such as a three months EURIBOR. 

It is interesting to note that both the currency and location have a strong positive correlation with 

the NII bps. The currency in which transactions are paid can yield positive gains on the NII bps by 

the spread between different currency as well as the currency index. Additional gains can be made 

by exchanging one currency to the other and the spread between both. Here, the spread refers to 
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the difference between bid and ask orders on a certain currency in our case.  Consequently, the 

operating location of the company yield some of the benefits of the abovementioned.  

Consequently, we see some significant positive influence of two different currencies namely US 

Dollar (USD) and British Pound Sterling (GBP). In consultation with Wholesale Business, they 

argument that this is caused by CoF side for these two valuta’s. Here the CoF is deemed higher 

which is calculated towards the client. However, the real CoF is usually lower than what is 

calculated towards the customer thus increasing the Rabobank’s Net Interest Margin. Hence, the 

positive influence of USD and GBP on the NII bps. 

However, we notice a high negative standardized beta coefficient for the EUR. In our dataset, if a 

different currency then the EUR is used, the price will incorporate the exchange rate and convert 

the amount to euro’s. Thus, one would expect the model to find a negative relationship between 

EUR and NII bps as compared to the other currencies. Additionally, one could argue as no currency 

exchanges need to be made, no additional margin can be made on the spread between currencies. 

Moreover, no currency swaps are needed for EUR which is part of the FTP. Thus, we have a lower 

CoF and to stay competitive, this is not calculated towards the customer. Finally, as Rabobank is an 

EUR bank, the fund price of EUR is cheaper compared to other region. Thus, there is no need to 

search for funds on the interbank market as the cheaper funds imply lower risk and thus lower 

margins. 

India, Turkey and Argentina are three locations with high amounts of inflation. In these countries, 

higher interest rate base amounts are calculated as these pose higher risk. Due to the higher risk, 

higher Net interest margins are made. Thus, the inflation offers higher risk for business and these 

locations have a positive effect on the NII bps. Moreover, due to the high inflation, a higher 

outstanding amount will have a positive correlation with the NII bps. 

It is interesting to note that both GBP and London have an positive correlation with the NII bps. 

Thus implying that or the location or the currency is of importance for the NII bps. This is evident in 

London as many equity financing with complex products are offered there. These are usually paired 

with higher risk and thus resulting in higher margins.  

Nevertheless, we see the contrary between USD and the location which usually pay in USD, namely 

Chicago and Atlanta. Here, the relationship is inversed where the USD is of positive influence 

however the typical USD location have negative influence. We must however note that companies 

located in different location then the USA may choose to pay in USD which explains the discrepancy 

between USD and USA locations. Moreover, more value chain finance products are offered in the 

US regions. Value chain finance are financial products with lower risk portfolios. Evidently, lower 

risk also results in lower margin. Hence why both US location have a negative correlation with the 

NII bps. 

Our model confirms that some sectors have positive impact on the overall NII bps. Taking Retail 

Trade as an example. This sector has had some difficulties over the past years, starting with the 

migration towards online. Moreover, this trend has been strengthened by the Covid-lockdowns. 

Currently, Retail Trade also faces difficulties like hardly no personnel to find, increased energy and 

rental costs and so on. This all boils down to increased credit risk which Rabobank needs to take 

into account. Thus, increased credit risk implies higher prices and thus a positive factor on the NII 

bps. Similar trends can be seen on macro-economic levels for construction and manufacturing. 

The results indicate that the model can be used to play into macro-economic trends observed as 

described above in the other to gain competitive advantage and increase their NII bps. Here a 

trade-off should be made between taking on more risk in order to increase NII bps. Otherwise, one 

should focus on sectors, locations and currency of interest to increase their NII bps. 
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6 Recommendations 
Although we have found interesting results in our research there is still a lot of untouched potential 

regarding the benchmarking between regions and sectors. In the following section we will discuss 

the final recommendations for the proceedings of future research. From our research, proposed 

model and Section 4.1 a few recommendations arise. 

Apply model to Rural portfolio to observe macro-economic trends. 

Firstly, the model can be applied to the Rural portfolio of Rabobank. As observed while analyzing 

the Rabobank’s dataset, Rural lending portfolio consists of 97.4% of product type long-term loans. 

These financial products are the easiest to analyze due to the lack of complexity. Applying the 

model to the rural portfolio may yield interesting macro-economic trend changes not observed by 

the wholesale portfolio. Aligning these two might yield additional competitive advantages for 

business. 

Further analyze why certain variables breach one of the MLR assumptions.  

Further analysis needs to done on why certain variables breach some of the assumptions of 

multiple linear regression modelling. Certain variables should not have breached these 

assumptions according to the theory and thus it is of interest to find the underlying reasoning. 

