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Neural Nets Versus Logistic Regression: A
Comparison of Each Model’s Ability to Predict
Commercial Bank Failures

Timothy B. Bell

Gary S. Ribar
Jennifer Verchio
KPMG Peat Marwick

Introduction

According to SAS Nie. B8, The Avddisok' Coadeideiat wfuokmieZntityls Abil-
ity tio(Dantinaass &aainCoeamdA(RICRASARAAL: thalitodikak hasspeapon-
sibility to evaluate whether there is substantial doubt abouit the client’s ability
to continue as a going concern for ancasondble peafied aftiines nodtéccsxeeed
one year beyond the date of tthefimancidlsteatanaittshadingaidiitet]. @neettiiis
evaluation is complete, if tthe autiitar anndluttes thereissylstamtial dak, He
is required to add an explanatory paragraph to the audit report reflecting Hhis
conclusion. The going concern evaluation is particulady troublesome for
commercial bank clients operating in a regulated environment. For these in-
stitutions, federall and state regulators ultimately decide whether and when
a particular bank will be dlosed, and the anditor faces tiheatititiandlthdltenge
of akediketiiing witwthar meguikstiars willl tidke Such adiians wiittin 12mariths of
the date of e finandid|sttetamants.

This study examines the usefulness affanmuad firandid ksaateneeniddsicasil
alternative modeling methodologies for madieling reguitstioars’ diedidsians tiodtiese
commercial banks. A bank failure prediction model could be applied at the
audit planning stage (using annualized third quarter data) to aid resource al-
location decisions. The model could also be applied at the review stage of tthe
audit (using annual post-adjustment data) as an aid to thefiinal opinion re-
porting decision.

We focus an two diifferent metthatidbeéss dgiitiiaeegessiomnadchaaushl
network computing - and compare their ahiliifics to predict commercial Tk
failures owar a 12-maonth horizon. Qurr preliminary results imdicate that both
methodologies yield similar predictive accuracy across the range of allpos-
sible model cutiefff wdlies, wiithttiemaurs metwolk perfonming mazgiindljybest-
ter in the “gray area” where some failing thaulks @pypear to be less faactiiily
distressed.

The remainder of tiine prapor corttains sediions conmsiiing) i mmﬂmdl-
ology, selection of candiitistie prediictior waikdiles, mmuiigimg)
timation of rmodidl fit, 2andi prediction mesulls. mmmumma
summary of @ur mesearch fidiiggs.



Sample Selection Process

During the period from 1KEBtHaueh 19883t Heeechhz bleeermaldaanasiid in-
crease in the number of fadierally iinaured aammarcisl hilks regquiting diis-
bursements by the Federal Deposit Instirance Corporation (FDIC). Sheshumiofif
& Co. of Aussii, Tewas rgnattied 4bsuth ek fidllies ddivtiigg19883;78%kl+-
ing 1984; 117 during 1985, 138 dluitig 10, 1BAG1HIRY1 Y857 andd] 79 dHFBY
1988, These fillures iirtlidiatiiinstitititanseantating reasieahig, ilrstitittions
that had their depesits assumed by others, and institutions merged inte oth-
ers under Federal assistance plans. Fox this siudy, Wesatlanasitmaiansam-

le @Gf_ﬁ?ﬂ&@d of 1P sxfthee1 17 haankstaatriaker deuinpo1 9885 {983 hanmiaal
gﬁ@ﬁhﬁh’i statigipendstapdand saanateth SldslalaaplelesianiainingiSdehdhe
138 baniks fihat fialed Fliriing 15386 (UaBmanmuaingRess beitdaneantidaly) Fadded
Banks from e 16K and 16K6 URGHE 1K HAR bR ECHRR L MAHIRLIANei-
ther sample had been elosed By the regulaters during thefirst menth of @agh
year, and as a result fe prier yearsfinanelal statement data were available.

A strafiified] sampling design was applied to identiify nonfailedi banks for
inclusion in both samples. Nonfalled thatiksweake dirann from tthe e diiftarent
peer groups listed in TABLE 1. THesepsargraupsarchasetioondiiféeting rargrges
of tistiall assets. THerlinestitatartar thecodidahantesshinatiansaanpidesodihonn-
failed baiilks ate approxdimately proportional to the population sirata propor-
tions as shown in TABLE 1. This stiratification diesign weaswidiertaken fo test
the general applicability of esitmeaied ratidls tio haiks of atl ieiféecait sisizes.
As shewn in TABLE 1, 906 nonfailed banks were included in the 1984 esti=
maﬂolﬂ sammple and 928 nonfailed banks were included in the 1985 heldeut
safmple.

Selection of Candiidate Predictor Vimittilles

Candidate predictor variables were identiified] using the results of piiar
research, and researcher intuition. Altman, Avery, Eisenbeis and Sinkey
[1981] summarize several prior bank failure prediction studles including
studles sponsored by the FDIC, Federal Reserve Board of Niew Yitatk, Giffice
of e Campirsllter @iftheeCuriresisy ((ULY) BiaatotiGoaMeIony © Dt E édbd-
eral Reserve System, and other studies. Our set of eandiitiaie predicior wati-
ables includes the most efficaciouss diftheppeditetpséestedinthieesestiidibies.

