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Abstract  Most commercial lending is based on a decision-making process and modelling 
approach largely unchanged by technology. By adopting a data-driven alternative that 
takes into account the fundamental differences between businesses, lenders are able to 
make data-driven decisions that will ultimately lead to better credit outcomes. This paper 
aims to briefly outline some of the limitations of the current approach to commercial 
lending and suggest improvements (collectively, ‘credit intelligence’), taking specific note 
of lessons of the current COVID-19 crisis and how this has transformed the economic 
landscape. It also provides a case study (OakNorth  in the UK) where these principles have 
been implemented and notes the promising results so far.
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INTRODUCTION
If a person from the 1980s was somehow 
transported to the present day, a lot about 
the world would astonish and amaze them. 
Our current era is nothing like the future 
that was imagined in popular culture at the 

time — there are no flying cars, we do not 
have the ability to teleport, and, sadly, as 
the last 12 months have demonstrated, we 
still have significant improvements to make 
when it comes to healthcare and social 
equality.
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One thing, however, that this time 
traveller would not find surprising at all is 
the decision-making process used by banks 
when a small or medium-sized business 
applies for a loan.

Indeed, much about that process has 
changed little (if at all) over the last four 
decades despite the enormous advances in 
technology and society in that time. Banks 
still make credit decisions largely on the 
basis of intuition and experience of their 
credit officers, and if they use models for 
forecasting at all, the forecasts are based 
on historical data and share fundamentally 
flawed root assumptions: firstly, that 
tomorrow will be a lot like yesterday and, 
secondly, that most businesses are more or 
less alike. Over the years, this has proved to 
be good enough for the most part, and, as a 
result, these models are considered sacrosanct.

The Traditional Approach
Credit modelling in highly commoditised 
markets such as credit card, mortgage or 
auto loans is based on large volumes of 
historical data showing the performance 
of similar loans. From a pool of loans of a 
certain origination vintage, it is possible 
to observe the historical rates at which 
loans enter various stages of delinquency 
and eventual default and thereby estimate 
a multi-state Markov model.1 This can 
then be used to simulate the trajectories 
of loans in a given portfolio and estimate 
the probability of default for these loans. 
The stages in the model in this case would 
be the states of delinquency (current; 
30-, 60- and 90-days delinquent; and 
defaulted, for example), and the model 
includes a transition matrix that shows 
the probability of a loan in a given state 
moving to any other state. It would include 
the likelihood of a current loan becoming 
30 days delinquent or a 60-day delinquent 
loan becoming current or defaulting, for 
example. In order to fit such a model, 
however, it is necessary to have enough 

loans in the pool to estimate the probability 
of transition for all of these states in the 
model. It is also necessary to be able to 
observe these transitions (from 30 to 60 
days delinquent in this example).

For most commercial lending, however, 
neither of these conditions apply. Each 
business loan is different enough that direct 
comparison is challenging, and the conditions 
on loans do not always allow for the 
observation of intermediate stages of default. 
A loan with a bullet payment, for example, 
would go from being completely current to 
being in default with no intermediate steps.

For this reason, traditional commercial 
loan modelling takes a fundamental 
approach. The analyst constructs a financial 
model (usually using a spreadsheet 
programme such as Microsoft Excel) 
to simulate the cash flow, balance sheet 
and income statement of the business. 
They then project these forward for the 
lifetime of the loan and use assumptions to 
‘sensitise’ or stress this model to observe the 
performance of the business under adverse 
circumstances. This allows them to see 
whether the business will have liquidity to 
continue operations and generate enough 
free cash flow to pay back the loan.2