More extensive data modification techniques can be applied to be able to incorporate them 

without any assumption breaches. We have tested some of these techniques however didn’t find 

any significant results. Due to time restrictions, we were not able to apply all techniques which 

could yield interesting insights. 

Update dataset on monthly basis. 

The MLR model should be updated on a monthly basis in order to have the latest transaction 

dataset incorporated and notice trend shifts. Nonetheless, a time series analysis should always be 

made time to time to ensure that time does not play a significant role in the model. Keeping track 

of the changes in the standardized beta coefficient within each region and iteration yields the 

opportunity to notice trend changes. Hereafter, business can play into these trend changes to 

boost their NII bps. 

Apply the model per location to spot differences in sectors and or other variables. 

The MLR can be applied per location to spot significant differences in sectors, risk ratings and 

currency per country. Applying the model per location will result in a smaller dataset used for 

analysis. Thus, it is of importance to keep a high predictive power concerning the variation of the 

NII bps namely the adjusted R-squared. A analysis could be made when using a bigger dataset, e.g. 

2018-2022, would yield the wanted results. Of course, a time series analysis should be used to 

support the above. 

Link the MLR model to the Rabobank’s NIM-tooling. 

This is a Rabobank specific recommendation. Without revealing too much information, aligning the 

model and NIM tooling could yield advice on what to do on short-term. The NIM tooling gives more 

in depths insights on the interest rate structure and the resulting Net Interest Margin. 

Translate the outcome in a more predictive model in order to support strategic decision making. 

The model can be used in a more predictive way where the MLR formula can be used for 

assumption testing for the business. Using the MLR formula, business can fill in their estimates of 

different independent variables and make a prediction on the expected NII bps. It must be noted 

this should only be used as a supportive tool and not to make real predictions about the future. 

This is because one shouldn’t want to use predictive information within a bank’s balance sheet or 

make important business decision based on a model which changes over time. 
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8 Appendix 
Below one can find all appendices which were of importance of the research. We have decided to 

leave out the SPSS results of each iteration as it would take 20 plus pages. 

8.1 Dummy variables auto recoded 
 

 

Figure 8-1: Values for regions MLR 

 

Figure 8-2: Values for locations MLR 
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Figure 8-3: Values for sectors MLR 

 

Figure 8-4: Values for sectors level 02 MLR 
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Figure 8-5: Values Facility currency MLR 

 

 
Figure 8-6: Values Risk ratings MLR 
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8.2 Product type TERM 

 
Figure 8-7: Product type TERM (Rabobank, Rabobank, 2023) 

8.3 Other financial products 

8.3.1 SYND 
SYND are Syndicated loans. A loan of Rabobank together with a group of bankers, insurers, 

etcetera. The registered syndicated loan here is only the participation of the Rabobank within the 

syndicated loan. SYND  belongs to the list of product types applicable to facilities with exposure 

type Trade Related Bank Exposure (TRBE). 

8.3.2 SHLO 
A short term advance is a loan granted for a short period, at previously agreed interest rates and 

terms. The term of short term advances is usually a round number of months (1, 2, 3, 6 or 12) or 1 

or more days. 

A short term advance can be made under a revolving line of credit and under short term facilities; 

availability is restored as the short term advances are repaid. When short term advances are taken 

up within a facility, the advances may not exceed the final date agreed for the facility. 

Short term advances are used for short term financing (current assets). Repayment is made in a 

single payment at the end of the term of the short term advance. 

 

8.3.3 ABON 
An advance payment bond (= prepayment bond) is a bank guarantee to ensure repayment by the 

contracting company of advance payments paid out to this contracting company, in case the 

delivery is not correct 
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With large contracts, the preparations themselves are often very expensive. Large numbers of 

workers and machines often have to be moved into position (an advance payment is also referred 

to as a mobilisation payment) or work has to be undertaken on pre-fabricated units. To enable all 

this to happen the contracting company receives an advance payment.  

It is normally an amount of between 10% and 20% of the total contract and is reduced against 

certificates from some relatively neutral body, such as a firm of consulting engineers or architects. 

It is evident that the advance payment bond comes into force only, when the advance payment has 

actually been paid into the account of the applicant. 

 

To guarantee the repayment of the prepayment in the case the contract does not come into force 

or the applicant does not fulfil his contractual obligations. ABON is recognized as a valid product 

type for exposure type TRBE. The following definition are applicable within Rabobank. 

• Applicant:   the contractor or exporter 

• Guarantor:   the bank of the contractor/exporter as issuing bank 

• Intermediary:   the bank of buyer/importer; 

• Beneficiary:   the buyer/importer or main contractor. 

