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Abstract

Defaulting on a mortgage represents the
ultimate consequence of past decisions to
delay payment. While many modeling
approaches are available to estimate the
probability of default, most if not all
require account-level data. Further, past
research has not attempted to estimate the
probability that a current loan will
transition among delinguency states prior
to default, [n this paper, we present an
ecomometric approach that makes use of
publicly available aggregate data for
estimating the probability of delinquency
and the probability of default. The results
suggest the approach may have merit for
manltoring bank performance as well as
usefulness for banks' risk management
efforts.
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Default and prepayment risk are a central
concern for financlal institutions for a
variety of reasons including performance
measurement, risk management, and
regulatory compliance, These two risks
have received considerable attention in the
Merature. For example, with respect to
agricultural mortgages, Katchova and
Barry [2005), Novak and LaDue {1994,
1997}, and Sherrick. Barry, and Ellinger
(20001, all concentrate on credit (ie,,
defanlt) risk, and Chhikara and Hanson
(1993), Brinch and Stokes (2001). and
Stokes and Brinch (2041) focus on
prepayment risk in addition to credit risk,

While these studies and others like them
are important for understanding credit and
prepayment risk, the literature has much
less to say about the estimation of the risk
associated with mortgage delinquency.
Although mortgage delingquency is not a
sufficient condition to ensure default, it is
a necessary condition for default, as loans
will generally progress through various
stages or states of delinquency prior to an
ultimate default. In addition, there is a
direct inkage between delinquency and
credit and prepayment risk. Delinquent
loans are more likely to default, while
current [1e.. nondelinguent) loans are
more likely to remain current or prepay.

In one of the first studies of mortgage
delinquency, Green and von Furstenberg
(1875] atiribute the paucity of research on
delinquency to a lack of relevant data
appropriate to analvze the cceurrence.
Only a few other studies {such as Marton,
1975; Campbell and Dietrich, 1983; Tea,
2004: and Diaz-Serrana, 2005) examine
delinquency risk specifically. Campbell
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and Detrich [1982) approach the issue of
delinguency from the perspective of a
utility-maximizing borrower operating in a
dynamic cholee environment. At each
point in time of the life of 8 morgage,
borrowers observe a set of state variables
and choose one of four utility-maximizing
actions: default, delay payment,
prepayment, or continue o service the
mortgage. Similarly, in thelr review of the
mortgage literature, Quercia and Stegman
[1992) describe typleal borrower
repayment models as depicting borrowers
dynamically selecting one of these optimal
actions to maximize thelr utility,

In reality. default may not be a decision at
all, but rather the ultimate consequence of
previous decisions Lo delay payment (1.e..
delinquency) and subsequent failure to
bring the loan back to current status by
making up the payments. In other words,
there may be something to gain by
estimating the probability that loans
transition among delinquency states.

One obvicus drawback fo estimating the
probability of default and potentially the
probability of delinquency using current
methods is the need for micro-level
data—that is. loan- or account-level data
where the status [l.e.. current, past-due,
default, ete.) of the loan can be observed at
discrete points in time. Unlike Gloy,
Lalme, and Gunderson (2005), and Zech
and Pederson (2004), applied researchers
rarely have aceess to such micro-level
data, This typically means that two
choices are avallable to the applied
researcher: namely, to not attempt any
estimation at all, or to seck out a modeling
approach that might be sensitive to
available data.

