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(57) ABSTRACT 

A method for generating an optimized transition probability 
matrix (OTPM) is provided. The method is performed using 
a computer system coupled to a database. The method 
includes storing in the database financial data including obli 
gor credit ratings, generating multi-period empirical transi 
tion probability matrices (ETPMs) for a selected time horizon 
using the financial data stored within the database, generating 
a mathematical expression to minimize a difference between 
target ETPM values and candidate OTPM values, and calcu 
lating the OTPM from the generated mathematical expression 
and the financial data stored within the database, wherein the 
calculated OTPM includes a first set of optimized transition 
probability values for predicting a likelihood that a credit 
rating of an obligor will migrate from one credit state to 
another credit state during a first time interval in the future. 
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METHODS AND SYSTEMIS FOR 
GENERATING TRANSTON PROBABILITY 
MATRICES THROUGH AN OPTIMIZATION 

FRAMEWORK 

BACKGROUND OF THE INVENTION 

0001. This invention relates generally to calculating credit 
migration for an obligor over a given time horizon and, more 
particularly, to network-based methods and systems for cal 
culating an optimized transition probability matrix for more 
accurately predicting a likelihood that a credit rating of an 
obligor will migrate from one credit state to another credit 
state over a given time horizon. 
0002 Commercial lenders generally engage in the busi 
ness of providing financing to individuals and other business 
entities, generally referred to as obligors, by using financial 
instruments that include standard loans as well as structured 
finance products and corporate bonds. Many of these obligors 
are assigned a letter-based rating grade or some other type of 
credit rating that is representative of the commercial obligors 
credit worthiness. These credit rating grades for an obligor 
may shift, or migrate, over time as financial conditions asso 
ciated with each obligor vary. For example, if a particular 
commercial obligor has an initial credit rating of AAA 
assigned via Standard and Poor's rating system, the credit 
rating may temporarily shift downward to a AA rating, and 
then return to a AAA rating thereafter over a certain time 
horizon. Also, for example, there may be a finite possibility 
that a commercial obligor with an initial credit rating of AAA 
may transition to a default rating over a certain time horizon. 
These credit rating shifts may result from changes in the 
financial condition of the obligor, changes in the financial 
conditions of the overall market or a combination of many 
financial factors. Also, a commercial lender will typically 
have a plurality of obligors in a portfolio. 
0003 Transition probability matrices (TPMs), which indi 
cate a likelihood of an obligor's credit rating migrating from 
one credit state to another credit State over a given time 
horizon, have been used in various credit applications ranging 
from pricing of financial instruments, loan evaluation, port 
folio risk analysis, and economic capital assessment. Typi 
cally, these TPMs are initially constructed from historical, or 
empirical credit ratings data. Moreover, the standard meth 
odology for calculating TPMS includes using a discrete, 
cohort approach, and often employs using two assumptions 
that include, firstly, the TPMs follow a first-order Markov 
process, or Markov chain, and that, secondly, the data inher 
ently includes a predetermined homogeneity. 
0004. In general, TPMs typically have a rectangular, tabu 
lar structure that is at least partially representative of a range 
of discrete credit ratings. Each credit rating includes an asso 
ciated numerical value that is representative of an estimated 
future transition probability of a rating migration from a first 
credit rating to a second credit rating within the period the 
TPM was calculated for. Sucha TPM also includes values that 
are representative of a probability of the associated obligor's 
credit rating remaining static in that period. Moreover, Such a 
TPM likely includes a “default” state, wherein the default 
state indicates a probability that an obligor may default in that 
period on the associated financial instrument, or a plurality of 
instruments. Such an estimated default probability provides a 
lender with an estimated probability of default associated 
with a particular group of obligors. Specifically, a financial 
portfolio of all obligors, a financial portfolio of a particular 
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group of obligors, or a financial portfolio of a single obligoris 
multiplied by a TPM to generate a risk forecast associated 
with the associated portfolio. 
0005. In addition, a range of estimated transition prob 
abilities across a range of credit ratings provides some mea 
Sure of estimated credit rating transition rates for a lender. 
These values provide commercial lenders with at least some 
data that can be used to predict whether a particular obligor 
will transition from one credit rating to another including a 
default credit rating so that the lender can decide whether to 
provide a particular financial instrument to the obligor, deter 
mine an extent of financing to be provided to the obligor, and 
determine a financing rate that is at least partially reflective of 
the associated risk. 

0006 Empirical TPMs, or ETPMs, are TPMs generated 
from empirical (i.e., known historical data) rating and rating 
transition data, and are published regularly by rating agencies 
over several years. These ETPMs are typically generated and 
published for a one-year forecast. Users of these ETPMs have 
tended to use these published matrices either directly, or after 
applying one of several Smoothing techniques. A need for 
Such smoothing is typically due to imprecise characteristics 
of empirical matrices that include a tendency for these 
ETPMs to be affected by idiosyncratic historical events, a 
sparse data population for plausible future scenarios, and/or 
vintage effects induced by the temporal location of the under 
lying data relative to the credit cycle. 
0007 Moreover, ETPMs are often required for use over 
time periods longer than the widely published one-year time 
horizon. While ETPMs can be constructed over any time 
horizon, longer time horizon calculations typically reduce 
sample size, thereby exacerbating idiosyncratic effects in 
proportion to less idiosyncratic effects and Subsequently gen 
erating an ETPM with distorted values. Using the aforemen 
tioned Smoothing techniques may help to reduce the distor 
tions, but Such smoothing techniques do not generate a matrix 
that will accurately predict transition probabilities for an obli 
gor over a multi-year time horizon. Accordingly, many lend 
ers use standard methods of applying one-year ETPMs itera 
tively, or more specifically, multiplying the one-year ETPM 
by itself for a discrete number of periods. Such a matrix raised 
to a specific power corresponding to the number of periods 
generates probability values for rating transition drift over 
multi-year horizons. One of the consequences of this method 
is that in practice, as the time horizon increases, an estimation 
"bias’ induced by shortages in sample sizes is introduced into 
generation of the TPMs. Such estimation “bias’ may be 
propagated throughout the entire matrix and may potentially 
undermine the validity and usefulness of these ETPMs. For 
example, monotonicity and/or smoothness of the resultant 
ETPM may not meet predetermined standards. 
0008. At least one known use of TPMs is described in a 
technical document entitled Credit MetricsTM by J.P. Morgan 
& Co., Incorporated (1997). Credit MetricsTM describes an 
approach of working backwards from a cumulative default 
table to create an implied transition matrix. Specifically, the 
Credit Metrics TM document describes creating a transition 
matrix using a least-squares fit to the cumulative default rates. 
Credit Metrics TM, however, only describes using a simple 
least-square function for measuring a “fit to historical data. 
Credit MetricsTM does not describe using any other functions, 
and as discussed below, a simple least-square function does 
not include all of the desired properties for generating an 
algorithm that optimizes the “fit” to historical data. In addi 
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tion, Credit MetricsTM only describes fitting the cumulative 
default rates, and does not describe fitting the whole TPM. 
The approach described in Credit MetricsTM does not allow 
for adjusting a desired area in a TPM (e.g., upgrade/down 
grade, default, Volatility), it does not describe time weights, 
and it does not mention a technique for Solving a large scale 
problem such as a 23x23 matrix. 
0009. Accordingly, it would be desirable to provide a pro 
cess and/or a system that enables a lender to generate a TPM 
that more accurately models historical data Such as obligors 
credit ratings and credit migrations over a period of time, and 
more accurately predicts a future migration of an obligor's 
credit rating over a multi-year period of time. 