8.3.4 GUAG 
A GUAG is a Guarantee Given. This is a transaction-related bank guarantee, being a unilateral 

commitment of the bank to pay, on behalf of our customer, a specific amount of money to a 

beneficiary, if the client does not meet certain predetermined obligations from the transaction 

towards the beneficiary, e.g. observance of a purchase agreement. 

8.3.5 CURR 
A CURR is a Current Account Overdraft. An account overdraft (facility) is an arranged between the 

bank and its client whereby the bank permits the client to make payments in varying amounts 

against its current account up to a previously agreed overdraft limit and subject to previously 

agreed conditions. 

8.3.6 LCST 
A standby letter of credit (LCST) is furnished as security to a beneficiary and not by way of payment. 

The security is in the form of a promise by the issuing bank only when the applicant defaults on its 

obligations. Payment under the standby letter of credit is against a certificate (prescribed in the 

standby letter of credit) presented by the beneficiary, stating that default has occurred. 

The standby letter of credit can be issued as a performance letter of credit, in which case it is 

identical to a performance bond.  

Standby letters of credit can be used to guarantee the execution of an obligation by the applicant. 

Parties involved are: Applicant, issuing bank, advising/negotiating bank, and beneficiary. 

 

Rabobank policy on LCST are as follows: 

• Automatic extension (evergreens) of multi-year standby letters of credit is not allowed; 

• Standby letters of credit must be irrevocable; 

• Standby letters of credit must refer to the UCP rules; 

• A facility under which standby letters of credit can be issued should be in place; 

• The application has to clarify within what tenor possible drawings have to be repaid. 

8.3.7 BILF & BILT 
The risk that the bill is not paid on the expiry date is taken over by the bank of the presenter. The 

bank now waives its right of recourse against the presenter.  
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In fact the bank buys the bill from the presenter and so accepts the risk against a foreign country. 

The bank is only willing to do this if payment of the bill of exchange on the expiry date is 

guaranteed in one way or another (aval of the bank of the drawee or a bank guarantee). 

If the ‘drawee’ and the guarantor are in default, the bank cannot have recourse against the 

presenter of the bill of exchange. BILF and BILT is recognized as a valid product type for exposure 

type TRBE. 

8.3.8 CALL 
A call loan is a loan granted for an indefinite period, which can be cancelled every day before 12.00 

a.m. by either the lender or the borrower, in which case it must be repaid within two working days 

of its cancellation. Call loans are not the same as day-to-day deposits. Call loans are used for 

temporary financing needs and it is repaid in a single payment after the loan has been cancelled by 

either of the parties.  

8.3.9 IMPO 
An import letter of credit is a L/C concerning an import transaction. The importer has an account 

with a domestic bank, the exporter has an account with a foreign bank. The importer orders the 

bank to issue a L/C. In the L/C the domestic bank commits itself to pay the exporter when the latter 

submits the correct documents. 

The issuing bank issues an import L/C. Usually a foreign bank (mostly the bank of the exporter) is 

asked to advise the L/C to the exporter. 

8.3.10 FILE 
A FILE is a Financial Lease. A lease considered to have the economic characteristic of asset 

ownership. Lessor has legal ownership. Lessee has option to buy. 

 

 

 

8.4 Snapshot of data input 

 
Figure 8-8: Small snapshot of dataset (hidden due to confidentiality) 

 

 
Figure 8-9:  
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8.5 Asia results 
We will elaborate on the results of standardized beta coefficients within the region Asia. We firstly 

provide the adjusted R-squared, which is the amount the model explains, after which we will take a 

deeper dive into the different grouped and ungrouped variables. As can been seen from Figure 

8-10, the model has a high predictive power. While all variables are grouped, we can explain 36% of 

the variation in the NII bps. However, ungrouping the variables, we are able to explain up to 76% of 

the variation in the NII bps. Thus, our model can explain a significant amount of the NII bps with the 

used independent variables. 

 

 
Figure 8-10: Adjusted R-squared for each iteration region Asia. 

8.5.1 All variables grouped 
In Figure 8-11, we see similar results for region Asia compared to the benchmark model. For the 

variables close to the benchmark, similar reasoning can be applied as explained in section 4.1.1. We 

see some small differences in the risk ratings grouped and location. Moreover, we note that LAD 

has a negative correlation with the NII bps compared to a small positive influence while using the 

benchmark model. Secondly, we note that FTP bps is of no influence in Asia specific. Nevertheless, 

we observe a significant difference in the facility currency between the benchmark model and Asia, 

thus the currency which is used to pay in the transactions dataset. In our sensitivity analysis, we 

take a deeper look into the currencies to find underlying relationships. 

