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Hed ctive Mrtm

Firm-value models of default are the basis of KMV’s proprietary default prediction
methodology. Recently, critics have attacked the methodology for its failure to include other

potentially useful default indicators. Here,

and respond,

arguing that such indicators fail to improve upon the KMV methodology’s predictive power.

topay its creditors. Rior to defadt, ve have no vay of

dstingishing for certanthefirns thet wil defadt fram
those that wil not. The best ve candois estinate the probebil -
itythet afirmwll dfadt.

Qe vay to tackl e this problemis through the option pricing
approach to default risk, sonetines known as the Merton
approach (Merton, 1974). This approach builds on the i dea that
anequity hoder has aninplicit option onthe assets of afirm
The equity holder of a distressed firmcan choose to limt any
futher liadlity by exercisingthe optionto put the assets of the
firmto the debt hol ders. Wthout goinginto detail, there are
practical prodens to be solved prior to using this approach to
quantify default risk. Ater years of research, we and others at
KW Qorporation have extended the basi c Merton franework
tocreste a practica nodel of default risk. The resulting nodel
outputs a neasure of Expected Default Frequency (EDF)
known as the BEOF Gedit Masure (for details of the nodel, see
Q oshi e & Bohn, 2001).

Recently, researchers at Mody s Investors Service have crit -
icised the Mrton approach to eval uating credit risk in severa
ways:

The Merton approach i s fundanental |y deficient in neasuring

oat risk 1

Wilethereis credt infornation availaddeinthe autput of a

Merton nodel , the infornation can be significantly enhanced

by colhining it statistically wth Mody s debt ratings as vel |

as other wel | -known accounting ratios. 2

The theoretical underpi nnings of options pricing and thus the

Mrton nodel are incorrect. 3

To back up the first two clains, Mody s has produced statis-
tical results show ng the underperfornmance of a Merton
approach in neasuring default risk. In fact, the conpany has
produced a new nodel that statistically conbines its Mrton
approach with Mody s ratings and accounting variabl es, which
it shows inproves the default predictive pover of the Mrton
approach (Sobehart & Sein, 2000).

This article shows that these findings are all incorrect. In
atenpting to replicate Mody sresuts, vefindthe thereis no
default predictive infornationin Mody sratings that is not
aready contained in the output of the Mrton approach. S n -
laly, thereis no additional infornation in the well-known
accounting variabl es that they use. In fact, mixing Mody srd -
ings and accounting variables wth the output of the Mrton

De‘ajt riskis the ucertany suroundng afirmsaility

54 credit MARCH 2002

approach does not inprove its perfornance but rather degrades
it
Atenpted replication of Mody s emiricad resuts
The two key enpirical results that Mody s presents arethat:
Addi ng Mbody s ratings and accounting variables to the out -
put of the Mrton approach significantly inproves the defaul t
predi ctive pover.
Accounting variabl es and Mbody s ratings contain defaul t
predictiveinfornation, beyond the default pred ctive inforna-
tioninthe Mrton approach.
To evd uate these findings, we need to establishif thereis any
default predictive infornation in one neasure (eg, Mody srd -
ings) that is not a ready contained in the other neasure (eg,
BHF. Niller (1998) proposed anintraconort and ysis test for this
circustance wichisbathintutiveadstaisticdly poverfu ad
does not require specifying the formof the possibl e rel ati onship
between the two neasures. WWen we applied this test to a com
prehensi ve sanpl e of Mody s-rated conpanies wth public
EFs, ve found that:
Al default predictiveinformationin Mody s ratings and
accounting variabl es vas al ready present in the HFs.
Qonsi derabl e default predictive infornation in EOFs was not
contai ned in Mody s ratings or accounting variahl es.
HFs vere unifornhy nore poverful predictors of default. In
perticdar, they hed fever fdse positives (incorrect idetifi -
caion o defadt) thenthe dternatives for any leve of correct
pred ctions.
The fol l ow ng section describes the statistical anal yses per -
f or ned.