BRIEF DESCRIPTION OF THE INVENTION 

0010. In one aspect, a method for generating an optimized 
transition probability matrix (OTPM) is provided. The 
method is performed using a computer system coupled to a 
database. The method includes storing in the database finan 
cial data including obligor credit ratings, generating multi 
period empirical transition probability matrices (ETPMs) for 
a selected time horizon using the financial data stored within 
the database wherein each generated ETPM includes transi 
tion probability values indicating a likelihood that a credit 
rating of an obligor will migrate from one credit state to 
another credit state during a time period included within the 
selected time horizon and the transition probability values 
included within the generated ETPMs are defined as target 
ETPM values, generating a mathematical expression to mini 
mize a difference between target ETPM values and candidate 
OTPM values wherein the mathematical expression is gener 
ated using an objective function including at least one of a 
probit transform function and an exponential function and by 
applying predetermined constraints to the objective function, 
and calculating the OTPM from the generated mathematical 
expression and the financial data stored within the database, 
wherein the calculated OTPM includes a first set of optimized 
transition probability values for predicting a likelihood that a 
credit rating of an obligor will migrate from one credit state to 
another credit state during a first time interval in the future. 
0011. In another aspect, a system for generating an opti 
mized transition probability matrix (OTPM) is provided. The 
system includes a computer coupled to a database. The com 
puter is configured to store within the database financial data 
including obligor credit ratings, generate multi-period 
empirical transition probability matrices (ETPMs) for a 
selected time horizon using the financial data stored within 
the database wherein each generated ETPM includes transi 
tion probability values indicating a likelihood that a credit 
rating of an obligor will migrate from one credit state to 
another credit state during a time period included within the 
selected time horizon and the transition probability values 
included within the generated ETPMs are defined as target 
ETPM values, generate a mathematical expression to mini 
mize a difference between target ETPM values and candidate 
OTPM values wherein the mathematical expression is gener 
ated using an objective function including at least one of a 
probit transform function and an exponential function, and by 
applying predetermined constraints to the objective function, 
and calculate the OTPM from the generated mathematical 
expression and the financial data stored within the database, 
wherein the calculated OTPM includes a first set of optimized 
transition probability values for predicting a likelihood that a 
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credit rating of an obligor will migrate from one credit state to 
another credit state during a first time interval in the future. 
0012. In a further aspect, a computer program embodied 
on a computer readable medium for generating an optimized 
transition probability matrix (OTPM) is provided. The pro 
gram includes at least one code segment that stores in a 
database financial data including obligor credit ratings, gen 
erates multi-period empirical transition probability matrices 
(ETPMs) for a selected time horizon using the financial data 
stored within the database wherein each generated ETPM 
includes transition probability values indicating a likelihood 
that a credit rating of an obligor will migrate from one credit 
state to another credit state during a time period included 
within the selected time horizon and the transition probability 
values included within the generated ETPMs are defined as 
target ETPM values, generates a mathematical expression to 
minimize a difference between target ETPM values and can 
didate OTPM values wherein the mathematical expression is 
generated using an objective function including at least one of 
a probit transform function and an exponential function and 
by applying predetermined constraints to the objective func 
tion, and calculates the OTPM from the generated mathemati 
cal expression and the financial data stored within the data 
base, wherein the calculated OTPM includes a first set of 
optimized transition probability values for predicting a like 
lihood that a credit rating of an obligor will migrate from one 
credit state to another credit state during a first time interval in 
the future. 

0013 The methods, or processes, and systems described 
herein facilitate calculating TPMS using an optimization 
methodology. Such methodology includes an optimization 
framework that incorporates multiple business requirements, 
Such as: ensuring Smooth Surfaces with consistent probability 
mass distributions, reduction of impact from time homoge 
neity and Markov assumptions, and reduction of forecast 
errors for multiple time steps. The optimization framework 
includes generating trial values and comparing them with 
values within empirical TPMs developed using empirical 
cohort averages. The trial values are iteratively generated and 
compared with the empirical values until the results of the 
comparisons are reduced to near Zero differences, wherein 
unsuccessful trial values outside of predetermined difference 
parameters are discarded and at least one successful trial 
value within the difference parameters is stored. The stored 
trial values form at least one resultant optimized TPM, or 
OTPM, wherein the OTPM closely corresponds to empirical 
credit rating transition data. The resultant OTPM is subse 
quently used to predict future transition probabilities, 
wherein the OTPM may be embedded within risk pricing 
models. The proposed optimization process results in OTPMs 
with significantly better predictive power and properties, 
including monotonicity and Smoothness, that better Suit many 
business applications. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0014 FIG. 1 is a simplified block diagram of an exemplary 
system in accordance with one embodiment of the present 
invention, wherein the system is referred to as an Optimized 
Transition Probability Matrix (OTPM) system: 
0015 FIG. 2 is an expanded block diagram of an exem 
plary embodiment of a server architecture of a system in 
accordance with one embodiment of the present invention; 
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0016 FIG. 3 is a portion of a flowchart illustrating exem 
plary processes utilized by the system shown in FIG. 1 for 
generating an optimized transition probability matrix 
(OTPM); 
0017 FIG. 4 is a portion of the flowchart continued from 
FIG.3: 
0018 FIG. 5 is an example overall future time horizon 
used to determine an empirical transition probability matrix 
(ETPM); 
0019 FIG. 6 is an example non-overlapping sampling 
illustration used to determine an ETPM; 
0020 FIG. 7 is an example overlapping sampling illustra 
tion used to determine an ETPM; 
0021 FIG. 8 is a more detailed flowchart illustrating 
exemplary processes utilized by the system shown in FIG. 1 
relating to selecting at least one objective function for gener 
ating an OTPM; 
0022 FIG. 9 is a three-dimensional graphical representa 
tion of a probit transform function wherein adder e=0.0001; 
0023 FIG. 10 is a two-dimensional graphical representa 
tion of a probit transform function wherein adder e=0.0001; 
0024 FIG. 11 is a three-dimensional graphical represen 
tation of a exponential function; 
0025 FIG. 12 is a two-dimensional graphical representa 
tion of a exponential function; 
0026 FIG. 13 is a more detailed flowchart illustrating 
exemplary processes utilized by the system shown in FIG. 1 
relating to developing a general expression for determining 
an OTPM; 
0027 FIG. 14 is a table of time weights used to determine 
an OTPM; 
0028 FIG. 15 is a graphical representation of a plurality of 
TPMs including a multi-year empirical TPM, an empirical 
TPM and an OTPM; 
0029 FIG. 16 is a three-dimensional graphical represen 
tation of a surface plot of a discrete cohort ETPM illustrating 
lack of the monotonicity property; 
0030 FIG. 17 is a three-dimensional graphical represen 
tation of a surface plot of a baseline OTPM illustrating the 
presence of the monotonicity property; and 
0031 FIG. 18 is a table of credit ratings within an OTPM; 
0032 FIG. 19A is a two-dimensional graphical represen 
tation of a convergence of evolutionary algorithms in a first 
Case, 

0033 FIG. 19B is a two-dimensional graphical represen 
tation of a convergence of evolutionary algorithms in a second 
Case, 

0034 FIG. 19C is a two-dimensional graphical represen 
tation of a convergence of evolutionary algorithms in a third 
Case, 

0035 FIG. 19D is a two-dimensional graphical represen 
tation of a convergence of evolutionary algorithms in a fourth 
Case, 

0036 FIG. 19E is a two-dimensional graphical represen 
tation of a convergence of evolutionary algorithms in a fifth 
Case, 

0037 FIG. 19F is a two-dimensional graphical represen 
tation of a convergence of evolutionary algorithms in a sixth 
Case, 

0038 FIG. 20A is a two-dimensional graphical represen 
tation of the second case optimized with an exponential error 
function; 
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0039 FIG. 20B is a two-dimensional graphical represen 
tation of the fifth case optimized with an exponential error 
function; 
0040 FIG. 21A is a two-dimensional graphical represen 
tation of a of a plurality of TPMs illustrating a default prob 
ability of an AA rating: 
0041 FIG. 21B is a two-dimensional graphical represen 
tation of a of a plurality of TPMs illustrating a default prob 
ability of a bb rating: 
0042 FIG. 21C is a two-dimensional graphical represen 
tation of a of a plurality of TPMs illustrating a default prob 
ability of a CC rating: 
0043 FIG. 21D is a two-dimensional graphical represen 
tation of a of a plurality of TPMs illustrating a plurality of 
default probabilities for a plurality of credit ratings; 
0044 FIG.22A is a two-dimensional graphical represen 
tation of a plurality of TPMs illustrating a transition probabil 
ity from a BBB+ rating to a BBB rating; and 
0045 FIG. 22B is a two-dimensional graphical represen 
tation of a plurality of TPMs illustrating a transition probabil 
ity from a B+ rating to a B rating. 

