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Part 1
By Thomas Ware

I
was originally trained as a quant jock:  
mathematical economics, advanced calculus, 
statistics, and even some graduate work in model 

building. But after a short time working in that  eld, I 
was drawn to the siren’s call of lending, “doing deals,” 
and working with the immediate tangible eff ect of good 
or bad decisions.  Slowly, and quite unintentionally, 
however, I found myself over the years pulled more and 
more toward quantitative credit scoring, which was 
new in the commercial space.  At  rst it was just as an 
outsider looking in, as the credit offi  cer responsible for 
implementing scoring, but eventually it was as a model 
developer or project lead on a development team.  In 
one role or another, I have had the opportunity to work 
with almost all the major commercial credit scoring 
companies, as well as with many of the most forward-
thinking lending institutions.

Not all scoring systems are equal.  And, while it’s true 
that riding a bicycle is faster than walking, most people 
would prefer the power of a Corvette or, if available, an 
F-35 Joint Strike Fighter.  The diff erences between scores 
aren’t quite that extreme, but they’re still substantial, 
so  nding a  rst-rate scoring solution is likely to have a 
signi cant impact on a lender’s bottom line.  

#1 – “You Gotta Believe”
The mantra of the ’69 Mets has broader applicability.  
And, the Toronto Blue Jays certainly had to be believers 
to become the  rst team based outside of the United 
States to win the World Series in 1992, only to follow-up 
with a back-to-back World Series win in 1993.  While 
the power of belief may sound trivial, I have seen cases 
where predisposition against scoring eff ectively doomed 
a project.  An airplane pilot barreling down a runway 
at hundreds of miles per hour just before taking off  
has to believe the plane will leave the ground, for the 
alternative, at those speeds, is unthinkable, as is the 
option of hitting the brakes halfway down the runway.  
Note, however, that the pilot’s “believing” is not a 
matter of emotional blind faith, but rather it is based 
on indisputably tested and documented proof that 
aerodynamic lift works.  This same degree of proof is 
available in the world of credit scoring, to those willing 
to examine the evidence.  

However, not everyone is willing, and this problem 
is not limited to credit granting.  In a fascinating book, 

What Works on Wall Street, James O’Shaughnessy 
documents the results of his comprehensive historical 
analysis of what stock characteristics produce the 
most favorable returns over the long run.  The entire 
second chapter of the book, however, is an examination 
of emotional and psychological barriers and human 
prejudices against purely mathematical odds-making.  
He summarizes a wide range of studies speci cally 
designed to assess the accuracy of human decision-
making which consistently  nd patterns of mistaken 
human decisioning in medicine, politics, gambling, 
insurance, investment management and other  elds.  
People over-weigh their own personal experiences above 
that of broader samples (in Stalin’s words “One death is a 
tragedy, a million, a statistic”).  People also read patterns 
into totally random data sets, prefer complicated, 
creative explanations to simple solutions, and above all, 
 nd statistics to be boring.  

There is also the human “ego” component underlying 
the battle of Man vs. Machine. This con ict goes back at 
least as far as the Luddites destroying machinery in the 
early nineteenth century, through recent history when 
IBM’s Deep Blue computer, examining 200 million moves 
per second, defeated the human world chess champion 
in 1997.  No Olympic runner would ever dream of trying 
to beat a car in a race.  Credit professionals will pro t 
more from thinking about how we can take advantage of 
technology, as opposed to trying to  ght it.  

No credit manager has ever looked simultaneously at 
100,000 deals, remembered all their characteristics at 
time of application, researched which ones subsequently 
went bad, and then ferreted out how important each 
speci c factor was in creating a high likelihood of a deal 
going bad.  How can anyone then be surprised when 
a model that does do all those things ends-up being 
demonstrably more predictive than the credit manager?  
If it was possible for IBM to make Deep Blue do what it 
did, then logically the only way credit scoring wouldn’t 
be more predictive is if a mediocre job was done in 
building the credit score, or the score was being used 
incorrectly.

#2 – Understand Your Goals
In the words of Yogi Berra, “If you don’t know where you 
are going, you will wind up somewhere else.”  One of the 
 rst and most important steps in the model building 
process is to de ne exactly what one is trying to predict.  
Is it the probability of default?  Or is it the probability 
of experiencing a loss?  Or is it overall transaction 
pro tability?  



Though related, these are quite diff erent things.  
Default is relatively straightforward, but predicting 
loss (at least to Basel III standards)  rst requires 
predicting the probability of default, then predicting 
the probability of loss given default (which factors in 
things like term, down payment, collateral resale value 
and the ability to recover monies through litigation and 
other means).  Pro tability also considers the economics 
of the transaction, the cost of collecting troublesome 
accounts even if they never actually default, and perhaps 
even the incremental impact on vendor deal  ow if the 
application is declined.

Most credit scoring models today, however, are simply 
looking at the probability a transaction will default, and 
the speci c most common “bad” de nitions are whether 
an account will ever reach 60 days, or 90 days past due.   
Banks sometimes prefer the 60 day metric based on the 
idea that if an account reaches 60, but not 90, it was still 
probably an unpro table account. Leasing companies, 
and especially those vendor-oriented, tend to prefer 
a 90 day de nition because to them, while an account 
that reached 60 but not 90 was either break-even or just 
slightly unpro table, being able to book the deal helped 
them make their vendor happy and ensure the  ow of 
future business.  For lenders with signi cant payment 
misapplication problems, a modeler could even develop 
a bad de nition tailored to ignore delinquencies that 
appeared to be just administrative (e.g. the account 
was 90, but the borrower had much bigger accounts 
that were all current).  The best models also consider 
other circumstances in the de nition, such as whether 
the account had to be extended, whether there was a 
bankruptcy (which might not show up as a delinquency 
for a long time) or whether the account was a real 
nuisance such as 6 x 30 (and the modeler also has the 
option of counting these as “Indeterminates” – neither 
“Bad” nor “Good,” and just excluding them from the 
model build).