Satistical nethodol ogy

Default risk neasures used

Mbody s ratings, indescendng order of credit quaity, ae
Pea, Aal, Ae2, Aa3, Al A2, A3 Baal, etc atotd of 21
non-default rating grades (Gaouette, Atnan & Nayrayanan
(1998) discuss howratings are created). In contrast, HFs
are nuneric ratings that range from0.02%(2 basis poi nts)
to 20%wth basis-point precision, naking 1,999 dif ferat
possi bl e val ues. Results presented here are for BJFs
designed to forecast default risk a a one-year horizon,

al though KW supplies EOFs with horizons rangi ng from
one to five years. Here, return on assets (RDY is operating
i ncone di vi ded by book assets; results for other accounting
variables are availabl e in Keal hofer & Kurbat (2001).




A Gonbi nation of results across
rating grades, using hypothetical data

First neasure Second neasure (EDFs)

(Mbody s ratings) Goup 1 Goup 2 Goup 8 Goup 9 Goup 10
Aaa 0.02 0.00 0.10 0.35 0.89
Aal 0.02 0.02 0.24 0.54 121
© 0.76 0.89 20.00 20. 00 20. 00
Percentile
10 20 80 90 100
Hypot hetical nunber of defaults
. if second neasure 0 0 2 3 5)
adds predictive power
. if second neasure 1 1 1 1 1

does not add

predi ctive power

Unhder hypot hetical nuner of defaults, each nunber represents the nunber of
defaults for that group, aggregating across Mody s Investors Service rating
gades. For exanple, if the hypothetica nunber of defauts is five for group 10,
thisisthetad nunber of defadts for that gopinadl rating grades Aeato C

MIler (1998) proposed the folowng statistical procedure. Take
the popul ation of firns one year prior to default and sort them
into groups ( cohorts ) according to the first neasure of defaul t
risk sothat, wthineach conort, al firns wou d then have approx-
inately the sane default risk by the first neasure. Qe year
lae, vewll beddetoseevihichfirng actud ly defadt. If our
second neasure of default risk has predictive infornati on not
cotaredinthefirst nessure, ve shoud be ddetofindit inthe
followng way. W sort, wthin each of the cohorts deternned
above, by the second neasure. According to the first neasure,
each firmwthin a cohort shoul d have about the sane probabil -
ity of defaulting. If the second neasure has additional pover,
thereshoudbeardativey higher defalt raefor thelovqua ity
firns wthin each cohort, as deternmined by the second neasure.
In other words, instead of being randonhy scattered within a
cohort, the actual defaults shou d cluster anong the | over credit
quality firns, as deternined by the second neasure. Because
ve are | ooking wthin the cohorts forned by the first neasure to
find the narginal infornationin the second neasure, thisis
cdled inracohort adysis .

As observed before, the intra-cohort ana ysis does not rely
upon a particular paraneterisation of the relationship between
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the tvwo variadd es, such as alinear relationship, but rather con-
siders a| reasonabl e a ternatives sinl taneously. It sinply tests
for theranking of one variad e havinginfornati onthat is not con-
tanedintheraking of the ather varidble. For thisreason, it is
cosidered a non-paranetric test. It isdfficut toinagne ay
nat henat i cal speci fication of the two variables that woul d be
precticaly better thenthe first varidde dore, if the secod vari -
aefalstohave adtiod predctive pover by this test.

Intutivdy, consider grouping together al firns wth EFs of
1-2% Interestingy, it ispssidetofind inthat aegop firmns
w th agency debt ratings ranging fromAa2 to B. However,
according to the EJFs, all firns inthis cohort shoul d have
approxi natel y the sane default rate. If these firns are sorted by
their ratings, adif theratings contaninfornationnot inthe
BFs, thenthe lowrated firns inthis group shou d default at a
higher rate thanthe highly rated firns. If sucharelationship
exists, thenveshoudbeabletoseeit by looking at theredised
defaut rates wthin each of the groups, sorted by their ratings.

To nake sure that our results are neaningful and not just due
to chance, we have to ook at nany cases. To do that, we need
sone way of nornalising infornation across cohorts to be onthe
sane scal e before we conine it. W do this by converting each
score wthin a cohort toits percentile rank, and then confi ning
the defaul ts across cohorts by their percentil e scores.