DETAILED DESCRIPTION OF THE INVENTION 

0046. As a matter of background, credit migration patterns 
have received increasing amounts of attention in recent years, 
primarily from two types of market participants. First, for 
example, by those financial and commercial entities involved 
in creating or investing in structured products that include 
collateralized debt obligations (CDOs), TPMs have been 
used to forecast credit deterioration for a given pool of obli 
gations. These iterated forecasts are used for assigning an 
appropriate criteria for tranching (i.e., a likelihood that struc 
tural requirements will be violated), and a potential accumu 
lation of defaults and losses in the pool over multi-year time 
horizons. The availability of agency-published transition 
matrices has facilitated this type of application, particularly 
when pooled assets are agency-rated obligations. 
0047. As used herein, a CDO is an investment-grade secu 
rity backed by a pool of bonds, loans, and other assets, 
wherein these bonds, loans, and assets are often typically 
non-mortgaged. Moreover, as used herein, tranching is an 
arrangement whereby investment capital is split into a num 
ber of stages or slices wherein the size of each tranche, and the 
valuation of each tranche are pre-agreed to by the interested 
parties. 
0048 Secondly, banks and other financial institutions 
have used TPMs as inputs into their estimation of the appro 
priate levels for loan loss reserves and economic capital. In 
these cases, large parts of the portfolios analyzed are typically 
not covered by major rating agencies. Nevertheless, many 
banks may choose to use the agency rating process because 
they believe these agency ratings are more accurate and/or 
because the published transition matrices are simply consid 
ered an industry standard. Therefore, these banks may apply 
these published transition matrices to their own portfolios, 
notwithstanding at least some compositional differences. 
Largerfinancial institutions, and particularly those wishing to 
comply with Basel II requirements, have sought to produce a 
SufficientVolume and quality of internal ratings to allow them 
to calculate transition probabilities based on their own inter 
nal data, wherein the greater relevancy of these data provide 
a more sound basis for forecasting. 
0049. In the context of this disclosure, Basel II require 
ments result from an international monetary and financial 



US 2010/0153299 A1 

agreement to create an international standard for banking 
regulators to create regulations for how much capital banks 
need to put aside to guard against financial and operational 
risks the banks may face. 
0050 Regardless of whether or not analysts use published 
transition matrices directly, or calculate them from propri 
etary data sources, the methodology for calculating them is 
overwhelmingly pioneered by the major rating agencies, that 
is, the methodology used is the discrete, cohort-based 
approach as described herein. Such an approach includes the 
advantages of being both intuitive and relatively easy to 
apply. However, Some disadvantages of this approach include 
the disproportionate effect of outliers (i.e., either specific 
periods or even outcomes for individual obligors) and differ 
ences by various practitioners with respect to appropriate 
techniques and degrees of Smoothing. Moreover, at least one 
finding is that ETPMs as described herein, smoothed or oth 
erwise, are not Markovian, that is, they contain asymmetries 
that create large biases in forecast results when they are 
applied iteratively to a portfolio based on the current ratings 
of the individual exposures. 
0051. By way of further background, migration of an obli 
gor's credit rating may be based on factors such as, but not 
limited to, the financial vitality of the particular industry that 
the obligor is a member of financial decisions of the obligor, 
and Successes and setbacks of the obligor with respect to its 
overall financial performance. The obligor's credit rating may 
migrate from one credit rating to another over a period of time 
and commercial lenders may elect to adjust their behavior 
with respect to the obligor depending upon the obligor's 
credit rating. TPMs may be used in the pricing of credit 
obligations, particularly when the default risk is low, and 
investor risk derives largely from potential value loss associ 
ated with obligor downgrades. For example, if an obligor's 
credit rating is likely to improve after a certain period of time, 
extensions of credit to the obligor may be more strongly 
considered. Alternatively, if a probability of the obligor 
defaulting on its financial commitments exceeds a predeter 
mined threshold level, further extensions of credit may be 
withheld and defensive measures towards recovering the 
present investment may be considered. 
0052. There are at least three key technical considerations 
associated with the creation of TPMs. The first technical 
consideration is whether future rating transitions are discrete 
time stochastic transitions, that is, whether the transitions are 
independent of past ratings and past rating transitions, 
wherein Such an assumption is more generally referred to as 
a Markov assumption. Therefore, under this type assumption, 
future transitions are a result of a probabilistic process rather 
than a deterministic process. The second technical consider 
ation is whether transition probabilities are solely a function 
of the distance between dates and independent of the calendar 
dates themselves, wherein Such an assumption is more gen 
erally referred to as a homogeneity assumption. The third 
technical consideration is whether the migration data is dis 
crete or continuous in the time dimension. 
0053. In general, the industry standard for estimating 
time-credit TPMs is the discrete, cohort model, sometimes 
referred to as the cohort approach and cohort estimator. The 
cohort model is a discrete model using discrete data exclu 
sively, in contrast to continuous data, and employs both the 
Markov and homogeneity assumptions. Therefore, the cohort 
model uses a discrete-time Markov chain to generate a TPM 
“P” that includes a plurality of “estimations of likelihood’ 
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values in the form of probabilities of transition from a first 
credit rating category to a second credit rating category. Spe 
cifically, P illustrates for each credit rating a value substan 
tially representative of a probability of transition from a first 
credit rating, or category 'i' to a second credit rating, or 
category 'i' over a single time interval of “T”. 
0054 The discrete data used to generate TPMP is empiri 
cal, historical data. Therefore, TPMP is an empirical TPM, or 
ETPM. The accuracy of these probability values is at least 
partially based on an amount and quality of empirical, his 
torical data that is used. In general, the greater the Volume of 
data, the more accurate the ETPM should be. An example of 
a volume of data that may be used to generate an ETPM is all 
of the available credit ratings data for a large number of 
obligors since April 1982, that is, when Moody's Investors 
Services shifted to the current rating structure. Alternatively, 
any amount of data for any time frame may be used to gen 
erate the ETPM. 
0055. The expression for generating such empirical P is 
given by: 

P(T)=N(T)N(T) (1) 

wherein N, is the number of obligors migrating from rating 
categories i to during the period ending at time T, N is the 
number of obligors in rating category i at the beginning of the 
period ending at time T, P, is the element in the P matrix that 
represents the transition probability from the i' to i' catego 
ries. Typically, T is selected as one year Such that a yearly 
ETPM is generated, and such yearly-ETPM has a usefulness 
expectancy of one year. In order to generate ETPMs that 
include forecasts of credit migration probabilities that exceed 
a one year time frame, a “m-period’ transition matrix is 
generated by a m-fold product of the single period, or yearly 
ETPM, wherein the matrix is multiplied by itself m times for 
m years, wherein m is an integer. More specifically, the 
yearly-ETPM P is raised to, or pushed forward by, the m' 
power to generate P". 
0056. The result of the matrix multiplication operation is a 
number m of sequential yearly-ETPMs, each illustrating a 
probability of transition for each credit rating to all of the 
other credit ratings for each respective year in the future out to 
the m. Matrix multiplication is typically a complicated pro 
cess that potentially requires a significant amount of comput 
ing resources and time to execute the large number of multi 
plication and addition algorithms that accompany Such 
matrix multiplication. Moreover, time periods including 
sparse data or individual data outliers may inject inaccuracies 
into each successive yearly-ETPM wherein these inaccura 
cies may grow exponentially to adversely affect yearly 
ETPMs for the out years. 
0057. Described in detail below are exemplary embodi 
ments of methods and systems for calculating credit migra 
tion for an obligor over a given time horizon and, more 
particularly, to network-based methods and systems for cal 
culating an optimized transition probability matrix for more 
accurately predicting a likelihood that a credit rating of an 
obligor will migrate from one credit state to another credit 
state over a given time horizon. 
0058. These processes and systems are applied iteratively 
over a predetermined number of periods and thereby provide 
an improve forecasting capability of the calculated matrices. 
Moreover, these processes and systems include an integrated 
approach to estimation and Smoothing that produce matrices 
that are “optimal’ for forecasting, that is, more accurately 
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forecast, an obligor's credit rating migration. Specifically, 
these processes and systems produce results that more closely 
resemble known credit rating migrations as compared to 
known methods of using already generated TPMs that are 
based on the cohort approach. TPMs obtained using this 
optimization approach closely match certain key aspects of 
the empirical data, while exhibiting properties that make 
them better Suited to their most important business applica 
tions, and help to provide a contextual benchmark against 
which certain aspects of the credit cycle can be highlighted 
and understood. For example, the methods and systems 
described herein may be used to estimate a one-year transi 
tion matrix that, when raised to Successive powers, produces 
default rates that more closely resemble the cumulative aver 
age default rates rather than the empirical transition rates 
produced with a “push-through-time method. The “push 
through-time method being a one-year empirical TPM cal 
culated with a cohort method from known data that is raised 
to Successive powers for estimating default rates into the 
future. 