Given the lack of research on mortgage
delinquency in general and for agricultural
leans specifically, we take the latter
approach and model mortgage delinquency
as a Markov chain using publicly available
data, In our model, a loan can remain
current, transition among various states
of delinquency, or charge olf (default)

from period to period. The dollar volume
of loans in each state of the chain is

observable, but the transition of accounts
among states of the Markov chain over time
is not. Faced with this ill-posed problem.
we use an entropy-based econometric
techmique to eliclt the probability
distribution of the transition probabilities,

Through our demonstration ol the entropy
approach, our contribution is to add to the
number of ways to estimate the probability
of default and also to the number of ways
to estimate credit ratings migration since
our approach can be applied in this selling
as well. Last, the Markov chain framework
for loan delinquency necessitates
consideration of how to handle the bank's
changing loan volume over time. When
using the Markov model, it is typiecal to
specify an ad hoc pool size from which

the proportion of the observations in

each state including the pool can be
determined. These data are then used o
estimate the transition probabilities, We
take a more innovative approach and
specify a model where the size of the bank’s
loan pool is estimated simultaneously with
the transition probabilities. This pool size
estimate gives an indication of how much
loan volume is both realized and
unrealized by the bank and is therefore
alzo useful for bank performance
measurement and risk management,

Delinquency Dynamics

Whenever a stochastic process can
frequent only one of a finite number of
potential states at discrete points in time,
the discrete time Markov chain model (s a
potentially appropriate description of the
stochastic process. More formally, a
Markov process {X|] is a stochastic process
with the property that, given the value of
X.. the values of X, for s > tare not
influenced by the values of X, for w< ¢
(Taylor and Karlin, 1994}, This leads to
the Markov property

Pr{xn-l. S X =g s X =l X = i:’
=pr{xnl'l =--'r Xn - lll' _p,:llr

for all time polnts 0 and all states
foe vees Ty B
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Since bank loans can be classified
according to delinquency status at discrete
points in tme, the Markov chain model is
one way to characterize the dynamics of
bank loan delinquency. For example, the
finite state space is comprised of a current
state which shows how much of the hank’s
portfolio is made up of loans that are being
paid back on schedule, various
delinguency states which show how much
of the bank's portiolio 1s past due and by
how many days, and default which shows
how much of the bank's portfolio charged
off over the discrete time step between
observations of the data.

The p, of the Markov chain are then the
(stationary) probability of loans in one
state transitioning to any of the other
states over a discrete period of tme. All
Federal Deposit Insurance Corporation
[FDIC) insured financial insttutions report
on the dollar value of loans that are
current, 30-89 days past due, greater than
90 days past due, nonaccrulng. and
charged off during a quarter. Arranged
into a matrix, P. defined by these states, a
quarterly transition probability matrix can
be represented as:

(1) P=

—_ —
|

| Pacen Pevan Pevar Pouna Proar Paer
| Paw Pum Powm Pum Pana;  Paoey
Para Popwy Povsn Pooe Pooar  Mhoee |
Procw  Pram Pam Puose Paag Paae

Puocw Paiae Paw Poga Paagr Pure

Povwi Paow  Penmd Pewm Pevar Penes |

where the subscripts are defined as
follows: cu [current]. 30 (30-89 days past
due), 90 (greater than 90 days past due).
it (nonaceruing), df (default), en fentryl,
and ex [exit), Assuming quarterly data,
one quarter is represented on the left side
of the matrix with a subsequent gquarter on
the upper portion of the matrix whereby,
for example, p,, ., represents the
probahility of a eurrent loan remaining
current one quarter later. The entry and
exit states are required to allow new loans

to enter the bank's balance sheet and
existing loans to exit via prepayment or
maturity. In addition. some of the
probabilities appearing in (1] must be
restricted in value. These ideas are
developed more fully later in the paper,

Estimating the probabilities in (1) 1s a
complicated task for a variety of reasons.
First, micro-level data decumenting state
transitions would typically be required for
the estimation of the transition
probabilities. Lee, Judge, and Takayama
[1965) have shown that maximum-
likelihood estimates of stationary
transition probabilities are relatively easy
to obtain when micro-level data are
available. If micro-level data are
unavailable or if the Markov chain is not
stationary, estimation can be much more
difficult. In the stationary case when
micra-level data are unavailable,
proportional data have been shown to be
useful for the estimation of transition
probabilities (Lee, Judge, and Zellner,
1970]. However, it is often the case that
the Markov chain problem is ill-posed
since 4 short time serles of data can easily
cause the number of unknewn parameters
in the model to exceed the number of data
points (Golan, Judge, and Miller, 1996),
making the model underdetermined.