During 1988, the OCC published a document entitled Bank Failure - A
Evaluation opththEde masafenGinttiyitdrtte Baidiere afiNoei i NBaiokol1 8881ks [1988].
The document reports the results of anandlysis afthaklstHaatitidet] bbeaaroe
problems and recovered, or remained healthy during the period 1979 through
1987. lsidientifies edightinnaticateaniteswifiereweaddressasthadiassigiifteait
impact on bank declines, To e extent passiblle, weittlentified raatics Halage-
ture the essenee of dilese eatagsfies ¥ iliothissinniinodusseiodicsaditidatppse-
dietor variables.

APPENDIX A presents a list of 288canaidcateppectittiorvaatibideswed deen-
tified fior peesdtiteiindlisdoniincarmetidls. Rttomiumatators antl ddenaniing-
tors are comprised of lkine ittamns tidken firom tthe annual cdll reparts of
commercial banks included in our samples. Wiewsedl edlingatfinancidlstiie-
ments if lieu of GXM¥Pimandid kstatenwantsHaasellcentHeepressumpian tHat
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regulators focus amtite imfarmation filksdliinttrese Feationdl dtecumrortts, aniibse-
cause the call reports have more detail than the GAAP reports. Moreover,
GAAP reparts are mot awilkthlle for 2l dzpgemuniiesroffssppeatddrinttittitionsthat
fall windiar tine widirella aff assiipddebaaiiHuddiiggcoonpaaryy .

The 28 candiidiate predictor variahles relate tiottrefidioviig ggererd fidimardial
features: thanik sivze, llnan expesure, capittal atisquacy, @sset quality, psraiing
performance;, non-operating performance;, and liquidity. Size is measured
using the natural logarithm of it ssets ((UGHSSTATRS). Laan expesure wari-
ables include the proportion of ttottl assets megpresented Hyy () construiction
loans (CONSTLNS), (2) real estate loans (RLESTLNS), and (3) agricultural
loans (AGLNES). Based on the OCC’sﬂindmg that insider abuse leads to bank
failures, weiirdluited] affauntn 1 piabidadesigreett dcoapphuec bids
condition - (4) aggregate credit to officeiss ((h:nnsttmmdiam)) asappagumtion
of mettlteans (NSNS D). Adtingdh manyiindibar dinssesgroumreasmmdied, thee
OCC did observe that such abuse “include[s] situations where the transac-
tions may be technically lawful {fanditiherefore reecoxtiatiiinttteffinandidlssiate-
ments] but exhibit bad judgment or self- mterasit above the interests of e
bank” [OCC, 1988, jp. 333] THeecomnpbdeterassaassatiioniioaeadiith eroststrivau-
blesome aspects of @ esxtanmall caudiit, ndl ﬁmﬂhmaxmmdhmlmdiarmmc
tions go unrecorded, the ability to predict financizll failure is most likely
decreased.

Measures designed to capture the adequacy of trank capiital itrdlutie (1)
primary capital to adjusted assets (PRMCAPAS), (2) total capital to total
loans (TOCAPLNS), and (3) the raw measure of tiotial eqpitty capittal (EQ-
CAPTL). Itis customary to add the allowance for lloan losses tio equity capi-
tal when measuring primary and total capital but we found that subtracting
this amount yields stronger predictions. Therefore, our imeasures of ppiinzagy
and total capital are quite conservative. Capital has actually been reduced by
twice the amount of tihe llsam [ss meserve ~omrechyyt ehhariésaacendlodfidaan
losses and again by our subtraction of tifne annawmit. S, tHesermessirasaffcagp-
ital assume that actual loan losses are understated.

Asset quality predictor variables include various measures of suibstandiard
loans as a proportion of eiithar grass leans, prikmary capitdl, or totll assats.
The call report includies the following ssapatstecatggotiasaiisabbsiaddadldaass:
(1) loans past due over 90 days (used ifn PDLNSGRL), (2) loans for wiiidhiin-
terest accrual has been suspended (used in NONACLNS), (3) total nonper-
forming lloans, whitdhiistiesimafippastideddaanaadchnanacenaildans(fssed
in NPLNSPCP and NPILNSAST) , and (4) loans that have been restructured
(used in RESTRLNS). Twio adiditional #sset quality predictor varizbles are the
ratio of mett ciharge-offs tacdvidldaasy (CHIRIGOESD) aaidt hiea stitcotproigision
for llean llnsses to total assets (PROVILOSS).

Measures designed to capture operating performance iimdludie (1) total iim-
terest income to total assets (YIELD), (2) total interest expense to total as-
sets (RATE), (3) net interest income to total assets (SPREAD), (4) return on
total assets (RETNTA), (5) return on total equity capital (RETEQ), (6) un-
divided profit and capital reserves to total assets (CUMPROEF), and (7) in-
come before extraordinary items (INCOME). Non-operating
measures include (1) total non-imterest income to total assets (NONINT), (2)




total overhead expense to total assets (OVRHDEXP), and (3) security gains
(losses) and gross extraordinary items to total assets (SECGAINS).

Liquidity measures include (1) short-tertn assets less large liabilities to
total assets (LIQSTAST), (2) large time deposits to total assets (TMDEPS),
and net loans to total assets (NETLNES). LIQSTASIT imensiesttheggplisiveaan
short-term liquid assets and large deposits and provides an indieation of the
banik’s ability to produce cash should depositors make large withdrawals.
TMDEPS measures the proportion of tistial assetsrepresented by ithese lkxige
deposits, and NETLNS represents the proportion of tetal assels tifea its won-
liguid, Fer brevity, we will use acronyms to represent each of dhe BSpredic-
tor raties throughout the remainder of s study. The readler ilsreferred
APPENDIX A for dlatziled glefinitions.