0059. The systems and processes described herein enable, 
for example, generation of optimized TPMs, or OTPMs, for 
extended time periods of over one year, including time peri 
ods offive years or more, wherein these OTPMs exhibit more 
precise credit rating migration probabilities in contrast to 
standard empirical TPMs, or ETPMs. A technical effect of the 
systems and processes described herein include at least one of 
(a) selecting a business or geographical sector for creating 
multi-period ETPMs (e.g., metals and mining sector or North 
America sector); (b) selecting a time horizon for creating the 
ETPMs; (c) retrieving financial data from a database for 
creating the ETPMs, wherein the retrieved financial data 
includes obligor credit ratings for obligors included within 
the selected sector during the selected time horizon; (d) 
selecting a sampling technique for creating the ETPMS, 
wherein the sampling technique includes either overlapping 
or non-overlapping sampling; (e) generating the ETPMs for 
the selected sector based on the retrieved financial data and 
the selected Sampling technique, wherein the generated 
ETPMs are based purely on known historical financial data 
for the selected sector and the selected time horizon, and each 
generated ETPM includes transition probability values indi 
cating a likelihood that a credit rating of an obligor will 
migrate from one credit state to another credit state during a 
time interval included within the selected time horizon, the 
transition probability values included within the generated 
ETPMs are also known as target ETPM values: (f) selecting 
an objective function from a plurality of objective functions 
for calculating an OTPM, the plurality of objective functions 
including at least (1) a probit transform function; and (2) an 
exponential function; (g) generating a mathematical expres 
sion to minimize a difference between target ETPM values 
and candidate OTPM values by applying predetermined con 
straints to the selected objective function, wherein the prede 
termined constraints include (1) strict equality constraints 
(i.e., summation of each row of values included within the 
OTPM equaling one), (2) monotonic decreasing property 
constraints, and (3) monotonic increasing rating categories 
constraints: (h) calculating a baseline OTPM from the gener 
ated mathematical expression and the retrieved financial data, 
wherein the calculated baseline OTPM includes a first set of 
optimized transition probability values for predicting a like 
lihood that a credit rating of an obligor will migrate from one 
credit state to another credit state during a first time interval in 
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the future; and (i) calculating additional sets of optimized 
transition probability values by raising the calculated OTPM 
to Successive powers wherein each Successive power repre 
sents a Subsequent future time interval, and each additional 
set of optimized transition probability values predicts a like 
lihood that a credit rating of an obligor will migrate from one 
credit state to another credit state during the corresponding 
future time interval. 
0060. In the exemplary embodiment, the generated 
OTPMs provide improved estimations of credit rating migra 
tion of obligors over a given time horizon, wherein commer 
cial lenders can use the OTPMs to assess credit risk and make 
financial decisions based on these risks. 
0061. In one embodiment, a computer program is pro 
vided, and the program is embodied on a computer readable 
medium and utilizes a Structured Query Language (SQL) 
with a client user interface front-end for administration and a 
web interface for standard user input and reports. In an exem 
plary embodiment, the system is web enabled and is run on a 
business-entity intranet. In yet another embodiment, the sys 
tem is fully accessed by individuals having an authorized 
access outside the firewall of the business-entity through the 
Internet. In a further exemplary embodiment, the system is 
being run in a Windows.(R) environment (Windows is a regis 
tered trademark of Microsoft Corporation, Redmond, Wash.). 
In yet another embodiment, the system is run on a mainframe 
environment and a UNIX(R) server environment (UNIX is a 
registered trademark of AT&T, New York, N.Y.). The appli 
cation is flexible and designed to run in various different 
environments without compromising any major functional 
ity. 
0062. The systems and processes are not limited to the 
specific embodiments described herein. In addition, compo 
nents of each system and each process can be practiced inde 
pendent and separate from other components and processes 
described herein. Each component and process also can be 
used in combination with other assembly packages and pro 
CCSSCS. 

0063 FIG. 1 is a simplified block diagram of an exemplary 
system 10 in accordance with one embodiment of the present 
invention. System 10 is a computer system for accessing 
financial data including obligor credit ratings, creating 
ETPMs, calculating OTPMs, and calculating additional sets 
of optimized transition probability values for a given time 
horizon. System 10 is referred to as an Optimized Transition 
Probability Matrix (OTPM) system. System 10 includes a 
server system 12, and a plurality of client Sub-systems, also 
referred to as client systems 14, connected to server system 
12. Computerized modeling and grouping tools, as described 
below in more detail, are stored in server system 12 and can be 
accessed by a requester at any one of client systems 14. In one 
embodiment, client systems 14 are computers including a 
web browser, such that server system 12 is accessible to client 
systems 14 using the Internet. Client systems 14 are intercon 
nected to the Internet through many interfaces including a 
network, Such as a local area network (LAN) or a wide area 
network (WAN), dial-in-connections, cable modems and spe 
cial high-speed ISDN lines. Client systems 14 could be any 
device capable of interconnecting to the Internet including a 
web-based phone, personal digital assistant (PDA), or other 
web-based connectable equipment. A database server 16 is 
connected to a database 20 containing information on a vari 
ety of matters, as described below in greater detail. In one 
embodiment, centralized database 20 is stored on server sys 
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tem 12 and can be accessed by potential users at one of client 
systems 14 by logging onto server system 12 through one of 
client systems 14. In an alternative embodiment, database 20 
is stored remotely from server system 12 and may be non 
centralized. 

0.064 Database 20 includes stored financial data, for 
example, but not limited to, historical obligor credit ratings 
data, rating migration data, and previous ETPMs and OTPMs. 
Moreover, database 20 may include, but is not limited to, 
operator user settings and mathematical expressions for gen 
erating ETPMs and OTPMs, including default and operator 
selected parameters and constraints. 
0065. The embodiments illustrated and described herein 
as well as embodiments not specifically described herein but 
within the scope of aspects of the invention constitute exem 
plary means for calculating OTPMs, and more particularly, 
constitute exemplary means for calculating an optimized 
TPM that accurately predicts a likelihood that a credit rating 
of an obligor will migrate from one credit state to another 
credit state during a determine future time interval. For 
example, the server system 12 or the client system 14, or any 
other similar computer device, programmed with computer 
executable instructions to execute processes and techniques 
as described herein, constitutes exemplary means for assess 
ing a probability of a particular credit rating migrating to 
another credit rating. 
0066 FIG. 2 is an expanded block diagram of an exem 
plary embodiment of a server architecture of a system 22 in 
accordance with one embodiment of the present invention. 
Components in System 22, identical to components of system 
10 (shown in FIG. 1), are identified in FIG. 2 using the same 
reference numerals as used in FIG. 1. System 22 includes 
server system 12 and client systems 14. Server system 12 
further includes database server 16, an application server 24, 
a web server 26, a fax server 28, a directory server 30, and a 
mail server 32. A disk storage unit 34 is coupled to database 
server 16 and directory server 30. Servers 16, 24, 26, 28, 30, 
and 32 are coupled in a local area network (LAN) 36. In 
addition, a system administrator's workstation 38, a user's 
workstation 40, and a Supervisor's workstation 42 are coupled 
to LAN 36. Alternatively, workstations 38, 40, and 42 are 
coupled to LAN 36 using an Internet link or are connected 
through an intranet. 
0067. Each workstation, 38, 40, and 42 is a personal com 
puter having a web browser. Although the functions per 
formed at the workstations typically are illustrated as being 
performed at respective workstations 38, 40, and 42, these 
functions can be performed at one of many personal comput 
ers coupled to LAN 36. Workstations 38, 40, and 42 are 
illustrated as being associated with separate functions only to 
facilitate an understanding of the different types of functions 
that can be performed by individuals having access to LAN 
36. 

0068 Server system 12 is configured to be communica 
tively coupled to various individuals, including employees 44 
and to third parties, e.g., auditors/customers 46 using an ISP 
Internet connection 48. The communication in the exemplary 
embodiment is illustrated as being performed using the Inter 
net, however, any other wide area network (WAN) type com 
munication can be utilized in other embodiments, i.e., the 
systems and processes are not limited to being practiced using 
the Internet. In addition, and rather than WAN 50, local area 
network 36 could be used in place of WAN 50. 
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0069. In the exemplary embodiment, any authorized indi 
vidual having a workstation 54 can access system 22. At least 
one of the client systems includes a manager workstation 56 
located at a remote location. Workstations 54 and 56 are 
personal computers having a web browser. Also, workstations 
54 and 56 are configured to communicate with server system 
12. Furthermore, fax server 28 communicates with remotely 
located client systems, including a manager workstation 56 
using a telephone link. Fax server 28 is configured to com 
municate with other client systems 38, 40, and 42 as well. 
(0070 FIG. 3 is a portion of a flowchart 100 illustrating 
exemplary processes utilized by system 10 (shown in FIG. 1) 
for generating an optimized transition probability matrix 
(OTPM). In the example embodiment, system 10 may be 
utilized by a risk or finance manager associated with a com 
mercial lender or any other type of lender contemplating 
issuing a financial instrument, or instruments, to a borrower. 
These financial instruments include, but are not limited to, 
structured products, corporate bonds, and private and com 
mercial loans. These structured products include, but are not 
limited to, residential mortgage-backed securities (RMBSs), 
commercial mortgage-backed securities (CMBSs), asset 
backed securities (ABSs), and collateralized debt obligations 
(CDOs). System 10 may be utilized by a risk or finance 
manager to assess or predict loss potential associated with the 
financial instrument(s) for a particular lender, loss potential 
associated with an existing obligor, and/or loss potential asso 
ciated with a particular group of obligors or all of the obligors 
of the lender. 