Hypot heti cal exanpl e
Tabl e A shows how we confi ne results across cohorts via a

hypot hetical exanpl e. Assune that for each of 21 Mody s nor+
defaulted rating grades, we have 10 conpani es, and we order
the EDFs of each conpany fromlowest (group 1) to hi ghest
(goup 10). Sy ve dso have atotd of 10 defallts inthe data

If the second neasure (EHFS) adds default predictive infor-
nation not captured by ratings, then we woul d expect thereto be
nore defaults in the hi gher-nunbered groups than in the | over-
nunier ed groups (eg, group 10 woul d have nore defaul ts than
group 1). However, if the second neasure does not add defaul t
predictiveinfornation, thenwe wou d expect there to be approx-
imately the same nunier of defaults in each of the groups
(wthinlints of sanpling errar).

a. Histogram of Moody's ratings percentile ranks within EDF cohorts
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1. Intra-cohort anal ysis conparing Mody s ratings and EOF Gedit Masure

b. Histogram of EDF percentile ranks within Moody's ratings cohorts
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The positively sloped, dashed lines in the above graphs show how we expect a distribution to appear if a measure adds default predictive power, while the flat (uniform)
dashed lines show how we expect a distribution to appear if a measure does not add predictive power. We can see that the EDF measure adds default predictive power to
Moody's ratings because the histogram bars in (b) are positively sloped, but Moody's ratings do not add default predictive power to EDF because the histogram bars in (a)
are not positively sloped. The arrow in (a) indicates how the histogram pattern would have shifted if ratings added predictive power

www. cr edi t nag. com

credit MARCH 2002 55




| technica

2. Power curves conparing defaul t
predictive power of the EOF and
Mbody s ratings
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3. Power curves denonstrating defaul t
predictive power of EDFs and Mbody s

ratings

To exclude a given percentage of defaults

in the succeeding periods using the ratings
alone, the lender must exclude more obligors
than if he or she used EDFs or EDFs combined
with ratings. However, the lender excludes the
fewest firms by using EDFs alone
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If ve convert fromranks 1 10 wthin each cohort to percentile
ranks, we can aggregate this percentile infornati on and create
hi stograns of percentile ranks. Subseguently, we can apply the
Ka nagorov-Swrnov (K statistical test totheir dstribution, to
seeif thereisastatisticdly signficat rdationship due to nar -
gind infornation in the second neasure. The KStest works by
cal cul ating the maxi numdi stance (D between the observed
distribution of EOFs and the uni formdistribution. 4 The nul |
hypothesis is that the second neasure provides no additi onal
infornation, in which case the percentiles of the second neas-
we ae uniforny distributed The dternative hypothesis is that
the second neasure does contain additional default predictive
infornation, in which case we expect the percentiles of the sec-
ond neasure to be skewed to the right, instead of being uni -
fornhy d stributed

Resul ts

We created a conprehensi ve sanpl e of Mody s-rated defauts
fromthe past 10 years, where there was a rating one year before
default and where the conpany s equity was pubdlicly traded one
year before default. This yielded a sanple of 121 rated defaul ts,
agai nst a popul ation of 1,458 uni que non-defaul ted conpani es,
or approxinately 1,347 publicly traded, Mody s-rated firns per
year .

Usi ng the data descri bed aboveS, ve forned cohorts, first
using EDFs as the prinary sorting variabl e, and then using
Mbody s ratings asthe prinary sorting variade That is, ve first
tested to see if there vas narginal infornation in Nbody sra -
ings relative to EOFs, and then whether there was nargi nal
infornation in BJFs rel ative to Mody sraings.

The findings areillustrated in figure 1. The | eft-hand graph
shovs that there is no pattern of default rates wthin the EF
cohorts due to Mody sraingdf ferentids. The visud |ack of
pattern (the histogrambars do not have a positive sl ope) is con-
firned by the statistically insignificant KStest results. The
slightly larger nuner of defaults on the left-hand side of the
graph corresponds to firns wth better-quality ratings, wiichis
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the opposi te of what we woul d expect if ratings added predi ctive
default pover.6Infact, out of 70 defadting firns, 43 (nore than
hal f) have percentile ranks of 50 or below(ie, better than aver -
agecredit quaity ratings for the HIF cohort), vhichis the oppo-
site of what we woul d expect if ratings added default predictive
power. Frns wth lower-quality Mody s ratings wthin any BF
range aenat norelikdytodefadt than better-rated firns inthe
same EDF range.