This is augmented by peer group analysis, 
where a prospective borrower is compared 
with other similar businesses in order to 
establish reasonable expectations for future 
performance. If similar businesses have been 
able to generate a certain amount of profit 
or pay back a similar loan in the past, it is 
reasonable to assume that the borrower will 
also be able to. A bad experience with a 
particular type of business, however, could 
put the credit officer, relationship manager 
or the bank, generally, off the idea of ever 
lending to a similar business again. As 
mentioned earlier, however, commercial 
lending still relies on intuition – even if the 
data reveals that a business is credit worthy, a 
bank still may not lend to them because of 
a negative experience they have had in the 
past. 
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The limitations of this approach
The process of constructing both the 
financial model and the list of peers is 
subjective, and, therefore, the quality of 
results can vary depending on the experience 
and skill of the credit analyst. In many 
institutions the usual procedure is to take 
the most recent model for a similar business, 
copy it and make changes to update it to 
reflect the new business. There are, however, 
several challenges with this:

•	 It could be subject to human error by 
accidentally leaving in idiosyncratic 
features of the initial business in 
subsequent iterations of the model.

•	 There could be inconsistencies resulting 
from the application of different models 
and therefore different standards to 
different sectors or from using different 
base models for different businesses in the 
same sector.

•	 There could be concept drift, whereby 
the model does not account for gradual 
changes in the underlying industry 
because it is continuously being reset 
to a common baseline by this copying 
process and therefore becomes increasingly 
inaccurate over time.

•	 It is also clear that historical models can 
only account for conditions that are seen 
in the historical data. Unprecedented 
events, such as the COVID-19 pandemic, 
challenge these models to the point where 
their predictions break down entirely.

As we entered this crisis, it became clear that 
everything we thought we knew was proven 
incorrect.3

What is worse is that even in normal 
years, these models can lack power in 
predicting which businesses will default 
owing to weaknesses in the modelling 
methodology,4 leading to them being 
particularly sensitive to the estimation of 
defaults that are, by their very nature, rare. 
In good times, businesses default owing to 

idiosyncratic features of the business and 
in bad times because of broader market or 
economic conditions, leading to default 
correlation rising. As a result, when these 
approaches are wrong, they are very wrong, 
but when they are right, they are merely OK.

The scarcity of the data required to estimate 
credit risk models also stems from the infrequent 
nature of default events and the longer-term time 
horizons used in measuring credit risk. Thus, in 
specifying model parameters, credit risk models 
require the use of simplifying assumptions and 
proxy data.5

A typical tenure for a small or 
medium-sized business loan would be 
2.5–3.5 years, which is not long enough to 
capture a full credit cycle. Even for lenders 
with a substantial portfolio, once they start 
to discriminate borrowers by sector and 
vintage, they will find they have relatively 
few borrowers who are genuinely directly 
comparable on a like-for-like basis. While 
they may have a few borrowers in a certain 
sector, they will be in a variety of sizes and 
have taken out their loans at different points 
in their businesses evolution and the credit 
cycle.

Even before the onset of the COVID-19 
crisis, it was clear that corporate credit 
markets were becoming more volatile 
and moving into territory that was highly 
unusual. This meant that models built on 
historical data — which were already highly 
sensitive to the estimation of this rare event 
of default — were challenged like never 
before.

Out of the ten years with the highest default 
rates on corporate debt since 1960, six have 
occurred in the new millennium and the other 
four in the 1990s.6

These weaknesses are compounded by 
the fact that in the traditional process of 
forecasting based on historical data, a small 
set of models is used to provide forecasts for 
all businesses. The exact practice varies from 
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bank to bank, but in some cases, there may 
be a common model used for all businesses 
in a broad sector. There may even be a single 
set of revenue assumptions used as a common 
stress scenario across all businesses — for 
example, a parallel shift downwards in revenue 
by some fixed percentage. It is easy to see 
the limitations of this approach, however. 
In times of stress, the differences between 
businesses become extremely important — a 
revenue cut that might be unthinkably severe 
for one sector will be inadequate to capture 
the severity of the downturn in another. 
The average will not model the situation 
sufficiently accurately to allow the lender to 
protect itself or help the borrowers most in 
need.