Another dimension is the time period – does the 
model predict the probability of default within the 
next year, within the next two years, etc.  Though users 
generally prefer long time windows, ideally wanting 
to know if an account will ever go bad, practical 
considerations usually reduce the performance time 
window to a year or two.  First is the problem that 
the further out in the future one goes, the harder it 
is to predict what will happen, and reaching further 
out is also likely to degrade performance in the more 
important early years.  Second, a lender doesn’t really 
need to know what happens in four or  ve years – for 

most equipment types, the lender is either in, or close to, 
an equity position in their collateral after two years or, in 
the case of soft collateral, the term was short enough that 
the balance is substantially paid down after two years.

The bad de nition chosen should be the one that’s 
most useful given the lender’s circumstances and 
economics.  A lender that really wants to steer clear 
of deals that are likely to go 60 also has to realize and 
accept the fact that the model that does this will be 
highly sensitive to the applicant’s days past due at time 
of application and therefore volatile from one date to 
another.  For example, an applicant that is 45 days past 
due on some account at the time they’re scored, will get 
a much lower score than they will on the following day 
if that account is paid and goes down to 15 dpd.  Though 
this kind of score volatility is generally unpalatable 
to users, the model is simply responding to the best 
information available at the time (and indeed such a 
notable diff erence in score result is reminiscent of one 
of the old rules of credit, that no new credit will be 
extended until all accounts are brought current – models 
eff ectively validate that this was a prudent rule).  

For most lenders, however, a 90 day bad de nition is 
more appropriate as models built with this de nition are 
much less sensitive to light delinquency and as 60 day 
accounts are still captured when they become 90, but are 
not, if they cure before reaching 90 – arguably not that 
bad an account.

#3 - Develop an Overall Scoring Strategy
There are several choices that need to be made.  Which 
score (or scores) should you use?  Should you build 
custom models or buy generic, pooled-data models?  
Should you combine them?  What about the scores you 
have been using until now?  And the right answer for 
one transaction type or size segment may not be right for 
another. 

The  rst question is probably to build or buy.  Building 
a custom score has the advantage of really focusing on 
the speci c type of business your institution does and, 
as such, it should be very predictive.  But building has 
disadvantages too.  One disadvantage is cost – modeling 
 rms charge anywhere from $50,000 to $250,000 or more 
depending on scope of the project, and the historical 
bureau data necessary to build the model can cost just 
as much as that again.  While it may be possible to  nd 
someone willing to build it for less, one needs to be 
careful not to be penny wise and pound foolish – a lot is 
riding on the score, and the best analogy I can think of is 
that no one goes to a “discount” brain surgeon.  



Another disadvantage of building a custom model is 
that it requires that the lender have a large portfolio with 
signi cant (and electronically available) historical data, 
and many lenders do not.  Finally, since scores require 
periodic updating to maintain optimal performance, this 
investment will need to be made again and again every 
few years.

At the other extreme is buying a generic score.  The 
disadvantage here is that the score is so generic that a 
lot of potential predictive lift is lost, as nuances of your 
institution’s lending market and borrower pro le are 
washed away in a model primarily built to predict how 
someone will pay their phone bill.  That said, however, 
such models are still predictive, and for lenders doing 
very unusual types of lending, can be the best option.

A middle ground is a semi-custom, which in many 
ways is the best of both worlds.  It’s a pooled-data 
score built to focus speci cally on one or more types of 
lending, and it doesn’t require any individual lender to 
make a major investment.  At PayNet for example, we 
have built the PayNet MasterScore®, developed from 
a broad sample of over 1.2 million term loan and lease 
contracts from PayNet’s proprietary database.  The 
breadth and quantity of the data allowed us to build 
the model as nine distinct scorecards, for speci c 
borrower industries (e.g. Transportation, Construction, 
Agriculture, etc.) and borrower sizes, so that the model 
is “custom” to each particular lending niche, and trained 
exclusively on term loan and lease repayment.  Not only 
is such a solution more cost eff ective, as all the major 
development costs are, in eff ect, spread out over many 
lenders, but it is also likely to be more predictive, since 
these scorecards are built using a much larger pool of 
data, as opposed to just one lender’s own limited data.

If a decision has been made to use a generic or semi-
custom score, one might be tempted to focus on hit-rate, 
what percent of the time the score will be available.  
However, maximum accuracy will be achieved if the 
score is chosen based on its predictiveness, and then a 
less predictive score can be used in those cases where the 
more predictive score is not available.

In developing an overall scoring strategy, also keep 
in mind that diff erent unrelated scores can be easily 
combined.  Indeed, the more diff erent they are, the 
better.  So a commercial score can be combined with a 
consumer score, or a generic or semi-custom score can 
be combined with an existing home-grown manually-
calculated score, or all of these could be combined 
(provided it made economic sense to do so).  

Combining can be done simply by doing a retro 
analysis, which is calculating what the borrowers’ 
scores would have been as of when they applied for 
credit, and then calculating what percent of each score 
range went bad.  When combining two diff erent scores, 
historical score values are simply calculated for both 
scores, and the bad rate is simply a matrix showing what 
the odds are when one score is low and the other high, 
and vice versa.  The bad rates in the cells of the matrix 
become the new blended score that can then be used 
for decisioning.  Another bene t of going through the 
retro process is con rming a score’s applicability to your 
institution’s style of lending, and measuring the score’s 
overall predictive power for you.  Score-building software 
can also easily combine two or more scores into a single 
score.