Modeling Mietihodiologies

In our effortt tioesfimetie eammiﬂlffnrppeeﬁmtr@ﬂamﬁdimhnﬁs W itine -
ily focused @n two madicling methodologies: llngjistic regression (@r the llogjit
model), and neural network computing. Brief diescriptions of ezathmettiati-
ology are given next.

Logistic Regression

During the recent past, binary logistic regression has been applied in a
number of nesearch stivdiies thht e attammyted to madidl
cisions or the binary represeniaiiion of tihe araittrence afaarmemt(ée@,woée
yes/vote no and bankript/mot bankrupt). In the current study, the logistic
regression model can be interpreted as follows. Siijnse thare exiks a0 win-
observable theoretical index, Z;, that represents the regiilators’ propensity
to close commercial banks. Z; iis assumed to be a contiinwous random vari-
able and is determined by a linear combination of aiserusdile thatlk carac-
teristics, such as asset quality, llnan expasure, capital adequacy, expected futiure
financiall ppeidamaanes lidiaidititye gicThE tolgiginvdele gieb dlelavilidhawstid e
estimation of tthe wegditts (casfiicients) féprthbdihiceacentbhindtanbbdidaktat-
tributes, and the resultant estimation of tie itrdtex Z;:

P;= 1 )
1+a&Zi

P; represents the conditional probability that the regulator willl dlose the
bank, and e is the base of matiurall lbggatithms.

The likelihood function fiar useeiinssamiéeestimtitonatftiike coffifiviettsofof
Z i its given by the prodiuct of sl [FRs< éorfafididch dyalod i tiveree thidh e qordaicionfofl (1 -

I) fior alll monfailed banks. Se), huglhner failure probabilities for fidllsd Haaris,

and lower failure jprobabiliies fior moitdlled Haarkes, reqrasartt Higdterpooinss
on the likellhood function. The eaeffiisients coamppishipy/Zcaarbbesstiraatdd
byfiinding the global maximum of ttie llikdithosd flunction (i, difftarentiat-
ing and setting egual to zero). Due to the nonlinearity of tte partial dieriva-
tives, however, an iterative techaigue sich as the Newton-Raphson method
ust be used t6 determine this global maximum.



Neural Network Computing

Over the past few gmrsanwmmﬂwdol@gym'red ttoaasTeaLtd e tvesitk
comptuting, or connectionist modeling, has undergone rapid development.
Neural nets have been applied to a variety of dlessification, dilustering), mndl
pattern recognition problems and in some cases have significanifly outper-
formed standard statistical techniques such as the logit model.

Neural network architecture is biologically inspired, involving the intri-
cate interconnection of imany maties (dlsoreferred mmpummnmed&nm@)
through which inputs are transformiesd] into outputs. Once ammwla'
architecture is defined, tHematwolkitsrrgreatstilyppecsants (tpAiigy
from ammmmmle, mﬂitﬂlmmmmmﬁmmgjhﬁlbﬁwmmﬁimare
modified to bring the network outputs closer to the actual target output val-
ues. This training process is refertedl to as network learning. One of e po-
tential advantages of mauirall metweaik rrattdlingiisteaiilligyttocagptuted nhleeesrnt
process nonlinearities through the specificatiiom of aan iinttiicete metwaik ar-
chitecture. Interactions can also be modeled by specifying muilfiplie camnnec-
tions to individual nodes.

The basic elements of @ mawral mstwark are (D) mattes, () llyars (@f
nodes), (3) connections (between nodes), and (4) connection weights. FIG-
URE 1 contains an illustration of tiie sypecific metwaik andhiitactiure wssdi iim
the current study. Thefirst layer found attielsttamadftiied!iskitibois s com-
prised of atiissmuatie (§inillarttoecoorstarttiinerepgresdonmoadd) aathvagys

FIGURE 1: NEURAL NETWORK ARCHITECTURE FOR KNOWLEDGE ACQUISITION OF REGULATORS'
DECISIONS TO CLOSE COMMERCIAL BANKS

OUTPUT LAYER
HIDDEN LAYER
(SIX NODES)
INPUT LAYER
AGLNS TOCAPLNS NONAELNS RATE REEE LNSINSID
PRMCAPAS PBLNSGRL RESTRILNS OYRHDEXP LIQSTAST
Network Atiributes:

L Hyperbolic Tangent Transfer Function

2. Normalized Cumulative Backpropagation - Error Backprogated Using Overall Error Function
Instead Of Each Intiividaal Emor Fumction

3. Training Set = 102 Banks Closed During 1985 (1984 Year-End Data) and 102 Nonfailed] Banks

4. Approximately 300,000 Epoch lterations Perfomvedi During Leaming

5. Input Variables Chosen Based On Exploratory Data Analysis, Analysis Of Alll Pussiiblie
Regressions, And Logistic Regression Results



given a value of 1)) aarboored it tioeideféore ashippediticio i upidbide Thid $dpyer
serves as an input buffier wiatke tthe it maties sdimplly rRass the givan gre-
dictor-variable values for tile cuitirent tiaining case (Sample cliservation) wgp
the connectlons toward the hidden (middle) 1ayer. The input nodes are fully
connected to the six nodes if the hidden layer. Each connection path has an
assoclated weight (similar to aregression imodel coefficient) tHaismmddipiiied
by the input value being passed through the eonnection.