To take a concrete example, in the 
current pandemic, a hotel near a convention 
centre, catering to event attendees, may 
well find its revenue completely devastated 
by restrictions on large events, as such 
gatherings may be prohibited by lockdown 
restrictions. Conversely, a hotel in a village 
setting that caters to cyclists on staycations 
may find business booming as people seek 
to holiday domestically rather than travel 
abroad and face possible quarantines and 
other restrictions. Although both would be 
classified as ‘hotels’, their experiences through 
the pandemic are completely different.

Similarly, a Michelin-star restaurant in a 
city’s financial district that typically caters to 
investment bankers, insurance companies and 
pricey PR firms, may well find its revenues 
depleted as lockdown restrictions force it to 
close. It is not the type of meal that many 
would typically order on Deliveroo, so it 
is unable to make up a portion of revenue 
online. Meanwhile, a pizza restaurant that 
has always centred its model around delivery 
and that may not even have a dine-in option, 
may, in fact, find it is doing more business 
than before the pandemic as people are 
spending more time at home. Again, both are 
classified as ‘restaurants’, but the experience 
of the one is hardly comparable to that of the 
other.

Now, clearly, a good deal of the 
outcome for any given business will 
still be determined by how well they 
themselves are able to adapt to the change in 
circumstances, and lenders will need to take 
these adaptations into account. There is no 
question, however, that there are structural 
differences between businesses that many 
lenders were not fully taking into account 
because their modelling approach or sector 
ontology was simply not fine-grained and 
specific enough to make these distinctions.

The preceding issues are only compounded 
by the fact that data used by banks for 
decision-making has an inherent lag. Economic 
data coming from government agencies or 
other trustworthy sources is often released 
on a monthly or quarterly cadence. Data 
from other providers will also typically have 
some delay before it becomes available. This 
means decisions are made on the best available 
data that may be from a mix of sources with 
different ‘as of ’ dates. This is equivalent to 
trying to navigate through oncoming traffic by 
relying purely on your rear-view mirror.

The problems with the historical 
approaches can be summarised as follows: 
they are only using backward-looking 
analysis that does not account for rapid 
changes in the economic context; the data 
used to fit these models is not current; and 
the modelling approach itself is fragile to the 
number of defaults.

As these are ‘tail events’, models built in 
benign conditions may well underestimate 
the severity of defaults when they occur. The 
traditional approach to commercial lending 
is to assess all businesses by using the same 
set of simplifying assumptions. Unfortunately, 
this does not capture enough complexity to 
distinguish between the businesses that will 
thrive and those that will struggle to survive 
in adverse circumstances.

An alternative approach
It is therefore prudent to examine 
additional techniques to supplement 
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historical modelling with forward-looking 
approaches.7 While accepting that these 
methods will not be perfect (and therefore 
cannot be the sole basis for decision-making), 
the foresight gained can help shape general 
commercial lending policy. It can also help 
identify potential problems and enable 
lenders to be smarter in both their decisions 
about which loans to accept and the 
structuring of those loans if a decision is 
made to go ahead.

For example, OakNorth has developed 
a COVID vulnerability rating framework 
based on a forward-looking analysis of 
borrowers’ vulnerability to COVID-related 
stress. The rating is based on a score of 1–5, 
5 being the most vulnerable, and enables 
lenders to:

•	 Classify their loan book into granular 
sub-sectors and determine the impact 
of COVID-19 using 204 sector-specific 
domain models and forward-looking 
scenarios;

•	 Assess each sector through the three 
stages of the crisis — the initial impact 
from COVID-19, additional waves with 
short-term reboots in between and the 
new normal;

•	 Explore a range of outcomes based on 
structural changes in consumer behaviour, 
the regulatory impact, government fiscal 
stimulus and the impact of increased 
digital usage;

•	 Utilise this sub-sectoral analysis to stress 
test the entire portfolio simultaneously 
on a loan-by-loan basis and flag which 
individual obligors may need closer 
analysis and support;

•	 Re-underwrite loans to businesses that are 
vulnerable, and institute closer monitoring 
while helping management teams 
understand the stress scenarios;

•	 Build trust in the scenarios through 
regular efficacy tests incorporating 
concepts of ‘nowcasting’ and ‘back-testing’, 
which we will examine more closely later 
in this paper.