Custom scores blending both commercial and 
consumer data can also be created, and there are also 
generic scores that have been built with the consumer 
component already blended in.  While such scores are 
eff ective, they are probably not as eff ective as the do-
it-yourself type blending described above, just the way 
an all-in-one stereo system isn’t likely to be as good as a 
component stereo system with each component chosen 
to best  t the user’s needs.

The most important point, however, is to take 
advantage of all the predictive information available.  
If a commercial credit applicant is off ering personal 
credit information, don’t use just a consumer score or 
just a commercial score, but rather use both, either 
by combining two scores, or by using a blended score.  
While it may be tempting to use just one for cost reasons, 
analyze the cost of incremental losses and foregone 
approvals – it’s easy to do – before cutting corners.  The 
one exception to this is prescreening, or staging of data-
pulls, whereby a less expensive data source is accessed 
 rst, and if the credit information found is so negative 
that the application will be rejected no matter what 
information is on the other bureaus, then there is no 
need to spend money pulling additional bureaus for that 
application.

#4 – Garbage In, Garbage Out
Good data is at the heart of credit scoring in two ways.  
First, there must be a very large quantity of accurate, 
consistent, relevant and above all detailed data with 
which to build the scoring model in the  rst place, 
because the model is really “learning” the truths of the 
world from this data.  Indeed, I know of no person who 



has sat down with the credit  les of say, 10,000 bad 
accounts and really tried to analyze why these went 
bad, and how they diff ered from 100,000 other accounts 
booked around the same time that didn’t go bad.  The 
model does all this for us.  Compounding the need 
for large quantities of data (“bads” in particular) is the 
nature of the most powerful mathematical modeling 
tool, multivariate regression, which tends to be a “data 
hog.”

The other time that good data is critical is when it’s 
accessed in real time to feed into the scoring model 
to produce a credit score and make an actual credit 
decision.  No matter how sophisticated, advanced, 
thorough and even brilliant a credit scoring model may 
be, its output can’t be any better than the data that’s used 
to drive the model. “Fact-based decisioning” requires 
having the facts.  And as a rule, the more targeted and 
speci c the data is to the issue at hand, the more value it 
will have.

#5 – Like Predicts Like
If you were an auto insurance underwriter, trying to 
predict if a driver was likely to have an accident, wouldn’t 
you want to know how many accidents the driver had 
had before?  Sure, it would be interesting to know if the 
driver had been bankrupt, as there is a correlation, but 
if you’re trying to predict “X” happening in the future, 
knowing whether “X” happened in the past is almost 
always the single most important piece of information. 
As a mathematician would say, “dependent variables 
make the best independent variables.”  Or a historian 
would say “history repeats itself.”  While this may seem 
obvious, this principle is often ignored in the leasing 
industry.  Many models meant to predict lease/loan 
repayment use as their primary input trade credit 
repayment behavior, without even considering the 
term credit repayment behavior.  To some extent this 
is an example of Rule #4, “Garbage In, Garbage Out” 
in that building a very predictive model requires using 
very predictive data, and for models predicting term 
loan/lease repayment, those built using term loan/
lease repayment data are, everything equal, going to be 
signi cantly more predictive than those based on trade 
or other data types.

#6 – Building a Scoring Model is BOTH Art 
and Science
The Golden Rule of scoring is that a model be 

EDSS, “Empirically Derived and Statistically Sound.”  
Mathematics are the heart of scoring, but they are not 

the soul.  Think of the math as the ancient Greek Oracle 
of Delphi – it will correctly answer any and all questions 
you ask of it, BUT you have to pick what questions to 
ask, and that is a real Art.  So while many models may 
be mathematically correct and EDSS, some models will 
be much more predictive than others, depending on the 
expertise and creativity of their developers.

“Expert Systems” are similar to EDSS credit scores in 
that they are quantitative systems that assign points for 
various characteristics, and based upon the point total a 
decision is made.  However, Expert Systems are diff erent 
in that they are not empirically derived; rather the 
objective of the system is to produce the same decision 
that an “expert” would if the expert were making the 
decision, right or wrong.

Expert Systems are okay, but they should be 
statistically validated to be really believable.  For 
example, traditional Chinese herbal medicine has cures 
for some ailments that Western medicine does not.  Yet 
without having these cures scienti cally validated, it’s 
hard to tell the diff erence between those that are just 
superstition and those that really work.  Similarly with 
credit scoring, the most powerful models are built by 
statistically evaluating the factors that credit experts 
have learned to be the most important.  

Under the statistical microscope, some factors will 
prove to be more important than previously thought and 
vice versa, or just in certain types of cases, but the key 
is that industry experience is usually the most fruitful 
hunting ground for predictive model variables.

However, there are challenges.  The  rst is data – you 
can’t check a truck applicant for “rapid expansion” 
without either  nancial statements or bureau data 
that shows how many trucks they’ve recently  nanced.  
Another is expertise – the best statistician isn’t likely 
to be the most experienced leasing credit person, 
so making the most predictive models requires a 
partnership where mathematician and industry expert 
work closely together.  Often a modeler can  nd ways to 
quantify abstract concepts that the credit expert cares 
about but can’t envision putting into a model.  

For example, every credit professional is going 
to be more positively predisposed, all else equal, to 
an application from Canadian Global Systems than 
one from Willie Henry Enterprises, and when tested 
statistically, the credit person is right.  As a result we’ve 
included that insight, to the extent it’s statistically 
supported, into our models.  As long as a potential 
variable “makes sense” (never ignore common sense!) 
the only real limit is the imagination, and that when 



tested, the statistics support it.
While a variable based on applicant name won’t have 

a large impact by itself, collectively such incremental 
insights can be powerful.  There is no  xed maximum 
number of variables that a model can use.  Indeed, 
models are more robust and stable to the extent that 
they look at a wide variety of factors, including factors 
that are closely related (with the one caveat that the 
number of variables needs to be small in relation to the 
number of transactions that the model is being built 
on, to prevent what mathematicians call “over- tting”).  
For example, while a borrower having a high portion 
of their transactions being 60 days past due is highly 
correlated to their having ever been 90 days past due, a 
model is usually better off  for counting both factors, and 
spreading the weight.  This way, in those less frequent 
(but still common) cases where a borrower is bad on one 
measure but not the other, the score for the borrower 
won’t be impacted all one way or the other, depending 
upon which factor was chosen for the model.  Although 
this often won’t perceptibly improve a model’s statistical 
lift, it will make it a better model.