0071. The technical effects of the processes and systems 
described herein are achieved when a risk manager selects 
102 a business or geographical sector for creating multi 
period ETPMs (e.g., metals and mining sector or North 
America sector), and then selects 104 a time horizon for 
creating the ETPMs. In the example embodiment, a lender, 
considering whether to provide financing to an obligor or 
more than one obligor within a particular business sector or 
geographical sector, uses system 10 to calculate a likelihood 
of default or a likelihood that the credit rating of the obligor 
will migrate from one credit rating to another during a 
selected period of time. The lender can make these predic 
tions by generating an OTPM using obligor financial data for 
obligors included within the business sector or geographical 
section of interest. The assumption is that such an OTPM, one 
that is based on data for the same sector, will be predictive of 
the obligor going forward into the future. 
0072 The selected time horizon is typically more than a 
year and can be divided into Substantially equal time inter 
vals. Each time interval may include a Substantially similar 
number of observation periods. For example, an overall future 
time horizon of eight observation periods, wherein each 
observation period is one year, may be broken into two Sub 
stantially equal time intervals of four observation periods 
each. 
0073. After selecting 102 a business or geographical sec 
tor and selecting 104 a time horizon, system 10 then retrieves 
106 financial data from the database for creating the ETPMs 
for the selected sector during the selected time horizon. Spe 
cifically, the retrieved financial data (sometimes referred to 
herein as “ratings data') includes obligor credit ratings for 
obligors included within the selected sector during the 
selected time horizon. In the example embodiment, system 10 
stores actual, historical financial ratings data in database 20 
for a plurality of obligors. This ratings data is collected from 
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a variety of Sources, including, but not limited to, Standard 
and Poor'sTM, Moody'sTM, and Moody's KMV (Kealhofer, 
McQuown and Vasicek), or, MKMV, and General Electric(R) 
proprietary data. In the exemplary embodiment, ratings data 
associated with over 6,000 obligors for a period extending 
from April 1982 to the present is used. Alternatively, any 
amount of ratings data from any source that enables deter 
mining OTPMs as described herein may be used. 
0074 System 10 then prompts the user to select 108 a 
sampling technique for creating the ETPMs. In an alternative 
embodiment, system 10 automatically selects a sampling 
technique for creating the ETPMs. The sampling techniques 
include either overlapping or non-overlapping sampling. 
0075 System 10 generates 110 the ETPMs for the selected 
sector based on the retrieved financial data and the selected 
sampling technique. The generated ETPMs are based purely 
on known historical financial data for the selected sector and 
the selected time horizon. Each generated ETPM includes 
transition probability values indicating a likelihood that a 
credit rating of an obligor will migrate from one credit state to 
another credit state during a time interval included within the 
selected time horizon. The transition probability values 
included within the generated ETPMs are also known as 
target ETPM values. These ETPMs are generated using the 
cohort methodology. 
0076 System 10 then selects 112 an objective function 
from a plurality of objective functions for calculating an 
OTPM. In the example embodiment, the plurality of objective 
functions include at least a probit transform function, and an 
exponential function. These objective functions are discussed 
in greater detail hereinbelow. In an alternative embodiment, 
system 10 prompts the risk manager to select an objective 
function from a list of objective functions for calculating an 
OTPM. 

0077 FIG. 4 is a portion of flowchart 100 continued from 
FIG. 3. After selection 112, system 10 generates 114 a math 
ematical expression for minimizing a difference between tar 
get ETPM values and candidate OTPM values by applying 
predetermined constraints to the selected objective function. 
The predetermined constraints include: (1) strict equality 
constraints (i.e., Summation of each row of values included 
within the OTPM equaling one), (2) monotonic decreasing 
property constraints, and (3) monotonic increasing rating cat 
egories constraints. System 10 then calculates 116 a baseline 
OTPM from the generated mathematical expression and the 
retrieved financial data. The calculated baseline OTPM 
includes a first set of optimized transition probability values 
for predicting a likelihood that a credit rating of an obligor 
will migrate from one credit state to another credit state 
during a first time interval in the future. In the example 
embodiment, the baseline OTPM is calculated by performing 
an element-wise comparison between each target transition 
probability value generated in the ETPM and each candidate 
transition probability value in the OTPM. 
0078 System will also calculate 118 additional sets of 
optimized transition probability values by raising the calcu 
lated baseline OTPM to successive powers wherein each suc 
cessive power represents a Subsequent future time interval, 
and each additional set of optimized transition probability 
values predicts a likelihood that a credit rating of an obligor 
will migrate from one credit state to another credit state 
during the corresponding future time interval. The optimized 
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TPMs, or OTPMs, result in improved predictive power and 
properties that better Suit many business applications as con 
trasted to standard ETPMs. 
0079 Referring again to FIG.3, after selecting 102 a busi 
ness or geographical sector for creating the multi-period 
empirical transition probability matrices (ETPMs), the pro 
cess also includes selecting 104 a time horizon for creating 
the ETPMs. The selected time horizon is typically more than 
a year and can be divided into Substantially equal time inter 
vals. For example, the predetermined time horizons may 
extend from one year to ten years in annual increments, 
wherein each time interval may include a Substantially similar 
number of observation periods, and the numbers of annual 
increments, time intervals, and observation periods are inte 
gers. Therefore, the predetermined time horizon is divided 
into a predetermined number of time intervals, and each time 
interval is divided into a predetermined number of observa 
tion periods. Moreover, each time interval includes substan 
tially the same number of observation periods, wherein each 
observation period has Substantially the same time value. 
Time horizons, time intervals, and observation periods are 
discussed further below. 