O the other hand, the right-hand graph shows that thereis
avery clear pattern of defaut rates wthin the Mody s cohorts
due to HF dif ferentias. Thisresut is confirned by the hignly
sigificat KStest resuts. 7We see that the EOF neasure adds
defaul t predictive pover, because the histogrambars have a
positive slope. Frns wth higher BEOFs in any rating grade are
nuch nore likely to default than lower EOF firns in the sane
orade.

Therefore, our resuts showthat thereis no default predctive
infornation in Mody s ratings thet is not aready containedin
HFs, but HFs contain substantia default predictive inforna-
tionthat isnot inratings. Wil e addi ng s to Mody s raings
voul d i nprove ratings, adding ratings to EOFs woul d degrade
HFs. Thisresult inplies that the absol ute default predictive
pover of HFs shoul d exceed that of Mody sraing.

This inplication can be confirned by perfornming a standard
powner test of EDFs versus Mbody sraings. 8 Using the sane
sanpl e and one-year tine horizon described above, a test of
absol ute default prediction pover shovs that HIFFS are unifornhy
nore powerful than Mody s ratings inpredcting defadt. These
pover results are shown in figure 2. A power curve shows the
trade-of f betveentype | adtypell errar for dl possid e vd ues of
theneesure. Thetype |l eror isthepraoebility of falingtoidetify
adefadt inadvance, adis gvenbythevertica dstance fromthe
chosenpoint tothetop of the ggph Thetype Il errar is the prob-
aility of incorectly idetifyinga good firmes adefalt cand -
date, andis gven by the horizontd distance to the chosen paint
fromthe arign

The EDF power curve |ies above the Mody s rating pover
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4. Intra-cohort anal ysis conparing ROA and EDF Gredit Measure

a. Histogram of ROA percentile ranks within EDF cohorts
10 q
KS-statistic = 0.091, p-value = 0.60, N =70 defaults

Number of defaults
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ROA percentiles within EDF cohorts

Firms with different ROA within an EDF group do not default at different rates. However, firms with higher EDFs in a given ROA group default at significantly higher rates

than lower EDF firms in the same ROA group

b. Histogram of EDF percentile ranks within ROA cohorts

KS-statistic = 0.53, p < 0.0001,
N =81 defaults

Number of defaults
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5. Power curves denonstrating defaul t
predi ctive power of EDFs and RQA
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cuve a al ponts, neaningthet it hes lesstype | error for any
given conmon | evel of type Il error, o equivdetly, lesstypell
error for any g ven conmon level of type | error. Thus EOFs are
uni forny nore powerful than Mbody s ratings in predicting
dfalt.

Gonfoi nations of ratings and EOFs

There is, however, ayet stronger inplicaion o theintracdort
analysis results. Because the intra-cohort test shows that there
isnoadditiona infornationinNhody sraingsthe isnat dready
present in the EHJFS, conbining the two should actual |y reduce
the default predictive pover of the HFs. Fgure 3 confirns this
d fect of conbining the two neasures. The EDF al one, as
inplied by the intra-cohort results, outperforns the confi ned
neasure for al vadues of type | adtype Il error. The conbi na-
tion was created by converting both EOFs and Mbody s raings
to percentile ranks to put themon the sane scale. Ahigh EFis
ahighperceatile wWichisapoor credt. Smlaly, araingdose
to D isdsoahighpecetile wichisapoor credt. W then
sinply add the two percentiles together to get the conbi ned
neasur e.

www. cr edi t nag. com

Return on assets as a default predictor

Mbody s has a so identified the accounting variade, return on
assets (RN, as another inportant variable toinprove the Mr -
ton nodel . The anal ysi s perforned above was repeat ed usi ng,
instead of Mody s ratings, the accounting variable RA The
results are sunmarised in figures 4 and 5. Again, thereis no
infornationin ROAthat is not aready contained in HIFs. Adding
ROAin any fashion to BJFs only degrades the default predictive
pover of EDFs.