 

 
Figure 8-11: Standardized beta coefficient MLR Asia. 
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8.5.2 Sensitivity analysis 
We further investigate the ungrouped variables such as risk ratings, location and currencies for Asia 

region specific. By analyzing the ungrouped version of theses variables, we hope to find additional 

underlying information which otherwise would have gone unnoticed. Note that observed missing 

data points in the figures of regions specific charts are caused due to the benchmark model is 

applied on the entire dataset. Region specific MLR’s is run on the dataset corresponding to the 

respectively region and thus some variables may not be applicable for the region. E.g. a region may 

contain only a few risk ratings, sectors or currencies. 

 

8.5.2.1 Risk rating ungrouped and NAICS2 

Ungrouping the risk ratings already explains some of the observed results found when all variables 

are grouped. As can be seen from Figure 8-12, we observe a high positive influence of the D3 and 

D4 rating in Asia. Obviously, this deviates from the benchmark concerning the risk rating but 

nevertheless it explains the significant negative influence of the LAD. Higher risk ratings, and 

especially default ratings, result in a higher LAD amount. This will impact the NII bps as the 

probability of a real defaults is extremely high in D3 and D4. Companies in D3 and D4 go into a 

special process to help them repay their debts. While in this process, the companies pay what they 

can and thus lower NII bps can observed.  

Some companies may move from D4 back to D3 which is usually paired by significant payables 

made on the loan and thus explaining the high positive correlation with the NII bps. 

Additionally, we see that NAICS codes have a higher positive influence in Asia compared to the 

benchmark. This will be further analyzed in the following sensitivity analysis.  

 

In conclusion, due to the high risk ratings, e.g. D3 and D4, the Rabobank does not obtain the agreed 

Interest Income, a higher LAD is booked and thus LAD has a negative correlation with the NII bps. 

Companies moving from D4 to D3 ratings have an increased amount in debts repaid and thus 

explains the positive correlation with the NII bps. Finally, as mentioned a few times, higher credit 

risk results in higher NIM.  

 

 
Figure 8-12: Risk rating ungrouped and NAICS2 Asia. 
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8.5.2.2 Risk rating and Facility currency ungrouped 

In Figure 8-13, we see the difference in standardized beta coefficient between the Benchmark 

model and the MLR for Asia specific. As we noted a significant difference between the facility 

currency in Section 8.5.1 and thus we are interested by which currencies this is caused. As one may 

notice, all but one currency have a small negative correlation with the NII bps. These are NZD, HKD, 

AUD and RMB with a small negative influence. Only the INR has a small positive correlation with 

the NII bps. As explained in Section 4.1.2.2, this is due to the high inflation in the country and thus 

higher inflation, implies higher risk which results in higher NIM. 

 

We however now also observe a high positive influence of the locations on the NII bps. We will dive 

deeper into the location in the following section.  

 

 
Figure 8-13: Risk rating and Facility currency ungrouped Asia. 

8.5.2.3 Risk rating and Location ungrouped 

While running the MLR with locations and risk rating ungrouped we notice a significant difference 

between the two Asia specific region, as depicted in Figure 8-14: Risk rating and Location 

ungrouped Asia. We notice that Singapore has a high positive correlation with the NII bps whereas 

Hong Kong has small negative influence. Thus, for Wholesale business, if they have the opportunity 

to choose between these two location, one should give the preference to Singapore. Singapore is a 

city where many development opportunities arise and thus explains the high positive correlation 

with the NII bps. Hong Kong has been subject to many diplomatic problems with tension between 

China and the rest of the world. Although this is at play, we do not see a significant positive or 

negative correlation with the NII bps.   
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Figure 8-14: Risk rating and Location ungrouped Asia. 

 

8.5.2.4 Risk rating and NAICS ungrouped 

Figure 8-15 depicts the risk ratings and NAICS code ungrouped for the Benchmark and Asia MLR 

models. Here, the other variables are included as well. Figure 8-16 only depicts the risk ratings for 

both the Benchmark as the Asia model. Here again we see the obvious relationship that higher risks 

results in higher returns and thus a higher NII bps. Nevertheless, we see a higher positive significant 

relationship caused by the D3 and D4. Moreover, from Figure 8-16, we see that risk rating D3 has a 

high count within the dataset. In is interesting to note that D4 ratings only have a few but still have 

a significant positive correlation with the NII bps.  

 

 

Figure 8-15: Risk rating and NAICS ungrouped Asia. 
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Figure 8-16: Asia Risk ratings. 