There is literally an in nite number of possible 
variables and derived variables a model can use:  square 
root of days past due, percentage of payments that 
were over 60 days past due, change in the volatility of 
delinquency, delinquency relative to the norm for a given 
NAICS Code, borrower province per capital income, 
debt per employee, the list is endless.  No computer 
system can dream them up, so the only way they’ll get 
tested to see if they work, is if someone comes up with 
the idea that maybe “x” is a predictive clue to future 
bad performance.  So although a mathematician who 
doesn’t know the industry being modeled can still create 
an “okay” model, creating a really good model requires 
the combination of industry expertise and modeling 
expertise.  The best models are usually built by teams.

Taking a “7th Inning Stretch,” this concludes the  rst 
of two parts of The 12 Secrets of Commercial Credit 
Scoring lineup.  Developing a game winning credit 
scoring strategy means that you have to believe in the 
inherent merits of credit scoring and de ne what you 
want it to predict.  As you make your choices, remember 
that good data is at the heart of credit scoring.  Finally, 
a more accurate assessment of a borrower’s historical 
patterns and successfully melding both the art and 
the science of a scoring model are keys to providing 
additional lift to your credit decisioning process.
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Part 2
By Thomas Ware

P
reviously, in Part 1, the  rst six “secrets” were 
covered.  Developing a game winning credit 
scoring strategy means that you have to believe 

in the inherent merits of credit scoring and de ne 
what you want it to predict.  As you make your choices, 
remember that good data is at the heart of credit scoring.  
Finally, a more accurate assessment of a borrower’s 
historical patterns and successfully melding both the art 
and the science of a scoring model are keys to providing 
additional lift to your credit decisioning process.  In Part 
2 we cover secrets #7-12, including how scoring can have 
a signi cant impact on a lender’s bottom line.

#7 - “Slice and Dice”
Considering how variables will aff ect diff erent segments 

of an applicant population is important for a number 
of reasons.  Transportation equipment borrowers are 
diff erent than medical equipment borrowers, who are 
diff erent than offi  ce equipment borrowers.  “One size” 
can  t all, but not nearly as well as a more focused 
and customized product will.  While historically a 
lack of suffi  cient data to slice into segments, and/
or a lack of willingness to invest in building multiple 
diff erent scorecards or models has led to a “one size  ts 
all approach”, neither of those constraints exist today.  
Segmentation is by no means limited to equipment 
types.  It can mean new borrowers vs. old borrowers, or 
small borrowers vs. big borrowers, or borrowers in one 
segment of an industry vs. another (e.g. for-hire truckers 
vs. private  eets) – the list of possible segmentations is 
long, and largely dictated by the market segment being 
modeled.  An experienced modeler will know the most 
common segmentations, but this is another area where 
having an experienced credit professional working with 
the modeler will produce the best results by far.
Another way of thinking of this is that while the 

mathematics, generally multivariate regression, is 
brilliant at simultaneously evaluating tens of thousands 
of transactions and coming up with optimal weights 
for each variable, it doesn’t have an ability to do 
segmentation on its own – it won’t give back an answer 
saying “variable X is very predictive for borrowers 
located in Western provinces, but not for borrowers in 
Eastern ones” – unless the modeler asks that question 
by testing that segmentation.  In this example, without 
the segmentation, the mathematics would simply say 

“this variable is fairly predictive, but not very predictive” 
because the majority of applicants are located in Eastern 
provinces – and the potential predictive lift would be 
lost.  While such a geographic distinction may at  rst 
sound silly, an experienced equipment lender might 
know to look at such a distinction because the variable 
might primarily impact borrowers involved with natural 
resources.

#8 – Beware the “Tyranny of the Majority” (or 
“Trust, but Verify”)
Scoring works on probabilities – “What will work the 
greatest percent of the time?” But the modeler must 
also strive to prevent the “Tyranny of the Majority” by 
which I mean situations where a model variable works 
for the large majority of cases, but where it really causes 
trouble for a signi cant minority.  A classic example is 
a model variable that is the sum of days past due now 
for all of a borrower’s accounts.  Overall, it’s a very 
predictive variable, but there’s a problem:  this variable, 
as constructed, is subtly biased against large borrowers.  
For example, a borrower with 50 accounts that are on 
average  ve days past due is going to have a total of 250 
days past due, which in general (and therefore in the 
model) is a very bad thing.  It’s not hard to solve this 
problem, but it must be recognized in order to be solved.  
An easy solution here would be to rede ne the variable 
as the sum, for each of a borrower’s accounts, of the 
number of days now past due minus ten (or some such 
number) which prevents a large number of insigni cant 
delinquencies from adding up to a large delinquency 
number.
The key point though, is that while models do work 

overall and on average better than other decisioning 
methods, the modeler should not stop there.  It is 
possible to create an even better model by making 
sure that the model is handling even the less common 
situations (“outliers”) as well as possible.  This can be 
done in two ways.  The  rst is “top down” statistically, 
by performing segmentation analysis, guided by the 
question: “are there some borrowers or situations where 
this variable could create a biased result?”  The second is 
“bottom up” by looking at how the model scores a wide 
range of individual deals and making sure that there 
aren’t cases where the model is doing something that 
doesn’t make sense, because common sense should never 
be ignored.  Models should be based on the intersection 
of that which is statistically sound and that which also 
makes sense.