Each node contained in the hidden layer receives a combined signal from
each connection below it. This signal is simply the sum of the pradiucks of
connection weights and input values. Note that each sum of priadiuets itsinsl-
ogous to Z; i the logit model described sbove, but each of titesiixuatissiin
the hidden layer has a separate surm of gradiusts. Ujpan eivering the sik id-
den layer nodes, these sums of prcdiuets e indiditiually dransformed il
output sighals via application of Aspecified transfer flineitan. Cuvsiamayaa
sigfnoidal growth function ilsused as e mefweik dransfer flungilon féembaess
in the hidden and eutput layefs Twe eommenly used transier funetions e
the sigrmeid (oF logistie) funetion @ivaniineefiisatinn({})Beve anadtibe pyperaulic
tangent funetion, Eikan

tanh x = siitth x/cosh x=EX - e} ) (X B %)  (2) (2)

FIGURE 2 contains a comyparative iillustration aftiechadhaxiorortifessetive
growth functionss.

Once the speciified transfiet functiom is applied to each of tthe sikx s
of pradiucks amteriing e ididien lkayer maties, e sixtransformed siggmalls are
passed up through the connection paths to the output node. The bias node
also passes a signal to the output node. As in the layer below, the seven sig-
nals are multiplied by connection weights and summed to forin amnetiher Suir
of prradluetks. T heet iransfar flinatiianid aggairmpphilidddatiin ssunobprardaittstsoto
generate thefiinal output signal. If ttie sigmeid flunation iis wsed s the met-
work transfer function, tiemaivwatkauttputwaliewiill-rangetfom0ddd If théhe
hyperbolic tangent is used, the outpuit value will range fromn -1 fio 1.

Ourfiinal network illustrated in FIGURE 1 carttsitns 7D conredianppatss.
This means 79 comnnection weligjhts must be specified. IDuriigtixditiing sreau-
ral network is repeatedly presented with sample observations (also refersed
to as training cases) and a learning rule is required to ensure that all con-
nection weights are modified iim 2 mmannear tit willlingpowettiematvorisdiss-
sificatiom ability. In this study, the particular training rule applied during
network training is refestesdl to as back-propagation.

Back-propagation is an iterative gradient-descent technique that is simi-
lar in many ways to the Newton-Raphson technique used in the maximum
likelihood estimation of ttie lggjit rmadiel. Thie Heasic premiise wndierlyiing) thee
back-propagation algorithm is that each of tihe metmerk comnediion wedglits
is, to some degree, responsible for tie finall @utput enror. Qnoe a metwark is
presented with a new training case, tiie final metwork @utputt enror i computied
using current connection weights. This error is tien propagated badk
the network and applied to determine how the connection weights should
be modiified].



FIGURE 2: TRANSFER FUNCTIONS COMMONLY USED IN
BACKPROPAGATION NETWORKS

Hyperbolic Tangent amdl Sigmoid Transfer Functions

Hyperbolic Tangent

Transtearfsiectiemiotpubutput

Y=

X = Sum of Froatdotts

Notes: Sigmoid Ranges Between 0 and 1L
Hyperbolic Tangent Ramges Between -1 and 1L
Derivative at Point of Ihfftaziom:
Sigmoid = .2%
Hyperbolic Tangent= 1

The amount of autiputtetrar it iistadkpriapagstied fomtHeoatpui hodee
(call it back-propagated error) its canputied oy mudtiighiing the diaiwvative of
the transfferr function tiimestiienaweatiar ((awatiaristiweaattiud irivetkoantt-
put value minus the desired, or target, output value). So, the rate of ciange
in the transfier function at its current value also impacts the modificatiom of
connection weights. The amotunt by which the weights on connection paths
between the hidden layer and the output layer are modified is determined
by multiplying this back-propagated error from thie @utiputtrmedie tirneesttiedu-
rent input signals that just passed through these six connections (seven con-
nections including the bias). In addition, this amount is typically dampened
by applying a learning coefficient ttttreangashaivesanOanti1l.

The amount of etar tiobrchndkggpagaiad from amatteintteitibentigyer
is determined by multiplying the derivative of tifie tiransfer flunetfion aaitdscowy-
rent value (differentt firom tHeetttansfor fiineticanvakileanitb e oiyipth odeeyviviih
the product of titre hack-prapagated anfar eaniig it te ididen layar node
from coaneedisartddlibeoatiptiinddabbeecaadditeainmodiifeetwaiztbbtrfiam



this connection path. So each node in the hidden 1 ngmg is assigned a diffem
ent amount of hadkgapagaied afiar -0 Amaut
unmodiified connection weightftiom the connection abeve

Once these hidden layer back-propagated errors are assigned to each hid-
den layer node, they are used to modify tie aannection weigits to e imput
layer in the same manner as before. Thtiés tHeedddtiavedgdit((erveaggitimaell-
ification) fior spefieenconmieetitantboaar iy ndelicidsiden
product of die respectivee Hiiditlan matles hadkpapagied ater times the
input valie just passedficormn the input nede, and mulBphying this ameunt times
the learning coefficienit.