This is easily the case in the context of
estimating transition probabilities for the
malrix in [1). With slx states, 25
parameters (transition probabilities) would
need to be estimated for a stationary
Markov chain.'

Further complicating the estimation are
the entry and exit states which allow new
loans to enter and prepays or mature
loans to exit the bank's portfolio. When
using the Markov chain model, a pool state
is often specified to allow for such entry
and exit. However, when using
proportional data, the size of the pool s

"4 6 % 6 square matrix has 36 probabilities,
However, the probabilittes n each row must sum o
ome and the default state §a an absorbing state leaving
at least 25 unigue probabilifies to be estimated.

Other restrictions may lurther redoce the numbaer of
parameters to be estmated.
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unknown and has implications for the
estimation of the transition probabilities
[Stanton and Kettunen, 1967}, The next
section describes the data and modeling
approach used in this study and the
unique way in which pool size is
avcommaodated.

Empirical Model

Following the early work of Shannon
[1948), Golan, Judge, and Miller (1996)
propose a system for estimating the
transition probabilities of a Markov chain
based on maximizing the Shannon entropy
function. In the simplest case, the Markov
problem is cast as a pure inverse problem:

(2] max -¥ Zpuln[p,jl
L :
sbrylt- 1) =3 yldp, Y
i

Yop=1 ¥,
- By

Cls.'pus.l L

In [2), the p, represent the statlonary
probability of transitioning from state { to
state j over one time period. The objective
function measures the Shannon entropy
function which takes a maximum when
the distribution of transition probabilities
is uniform. The lirst set of constraints
represents the Markov condition for
proportional time-dated data y,{t) and

1t + 1.7 and the second set of constraints
are the row sum conditions associlated
with the Markov chain, The last set of
constraints ensures the estimated
probabilities are proper probabilities.

The concept of entropy in this context is
relatively simple. Specifically, we seck to
medel all that is known and assume
nothing about what is unknown. In other
words, given a collection of data
{information), choose a model which is
cansistent with all the facts, but which is

*Proportional data are assumed since they are all
that ls publicly avallable. Lee, Judge, and Zellner
(1970 ahow how proportlonal data can be modeled as
a Markow chain.

otherwise as uniform as possible. The
entropy of the distribution of transition
probabilities is maximized In an effort to
reduce information uncertainty.

The system presented in (2] is a pure
inverse problem and is only appropriate if
the data-generating process is Markov
and, further, the data are observed
without error. While the [ormer
assumption for delinquency Is realistic at
least as a working assumption, the latter is
unrealistic. Point estimates like those
resulting from a system such as (2) are
likely less appealing than a range of
probabilities from which estimation
precision can be determined. Additionally,
non-sample information may be available
and desirable to incorporate into the
estimation.

Golan, Judge, and Miller [1996] suggest
using a specification such as that
presented in (3) subject to (4), where the
system (2) has been augmented to
accommodate these deflclencies. The
minimum cross-entropy formalism of the
stationary Marlov problem is constructed
as!

(3 min P(x, w) - ZEZmum [ —8

e “im J m u'.lu

92> mumln[ ]

':Fm
subject to

[4] y_f{t * 1] E yf{r} E 2|:-| [N L]
+ E By =0 YL
1 -Eszn:,}m- Wi,

I
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m

1-Y o, =0 ¥ij.