#9 – Test the Score & Decide How to Use It
Warren Buff et, the “Oracle of Omaha,” famously warned 
fellow investors to “beware of geeks bearing formulas” 
while railing against complex derivative securities which 
he called “ nancial weapons of mass destruction.”  In 
some senses he is right; models, if used improperly, 
can produce terrible results.  A perfect example of this 
is ground zero of the recent recession, the residential 
mortgage crisis in the U.S.  At its core what went wrong 
is that lenders used scoring models and the associated 
historical default rates based on owner-occupied, 
20% down, income veri ed,  xed rate, level payment 
mortgages – to “predict” default rates on investor-owned, 
no-money-down, interest-only, step payment, “liar 
loans.”  Were the disastrous results that followed the 
fault of the models?  Not in the least.  The models were 
perfectly good for what they were built on and built for, 
and the fault lies with those who sold the idea that they 
could be used in such a radically diff erent situation.

So using a model to predict behavior in the type 
of situation it was built for is critical.  But beyond 
that initial broad requirement there are a number of 
questions to answer and decisions that need to be made, 
ranging from fundamental ones down to very speci c 
details of usage that the user will probably want to 
change over time. Does the score really work?  And up 
to what dollar amount?  Does it work for all business 

segments?  Do I trust it enough to do auto-approvals 
and/or auto-declines?  What should the score cut-off s 
be?  Do I want to reduce losses or increase approvals, or 
both?  How great are the bene ts we expect to see?  Are 
we really con dent that all the necessary testing has 
been done and that it’s time to start using the score?

While all these questions need to be answered before 
using the score, the fundamental analyses on which 
the answers are based are not diffi  cult to perform 
and the results are quite accurate.  Indeed, there is a 
strong argument to begin here – test a score that looks 
promising and see what it can do for you.  The bene ts of 
scoring are so great that it is really a strategic mistake not 
to at least do the tests.

There are two main analyses.  The  rst is the retro 
analysis, calculating what the score would have been 
on deals your institution booked in the past and 
determining what the eventual bad rates were for 
diff erent scores.  This analysis can be done for diff erent 
lines of business, for diff erent borrower exposure 
amounts, for new vs. repeat customers, etc.  This tells 
you what to expect from the score.  The graph below is a 
typical, actual example.  In this case, of the 3,003 deals 
that scored 701 or higher, only 26 went bad, while at the 
other extreme, of the 529 deals that scored 580 or lower, 
301 went bad.



The second key analysis is comparing current credit 
decisioning practice to the scores given by the model.  
Given the retro analysis example above, one would hope 
that the credit analysts are approving all the deals that 
score above 680 (since their bad rate is 0.9%-2.7%) and 
that they’re declining all the deals that score 600 or 
below (since their bad rate is 40%-57%).  Without the 
bene t of having the score, however, it is virtually certain 
that the analysts are approving some very low-scoring 
deals and declining some very high-scoring deals.  

Using this diff erential, current credit decisioning 
practice versus how one would decision deals if the 
score were available, it is easy to calculate a “swap set” 
– the deals that will now be approved that would have 
been declined, are  swapped for deals that would have 
been approved that will now be declined.  The swap set 
generally produces two major types of bene ts.  First is a 
reduction in credit losses.  There is no reason why credit 
losses “have” to be what they are, and avoiding them has 
a direct impact on the bottom line.  Second is an increase 
in approvals.  Feedback on the credit granting process is 

usually asymmetric – one clearly sees the deals that were 
approved that shouldn’t have been, but few people see 
the good deals that were declined, and their number can 
be large.  Depending on institutional objectives, score 
cut-off s can be set so that all the bene t is shifted either 
to reducing losses or increasing approvals, but most 
institutions prefer to split the bene t more evenly.

When actually implementing a score for the  rst time 
it makes sense to go slowly and examine the swap set 
deals carefully.  Moreover, while one can and should 
primarily use the bad rates found in the retro analysis 
to set score cut-off s, it is also useful to see where the 
diff erences are by score and transaction amount.  
Identifying where the score’s recommendations deviate 
from current practice helps in determining the cut-
off s and the maximum transaction amount for auto-
decisioning.  This can be done by mapping out recent 
applications on a graph with the score on the Y-axis 
and transaction amount on the X-axis, and showing 
each application as either an “A” for approval or “D” for 
decline, as follows:

In the hypothetical example above, the lender’s 
current practice for applications under $200,000 is 
generally to decline those scoring below 640 and approve 
those scoring over 680.  There are two exceptions in 

each direction to this general rule, and a circle is drawn 
around them in the diagram above.  In cases where I’ve 
actually done analyses like these, upon careful review 
the low-scoring approvals almost always turn out to be 



mistakes, and the person who approved them wishes 
they hadn’t.  That said, this is also an opportunity to 
verify that these aren’t part of some special segment of 
business where approving lower scoring credits might 
be okay such as deals that are full vendor recourse. Or, 
are these borrowers doctors with seven- gure incomes?  
The high-scoring declines, on the other hand, are usually 
deals that have something wrong with them that is not 
credit-related per se, such as ineligible equipment types, 
environmental issues, geography or some inherent 
structural problem.

In the example above, the clear, general pattern of 
approving above 680 and declining under 640 holds 
true for transactions sizes up to about $200,000 at which 
point the pattern becomes less clear.  So everything 
equal, with  ndings such as these, establishing a policy 
for applications under $200,000 of approving over 680 
and declining under 640 would be a reasonable way to 
start.  Over time, the grey-area, manual review band 
of 640-680 in this example can probably be narrowed, 
and the dollar amount up to which scores are used 
increased.  Moreover, I’ve always thought it strange that 
an applicant who would automatically be declined for 
a small dollar amount might be approved for a much 
larger dollar amount.  Except in unusual circumstances 
a passing credit score should be a requirement for large 
transactions, in addition to whatever other requirements 
might be appropriate for the amount.