0080. In the exemplary embodiment, the input data for the 
optimization targets is comprised often ETPMs with time 
horizons extending from one year to ten years in annual 
increments, wherein each observation period includes a num 
ber of annual periods that is an integer. Alternatively, any 
number of ETPMs are used with any time horizon that 
enables the processes and systems as described herein. For 
each time horizon, the matrices are calculated by looking at 
the initial and final ratings only over the given time interval. 
For a two-year matrix, for instance, an obligor rated AA- on 
January 1997 and rated A+ on January 1999 is counted as a 
transition from AA- to A+ over the two-year interval, regard 
less of any interim transitions within the two-year period. 
I0081 FIG.5 is an example overall future time horizon 120 
used to determine an ETPM. Time horizon 120 includes a 
plurality of observation periods 122, that are one year each. 
Also, time horizon 120 includes a plurality of credit rating 
values 124, wherein each rating value 124 represents the 
assigned credit rating for at least one of the beginning of the 
associated observation period 122 and/or the predominant 
credit rating throughout the associated observation period 
122. Further, time horizon 120 includes a plurality of time 
intervals 126, wherein each time interval 126 includes a sub 
stantially equal number of observation periods 122. More 
over, time horizon 120 shows, for example, eight observation 
periods 122, wherein each observation period 122 is one year, 
and is broken into two substantially equal time intervals 126 
of four observation periods each. 
I0082. After selecting 104 a time horizon for creating the 
ETPMs as shown in FIG. 3, the process further includes 
retrieving 106 financial data from a database for creating the 
ETPMs and inputting empirical, historical data that will be 
used to determine the ETPM, wherein such data is stored 
within database 20 (shown in FIG. 1). In the exemplary 
embodiment, the retrieved financial data includes obligor 
credit ratings for obligors included within the selected sector, 
or sectors during the selected time horizon. Also, in the exem 
plary embodiment, data from at least one of Standard and 
Poor's (S&P)TM, Moody'sTM, and MKMV datasets is used to 
develop the empirical transition matrices used in the optimi 
Zation process. Specifically, in the exemplary embodiment, 
these datasets are imported into one large dataset. Also, spe 
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cifically, each dataset is mapped during importation to corre 
spond to a proprietary GECR Rating Scale, that is, the ratings 
that are used to estimate transitions are translated to appro 
priate GE Scale ratings, thereby forming one large GE 
dataset. 
0083. In the exemplary embodiment, and hereon, the S&P 
rating scale is used. For example, in the exemplary embodi 
ment, ratings data from Standard and Poor's for over 6,000 
obligors over a time horizon from 1989 to 2005 is used. Such 
data is associated with a broad variety of business sectors. 
Also, such data includes 21 rating classes that are condensed 
to eight classes corresponding to S&P major ratings catego 
ries plus a default category for the optimization operation, 
wherein the OTPM has a total of nine ratings categories. In the 
exemplary embodiment, these ratings categories are AAA, 
AA, A, BBB, BB, B, CCC, C, and D, wherein D corresponds 
to default. Alternatively, any data source and or/sources, any 
Scaling mechanism, and any number of credit rating catego 
ries are used to enable development of the OTPM and opera 
tion of system 10 as described herein. 
0084. In order to calculate the ETPMs for each time inter 
Val 126, two techniques are considered, specifically, overlap 
ping sampling and non-overlapping sampling. Overlapping 
sampling allows for the use of the full set of monthly transi 
tions. Although it weights transitions during the middle 
observation periods 122 of the dataset more heavily than 
transitions at the beginning and end of the observation periods 
122, the benefits of using the full dataset greatly outweighthis 
limitation. Each of the non-overlapping and overlapping 
techniques are discussed further below. 
0085. Referring again to FIG.3, after retrieving 106 finan 
cial data from a database for creating the ETPMs, the process 
also includes selecting 108 a sampling technique for creating 
the ETPMs, the sampling technique including either overlap 
ping or non-overlapping sampling. 
I0086 FIG. 6 is an example non-overlapping sampling 
illustration 130 used to determine an ETPM and an OTPM. 
Illustration 130 is similar to time horizon 120 (shown in FIG. 
5)and includes a plurality of observation periods 132, that are 
one year each. Also, illustration 130 includes a plurality of 
credit rating values 134, wherein each rating value 134 rep 
resents the assigned credit rating for at least one of the begin 
ning of the associated observation period 132 and/or the 
predominant credit rating throughout the associated observa 
tion period 132. Further, illustration 130 includes a plurality 
of time intervals 136, wherein each time interval 136 includes 
a substantially equal number of observation periods 132. 
Moreover, illustration 130 shows, for example, eight obser 
vation periods 132, wherein each observation period 132 is 
one year, and is broken into two Substantially equal non 
overlapping time intervals 136 of four observation periods 
each. 
0087 Illustration 130 also includes two possible rating 
states, that is, A and/or B, wherein each time interval 136 is 
four periods, and there are eight observation periods 132 with 
a total of six transitions and two observations of Stationary 
ratings. Illustration 130 further includes a transition matrix 
138, wherein such matrix 138 includes a first row 140, a 
second row 142, a first column 144, and a second column 146. 
Remaining in the same state from the beginning to the end of 
a time interval 136, that is A to A and B to B, is counted in the 
transition matrix as an observation along the diagonal. Illus 
tration 130 shows that in this non-overlapping example only 
two transition observations are captured, that is one transition 
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from A to Band one transition from B to A. Therefore, a cell 
within matrix 138 defined by an intersection of first row 140 
and first column 144 includes a value of “0”, thereby indicat 
ing that an Ato A non-transition probability is approximately 
Zero percent. Also, a cell within matrix 138 defined by an 
intersection of first row 140 and second column 146 includes 
a value of “1”, thereby indicating that an A to B transition 
probability is approximately 100%. Similarly, a cell within 
matrix 138 defined by an intersection of second row 142 and 
first column 144 includes a value of “1”, thereby indicating 
that a B to A transition probability is approximately 100%. 
Further, similarly, a cell within matrix 138 defined by an 
intersection of second row 142 and second column 146 
includes a value of “0”, thereby indicating that a B to B 
non-transition probability is approximately Zero percent. 
I0088 FIG. 7 is an example overlapping sampling illustra 
tion 150 used to determine an ETPM and an OTPM. Illustra 
tion 150 is similar to time horizon 120 (shown in FIG. 5) and 
includes a plurality of observation periods 152, that are one 
year each. Also, illustration 150 includes a plurality of credit 
rating values 154, wherein each rating value 154 represents 
the assigned credit rating for at least one of the beginning of 
the associated observation period 152 and/or the predominant 
credit rating throughout the associated observation period 
152. Further, illustration 150 includes a plurality of time 
intervals 156, wherein each time interval 156 includes a sub 
stantially equal number of observation periods 152. More 
over, illustration 150 shows, for example, eight observation 
periods 152, wherein each observation period 152 is one year, 
and is broken into five Substantially equal overlapping time 
intervals 156 of four observation periods each. 
I0089. Illustration 150 also includes two possible rating 
states, that is, A and/or B, wherein each time interval 156 is 
four periods, and there are eight observation periods 152 with 
a total of six transitions and two observations of Stationary 
ratings. Illustration 150 further includes a transition matrix 
158, wherein such matrix 158 includes a first row 160, a 
second row 162, a first column 164, and a second column 166. 
Remaining in the same state from the beginning to the end of 
a time interval 156, that is Ato A and B to B, is counted in the 
transition matrix as an observation along the diagonal. Illus 
tration 150 shows that in this overlapping example two tran 
sition observations are captured, that is one transition from A 
to B and one transition from B to A. Moreover, three non 
transition observations are also captured, that is, one A to A 
non-transition and two B to B transitions. 

(0090. Therefore, a cell within matrix 158 defined by an 
intersection of first row 160 and first column 164 includes a 
value of “1”. Also, a cell within matrix 158 defined by an 
intersection of first row 160 and second column 166 includes 
a value of “1”. The total of the two observations is 2, thereby 
indicating that an Ato A non-transition probability is approxi 
mately 50% percent and that an A to B transition probability 
is approximately 50%. Similarly, a cell within matrix 158 
defined by an intersection of second row 162 and first column 
164 includes a value of “1”. Further, similarly, a cell within 
matrix 158 defined by an intersection of second row 162 and 
second column 166 includes a value of '2'. The total of the 
three observations is 3, thereby indicating that a B to A tran 
sition probability is approximately 33%. And that a B to B 
non-transition probability is approximately 67% percent. 
0091. The technical effect of using the overlapping tech 
nique as compared to the non-overlapping technique includes 
significantly increasing the number of observations such that 
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the results in transition probabilities more closely match with 
reality. The non-overlapping case as described above contains 
only two observations and would indicate a four-period prob 
ability of approximately 100% from A to Band vice versa and 
a probability of approximately 0% of remaining in any cur 
rent state four periods later. In contrast, the overlapping case 
as described above contains five observations and indicates a 
probability of transitioning from A to B of approximately 
50% over a four-period interval, and from B to A, a probabil 
ity of approximately 33%. Moreover, there is a probability 
that a rating of A will not transition over four observation 
periods of approximately 50% and that a rating of B will not 
transition over four observation periods of approximately 
67%. Therefore, the non-overlapping technique captured two 
of the six transitions while the overlapping technique cap 
tured five of the six transitions. 
0092. By utilizing an overlapping sampling technique, 
most, if not all, of the transitions are taken into account, 
regardless of the time interval. Although multiple transitions 
are occurring throughout the time period, the non-overlap 
ping case misses these transitions, while the overlapping case 
captures them. This becomes especially important when there 
are multiple rating categories, as is the case with our data. For 
longer time horizons, there may be multiple different ratings 
during the interval of interest and using the non-overlapping 
technique is likely to miss Some of these, leading to not only 
misleading transition matrices, but also sparse data in some 
areas. The non-overlapping technique misses intra-interval 
transitions, while the overlapping technique captures these 
transitions. The non-overlapping technique could lead to 
underestimation of ratings volatility, especially as the interval 
approaches the total number of periods. 
0093. A homogeneity assumption, as described further 
below, includes assuming that transition probabilities are 
solely a function of the distance between dates and indepen 
dent of the calendar dates themselves. The data must be 
homogenous so that no one single period contains a funda 
mentally different probability of transition. Even if there is 
homogeneity across periods, there must also be sufficient data 
to ensure that random fluctuations between obligor transi 
tions are Smoothed out. The overlapping technique is reliant 
on the assumption of homogeneity to a greater degree than the 
non-overlapping technique. The overlapping technique 
allows for the full use of data, which provides a significant 
advantage in terms of providing additional observations and 
ensuring that all transitions are included in the empirical 
matrices. If the data is not homogeneous, then the overlapping 
data unequally weights transitions in the middle of the time 
period of interest. For instance, if there is ten years worth of 
data and the transition time step is five years, the non-over 
lapping technique would look only at two transition steps, 
that is, from the beginning of the dataset to year 5 (the middle) 
and then from year 5 to the end. The overlapping technique is 
affected by transitions in years 4 through 6 for almost all the 
selected observations, while with years 1 and 10 is utilized 
less often. Therefore, the homogeneity assumption facilitates 
the use of the overlapping technique since it assumes that 
transition probabilities are Substantially constant across all 
time periods. 
0094. Using the overlapping technique enables the use of 
a much greater portion of the data and ensures that even as the 
time interval becomes long there are sufficient observed tran 
sitions to calculate a reliable empirical matrix. The non-over 
lapping technique would not allow for nearly the number of 
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observations, leading to scarcity in many portions of the 
empirical transition matrices for long time intervals. 
0.095 Referring again to FIG.3, after selecting 108 a sam 
pling technique for creating the ETPMs, the process further 
includes generating 110 the ETPMs. Specifically, generating 
110 the ETPMs includes generating the ETPMs for the 
selected sector based on the retrieved financial data and the 
selected sampling technique, as described above. The gener 
ated ETPMs are based purely on known historical financial 
data for the selected sector and the selected time horizon, each 
generated ETPM including transition probability values indi 
cating a likelihood that a credit rating of an obligor will 
migrate from one credit state to another credit state during a 
time interval included within the selected time horizon. 