Assuming the network does not get trapped in a local minimtim, it has
been proved that iterative application of the heckpiapagation zﬂk}ﬁﬁﬂmﬁ willl
improve network performance totthepaintwieetiegitinkeroatidmininized.
However, in addition to the potential local minima problem, networks sorme-
times become “paralyzed”, thereby preventing further modification of -
fiection weighits. Paralysis can eceur when weiﬂ-}ts beeere very large. In this
case, sighals eoming into a nede be@ame vefy ge, and the derivative of tthe
transiRsr funetion ARaANES Zare (See

Model Estimation Restilts

Logistic Regression Model

In an effortt tioiitiantify amooveefiillldgititmoddsseeveshbrpllnraienpasoee-
dures were applied. Inltially, we tested each candidate predictor varlable for
significanit differencess Hetimeaan tthe fidiled andl manksiled subsamslle rmeans
and medians using the parametric t-test and the non-parametric Mana-Whit-
fiey U-Tiest. These tests were applied 1o both the 1984 asiimation sanlleand
the 1985 heldetit sammple. The results are presented in TABLE 2. For 19 of
the 28 candidate predicters, failed and nonfailed sub-sample means and me-
dians were significantly dififerent iintuathyyesss Wedjhniachay ceasriepaaian
of medliciers ffor tHeernuttiraatipriode kiotHidsseetodf d Qigigmibisanhaasisieles.

Next, we estimated mumerows mmulti-2tio logjistic riegression madtdiswising
the 1984 estimation sample and assessed owerall model goodnesssafifit. AMs0,
we assessed the ificremental significance dﬁtﬂmmm&ﬂm&wmam
for each modiel. Furnther, we campared the siigns of tHicesstimantellcedffigiaits
with expected signs during this stage of mﬁe eplisriony waik. Exfradied
signs of watitus aneffiiients asecgiiearii TABBERS SEkypectatnswersbhssad
on evidence gatheredffiom prior studies and, in some eases, researeher i
tuttien. Finally, we ﬂmm&mﬂmmmmtmﬂw-
ification of Afilna hooe) HeasspmRuaiuaiimemantcoprahinnRsiinesxesssdf

5 ave listed i APPENDIX B.

After mnucto tiriall sandleatiror andlfine-tiuning m’hmﬂkmmﬂtnmymmmﬂm
discussed above, we settled on thefinal eight-variable model given mTABiLE
4. This modiel nmlmmmm:an@mmmemﬁmhm $ha : :
three asset quality variables - PDLNSGRL, N@mmﬂmmpnae
capital adequacy variable - PRMCAPAS; e sperating performance waiidilte

- RATTE; aatillanersinopeesting nieassuee OVRRBBERP. Theamrer-
all model likelihood-ratio chi-square statistic was 351.46, which is significant
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TABLE 3
EXPECTED COEFFICIENT SIGNS FOR SIGNIFICANT
PREDICTOR VARIABLES

Feature/Ratio  Expected Sign  Feature/Ratio Expected Sign

SIZE: PERFORMANCE RATIOS:
LGASSETS Minus (-) YIELD Plus (+)
LOAN EXPOSURE: RATE Plus (+)
AGLNS Plus (+) OVRHDEXP Plus (+)
LNSINSID Plus (+) PROVLOSS Plus (+)
CAPITAL ADEQUACY: RETNTA Minus (<)
PRMCAPAS Minus (-) CUMPROF Minus (-)
ASSET QUALITY: LIQUIDITY:

NPLNSPCP Plus (+) LIQSTAST Minus (-)

NPLNSAST Plus (+)
PDLNSGRL Plus (+)
NONACLNS Plus (+)

RESTRLNS Plus (+)
CHRGOFFS Plus (+)
NETLNS Plus (+)

at the .0000 level. All estimated model coefficienis axeii slignifi-
cant at the .05 level, and estimated sighs agreed with expected sighs. The
ratio with the greatest incremental explanatory power was PRMCAPAS,
while the weakest ratio was NONACLNS.

In order to test for parameter stability, we estimated tive same 8watidille
model using the 1985 holdiout saimple. Estimation resulis for tHitsssanjteaare
also glven in TABLE 4. As with the estimation sample, the model based on
the holdout sample had consistent signs, significant ewverall model goodness-
of-fit, aantlineeamantdlly sigritficarnt muekid] ccedffitiarts,

Neural Network Model

The process of speciffyiing an apprapiste maural met inotidl ik evan lkess
structured than the exploratory process related to specifying a statistical
model. In addition to facing the problem dldéem@ngthbmapp@pmmpee—
dictor variables for iinclusion iin tihe redicl, aine must ke adidifional ad hoc
choices abott network architecture and training. For example, should you
include only one hidden layer? How many nodes should the hidden layer(s)
contain? What sheuld be the value of tthe lleattitng asefficient? Wihibhtitaass-
fer fiunction sttt feeagpliatt?Shiwultttiemuatisshzeffillyinntecoaneettetoor
sheuld seme eonnections be disabled or held constant?



TABLE 4
ESTIMATED LOGISTIC REGRESSION EQUATIONS

Signed Asymptotic
SGtidintics
Variables 1984 1985
Constant -3.46 -3.79
AGLNS 5.85 429
PRMCAPAS 5.88 -5.55
PDLNSGRL 459 251
NONACLNS 185 419
RESTRLNS 191 149
RATE 2.03 2.07
OVRHDEXP 5.50 397
LNSINSID 330 3.68
-2 Times Log Lilkelihood Ratio
[Chi-Sq (8 dif)] 351.46 476.97
Sample Sizes
Failed Banks 102 131
Nonfailed Banks 906 928
Total 1008 1059

Note: Both unweighted and weighted (using the WESML technique) estimations were
made for easdinyyaar @idlytieuiwedightetireasiltisaterkapottat] THeewsititebreesiisavese
not significantlly diifferent.