There are additional considerations in setting cut-
off s.  What is the economic impact of a deal going bad?  
What is the impact of turning down a good deal?  How 
important is speed?  Is the credit staff  stretched to keep 
up with the volume?  A lender with strong collateral, 
high rates, and vendors who demand speed in exchange 
for deal  ow should be willing to auto-approve more.  
A lender whose primary objective is to minimize losses 
may auto-decline low-scoring credits but then manually 
review any credit before approval.  A reasonable way for 
a lender to get started is operating on a dry-run basis, 
using the score as more of a review rule, or simply as 
another factor for analysts to take into consideration.

Going from “review rule” use of a score to automated 
decisioning requires additional credit policy that limits 
the circumstances under which an automatic credit 
decision will be generated.  Besides setting the cut-off  
scores for automatic approvals and/or declines, one 
should also put in place data suffi  ciency requirements.  
So for example, a borrower with a high credit of $3,000 
or just six months of history probably shouldn’t be 
automatically approved for $100,000 for  ve years.  One 
thing that scores today don’t do is measure “Capacity” 

since it would require in nitely more data to build a 
multivariate regression-based score that said a borrower 
was safe for $X but unsafe for $Y.  Instead, most lenders 
use the “Comparable Credit” concept, and limit auto-
approvals to some fraction or multiple of the borrower’s 
previous high credit.  

Similarly, many lenders require at least a couple 
of years of history before granting an auto-approval, 
unless a study has been done validating the score’s 
predictive powers speci cally for new businesses.  In 
practice, however, this is less of an issue than it seems 
because new businesses generally tend to get mediocre, 
mid-range scores that are below most auto-approval 
minimums.  Finally, most lenders, at least at  rst, prefer 
to put “training wheels” on their auto-decisioning, by 
requiring manual reviews for any applicant that has, 
for example, ever been bankrupt, or 90 days past due, 
or that has any other characteristic broadly deemed as 
undesirable.  Manual review rules like these are  ne, 
and usually are moot because deals with such negative 
characteristics are quite unlikely to score high enough 
to be auto-approved.  Moreover, if it turns out that 
the manual decision in these cases (or an identi able 
segment of the cases) is the same as the auto-decision 
would have been without the review rule, then the 
review rule can be peeled back over time.

Although auto-decisioning has many bene ts, it 
should not be assumed that a lender that is unwilling 
or unable to auto-decision cannot bene t from 
scoring.  To the contrary, such lenders can use a score’s 
recommendation to help guide an analyst’s decision, 
and such collaboration can even be assured by adopting 
credit authorization policies that require an analyst to 
get a second signature to approve a low-scoring deal or 
decline a high-scoring one.

It is important, however, that everyone involved realize 
that if there is no change in the institution’s decisioning 
practices based on the swap set results, the main bene ts 
of scoring won’t be realized.  Decision speed will be 
improved and processing costs should be lowered, 
but the biggest bene ts, reduced losses and increased 
approvals, won’t be realized unless some credit decisions 
change.

Finally, it is important to understand that scores are 
built to “rank order risk” (e.g. a 600 is riskier than a 700), 
but not to predict speci c default rates.  Actual default 
rates change with the overall economic environment and 
other factors.  As such it is important to recognize that 
while the recently observed default rates may provide 
a good estimate of what future actual default rates will 
be, it is only an estimate and “your mileage may vary.”  



In turn, this also means that default rates need to be 
monitored over time, and that score cut-off s will need 
to be adjusted based on those results.  Lenders who 
failed to do this were probably not happy with resulting 
default rates during the recent recession, and may have 
incorrectly concluded that their score did not work, 
when in reality it did exactly what it was supposed to do, 
rank order risk. 

This issue exists with all types of scores. A typical 
example showing default rates for static pool vintages 
from 2000 to 2009, each with 18 months of aging is 
below.  To the extent that suffi  cient historical data is 
available to do an analysis similar to this from the start, 
it is useful to establish an historical range of default 
rates that have resulted from each score tier, and set 
expectations accordingly.

#10 – Implementation:  Institutional 
Acceptance & “The Human Factor”
There are two reasons why broad staff  acceptance of 
scoring is important.  The  rst is the basic need to 
have everyone in the organization pulling in the same 
direction – if senior management is going one way, while 
the front line staff  is going the other, the results are never 
pretty.  

Some employees are concerned that credit scoring 
will cost them their jobs.  The good news here is that I 
have never heard of this actually happening.  Because 
the adoption of scoring is a gradual process, it will 
mean that there will be less future hiring, even if there 
is substantial volume growth (which quicker credit 
decisioning can create).  Total credit headcount may 
gradually decline through natural attrition or transfers 
to other departments, but employees really shouldn’t be 
concerned about layoff s.  Rather, scoring frees them up 
to focus on the more challenging borderline deals and on 
larger deals.

Other employees can be defensive, taking it as a matter 
of honor that they are “better” at adjudicating credit 
than the score, and go out of their way to try to prove 
it.  This is most commonly an issue when presenting 
retro analyses that by their nature highlight that a large 
portion of the low-scoring deals went bad.  The key here 
is for people not to take it personally – an automobile 
goes faster than even the fastest Olympic runner, and no 
one has a problem with that.  It’s also true that there are 
also many areas where human expertise beats machines, 
particularly working with large complex credits.