0096. More specifically, each ETPM generated using this 
process is a multi-year empirical (target) transition probabil 
ity matrix and the transition probability values included 
within the generated ETPMs are known as target ETPM val 
ues, or target values. Such multi-year ETPMs are generated 
using a cohort averaging methodology. The benchmark, or 
target ETPM is a one-year empirical TPM calculated with a 
discrete, cohort method (as described above) from the por 
tions of the process described above that includes selecting 
102 a business or geographical sector, selecting 104 a time 
horizon, retrieving 106 financial data, and selecting 108 a 
sampling technique for creating the ETPMs, that in the exem 
plary embodiment, is the overlapping technique. 
0097. The generating 110 the ETPMs portion of the pro 
cess described herein includes pushing such one-year ETPM 
generated as described above forward by raising it to the t” 
power, where tequals the particular year of interest. The value 
oft is determined by selecting 104 a time horizon to deter 
mine the ETPM that includes selecting a number of observa 
tion periods and a time interval to determine the ETPM. 
Therefore, the targets include multi-year empirical TPMs 
over the same time period calculated from the data discussed 
previously. 
0.098 Referring again to FIG. 3, after generating 110 the 
ETPMs for the selected sector based on the retrieved financial 
data and the selected sampling technique, the process further 
includes selecting 112 an objective function from a plurality 
of objective functions for calculating an optimized transition 
probability matrix (OTPM). 
(0099 FIG. 8 is a flowchart 170 illustrating exemplary 
processes relating to selecting 112 (FIG.3) an objective func 
tion from a plurality of objective functions for calculating an 
OTPM. The process for selecting an objective function 
includes defining 172 each target transition probability value 
in a multi-year ETPM as 'x' and defining 174 each candidate 
transition probability value in a trial OTPM as “y”. Applying 
these general definitions in the form of standard mathematical 
variables enables a general discussion of Subsequent math 
ematical processes. A plurality of objective functions are 
evaluated for use within the process as described herein and 
each is discussed further below. The process further includes 
performing an element-wise comparison as described herein 
includes defining 176 at least one potential objective function 
as “f()'. The process then includes performing an element 
wise comparison as described herein including defining 178 
and evaluating properties of each potential objective function, 
wherein a suitable objective function is at least partially 
defined by at least one of the properties discussed in more 
detail herein. 
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0100. A first property to be evaluated in determining suit 
able objective functions is symmetry, or, more specifically, 
the objective function should treat positive and negative gaps 
of Substantially similar sizes equally. For example, the func 
tion value should be substantially similar for a candidate 
value of 51% in the trial OTPM versus a target value of 50% 
in the ETPM and a candidate value of 49% versus a target 
value of 50% in the OTPM and ETPM, respectively. The 
expression for evaluating Such symmetry is given by: 

fy=51%, x=50%) fly=49%, x=50%) (2) 

wherein the variable “x' is defined as a target transition prob 
ability value in the multi-year ETPM and the variable “y” is 
defined as a candidate transition probability value in the trial 
OTPM, both as described in defining 172 each target transi 
tion probability in an ETPM and defining 174 each candidate 
transition probability value in an OTPM, respectively, above. 
0101. A second property to be evaluated in determining 
Suitable objective functions is relativity, or, more specifically, 
the function should treat gaps on a relative scale. In other 
words, a 1% gap for a 0.3% transition probability should be 
more heavily weighted than the same gap for an 80% transi 
tion probability. The expression for evaluating such relativity 
is given by: 

wherein the variable “x' is defined as a target transition prob 
ability value in the multi-year ETPM and the variable “y” is 
defined as a candidate transition probability value in the trial 
OTPM, both as described in defining 172 each target transi 
tion probability in an ETPM and defining 174 each candidate 
transition probability value in an OTPM, respectively, above. 
0102) A third property to be evaluated in determining suit 
able objective functions is robustness, or, more specifically, 
the objective function should be robust for the full range of 
probability space, that is, between 0 and 1, wherein the func 
tion should be defined for all extreme values. The expression 
for evaluating such robustness is given by: 

f(x, y)=real number, for all possible X and y, wherein (4) 

(0103 in particular, f(y |x=0%)=real number f(y|X=100%) 
—real number wherein the variable “x' is defined as a target 
transition probability value in the multi-year ETPM and the 
variable “y” is defined as a candidate transition probability 
value in the trial OTPM, both as described in defining 172 
each target transition probability in an ETPM and defining 
174 each candidate transition probability value in an OTPM, 
respectively, above. 
0104. A fourth property to be evaluated in determining 
Suitable objective functions is monotonicity, that is, the objec 
tive function should have the least (most preferably, Zero) 
value when the target value and the candidate value are equal. 
That is, a decreasing or increasing trend stays decreasing or 
increasing, respectively, through the entire range of the asso 
ciated parameters. The expression for evaluating such mono 
tonicity is given by: 

wherein the variable “x' is defined as a target transition prob 
ability value in the multi-year ETPM and the variable “y” is 
defined as a candidate transition probability value in the trial 
OTPM, both as described in defining 172 each target transi 
tion probability in an ETPM and defining 174 each candidate 
transition probability value in an OTPM, respectively, above. 
More specifically, the objective function should increase and/ 
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or decrease monotonically with the size of the difference 
between X and y. The expression for implementing Such 
monotonical increase is given by: 

Let A=y-x, therefore f(A)< f(A2), when A<A. Wix (6a) 

and the expression for Such monotonical decrease is given by: 
Let A=y-x, therefore f(A)>fA), when ADA, Wix (6b) 

wherein A represents a first difference between y and X. A 
represents a second difference betweeny and X, f(A) repre 
sents a value of the objective function resulting from the first 
difference, and f(A) represents a value of the objective func 
tion resulting from the second difference. Therefore, the 
objective function should increase and/or decrease exponen 
tially, wherein the monotonicity property enables closing 
larger gaps. 
0105. A fifth property to be evaluated in determining suit 
able objective functions is simplicity, or, more specifically, 
the objective function should make efficient use of computa 
tion resources, wherein such property is required for imple 
mentation of an efficient optimization algorithm, Such algo 
rithm being intuitive and containing minimal arbitrary 
parameters. 
0106 Referring again to FIG.3, and specifically selecting 
112 an objective function, a plurality of potential objective 
functions are evaluated using at least the criteria described 
above. In the exemplary embodiment, at least two potential 
objective functions are evaluated. Alternatively, any objective 
functions may be evaluated that enables the processes and 
systems as described herein. 
0107 A first objective function to be evaluated is known as 
a weighted probit transform function. The expression for the 
probit transform function is given by: 

wherein the variable “x' is defined as a target transition prob 
ability value in the multi-year ETPM and the variable “y” is 
defined as a candidate transition probability value in the trial 
OTPM, both as described in defining 172 each target transi 
tion probability in an ETPM and defining 174 each candidate 
transition probability value in an OTPM, respectively, above. 
Moreover, an adder 8 is used to comply with the robustness 
property when the value of X is zero. 
0.108 FIG. 9 is a three-dimensional graphical representa 
tion, or 3-D graph 260 of a probit transform function, wherein 
adder e=0.0001 and such adder value is substantially equiva 
lent to one basis point. In the exemplary embodiment, addere 
is a value that is predetermined to tune the function. Graph 
260 includes an abscissa, or x-axis 262 that is representative 
of empirical target values that provide the reference for the 
Subsequent operations as described herein. Moreover, X-axis 
262 includes a range of values that extends from 0 to 1 in 
increments of 0.2. The increments defined on X-axis 262 are 
unitless and are selected for illustrative purposes. Therefore, 
X-axis 262 is at least partially analogous to a range of empiri 
cal target values associated with an ETPM (not shown), 
wherein the variable “x' is defined as a target transition prob 
ability value in the multi-year ETPM. 
0109 Graph 260 also includes an ordinate, or y-axis 264 
that is representative of a range of assigned values that pro 
vide candidate values used for the Subsequent operations as 
described herein. Moreover, y-axis 264 includes a range of 
values that extends from 0 to 1 in increments of 0.5. The 
increments defined only-axis 264 are unitless and are selected 
for illustrative purposes. Therefore, y-axis 264 is at least 
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partially analogous to a range of candidate values associated 
with a trial OTPM (not shown), wherein the variable “y” is 
defined as a candidate transition probability value in the trial 
OTPM. 