Figure 8-17 gives us a better insight into the influences of sectors on the NII bps for region Asia 

versus the benchmark. Where in Section 4.1.2.4 we noted a positive influence of the manufacturing 

sector, we see that these sectors have a negative correlation with the NII bps in Asia. Thus, one 

should restrict the long-term loans offered for these sectors in Asia. This also aligns with a macro-

economic trend we have seen where businesses move their manufacturing back to western 

countries due to vocalized human rights issues.  

Moreover, we note that the sector Agriculture, Forestry, Fishing and Hunting, which corresponds to 

a NAICS code of 11, have a high negative correlation with the NII bps. In the benchmark we 

observed that this sector had no significant impact on the NII bps however it is of interest for Asia. 

Thus, this is also a sector to be avoided in Asia. 

 

Figure 8-17: Asia NAICS. 
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8.6 Australia Pacific results 
Sadly, the data and the applied model did not explain any significant proportion of the variation in 

the NII bps. As can be seen from Figure 8-18, each iteration applied to region Australia Pacific 

resulted in an adjusted R-squared of 0.11 to 0.16. Thus, we were only able to explain 16% of the 

variation in the NII bps for Australia Pacific. As one may note, there is a lower count of transaction 

for this region. Moreover, there is a lack of difference within the dataset which makes it difficult for 

our model to explain underlying relationships.  

 
Figure 8-18: Adjusted R-squared for each iteration region Australia Pacific. 

As can be seen from Figure 8-19, in 2021 and 2022 most risk rating of the transaction were of risk 

rating R10 and hereafter a few other risk rating.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In conclusion, we decided to ignore the results for the region Australia Pacific. Figure 8-20, Figure 

8-21, Figure 8-22, Figure 8-23, and Figure 8-24 give a visualization the standardized beta coefficient 

in each iteration. In the future, as the dataset expands over time, another analysis can be applied 

on this region to see if a higher adjusted R-squared is achieved and thus a higher variation of the 

NII bps can be explained. 

 

 

 

 

 

 

Figure 8-19: Risk rating count Australia Pacific. 
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8.6.1 All variables grouped 
 

 
Figure 8-20:Standardized beta coefficient MLR Australia Pacific. 

8.6.2 Sensitivity analysis 
Again, we will skip the following sensitivity analysis for Australia Pacific due to the low observed 

adjusted R-squared. Note that observed missing data points in the figures of regions specific charts 

are caused due to the benchmark model is applied on the entire dataset. Region specific MLRs are 

run on the dataset corresponding to the respectively region and thus some variables may not be 

applicable for the region. Exempli gratia, a region may contain only a few risk ratings, sectors or 

currencies. 

 

8.6.2.1 Risk rating ungrouped and NAICS2 

 
Figure 8-21: Risk rating ungrouped and NAICS2 Australia Pacific. 
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8.6.2.2 Risk rating and Facility currency ungrouped 

 
Figure 8-22: Risk rating and Facility currency ungrouped Australia Pacific. 

 

8.6.2.3 Risk rating and Location ungrouped 

 

Figure 8-23: Risk rating and Location ungrouped Australia Pacific. 
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8.6.2.4 Risk rating and NAICS ungrouped 

 

Figure 8-24: Risk rating and NAICS ungrouped Australia Pacific. 
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8.7 Europe results 
We elaborate on the results of standardized beta coefficients within the region Europe. We firstly 

provide the adjusted R-squared, which is the amount the model explains, after which we take a 

deeper dive into the different grouped and ungrouped variables. As can be seen from Figure 8-25, 

the model has a high predictive power. While all variables are grouped, we can explain 46% of the 

variation in the NII bps. However, ungrouping the variables, we are able to explain up to 62% of the 

variation in the NII bps. Thus, our model can explain a high significant amount of the NII bps with 

the used independent variables. 

 

 

 
Figure 8-25: Adjusted R-squared for each iteration region Europe. 

 

8.7.1 All variables grouped 
In Figure 8-11, we see similar results for region Europe compared to the benchmark model. For the 

variables close to the benchmark, similar reasoning can be applied as explained in Section 4.1.1. 

We however see a significant difference between the variable outstanding in Europe compared to 

the benchmark. As Europe is a less risky region, lending out more money does not result in higher 

NII.  

Secondly, we note that the LAD has a high positive correlation with the NII bps compared to the 

benchmark model. A higher LAD amount implies higher risk taken on by the Rabobank and thus 

higher risk results in higher NII. Moreover, we see observe a higher negative correlation with the 

NII bps caused by FTP bps, thus the CoF.  

Finally, we note a significant difference between the standardized beta coefficient for the currency.  

In our sensitivity analysis, we will take a deeper look into the currencies to find underlying 

relationships. 
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Figure 8-26: Standardized beta coefficient MLR Europe. 