The other reason why staff  acceptance is important 
is less obvious. There is a real opportunity for synergy 
between Man and machine here:  if they work well 
together they will produce an even better result.  The 
scoring models I’ve built allow users to “look inside” to 
see why the model is saying this applicant is good or bad, 
because then the credit analyst can better evaluate the 
model’s recommendation on a particular application.  
Maybe the analyst will look at the key factors sited and 



say “hmmm, those are good points; I hadn’t focused on 
those” – or maybe the analyst will say “oh, that’s why 
the score is the way it is; I happen to have information 
that the model doesn’t have, so I know for a fact that 
this issue isn’t a problem, and should therefore discount 
the score on this application.”  And this is actually a 
key point – in general when analysts look at the same 
information that the scoring model has, and reach a 
diff erent conclusion than the model, they are usually 
wrong.  But when the analyst has material “exogenous” 
information that the model doesn’t have then the 
analyst’s decision is more likely to be correct.

Finally, and most basically, credit analysts must 
understand the meaning of score values themselves.  
They need to know whether a score is predicting the 
probability of loss or of default (and if the latter, how is it 
de ned).  Most “Empirically Derived Statistically Sound” 
scores predict default, while many Expert Systems type 
scores predict loss; and some scores combine the two.  
The analyst also needs to know whether the score they 
see is presented on an absolute basis or on a relative basis 
(akin to “grading on a curve”).  Scores that are calibrated 
and presented on an absolute basis have the advantage 
of consistency over time – a score of X today means the 
same thing as a score of X a year ago – and what bad rate 
has historically been associated with that score.  Many 
such scores are further calibrated to make comparisons 
simpler by using a standard rule such as “20 points 
doubles the odds” meaning that if the good-to-bad odds 
are 10-to-1 at a score of 650, that a score of 670 means 
odds of 20-to-1.

The other common way that scores are calibrated 
and presented is on a relative basis, and this is usually 
done on a percentile basis, on a scale of 1 to 100.  The 
advantage of this method is that the analyst can easily 
compare how a particular applicant compares to other 
companies.  It has the disadvantage, however, that a 
score of X today does not mean the same thing as a score 
of X a year ago.  In my opinion, the ideal way to present 
scores is both ways, showing the user both an absolute 
score and a relative score.

The bottom line is that widespread score education 
and understanding are critical to getting maximum 
meaning and bene t from scoring.  Not only does this 
maximize the potential for real Man-machine synergy, 
producing a result better than either could do alone, but 
it also minimizes the risk of misunderstandings and sub-
optimal decisions being made based on misconceptions.   
The combination is key, and as Desmond Morton, the 
Canadian historian wrote “A cautious people learns from 

its past, a sensible people can face the future.  Canadians, 
on the whole, are both.” 

#11 – Score Management is an On-going 
Process, Not a One-time Event
Time is an important dimension to credit scoring in 
a variety of ways.  No matter how much analysis and 
education is done upfront, real trust still takes time to 
grow.  Typically a lender will start using a score without 
any auto-decisioning, and then move to auto-decisioning 
just a small portion of their deals.  In many ways this 
 rst step is the toughest, and the portion of deals auto-
decisioned may be only 5%.  But this should be thought 
of as a Normandy Beach, a real accomplishment that 
though initially small in its absolute magnitude, laid 
the foundation for much more widespread success 
thereafter. Once auto-decisioning is actually started it 
tends to grow rapidly, as people see additional classes 
of applications that clearly can be auto-decisioned 
(e.g. good but not excellent credits, somewhat larger 
deals, other market segments, etc.)  Before long 15%, 
then 30%, then 50% will be auto-decisioned.  And the 
percentage will continue to grow, though more slowly, as 
the remaining deals are tougher to auto-decision and the 
toughest to gain consensus on for auto-decisioning.

Growing the auto-decisioning percentage over time 
is an important activity, but, as noted earlier, just as 
important is monitoring score performance over time.  
Is the score performing as expected?  Do high-scoring 
deals have low bad rates and low-scoring deals have high 
bad rates?  Are the bad rates for each score category what 
they were expected to be?  The analysis done prior to 
adopting the score is important, insightful and useful, 
but it’s never 100% the same as actually using the score.  

First is the problem of “Reject Inference” – how does 
one really know what the performance of deals that 
weren’t approved and booked would really have been?  
PayNet has conducted some interesting research in this 
area, and because we have the data from essentially all 
the major lenders in many equipment categories, we’ve 
been able to calculate what the actual bad rates were 
on deals declined by one lender, but then approved by 
another lender.   The results have been very reassuring as 
they were consistent with the bad rates predicted by the 
score.  But even this approach isn’t quite absolute “proof” 
in that not all declines are subsequently approved 
somewhere else, and there is presumably some bias to 
which applicants are eventually approved vs. not.

Theoretical nuances aside, the real issue to be 
concerned with is change in the underlying lending 



business.  At the extreme, for example, a lender that used 
to do only direct business that now does only broker 
business, cannot expect to have the same bad rates for 
a given score that it saw in the retro analysis.  Similarly, 
a captive lender going into non-captive lending, or 
indeed any change in the positive or negative selection 
tendencies of the applicant population coming through 
the door will aff ect performance.  A lender now charging 
high interest rates and advertising E-Z credit will have 
higher bad rates for a given absolute score than one with 
low rates and tight credit.

Scoring also enables credit management to quantify 
the quality of applications being submitted, on an 
absolute basis, as well as on a relative basis, over time.  
For example vendors can be evaluated by the average 
credit score of deals they submit, and by the average 
score of deals they book – and if the average score of the 
deals a vendor books is signi cantly less than the average 
score of deals approved for that vendor, then it is quite 
likely that the vendor is negatively selecting, i.e. only 
booking with you the deals that no one else approved.  