Oz mpp 1.

tfm =
In (3} subject to (4), the sum product of a
discrete distribution of estimated
transition probabilities, =, and a
parameter support vector, 2, determine the
desired transition probabilities, p,, Le..
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Py = E Zn Tagm
Additionally. the specification allows for
the possibility that there is error in the
Markov relation in (4) by including an error
term expressed as the sum produet of an
error support vector, v, and errors. w
1.e.,

g
By E ulalmum‘
m

The remaining equations ensure that the
estimated probabilities are proper
probabilities. Non-sample information is
introduced through the prior probability
distributions for the probabilities and
errars and are expressed in the objective
function as #,, and @,,,. Unless prior
distributions are explicitly specified, a
uniform prior is implieitly assumed by the
specilleation in (3]

Data

To estimate the transition probabilities. a
tme series of actual bank data showing
the proportion of agricultural leans in
various dellnquenecy categories is required,
This study utilizes quarterly observations
on the dollar value of agriculiural real
estate loans in current, past due 30-89
days, past due more than 90 days,
nonaccrual, and charge-off states. The
data were collected for Pinnacle Bank in
Pappilion, Nebraska, which until the most
recent quarter was the largest agricultural
bank by loan volume,

Dala at this level of detail are available for
18 gquarters beginning in March 2001 and
ending June 2005, Before March of 2001,
banks reported the amount of loans in the
past-due more than 90 days, nonacerual,
and charge-off states, but the current and
30-89 days past-due states were combined
for confidentiality purposes. The relatively
short time period {444 yvears] makes a
slationary modeling approach justifiable at
least as an inital modeling, In addition,
the short time series make the entropy
approach imperative since there are more
parameters o estimate than data points,
as discussed below,

The FDIC data were used to construct
shares of agricultural real estate loans in
each state for each quarter. In the process
of creating the shares, it is necessary Lo
modify the charge-off data because charge-
off Is an absorbing state. When viewed as
an absorbing state. reported charge-off
data are flow data. whereas the amount of
loans in the other states are stocks.
Therefore. for consistency with the other
data in the model, the charge-off data
must be converted to a stock. This was
accomplished by aceumulating the dollar
value of loans flowing into the charge-off
state over the sample period. While this
adjustment s necessary for the estimation
of transition probabilities for states
communicating with charge-off, transition
probabilities from the charge-off state to
other states are necessarily zero. In other
wards, once a loan enters the charge-ofl
state It cannot leave that state,

Mew loan volume and loan volume that
leaves the bank's portfolio through means
other than default {either prepayment or
through maturity) must be accounted for
as well, since failure to do so0 would result
in the implicit assumption that loan
volume expansion and contraction ocours
proportionally to the states modeled.*
However, from quarter to quarter, the data
available only show the net change
(increase or decrease] in the size of the
bank’s agricultural loan portfolia.

Given this aggregated feature of the data,
an additional state representing a pool of
new and retired loan volume is necessary.
Any new loans come into the system from
the pool and any repaid leans transition
from the bank's balance sheet ta the pool.
The difficulty here is that the size of the
pool represents the magnitude of
Pinnacle's realized and unrealized loan
volume, an unknown dollar value that
affects the magnitude of the remaining
ghares, The minimum size of the pool can

*For example, by not allowing entry ancd edl, o 10
contraction in overall loan volume from one guarter to
the next would presuppose an unrealistie 1066
contraction in current loan volume, a 10% contraction
in 30=59 days past-due lboan volume, stc,
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be inferred directly from the data as the
maximum loan volume actually
experienced by the bank over the sample
period. The bank's portfolio expands over
a quarter whenever loan volume increases.
This expansion causes the pool of loan
volume to shrink, as was typically the case
for Pinnacle Bank over the sample period.
The transition probabilities associated with
the pool indicate the likelihood that Inans
in the bank's portiollo transition to the
pool [exit) by means other than default, or
enter the bank's portfolio from the poaol,

While knowing the minimum pool size is
useful information, imposing it on the
share data is ad hoc because the pool
represents an unknown loan volume which
may be considerably larger than minimum
observed loan volume depending on the
bank’s operafing and competitive
situation. More impaortantly, Stanton andd
Kettunen {1967} have shown that the
number of potential entrants to a Markov
chain systemn affect the estimation of all
the transition probabilities and the
equilibrium distribution of the system.
Consequently, a slgnificant extension of
the Markov model is the simultaneous
estimation of the size of the bank's loan
pool and the ransition probabilities. Such
an approach thereby negates the need for
an assumed pool size as (o all previous
structural change studies making use of
the Markov model. Additonally, the
estimate provides a bank with information
about the size of its loan pool which can be
compared Lo its realized or observed loan
volume to gauge the extent to which
resources are being allocated properly to
enhance competitiveness.