Due to our lack of expafience intie areadineturtdhetivooRaiodddingg wee
consulted with NeuralWare, Inc. of Fittdhwuirg, IPAand aittdined 2 great diesl
of helpful aaweeammmmmwammmamummmmmm Ndeired!-
Ware develops and markets neural network software, aidl ithey #iso groxibe
consulting services in the area of metwmik dtesigm, and Aplicaianceitarted
training. They have provided neural net consulting services to many large
corporations and Federal agencies, and have established an impressive rec-
ord of many suoeessful neaiid e tapppicasioons.

In an effortt twiitiantify aanapppoppistcnetivookkarctiitetiureefdortibdbhark
failure prediction process, additional explaratory anslyses wate windiartzken.
An alljpassibleregressions rottine was applied to the estimation sample as
a means of iittantiffyiing adddiitond lcaadiddateppeelictiossikanoatrsee b2 8ara-
tios. Scatter diagrams were generated for each variable, and outliers were
identified. Asseardhweasumtiettdbantto daentifyssampll ebkseryrtinasititnnse
than one outlier ratio value, ot mome weare faund. AfdiererkhautiiverpRitutiory
data analysis, we decided to include 11 jredicior xatidblles in e input lkayar



of tie maurall meteaik. These redins indludied the digit prediiciars fom thee
final Idgititraddklaad TOOBRPNSSRREFEQaa0d IQSIASTET.

Initially, eight nodes were included in the network’s one hidden layer. The
network was fully iittarcannected, aind tine Inyperbolic tangent tiransfer e
tion was chosen for tihe purpase MMHQaM IHiddden]dsyeroutiiitésazid
the output layer outptit. i an effort ttoaniitnatwartkpaealis tietiagatott-
puits for fialled arinwifdllad baakisswese92add 9 fegspetivBlyMyAFRL gLams
of rediuets fo wdluasitnstie siftHecrtnangterfftotiancxtriBehaasdasitiaann
suecessiiull avoidance of mefwsiik parakysitsitn stthar Al ieatians.

The network training set was comprised of titie 11E2fflted| baakkSfoomttibe
1984 estimation sample, and arandomly diravin samylle of 1025 6fHb ¢ ABBAcON-
falled banks. Normalized cumulative back-propagation was chosen as the
method for updieting metwisrk wisiights. Asrexdinately S00000 epoch itiera-
tions were carried out during the network training phase, and the network
foot mean square error was monitored througheut the training pe ﬂOd Ad-
justients were made to the learning ecoefficiesit ttitieas wthan
error increased significanilly.

About halfway tiwrough tie tiraiming process, we disdidied to disablie two
nodes within the hidden layer. This decision was made after viewing a
Hinton [1987] diagram of ttie metwsrik. Tine Hiirtion ditggram piiciorially por-
trays the significance of itiautis and Hididien liayear @utipus, andl At dhiks e iit
becarme clear that two of tthe Hiididien ltayar matias weate msitivaking significant
contributions to the output layer. At the completion of tthe tirsilig meatiad,
the network mean square error was approximately .45.

Prediction Restilts

Once thefiinal logit and network models were 1denuﬁed wmlm'fmmed a
comparative analysis of tife didowitas

to the full llmilimmsmmﬂkeaf13$]fdﬂd&hﬁd(9m&anfd‘ﬂddbhahkstféthﬁUnn
results from applkiing tihe lagit mediel are given i TARLIE 5. [Bath the uigrar
and lower tails of tihe diisitibution «f ppeetictéelivaleescontiitinaacanssteppes-
dictions. For example, at a cutaif wilie oif. 001 theenioddt hacausstdiyppedideds
almost 50 percent of tihe montailed samplls, and exar 8P paeant of thieerfader
sample. At a euieffi oif. 055ﬂﬁleermaaéeh@@ﬁhﬁa&&ypaéa@heé@s&)ee&eﬁmt(m%ﬂf
131) of tthe failed Haakesanrisd IppereanibotHE & efiiddh hieksMyla nﬂw@\ a
@titw{f doif 1] thlenipddebacavhatdyyppeaiieisooveoBreceantbb oty

ples

The model’s predictive ability is also impressive at the top of tie diistri-
bution. For example, at a culifff wdlue off. 83t hleennoded hacansaediyppeeticcsO99
percent of tthe manEsiled ks andl B2 parcant off thiseffilidel Dazakiss THecppee-
dictive strength of tiie rnmdiell #t e tiaiksindicates tihat anmulti-cutoff deeidséan
approach may be bemefiizil.

After assessing the logit model's predictive ability on the holdout sam-
ple, thefiinal step in the research project was to assess whether the neural
network could achieve equal or superior predictive performance. To e st
of aur kmowilatige, mowianiiguaus matod exdistsfor
model predictions. Measuring and comparing both models’ “hit rates” at a
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particular cutofft wadliee wearltt mathie Appaptiate unlkssstie dlistibtions of
predicted values from applying hoeih radieks e idiantical. Cidnusly, tiiis iis
not true for auir imadiells sitmee e Ilogit mmediel Maps A singike sum of ppvohiiotts
to a point on the sigmoid function, Aantltthenavial ettt mansitisatnu-
node sum of radlusks to Amsiit an the yRarbelic tangent fundion. Hreeniff
the sigmoid flinction was wised iin flhe mewral metwiork, generating 2 dlistrbu-
tion of predlictions ittatical to the gt mnagel iisirehiy uwitlikeky.