8.7.2 Sensitivity analysis 
In the following section, we will further investigate the ungrouped variables such as risk ratings, 

location and currencies for Europe region specific. By analyzing the ungrouped version of theses 

variables, we hope to find additional underlying information which otherwise would have gone 

unnoticed. Note that observed missing data points in the figures of regions specific charts are 

caused due to the benchmark model is applied on the entire dataset. Region specific MLR’s is run 

on the dataset corresponding to the respectively region and thus some variables may not be 

applicable for the region. Exempli gratia, a region may contain only a few risk ratings, sectors or 

currencies. 

 

8.7.2.1 Risk rating ungrouped and NAICS2 

From Figure 8-27, we see that Europe region follows the benchmark model closely. However, we 

see some small deviations within the risk ratings which will be analyzed in section 8.7.2.4. Once 

again, we see a significant difference in the variables FTP bps and FacilityCurrency in Europe. Both 

have a higher observed standardized beta coefficient compared to the benchmark model. As CoF 

are cheaper in Europe and less money is needed from interbank market, lower risk is observed and 

thus a negative correlation with the NII bps. The influence of different currencies will be analyzed in 

the following section. 
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Figure 8-27: Risk rating ungrouped and NAICS2 Europe. 

 

 

 

 

8.7.2.2 Risk rating and Facility currency ungrouped 

From Figure 8-28, we see the influence of different currencies on the NII bps. Here we again note 

that the USD has high significant correlation with the NII bps as explained in section 4.1.2.2. 

However, we note that the RMB, the Chinese Yuan, also has a positive correlation with the NII bps. 

This can be explained by the spread between the EUR and the RMB where significant margins can 

be made.  

 
Figure 8-28: Risk rating and Facility currency ungrouped Europe. 

 



 
Page 81/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

8.7.2.3 Risk rating and Location ungrouped 

From Figure 8-29, we do can only spot one location with significant correlation with the NII bps in 

Europe. This concerns the region Utrecht and is caused by a lot of facilities being booked in 

Utrecht. Moreover, after analyzing the dataset, we also see that these booking usually tend to have 

lower risk ratings and thus resulting in lower margins. One may also spot that Kenya is attributed to 

the region Europe. As this is the only country in Africa where wholesale lending is offered for now, 

it is currently still attributed to the region Europe. 

 
Figure 8-29: Risk rating and Location ungrouped Europe. 

8.7.2.4 Risk rating and NAICS ungrouped 

Figure 8-30 depicts all the variables with the risk ratings and NAICS codes ungrouped for the MLR 

model applied in Europe. One may find it hard to see obvious difference between the benchmark 

model and Europe. Overall, Europe tends to follow the benchmark model closely however some 

small differences can be spotted. 

 

Figure 8-30: Risk rating and NAICS ungrouped Europe. 
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From Figure 8-31, we see the different risk rating for Europe specific versus the benchmark model. 

Firstly, we note that Europe overall has a lot of different risk ratings compared to other regions. We 

see some small deviation in risk ratings R16-R18 however this is caused by the lack of data for these 

regions. Overall, Europe follows the benchmark model where higher risk ratings results in higher 

margins and thus a higher NII bps can be observed.  

 

 

Figure 8-31: Europe Risk ratings. 

 

 

From Figure 8-32, we see a more in depth analysis on the NAICS for Europe and the benchmark 

model. The figure gives us a clear visualization of the important sectors to be in and especially not 

to be in in Europe. As explained in Section 4.1.2.4, retail trade is an important sector to operate 

within as it results in a higher NII bps. However, in contrary to what is observed in the benchmark 

model, sectors Construction, manufacturing and Wholesale trade should be avoided in Europe. 

These sectors have been under less stress in Europe. Although some CO2 emission restrictions and 

higher labor costs are at play in Europe, this does not significantly put these sectors at higher risk in 

Europe. Moreover, in Europe, the Covid restrictions got lifted more gradually and quicker 

compared to other regions and thus enabling business to run a full capacity again.  Risk rating and 

NAICS ungrouped 
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Figure 8-32: Europe NAICS. 
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8.8 North America results 
In the following section, we will elaborate on the results of standardized beta coefficients within 

the region North America. We will firstly provide the adjusted R-squared, which is the amount the 

model explains, after which we will take a deeper dive into the different grouped and ungrouped 

variables. As can been seen from Figure 8-33, the model has a high predictive power. While all 

variables are grouped, we can explain 49% of the variation in the NII bps. However, ungrouping the 

variables, we are able to explain up to 60% of the variation in the NII bps. Thus, our model can 

explain a high significant amount of the NII bps with the used independent variables. 

 

 

 
Figure 8-33: Adjusted R-squared for each iteration region North America. 