As noted above, the difliculty in adding
this feature to the model is that the
magnitude aof the bank’s loan pool directly
affects the share data, y,(f) from which
estimates af the transition probabilities
originate. Let i = N represent the pool
state and Y,(f) represent dollars of loan
volume in state (at tme & Let y(t)
represent total loan volume in states other
than N so that

(53] yta=3} v =t

el

MNext, let n(t) represent the net change in
loan volume from one quarter to the next
whereby

(6] nit]l =t 1}-vit) ¥i<T

and -wsnl) 5=
Letting d be a parameter support vector for
the unknewn loan volumes, the magnitude

of the pool at time t = 1 can be determined
using (5] so that

(7) Yult) =3 B.d, - vl
while for t > 1 we have
B)  Yylt] = Yyle- 1) -nie.

where B, are probabilities associated with
each parameter support value with

Zﬂm;l'

(113

To complete the estimation, let tt)
represent the sum of observed and
unobserved loan volume so that

@ D =ylt) Y0 VL

The proportion of loans in each state
required by the Markov relation in (4] are
then determined as

(10 y,(4) T Wi,
Y tit] )

Augmenting the objective function in (3] to
formalize the cross-entropy estimation of
transition probabllitles and loan volume
results in the new objective function:

(1) ¥ix, "‘-W=EEEHW.1H[%]
toog m

ke

,.\E

£

TrEean(ze)

w L

|]r.'|.
* |3|;-|1n il WL
}; [|3 ]

m

with the new third term in {11} reflecting
the uncertainty in the size of the loan pool
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facing the bank. In (11), f§ is a vector
ol prior probabllities for loan volume,
Motice that the model chooses
probabilities for each loan support value.
The sum product of these probabilities
and support values is then used via
equation (7] te determine the proportion
of loan volume In each of the remaining
states, This feature of the madel 1s
perhaps the most compelling reason for
the entropy specification in that the
number of unknowns far exceeds the
number of data points. Equation [11) is
minimized subject to the constraints in
(=100,

Finally. transition probabilities from the
pool o certain states must be restricted to
zero when using quarterly data, For
example, it s impossible for a loan
ariginated in one quarter to transition to
the nonaccrual state one quarter later.
Therefore, the transition probabilities
[rom the pool and current states to the
three states of (a] greater than 90 days
past due. [b] nonacerual, and {c) charge-
off are restricted to zero. Also restricted
to zero are lransition probabilities for
maovement from the 30-89 days past-due
{more than 90 days past-due] state to the
nonacerual and charge-off (charge-off)
states, Last, transitioning from the
nonaccrual state back to the 30-89

days past-due and more than 90 days
past-due states in one quarter is also
preciuded.

Since the transition probabilites are
bounded between zero and one, a

logical choice for the probability parameter
support vector would be discrete points

in the unit Interval, such as 2 =

[0 W34 1), Similarly, the error support
vector is specified asw=[-1 -1 0% 1|
which imposes a symmeltric error
distribution with values consistent with
the magnitude of error possible given the
slze of the probabllities to be estimated.
That is, the most we can misestimate a
transition probability is by a magnitude of
one and the error support chiosen
captures this possibility, Finally, the
parameter support vector for potential
loan demand 1s spectfied (in millions) as

d = [$100 5150 $200 5250 53001." Prior
probabilities for the transiten probabilities
(ft,,.), errors (&,,), and potential loan
demand () were all assumed to be
unifarm.