And knowing the average credit score, a pro tability 
estimate for each vendor (or salesperson) can be 
calculated without waiting for the default to occur, and 
the unpro table vendors better managed, given higher 
rates, ultimatums, or cut-off .  Similarly, management can 
now con dently evaluate securitizations, syndications 
and portfolio acquisitions, to determine whether there is 
any bias toward higher or lower credit quality selection, 
and react accordingly.

Overall portfolio monitoring by score is important 
because even if an appropriate minimum credit score 
is set, and the scoring model is working exactly as it is 
supposed to, the quality of the applicant population will 
aff ect the lender’s overall average portfolio quality.  In 
the simplistic example below, both lenders have set 650 
as their cut-off , approving (and booking) everything over 
and declining everything under.  Yet the lender with the 
stronger applicant pool has a much better portfolio, with 
an average score of 680 compared to an average of just 
660 for the lender with the weak applicant pool:

Other macro analyses are possible and worthwhile as 
well.  One bank, for example, looked at the distribution 
of credit scores that were coming from applicants who 
worked with loan offi  cers in branches.  What they 
found was an abnormally high number of applicants 
that scored just high enough to be approved, and an 
abnormally low number of applicants that scored just 
under the cut-off .  Upon investigation they found that 

the loan offi  cers were “gaming” the system for marginal 
applicants, doing things like opening a checking account 
on the spot so the applicant could qualify as an “existing” 
bank customer.  Armed with this information from 
monitoring, their credit policy was changed to prohibit 
rescoring (i.e. if the applicant did not qualify with the 
data initially entered, then they couldn’t qualify for an 
automated approval by changing the data).



Another area to monitor is decision overrides, and 
the reason for the overrides.  Even if policy says that 
deals scoring below 600 should be declined, there will 
probably be some that get through on appeal.  It is 
therefore very useful to develop a set of override codes 
for each type of override to distinguish between those 
that are essentially for sales considerations, versus those 
that are based on important information not within the 
scope of the scoring model (e.g. a start-up that just got 
$100mm of venture capital funding), versus those where 
the risk of default is high, but for collateral reasons the 
risk of actual loss is very low.  Using these codes does 
two things.  First, it makes it clear how much business 
is being done on an exception basis.  Second, it makes 
it possible in the future to calculate what the actual bad 
(and loss) rates are on these deals.  And in every case I 
know of, the score overrides done for sales considerations 
had very high bad rates, which credit management could 
then point to in their eff orts to reduce the number of 
such approvals in the future.

Finally, and most importantly, all good things must 
someday come to an end, and scoring models are no 
exception.  Models generally last two to  ve years, 
and knowing when it is time to retire a model – when 
it just isn’t as predictive as it used to be - is one of 
the main purposes of monitoring.  The good news is 
that the existing model doesn’t need to be completely 
discarded.  Rather, it becomes the base from which the 
next generation model is developed.  If the business 
hasn’t changed signi cantly, and if there are no new 
data sources off ering the potential for increased lift, 
then creating the “new” model is really just a matter of 
updating and re-optimizing the old model based on 
newer data, and possibly looking for a few new variables 
to add additional lift.

#12 – Never Lose Sight of the “Big Picture”
Building a high quality credit scoring model is a lot 
of work, and even if the decision has been made to 
buy rather than build, there is still signi cant work 
that needs to be done gaining internal acceptance, 
setting credit policies and parameters for scoring, and 
monitoring the results.  It is therefore important not 
to lose sight of the big picture, why you’re scoring in 
the  rst place.  The list of bene ts is so long it would 
be unbelievable, if each one of them weren’t so clearly 
veri able:

• More Approvals
• Fewer Losses
• Reduced Overhead
• Much Faster Credit Decisions (which improves 

the closing rate, and increases bookings)
• Greater Customer Satisfaction (at least of the 

customers you want)
• Increased Management Control
• Greater Flexibility (e.g. “tightening” or “loosening” 

overall credit standards overnight)
• Improved Consistency (so one analyst isn’t 

declining a deal that another would approve)
• Better Quality (i.e. fewer mistakes)
• In nite Scalability (if application volume doubles, 

you can’t double the staff  instantly)
• Improved Operating Information (e.g. quality of 

each vendor’s applications vs. bookings)
• Improved Overall Transparency (of total portfolio 

credit quality)
• Improved Predictability (of future portfolio 

performance, based on score vintages)
• Improved Funding Costs and Access to Funding 

(based on the above)
Indeed, the only “bad news” is that the bene ts of 

scoring are so great that scoring is becoming non-
optional.  The innovators within a particular market will 
see a real bene t by adopting scoring, but the advantage 
doesn’t last forever as more competitors adopt scoring.  
Over time the market prices and expectations change 
to the point where those that use scoring earn just a 
“normal” return, while those that still don’t use scoring 
are operating at a costly disadvantage.  

In general, the smaller the transaction and the larger 
and more homogeneous the applicant population, the 
easier it is to develop scores, and the sooner that lending 
market will adopt scoring.  Consumers are easier to score 
than businesses, so consumer lending is about 25 years 
ahead of commercial lending.  Though most consumers 
today have dozens of unsolicited credit card off ers in 
the mail, 25 years ago getting a credit card required 
meeting with a loan offi  cer at a bank, possibly discussing 
career prospects and the loyalty and responsibility 
demonstrated by having a savings account at the bank.  

Today such a process is unthinkable in consumer 
lending, and that is where commercial lending is 
heading.  Virtually all deals under $25,000 are now 
scored, and increasingly deals in the $25,000 to $250,000 
range are being scored as well.  Within  ve years it 
is likely that the vast majority of transactions under 
$250,000 will be scored, just as home mortgages are.  
Several years ago the CEO of First Union said publicly 
that their ultimate objective was to score transactions up 
to $5mm.  It will take some time to get there, but I’m sure 
that eventually we will.
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