One approach that would allow for camyparability @aress medielks inwaiixes
estimating the relative costs of TiyeellaarctTyed 1 kerooss aadd Heenddeterminiiog
the optimal cutefff assaciiatsd wiith eardh muatidls mittiimura miisdiassification
costs. Due to the high degree of wincartaingy itusixed it the ittentification off
relative misclassifiicaliion costs of Tyfrelland TymeIll @ffors, researchiers yp-
ically assume several alternative relative cost ratios, and identifly the simel
Cutaifss umitareadhassumption. THeidienitttodietermineifbritbe rivadblioam-
inates the other in terms of milkilmum miksclassification ansts agisss afen-
tief of syivmal culoffs aasb0ebéeriwitiihaastIRACEEBTABSS.

We decided to measure the entire range of tiradeoffs bettveeenthectfiltsdl
and nonfailedl sub-sample error rates for ot modicls amnd dhen wissually in-
spect the relative positions of et titadeoff fiinccidonrsusBiggeiphiiahhankly-
sis. By wsitg tradeoff fiwetisoswe/awididib ntigppioitetasiseEpeetttficutsoff
values. Instead, we can comipare the predictive abilities of liathrmelitisagtass
the entire frontier of allpoessiiidacatts. If frengodedph pradesestedthdsdfidunc-
tien that falls thelow e second msdiets fradeolf fiwrstioninacidessbasespet,
and does net fall AwxerthesseanitinmeraksiunatinnathanpFpintHe GHishnoee!
ean be judged superior to the seeend.

FIGURE 3 contains overlaid graphs of tte ltqgit andl meurall mat roaatidls’
tradrafff flimciions. Vidaablnspeetitonotf FIGRREB Brevddaldthataiditiabthibiggit
model nor the neural net model dominates in terms of prediictive Ailtty. THe
tradrafff fimainnsidonotimvadkisersss noanotibenticavebbanialdt Kishaldld
be noted that one additional Type 1 error shifts tthe Tyipe 1l cfror raie wpweard
by .0076 (1/131), or appreximately .01, Theiefioit;, most of tte differences
between the logit model and the neural network are not greater than two hold-
out sample failed ailks.

Specific particms of thecggrgihi inFHER R3S Awesarmgniffietaadch aceppee-
sented in FIGURES 4 threwgih 6 FHRUREM doasessoniitib edppaididiah theddade-
off flnattionswhibeshiibfidecand dolow oofitide reorennataterart ouhdvddetiel
culaffts rellstiad tio these atiar wakas woallkl he appkgpiiaie iffthieecossbimigis-
classifylng anonfailed tarikissgeeatartthantiiecoasioniiycklashifiigg: taffiled
bank. The logit tradrafff function reamaiissHightlyadton theraiiedlmrettline-
tion over this regien of e finitiier wihate miisalessifications ¢ff noerhiilatl
banks remain below iwe pereent. FIGURE 5 foeuses on the central pertion
of e tradeoff fluoeidpRswhERs T YOdIl AGP 4RI 4006 HOBNAERTWOPOE!-
eent and ten pereent. The neural Retwerk’s tradedfif flunginnidbbrdoviibedgagit
medel's ever mest of dhits xr%sm.. FIGURE G1taauses o1 dhie hisiom peiion
of tthe tradeoff riuoeadeRsWIYERs & BTV PRETARAdIMVITiyPE deUPFdiRicarre
given. The neural net coniinyes {6 ouiperform diellngimatialwptiotterpaint
\%i;sﬂfs% ;t;gv”g}g@%e it error fate 1§ 20 pereent, and then the models’ peri@r-



FIGURE 3: TRADEOFFS BETWEEN TYPE 1 AND TYPE Il ERROR RATES
(Circles Denote the Logit Madel; Stars Denote the Neural Network)

Type || Enor Retes

Type Il Error Rates

The largest differencee between the two models is found at the point
where the Type II error rate is .05 (see FIGURE 5). At this point, the neural
net correctly predicts nine more bank failures than the logit model. Acress
the entire trackafff fiuntier, ooiyythireecpohinisaaec fountiwivbesdlinel ifffesanee
between the two models is greater than 3 mispredictions.

Summary

The preliminary results indicate that neither modeling approach domi-
nates the other in terms of prediictive ity saomss the antiite fiuontier afadll
possible model cuteffs. @navesrags, themeaundl retwolk muatidl diess appear
to performn equally s well 25 the logjistic regression modiel. Accardiing to tine
neural network literature, the back-propagation network may Ibe diesirable wiiten
adecision process is inherently nonlinear, with many interactions among the
input cues, and/or when a cascaded approach to data processing is used by
the decision maker. In the case of neguikatars’ disdidions to dlese canmmarndisl
banks, the preliminary evidence implies that these process attributes do not
exist.