Robust ness and further results
Inalonger version of this paper (Kea hofer & Kurbat, 2001), ve
showthat our results are robust across credit quality ranges,
sanpl e period®and tine horizon, and inthe face of possib e vio-
|ations of assunptions and other |imtations such as sanpl e
dependence. W al so showthat the sane results hod for other
accounting variabl es not presented here. Lack of space pro-
hibits us frominclud ng those resuts hereld, sowve urge potertia
critics to consult the longer paper as it addresses a wde range
d paetid critidcsms.

The results obtai ned here can be readily replicated by any-
one usi ng EDFs, as Mbody sratings aephidy avalade

Analysis of Mody senpiricd resuts

How coul d Mbody s have obtai ned results so contrary to these?
Qe ansver nay be that thereis not really a Mrton nodel , but
rather a Merton approach. The approach, devel oped by B ack &
Shol es (1973), Mrton (1974) and others, is not a recipe for
estinating credit risk, but rather a generd franework. Thereis
aninfinite variety of ways in which the approach can be inpl e-
nented. It is well docunented in the acadenic |iterature going
back 25 years that sone strai ghtforward i npl enentati ons do not
vork very vl | .

The KW nodel was devel oped over a 10-year period to
address the known probl ens with Merton inpl enentati ons.
Vdatility estinationiscriticad todxtannggoodresuts, ad KW
has devel oped speci d approaches for asset vo atility estination.
These have been critica to abtaining poverfu defadt prediction
resdts.
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6. Power curves of HOF alone v. EOF
mxed with Mody s ratings

EDF -] pr=)
50-50 EDF/Moody's ratings ~ ~ —F 0
80 - &
Issue: excludes more good o/§ "
firms than client wants \ A o-© /
kel a
(3] Better solution: N A/
'g set a higher c -
S EDF threshold ol at
X 60 - for exclusion as
o -
~ Moody's solution: blending
(%] — o
= A accounting-based information and ratings
> K to 'smooth’ the credit measure
3 o —
o -
© .a'B
5 40 7 7
X A Points B and C exclude fewer good
-~ . . e
/A’ firms than point A (fewer false positives).
N Point C, however, predicts defaults
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The 'solution’ of blending in ratings to 'smooth' EDFs can reduce the number of
firms excluded, but at the cost of failing to exclude firms that will subsequently
default. A better solution to move 'to the left' and exclude fewer firms is to set a
higher EDF threshold, which raises the number of missed defaults, but by far
less than the blended solution

Mbody s researchers are anare of these issues. For
instance, Sein (2000) notes: W useavariaiononthe origna
Mrton nodel that has been adjusted for excess va atility. Mre
conpl ex versions nay have dif ferent behaviour. Nonethel ess,
they then proceed as if thereis nat dif ferent behavi our, describ-
ingtheir inplenentation as simlar [tothe] adaptation of the
Merton nodel [that] has been popul ari sed by the KW Corpora-
tion For details, see ked hofer [1991].

Wiat these results showis that the Mrton inpl enentation
used by Mbody s does not represent the KW/ inpl enentation,
and infact has considerably | ess default predictive pover, gven
hownuch it is inproved by adding rati ngs and accounting vari -
ad es.

Mbody s power curves suggest they have a dif ferent Merton
nodel

Wiat woul d al so appear to support this interpretation are
results recently published by Mody s (Boral & Fal kenstein,

2001) that conpare their best Merton inpl enentati on agai nst

RA Incontrast to our results, were HF substantially out -
perforns RAin predicting defaults, their Mrton nodel has
sinmlar default predictive power to ROA This agai n suggests
that KW s Merton variant shoul d substantial |y outperform
Mbody s, athoughwe note that these two sets of results are not

perfectly conparabl e, because they use dif ferent sanpl es: one
uses bankruptcies and the other uses defaults, etc (see Keal -
hofer & Kurbat, 2001).

Too nany sell signal s?
Thereisaview(eg, Sein 2000) that while equity prices contan
infornation, they are also very noisy and can thus be i nproved
by confi ning themwth nore stable variabl es such as debt rat -
ings and accounting ratios. This criticismoften takes the form
that equity narkets predict too nany defaults, encouraging the
selling of exposures that do not subsequent!y default.

There are acadenic findings on both sides of the issue of
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excess va atility ineqity narkets, and the debate has existed
for a least the past 60 years so it wll not end here. Hwever,
acadenics agree a nost unani nously that one cannot fix any
purported excess vd atility by the use of variabl es such as debt
ratings and accounting ratios. |f this was possible, then one
cou dtrade profitably wth the sane i nfornati on.