Results

With six states and five parameter
supports for each state, it is not practical
to present the results [rom the full
estimation. In addition, transition
probabilities are probably best thought of
in an annual context and the estimation,
having used quarterly data, results in
quarterly transition probabilities. To
cireumvent these issues. presented in
Table 1 is a matrix of annualized
stationary transition probabilities for
Pinnacle's loan portiolio. These
probabilities were determined by first
estimating the by minimizing (11}
subject to [4]-(10), then recovering
gquarterly probabilities via

P“ g Z zrﬂ“l'.lrl'
m

and finally raising the resulting quarlerly
matrix to the 4th power to put the
estimates in annual terms.

The resulting matrix contains annual
estimates of the probability of loans in
Pinnacle's portfolio transitioning to various
stages of delinquency, default, and exit
{prepayment or maturity) over the course
of one year. For example, a loan that is
current has about a 60.1% chance of
remaining current next year, a 6.5%
chance of becoming 30-89 days past due,
a 2.0% chance of becoming more than

90 davs past due, a negligible chance
[due to rounding] of entering nonaccrual
status, and a zero probability of
defaulting. The data also suggest that a
current loan has a 31.4% chance of elther
prepaying or maturing in the next year.

! Pinnacle's maximum loan volume over the sample
peringd ls suggeative of 8 minimum pool stee of $151
milllon. The parameter support vector specified
contains this value but allvws for a larger loan volume
If thee data suggest this Is the case.
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Table 1, Annualized Estimates of Transition Probabilities and (Normalized Entropy

Measures] for Pinnacle Bank

30-89 o0 or Charge- Exit
Days More Days Non- Off [prepayment
Current Past Due Past Due acerual (default ] or mature)
Current G008 G460, 2.03% 0,005 O, O 31.43%
[D.B804) [0.0029) {00003} [0 00K {0.0000) (0.9854)
30-89 Days Fast Due 51.89% BT 5.92% 3.39% 1.24% 27 .86%
[ B403) [0LBOST] 10.834.3) {3, OO0} [0 Q000 10.8574]
A or More Days Past Due 49, 65%: H.81% 4,80% 4,00 T.20M% 25.55%
(. TGO ((n7441) [0, 7550 10.7551) (0, DU} [(1TEOT)
Noenacerual 39900 4, 29% 1,16% 1.54% 32.55% 2057
{0.8413) (.03} [0LO000) [0.8330 {0.8328) [ A331)
Charge-Oft {defaalt) 0,00 0. Ok OO0 0004 L0000, 0. ORI
[0, Q000 {0000 {00, RO} [Cr O [0, Q00 (R ]
Entry [new loan) B350 94304 2,00 0,93% .00 24, [4%
(3. 7295] [0.7298H) 10000 [0, CHOC [0 RN [ 00

This result appears high but is not
completely unanticipated, given the period
of lirme covering the sample data was
largely a time of falling interest rates in
which many prepayments occurred.

The faet that the estimated probability of
default for a current loan is zero is
potentially problematic since no matter
how high quality a loan is, there is always
at least a small probability of default.
However, the result is consistent with
many past studies showing the same
result for highly rated bonds, For the case
of agricultural loans. estimates by Gloy,
Lalue, and Gunderson (2005) and
Behrens and Pederson (2005 indicate that
the likelihood of a high quality credit, such
as a current loan, transitioning to default
is very nearly zero,

Below each transition probability estimate
is a measure referred to as the normalized
Shannon entropy measure. The statistic
measures the information content in the
estimates and is bounded by zero and one,
Maxdmum entropy (or minimum cross-
entropy] uncertainty is consistent with
values for normallzed entropy equal to
one, while values closer to zero reflect less
enlropy uncertainty, The restrictions
discussed above necessarily imply a zero
value far the restricted parameters (e.g.,
the probability of transitoning from entry

to past-due 90 or more days). However,
most parameters have normalized entropy
measures consistent with less information
uncertainty, This is especially true for the
probability of default from all states except
nonaccrual. Obvious exceptions are
current-to-current and current-to-exit
transition probabilities, The overall
system normalized entropy is 0.6893,
which is reasonably consistent with less
information uncertainty since it is fairly far
from one.