 

8.8.1 All variables grouped 
In Figure 8-11, we see similar results for region North America compared to the benchmark model. 

For the variables close to the benchmark, similar reasoning can be applied as explained in Section 

4.1.1. We however see a significant difference between the variable currency in North America 

compared to the benchmark. We will need to ungroup the currencies in order to find the 

underlying variables which have a negative correlation with the NII bps. 

Finally, we note that PD has a higher positive correlation with the NII bps and the risk rating 

grouped a small lower negative influence. We will take a closer look to these variables in the 

following sensitivity analysis. 

 
Figure 8-34: Standardized beta coefficient MLR North America. 
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8.8.2 Sensitivity analysis 
We further investigate the ungrouped variables such as risk ratings, location and currencies for 

North America region specific. By analyzing the ungrouped version of theses variables, we hope to 

find additional underlying information which otherwise would have gone unnoticed. Note that 

observed missing data points in the figures of regions specific charts are due to the benchmark 

model applied on the entire dataset. Region specific MLRs are run on the dataset corresponding to 

the respectively region and thus some variables may not be applicable for the region. E.g. a region 

may contain only a few risk ratings, sectors or currencies. 

 

8.8.2.1 Risk rating ungrouped and NAICS2 

Figure 8-35 depicts the standardized beta coefficients results from the MLR model for North 

America and the Benchmark. As one may notice, we see significant difference in the risk ratings 

R17 to R19 in North America compared to the benchmark model. These risk rating are close to the 

default rating and evidently higher credit risk results in higher NII for the Rabobank. 

It is more interesting to note that once ungrouping the risk rating, the standardized beta coefficient 

for the average PD has flipped from a significant positive standardized beta coefficient to a 

significant negative one. From Figure 8-39, we see that most risk ratings within the transaction 

dataset are of lower risk ratings in North America. As these are lower risks, and thus the PD is 

lower, both yield a negative correlation with the NII bps.  

 

 
Figure 8-35: Risk rating ungrouped and NAICS2 North America. 

 

8.8.2.2 Risk rating and Facility currency ungrouped 

From Figure 8-36 we only notice a small difference for CAD between the benchmark and North 

America MLR. We note that CAD has a higher positive influence in North America whereas in the 

benchmark model no significant influence can be observed. As can be seen from Figure 8-37 in the 

following section, we observe the location Canada to be of positive correlation with the NII bps. 

Thus, one can expect that the currency of that location is also of interest.   



 
Page 86/93  Version 06 June 2023 | Coöperatieve Rabobank U.A. located at Amsterdam | CoC 30046259 

 

 
Figure 8-36: Risk rating and Facility currency ungrouped North America. 

 

8.8.2.3 Risk rating and Location ungrouped 

From Figure 8-37 we notice that both Canada and Mexico have a positive correlation with the NII 

bps. Both these locations have seen a significant increase in inflation during the selected period. 

Evidently, higher inflation demands for a higher base rate where CoF is not always that expensive 

and thus results in higher margins. 

 
Figure 8-37: Risk rating and Location ungrouped North America. 
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8.8.2.4 Risk rating and NAICS ungrouped 

As explained in Section 8.8.2.1, we see that most risk ratings within the transaction dataset are of 

lower risk ratings in North America as depicted in Figure 8-39. As these are lower risk, and thus the 

PD is lower, both yield a negative correlation with the NII bps. However, we see that the risk rating 

R17 to R19 yield a significant positive correlation with the NII bps. Although close to the default 

ratings, these companies seem to be able to pay the interest on their loan and as they have higher 

credit risks, this yields higher NII bps for the Rabobank 

 

 
Figure 8-38: Risk rating and NAICS ungrouped North America. 

 

 

 

 
Figure 8-39: North America Risk ratings. 

 

From Figure 8-40, we notice that some sectors should be avoided, similar to Europe. Firstly, 

manufacturing should be avoided in North America as this has a significant negative correlation 
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with the NII bps. Moreover, the sector “Mining, Quarrying, and Oil and Gas Extraction” should be 

avoided as well due to their negative correlation with the NII bps. This sector is on high demand 

due to the war in Ukraine and the restriction posed on Russian oil amongst others. We see an 

increase in crude oil production in the North America (Administration, 2023). 

Additionally, we note that the sector manufacturing does not have any significance influence in 

North America on the NII bps compared to the benchmark. Thus this sector is not of interest when 

focusing on NII bps. 

However, sectors with NAICS code 52 and 56 are of interest as they have a positive significant 

correlation with the NII bps. These are sectors “Finance and Insurance” and “Administrative and 

Support and Waste Management Remediation Services” respectively. After Covid lockdown, we 

have seen a lot of quantative easing in America which resulted in a lot of money inflow to certain 

sectors. These sectors have taken on higher risk and higher risk results in higher margin for the 

Rabobank. 