For instance, suppose an equity price decrease indicated a
higher default probability than vas consistent with the debt rat -
ing, and that was interpreted as noise . Qe shoul d buy that
firms equity as the eimnation of the noise woudneanareturn
of theequity pricetoahigher leve. Btrenaly intensive testing
of equity prices over the past 30 years overwhel mingly rejects
the fact that variabl es such as those proposed by Mody s can
be used to systenatica |y nake noney inequities. It islikdy that
equity anal ysts and investors have already noticed and
accounted for the firms RO\ book | everage and so forth.

The pover tests reported above confirmthese results froma
df ferent perspective. Adding these variabl es to HJFs reduces
the default predictive power of the conbi ned neasure. This
neans that for any gvenlevel of correct predctions of default,
the conti ned neasure wll give nore incorrect sell signas than
EOFs al one.

Not e, however, that conbining a variabl e such as dett rating,
vhi ch does not change very often, wth a dynanic neasure such
as HF wll nake the neasure nore stable . This wll, in fact,
reduce the type Il error, bt inaniref ficient vay. By snoothing
infornation, oneis actud |y incressingthe likeihood of falingto
predict a default. Qe could achieve a superior result by HFs
aone, sinply by setting alovwer standard for rejection. This
vwouldresult inthe sane type Il error rate, but wth a snaller
increase intype | error rate. In other words, snoothing narket
price infornation produces inferior resuts.

Trepont isillwtraedinfigre6, wich zoosin onfigre2
The type Il error rateis displayed on the x-axis of the pover
curve graph. Raint Ainthe chart isthe 10%type Il error rate
poi nt on the EOF pover curve. By nmixing Mody s raings wth
HFs, theso-caled stabilisation ef fect istonoveto a point
such as B which reduces the type |l error rate. Hwever, ve
have a so sharply reduced correct predictions of defaults. W
can obtain a superior result using B¥s al one, by sinply | over -
ingor criterionfaor dfadt predction, asinpant C

@ncl usi on

This article shons that the Mrton approach not only uni fornhy
out perforns Mbody s ratings and various accounting ratios in
predicting defaul t, but al so appears to a ready contain any infor -
nationinratings or accouting ratios. Tests for nargnal infor -
nation fromdebt ratings and accounting ratios strongy i ndicate
no addi tional infornation; tests for narg nal infornation fromthe
Merton approach over ratings and accounting variabl es are
strogy positive. Gearly, KW and Mody s use very df feret
variations of the Mrton approach.

The Mrton approach is a nethod for utilising infornationin
equity prices. It isnat suprising thet equity prices aready con-
taintheinfornation in accounting rati os such as RA

It isless ovious that equity prices shou d necessarily cotain
dl theinfornationindebt ratings. Athough nest bond i nvestors
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believe that rating changes | ag behind changes in bond pri ces,
there are various studies that find that announcenents of rating
changes have an ef fect on stock prices. Researchers that have Black F and M Scholes, 1973
idertified these ef fects (eg, Dchev &Hotroski, 2001) have not The pricing of options and corporate liabilities
been abl e to show whet her they are due to new f undanent al Journal of Political Economy 81, pages 637-659
infornati on about the firm or rather areflection of the ef fed o Boral A and E Falkenstein, 2001
changes in capital narket access actual |y caused by the ratings Revisiting Mr Merton
thensel ves. The results here that showno narginal default pre- Risk Professional 3, pages 22-24
dictive pover of ratings relative to equity unfortunately cannot Caouette J, E Altman and P Nayrayanan, 1998
resol ve this question. \Wet they do showis thet if there vas new | Managing credit risk
fundenental irfornationinratings changes, it isincorporatedso | Y

. . . . . . Carty L and J Fons, 1993
rgpidyintoeqity prices tha thereis no benefit fromadd ng the ) ) . )

R ) . . Measuring changes in corporate credit quality
raingi nfornation to the ety nfornati on Moody’s Investors Service special report

Lastly, the results showthat the Mrton approach has been Conover W, 1971
unfairly characterised as producing too nary rejections of firns Practical nonparametric statistics
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