The resulting ratings can help lenders 
target specific actions at particular borrowers 
based on how the crisis is predicted to affect 
them. Borrowers that have an immediate 
liquidity need but have good debt capacity 
and long-term profitability prospects, for 
example, may be targets for additional 
lending. This will help them survive the 
immediate crisis and repay as long as this 
short-term survival is ensured.8

In addition to taking a prospective view, 
both historical and forecasting models 
benefit from a wider pool of data. While 
many banks base their model purely on 
borrower data, there is good evidence 
that drawing from a wider set of data — 
including macroeconomic variables, for 
example — can help to improve model 
performance.9 Macroeconomic data can 
also provide vital context to credit officers, 
helping them to better understand the 
factors that drive market size, costs and 
revenues. This, in turn, can challenge their 
inherent assumptions about the overall 
creditworthiness of a sector.

For relationship managers, this same data 
can help them to better understand the 
issues affecting their borrower and enable 
them to be a better adviser to the borrower, 
structuring the loan to suit their specific 
circumstances. Models can be developed 
to identify headwinds in these factors and 
provide an early warning signal, prompting 
a conversation with a borrower to check 
on the state of their business before formal 
covenants have been breached. This can lead 
to both improved underwriting and better 
ongoing monitoring of loans.10

In addition to traditional macroeconomic 
data, there has been an explosion in the 
availability of alternative sources of data. 
Many businesses are seeking to monetise 
the data they capture in their normal course 
of business and couple this with data from 
providers who are providing what was 
previously unavailable or difficult to obtain. 
Consequently, it is possible to provide timely 
data-driven answers to many questions 
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that would previously have been difficult, 
expensive and slow to address in analysis.

The effects of alternative data on finance 
were first felt when hedge funds began to 
use alternative sources of data to gain an 
edge in quantitative decision-making.11 
For example, it is possible to get restaurant 
reservation data from OpenTable, and, 
therefore, rather than wait for confirmation 
from borrower financials, it is possible to 
use this data directly to analyse the effect of 
the COVID-19 pandemic and the resulting 
lockdowns on the restaurant industry.12

This data has the additional benefit 
of likely being more timely than other 
sources. Banks may only receive borrower 
financials annually, and many traditional 
macroeconomic sources only come out 
quarterly or with a lag. It also more directly 
addresses the question at hand rather than 
having the picture obscured by the effect 
of other factors. Additionally, it reflects the 
varying actions being taken by policymakers 
and governments as countries and states 
go into different stages of lockdown. The 
benefit is that the lender can immediately 
see the impact of the current lockdown in 
each place. As a result, they do not need 
to try to keep pace with all the different 
evolving regulations and attempt to 
model these effects borrower by borrower. 
Naturally, it can be difficult for lenders to 
make use of all these sources of alternative 
external data when they struggle to even 
make the best use of their existing borrower 
data. This evolution is, however, essential 
for institutions to be able to make more 
intelligent commercial credit decisions.

For too long, many organisations in the 
industries suffering today have been navel-gazing 
at their own data with little interest in or 
ability to ingest the vast array of external data 
available.13

The use of alternative data sources can 
also help to address the problem of lag 
in historical sources and help with credit 

decision-making. This can be augmented 
by ‘nowcasting’, which is the practice of 
attempting to predict the recent past, the 
present and the immediate future.14 This 
uses the techniques of forecasting to fill 
in the gap between the last observable 
historical data points and the present time 
and then try to predict what is likely to 
happen next. Alternative data sources often 
have less lag than traditional sources, with 
many having real-time or daily updates as 
opposed to weekly, monthly or sometimes 
even quarterly for traditional sources. This 
means they can provide a proxy for slower-
moving metrics and give banks a snapshot 
of the likely current state of their portfolio, 
which is updated very frequently. This can 
help to inform credit policy and enable 
the bank to take timely action to intervene 
where borrowers are heading into difficulty. 
It is after all, far better to take action early 
albeit with an element of uncertainty than 
to wait until the picture is fully clarified 
when it is often then too late to do 
anything useful.