 

 
Figure 8-40: North America NAICS. 
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8.9 South America results 
We elaborate on the results of standardized beta coefficients within the region South America. We 

firstly provide the adjusted R-squared, which is the amount the model explains, after which we 

take a deeper dive into the different grouped and ungrouped variables. As can been seen from 

Figure 8-41, the model has a high predictive power. While all variables are grouped, we can explain 

37% of the variation in the NII bps. However, ungrouping the variables, we are able to explain up to 

54% of the variation in the NII bps. Thus, our model can explain a high significant amount of the NII 

bps with the used independent variables. 

 

 

 

Figure 8-41: Adjusted R-squared for each iteration region South America. 

 

8.9.1 All variables grouped 
Figure 8-42 depicts the standardized beta coefficients which results from our MLR for South 

America. As one may note, this is the only region where we see a discrepancy in the influence of 

Outstanding on the NII bps. Corresponding to the outstanding, we also see a higher negative 

correlation with NII bps caused by LAD. Higher LAD results in higher amount of capital needed to 

comply with regulation and thus decrease the NIM. As South America is a region where high 

inflation is observed, this increases the risks for Rabobank’s and the offering of financial products 

there. Higher risks results in higher margin and thus it has a positive correlation with the NII bps. 

Moreover, we notice that both the NAICS codes as Location have a significant negative correlation 

with the NII bps for South America. We will analyze these ungrouped variables in Sections 8.9.2.4 

and 8.9.2.3. 

 
Figure 8-42: Standardized beta coefficient MLR South America. 
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8.9.2 Sensitivity analysis 
We further investigate the ungrouped variables such as risk ratings, location and currencies for 

South America region specific. By analyzing the ungrouped version of theses variables, we hope to 

find additional underlying information which otherwise would have gone unnoticed. Note that 

observed missing data points in the figures of regions specific charts are caused due to the 

benchmark model is applied on the entire dataset. Region specific MLR’s is run on the dataset 

corresponding to the respectively region and thus some variables may not be applicable for the 

region. E.g. a region may contain only a few risk ratings, sectors or currencies. 

 

 

8.9.2.1 Risk rating ungrouped and NAICS2 

Figure 8-43, gives us more insights in the ungrouped risk ratings and the grouped NAICS code. We 

see some risk ratings deviating from the benchmark model however no big significance differences 

besides the observed variables in the previous section.  

 
Figure 8-43: Risk rating ungrouped and NAICS2 South America. 

 

8.9.2.2 Risk rating and Facility currency ungrouped 

While ungrouping the currencies for South America, we notice only one currency is used to pay for 

the long-term loans namely the USD as depicted in Figure 8-44. However we do not see any 

significance importance of this currency for South America specific. 
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Figure 8-44: Risk rating and Facility currency ungrouped South America. 

 

8.9.2.3 Risk rating and Location ungrouped 

From Figure 8-45, we see two locations causing a high negative correlation with the NII bps namely 

Brazil and Chile. However, we once again notice the positive influence the location Argentina has 

on the NII bps. Argentina has currently very high inflation levels and one could argue it is a 

defaulting state. Due to the inflation and higher credit risk, higher margin can be made and thus 

explains the positive influence. 

 

 
Figure 8-45: Risk rating and Location ungrouped South America. 
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8.9.2.4 Risk rating and NAICS ungrouped 

From Figure 8-46, we see that risk ratings and NAICS codes are of importance in South America. 

Thus, we will analyze the figures where only risk ratings and NACIS are used. 

 
Figure 8-46: Risk rating and NAICS ungrouped South America. 

Overall, we see that the risk ratings follow the benchmark closely in South America, as depicted in 

Figure 8-47. However, we notice some deviation for risk rating R8 where it has a positive influence 

in South America. As can be seen from the same figure, a high number of companies are situated in 

the R8 risk bucket where higher NII bps is observed. We also see R16 have a higher standardized 

beta coefficient compared to the benchmark model. These transaction in South America are 25% of 

the total R16 risk rating observed in the benchmark model. Thus, the region specific MLR gives 

better insights in the important risk ratings. 

 

 
Figure 8-47: South America Risk ratings. 
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Finally, from Figure 8-48, we notice certain sectors which should be avoided in South America as 

these sectors have a negative correlation with the NII bps. The sector NAICS codes are 54, 55, 31 

and 32. These correspond to “Professional, Scientific, and Technical Services”, “Management of 

Companies and Enterprises”, and “Manufacturing” respectively.  

 

 
Figure 8-48: South America NAICS. 

 