Considering the remainder of the matrix,
the probability of default rises as
delinquency increases, and culminates in
a 32.6% probability of defaull once a loan
enters the nonacerual state. This result
makes sense because, as noted above, the
decision to delay payment (l.e.. become
dellnquent) is a necessary condition for
default. However, it is important to point
out that according to the estimation,
Pinnacle's delingquent loans are most lkely
to transition back to the current state or
exit the portfolio [by means other than
default] in a year's time. This is likely
because problem loans are identified and
dealt with via a workout or prepayment
rather than allowing them to progress
through delinquency to default,

The results also sugdest that new loans
are most likely to he current a vear later
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{about 64%), while a fair percentage of new
loans can be expected to be retired (about
24%) via prepayment. The former result is
obviously what the bank wants, whereas
the latter is most likely a function of the
time perfod over which the estimation was
made (i.e., a period of generally declining
interest rates]. In any event, Pinnacle's
suCeess as a large agricultural lender can
in some way be linked to its ability to
generate new loans having a high
probability of remaining current or

prepaying.

The econometric estimation also produces
estimates of the size of the bank’s pool of
loans, reported in Table 2, As shown, the
probahilities are not quite uniform (as was
the prior probability distribution).
Multiplying the parameter support values
limes the prabability estimates and
summing gives an estimate of Pinnacle's
observed and unobserved loan volume
which equals $187 million. The estimate
appears reasonable considering Pinnacle's
maximum loan volume, achieved in the
most recent quarter for which data were
available, was $151 million, This result
suggests that about 536 milllon in loan
volume was unrealized by Pinnacle over
the sample period. However. the
normalized entropy 1s 0.9892, indicating a
high degree of uncertainty about the
probability distribution of this parameter.
Even so, the magnitude of the pool of loans
was endogenously determined by the data
rather than exogenously by some ad hoe
means as in past studies of structural
change,

Summary and Conclusions

Because delinquency is a precursor to
default, estimating the probability that
loans progress through delinguency states
is important for the performance
measurement and risk management of
maodern financial instdtutions. By viewing
the bank's portiolio of loans as a Markov
chain, it |s demonstrated here how
maximum entropy can be used to estimate
the probability of delinquency which also
contains the probability of default and the

Table 2. Potential Demand

Probability Estimates for
Pinnacle Bank
d,
($ millions) B.

£100 2561%
150 22.43%
S200 15 65
$250 17.22%
S300 15001

probability of new loan entry and old loan
exit. Most importantly, the estimates can
be obtained from publicly available data
that are aggregate in nature. Such data
are usually all that is available for
researchers and investors allke, The
maodel and estimation precedure presented
In this study demonstrate how to obtaln
estimates with aggregated data by
employving entropy econometrics.,

While numerous techniques for estimating
the probability of default have been
proposed in the lterature, the research
outlined in this paper adds to the number
of ways by suggesting a mintmum cross-
entropy formulation of the Markov chain
model. The model presented has
applicability when micro-level data are
available, and therefore likely has
usefilness for estimating credit ratings
migration matrices and the probability of
default, both of which are important for
regulatory compliance or Basel
consistency.

In addition. a nonstationary matrix of
fransition probabilities can also be
accommaodated with the approach we have
putlined by making some straightforward
adjustments to the estimation procedure.
To accomplish this, equation (11] would be
minimized subject to equations (41-(10) for
each transition of the data, Employving the
18 quarters of data used for the stationary
estimation, nonstationary estimates could
be obtained. resulting in 17 transition
probability matrices—one for each
transition of the data. Further,
macroeconomic variables hypothesized to
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influence the transition probabilities could

also be added to the estimation in both
stationary and nonstationary settings.
These extensions are left for future
research.
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