Moving away from an Excel-based to 
a more technology-led and automated 
approach gives lenders the opportunity to 
build models that are far more specific to 
a given business. This is because they are 
accurately modelling the conditions of 
the business plan or capturing the nuances 
of a granular sub-sector. Additionally, 
they will be much more consistent and 
directly comparable across businesses. The 
consistency is gained because bank policy 
is configured in a single place and then 
applied across all loans, which is difficult to 
ensure using spreadsheets designed to be 
extremely flexible, at the cost of making it 
more difficult to apply policy consistently. 
This allows lenders to take a much more 
granular and rigorous approach to building 
stress scenarios, using the data to identify 
clusters of sectors that respond to similar 
macroeconomic factors, and then modelling 
the effects of shocks to these particular 
factors as the basis of the scenario.
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The future of commercial lending
The ON Credit Intelligence Suite 
developed by OakNorth can apply 
proprietary stress scenarios to lenders’ 
portfolios, assigning each borrower a 
vulnerability rating based on factors such 
as liquidity, debt capacity, funding gap and 
profitability. By analysing each borrower’s 
data in the context of its geography and 
sector, while monitoring it against its peers 
using a bottoms-up approach, the software 
provides lenders with almost instantaneous 
stress-testing. This works as a strong 
independent challenge for their risk models 
and provisioning levels.

Through the continuous monitoring 
of active credits, lenders are able to turn 
monitoring — which is based on proactive 
alerts — into a real-time process, rather than 
a manual and reactive one. This not only 
improves credit outcomes, but also means 
the lenders’ relationship managers can spend 
more time originating deals, finding the right 
path to ‘yes’ with prospective borrowers, 
and building deeper and more meaningful 
relationships with clients.

Traditionalist lenders could be 
gradually influenced to adopt these new 
methodologies by several factors: Firstly, 
making use of a wider pool of data sources 
with timelier updates to perform sectoral 
analysis should feel familiar insofar as it is an 
evolution of the approach they have been 
adopting all along. Secondly, the disruptive 
nature of the COVID-19 pandemic and the 
resultant policy interventions force lenders 
to make changes anyway — if they have 
to do this anyway, why not embrace the 
opportunity to update?

We have been deploying the ON Credit 
Intelligence Suite within our own bank in 
the UK — OakNorth  — since its launch 
five years ago. It has enabled us to lend 
several billion pounds to several hundred 
businesses with only a cumulative ten defaults 
since inception and no credit losses. While 
it is still too early to definitively quantify 
the benefits of the alternative approach 

to underwriting and monitoring outlined 
above, the credit performance of OakNorth  
is very encouraging and suggests that the 
adoption of a more intelligent approach 
can give a lender tangible benefits to credit 
performance through the cycle. In 2020, 
OakNorth  was ranked as the fastest-growing 
business in Europe by the Financial Times (FT 
1000) and has performance metrics that place 
it among the top 1 per cent of banks globally 
— an ROE of 23 per cent, an efficiency ratio 
of 27 per cent and a borrower net promoter 
score of 82.

We are deploying the software not only 
within our own bank in the UK, but also 
with several other leading banks globally, 
including: Capital One, Fifth Third, PNC, 
SMBC, Customers Bank, Old National 
Bank, and NIBC.

As lenders embrace an approach 
involving data-driven decision-making 
and forward-looking analysis, they will 
in turn become better able to respond to 
the individual circumstances of individual 
business borrowers. The same data that helps 
them to avoid losses also helps them to lend 
more intelligently and ultimately serve their 
customers’ needs better.
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