FIGURE 4: TRADEOFF FUNCTIONS AT LOW TYPE 11 ERROR RATES (LESS THAN .02)
(Circles Denote the Logit Model; Stars Denote the Neural Network)

Type I Enor FRaEs

Type Il Error Rates

FIGURE 5: TRADEOFF FUNCTIONS AT MID TYPE Il ERROR RATES (BETWEEN .02 ANB .1)

(Circles Denote the Logit Model; Stars Denote the Neural rk)
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FIGURE 6: TRADEOFF FUNCTIONS AT HIGH TYPE 1l ERROR RATES (GREATER THAN .1)
(Circles Denote the Logit Model; Stars Denote the Neural Network)
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APPENDIX A
CANDIDATE PREDICTOR VARIABLE DEFINITIONS

Variable
Asropym

. LGASSETS Naitwahl Loganidthim of Toteal Aksedis
Natural Logarithm of Total Assets

. CONSTLNS Consitiniition Logins to Totall Assets

Numerator: Construction & Land Develop-
ment Loans

Denominator: Total Assets

. RLESTLNS Comnereidbl Resll Esifite Loanss to Tovall Assets

Numerator: Loans Sec: Nonfaiin
+ Loams Secured by 5+Res

Denominator: Total Assets

. AGLNS Agnttediltetal Loants to Totall Assets

Numesator: Ag Prod & Farm Loans
+ Loams Secured by Farm

Denominakor: Total Assets

. PRMCAPAS Pritnediyv Capitedl to Adljniddd Assets
Nume¥ator: Total Equity Capital

+ Miinority Interest

+ Tatiall G im Cap

- Allowance for Lasses
Denominator: Total Assets
- Allowance for Lasses
. TOCAPLNS Totall Capiitd! to Totall Ilaeins

Numerator: Total Equity Capital
+ Miinority Interest
+ Tagall Qon. im
+ Subordinated Notes & Deb
+ Ltd Life Pref Stodk
- Allowance for Lasses

Denomiinator: Loans, Net: Unearn Inc,
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APPENDIX A (CONTINUED)

CANDIDATE PREDICTOR VARIABLE DEFINITIONS

Variable .
Acronym Variable Name and Formula
7. NPLNSPCP Nenpeeifiminéng Loanss to Prinedgyy Cogpital
Numerator: Total Past Due Loans
+ Total Nonaccrual Loams
Denominator: Total Equity Capital
+ Mingrity Interest
+ Tofall Qo im Gap
- Allowance for Lasses
8. NPLNSAST Nengpeigimining Loants to Totall Assets
Numerator: Total Past Due Loans
+ Tatl Nionaccrual Logars
Denominator: Total Assets
9. PDLNSGRL Pasit Dur Loains to Gross Ilapms

Numerator: Total Past Due Loans

Denominator: Loans & Leases
+ Unearned Income

10. NONACLNS

Nanagecradal Lozirss to Gross Ilapims
Numerator: Total Nonaccrual Loans

Denominator: Loans & Leases
+ Unearned Income

11. RESTRLNS Resitroictéd Loarns to Gross Ilmains
Numexator: Total Restructured Loans
Denominator: Loans & Leases
+ Unearned Income
12. CHRGOFFS

Denominator: Loans & Leases
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APPENDIX A (CONTINUED)
CANDIDATE PREDICTOR VARIABLE DEFINITIONS

Variable .
Acrgnym Variable Name and Formula
13. YIELD Yiellil on Totall Astets
Nunraerator: Total Interest Income
Denominator: Total Assets
14. RATE Raite Paiill on Totall Assets
Numerator: Total Interest Income
Denomiinator: Total Assets
15. SPREAD Neit Fritepest Inaae to Totail Assets
Numerator: Total Interest Income
- Total Interest Expemse
Denominator: Total Assets
16. NONINT i st Fneynee to Totall Awsels
Numerator: Total Noninterest Income
Denominator: Total Assets
17. OVRHDEXP

+ Interest on Mitge Indiebtiediness
Denominator: Total Assets

18. PROVLOSS Piwiitidon for Loan Loss #o Total ARsedis

Numerator: Prov: Loan & Lease Lass
+ Prov: All Transfer Risk

Denominator: Total Assets

19. SECGAINS

Numerator: Gains (Losses) on Sec
+ Extra Items,

Denominator: Total Assets
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APPENDIX A (CONTINUED)

CANDIDATE PREDICTOR VARIABLE DEFINITIONS

Variable X
Acronym Variable Name and Formula
20. RETNTA Reitunn on Totall Assets
Numerator: Inc. before Extra. ltems
Denomimator: Total Assets
21. RETEQ Rettunn on Eqgpilty
Numerator: Inc. before Extra. Items
Denominator: Total Equity Capital
22. LIQSTAST Sthayt£TEerm Asseits Less Laicge Ilitebs.
to Totall Asseis
Numerator: Due: Int. Bearing
+ Federal Funds Sold
+ Assets in Trading Accts.
+ Debt Sec: Reprc <1 Yr.
-Thime CDs >$100M
- Open Acct. Time >$100M
- Dep: For Nonint, Bearing
= Dep: Eor Int. Bearing
= Federal Funds Purchased
- Notes Issued to U.S, Treas.
- Liab. for Borrowed $
Denominator: Total Assets
23. TMDEPS Laixge Timee Depasiits to Totall Assets
Numerator: Time CDs s§$100M
+ Open Acct, Time >$100 M
Denominator: Total Assets
24. NETLNS Neit Loainss to Totall Assets
Numerator: Loans & Leases
- Allowance for Lasses
Denominator: Total Assets
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APPENDIX A (CONTINUED)

CANDIDATE PREDICTOR VARIABLE DEFINITIONS

Variable .
Acronym Variable Name and Formula
25. LNSINSID Loanss to Ingiiides-s over Nett Iloaevs
Numerator: Credit to Officers Agg). Auit.
Denominator: Loans & Lesses
- Allowance for Lasses
26. CUMPROF
Numerator: Undivided Profit & Cap. Reserve
Denominator: Total Assets
27. INCOME
28. EQCAPTL Totail Equityv Cogpital
Numeratorffrom TOCAPLNS
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