0110 Graph 260 further includes a f-axis 266 that is rep 
resentative of a range of values resulting from the operation 
indicated by equation (7) (shown above). Moreover, f-axis 
266 includes a range of values that extends from 0 to 1 in 
increments of 0.5. The increments defined on f-axis 266 are 
unitless and are selected for illustrative purposes. 
0111 Graph 260 also includes a surface plot 268 that is 
representative of the entire set of possible values on f-axis 266 
derived from operations of equation (7) over the entire ranges 
of x-axis 262 and y-axis 264. Moreover, graph 260 includes a 
contour plot 270 that is representative of at least a portion of 
surface plot 268 collapsed into a two-dimensional represen 
tation of surface plot 268. 
0112 FIG. 10 is a graphical two-dimensional graphical 
representation, or contour plot 270 of the probit transform 
function shown in FIG. 9, wherein adder e=0.0001 and 
wherein the adder is substantially equivalent to one basis 
point. Plot 270 includes x-axis 262 as described above with 
0.1 unit increments and y-axis 264 as described above with 
0.2 unit increments. Moreover, plot 270 also includes a plu 
rality of contours 272 that are representative of portions of 
graph 260. 
0113 Referring to FIGS. 9 and 10, a plurality of trial 
values from y-axis 264 are compared to target values from 
X-axis 262 via equation (7) one at a time, wherein execution of 
Such comparison is performed within system 10 (shown in 
FIG. 1) and values for fare determined. As these values off 
diverge from Zero or values close to Zero, Subsequent trial 
values are compared to the target values until the Smallest 
value off is achieved, preferably having a value as close to 
Zero as practical. Specifically, for illustrative purposes using 
FIGS. 9 and 10, all possible values of X and y are used to 
generate surface plot 268 and contour plot 270, with contours 
272. Surface plot 268 illustrates a large number of values off 
along a diagonal extending from a point defined by X=0, y=0, 
and f-0 to a point defined by x=1, y=1, and f=0. Surface plot 
268 also illustrates a concentration in the number of values of 
falong each of X-axis 262 and y-axis 264, wherein the func 
tion if provides higher values in the low probability region and 
function f values increase with gap size. 
0114 Moreover, FIGS.9 and 10 demonstrate that the pro 
bit transform function complies with the symmetry property, 
the relativity property, the robustness property, the monoto 
nicity property, and the simplicity property. 
0115. A second objective function to be evaluated is the 
exponential function. The expression for the exponential 
function is given by: 

wherein the variable “x' is defined as a target transition prob 
ability value in the multi-year ETPM and the variable “y” is 
defined as a candidate transition probability value in the trial 
OTPM, both as described in generally 172 defining each 
target transition probability in an ETPM and generally 174 
defining each candidate transition probability value in an 
OTPM, respectively, above. 
0116 FIG. 11 is a three-dimensional graphical represen 

tation, or 3-D graph 280 of an exponential function. Graph 
280 includes an abscissa, or x-axis 282 that is representative 
of empirical target values that provide the reference for the 
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Subsequent operations as described herein. Moreover, X-axis 
282 includes a range of values that extends from 0 to 1 in 
increments of 0.2. The increments defined on X-axis 282 are 
unitless and are selected for illustrative purposes. Therefore, 
X-axis 282 is at least partially analogous to a range of empiri 
cal target values associated with an ETPM (not shown), 
wherein the variable “x' is defined as a target transition prob 
ability value in the multi-year ETPM. 
0117 Graph 280 also includes an ordinate, or y-axis 284 
that is representative of a range of assigned values that pro 
vide candidate values used for the Subsequent operations as 
described herein. Moreover, y-axis 284 includes a range of 
values that extends from 0 to 1 in increments of 0.5. The 
increments defined only-axis 284 are unitless and are selected 
for illustrative purposes. Therefore, y-axis 284 is at least 
partially analogous to a range of candidate values associated 
with a trial OTPM (not shown), wherein the variable “y” is 
defined as a candidate transition probability value in the trial 
OTPM. 

0118 Graph 280 further includes a f-axis 286 that is rep 
resentative of a range of values resulting from the operation 
indicated by equation (8) (shown above). Moreover, f-axis 
286 includes a range of values that extends from 0 to 1 in 
increments of 0.5. The increments defined on f-axis 286 are 
unitless and are selected for illustrative purposes. 
0119 Graph 280 also includes a surface plot 288 that is 
representative of the entire set of possible values on f-axis 286 
derived from operations of equation (8) over the entire ranges 
of x-axis 282 and y-axis 284. Moreover, graph 280 includes a 
contour plot 290 that is representative of at least a portion of 
surface plot 288 collapsed into a two-dimensional represen 
tation of surface plot 288. 
I0120 FIG. 12 is a graphical two-dimensional graphical 
representation, or contour plot 290 of the exponential func 
tion shown in FIG. 11. Plot 290 includes x-axis 282 as 
described above with 0.1 unit increments and y-axis 284 as 
described above with 0.2 unit increments. Moreover, plot 290 
also includes a plurality of contours 292 that are representa 
tive of portions of graph 280. 
I0121 Referring to FIGS. 11 and 12, a plurality of trial 
values from y-axis 284 are compared to target values from 
X-axis 282 via equation (8) one at a time, wherein execution of 
Such comparison is performed within system 10 (shown in 
FIG. 1) and values for fare determined. As these values off 
diverge from Zero or values close to Zero, Subsequent trial 
values are compared to the target values until the Smallest 
value off is achieved, preferably having a value as close to 
Zero as practical. Specifically, for illustrative purposes using 
FIGS. 11 and 12, all possible values of X and y are used to 
generate surface plot 288 and contour plot 290, with contours 
292. Surface plot 288 illustrates a large number of values off 
along a diagonal extending from a point defined by X=0, y=0, 
and f-0 to a point defined by x=1, y=1, and f-0. Surface plot 
288 also illustrates a steady reduction in the number of values 
off as each of X and y individually approach a value of 1. 
wherein falso approaches 1 and approximately 0.632. Fur 
ther, the function if provides a curved surface plot 288, 
wherein function f values increase exponentially with gap 
S17C. 

0.122 Moreover, FIGS. 11 and 12 demonstrate that the 
exponential function complies with the symmetry property, 
the relativity property, the robustness property, the monoto 
nicity property, and the simplicity property. 
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0123. In the exemplary embodiment, the exponential and 
probit transform functions are used within the optimization 
framework since both functions substantially satisfy all of the 
desired properties and therefore substantially provide the pre 
determined behavior. The technical effect of selecting the 
exponential and probit transform functions includes selection 
of the algorithms that are used to enable the optimization 
framework. Alternatively, any function that satisfies the 
required properties and enables operation of system 10 as 
described herein is used. Such alternative functions include, 
but are not limited to, squared delta, relative absolute delta, 
and weighted square delta functions. 
0.124 Referring to FIG. 4, wherein FIG. 4 is a portion of 
flowchart 100 continued from FIG. 3, after selecting 112 an 
objective function from a plurality of objective functions for 
calculating an OTPM, the process also includes generating 
114 a mathematical expression to minimize a difference 
between target ETPM values and candidate OTPM values 
within server system 12 (shown in FIG. 1). 
0125 FIG. 13 is a more detailed flowchart 300 illustrating 
exemplary processes relating to generating 114 (FIG. 4) at 
least one mathematical expression to minimize a difference 
between target ETPM values and candidate OTPM values 
(shown in FIG. 4). Flowchart 300 includes developing 302 a 
general mathematical expression for determining an OTPM. 
The general expression for the optimization process is: 

Minf(M., M., w, w) (9) 
i 

wherein Min represents the mathematical minimize opera 
tion, M, represents a determined OTPM raised to the t” year, 
that is, Mi-M', M', represents at" year ETPM, w, represents 
a predetermined optimization weight for the t” year, and W, 
represents a predetermined optimization weight for transition 
probability from an i' toi" credit rating categories, wherein 
each are discussed further below. In the exemplary embodi 
ment, M, represents a variable, that is, a plurality of trial 
matrix values used to determine the OTPM. Also, in the 
exemplary embodiment, M, represents a constant, that is, a 
plurality of constant empirical matrix values based on histori 
cal data. Further, in the exemplary embodiment, w, and wi 
represent weighting constants that are predetermined as 
described further below. Alternatively, M', represents a plu 
rality of historical matrix values that are generated as a func 
tion of time and business parameters as selected by the opera 
tor of system 10. Also, alternatively, w, and w, represent 
variable weighting values that are generated as a function of 
time and business parameters as selected by the operator of 
system 10. Moreover, the function f(M. M', w, w) repre 
sents either of the selected objective functions, that is, the 
exponential function or the probit transform function with the 
variables and constants of M, M, W, and was described 
above. 
0126 Equation (9) as defined above facilitates reducing 
differential values between M, and M', to a substantial mini 
mum, or more specifically, a difference represented by M, 
minus M', for each of the associated values within the matri 
ces. Minimizing such a difference enables generating an 
OTPM, or M, that is representative of historical data within a 
target ETPM, or M. Such difference is defined by an operator 
selection of objective function and weights. The technical 
effect is that system 10 generates a matrix of values, or M, by 
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iteratively solving equation (9) for values of M, that have a 
near-Zero, or Zero, variance from the associated values within 
M. A plurality of constraints are applied to the operation of 
determining M, via solving equation (9). In the exemplary 
embodiment, three constraints are applied to equation (9). 
Alternatively, any number of constraints that enables use of 
equation (9) within system 10 as described herein is used. 
I0127. Flowchart 300 also includes applying 304 a first set 
of constraints for Solving the general mathematical expres 
sion, that is equation (9), for determining an OTPM. The 
technical effect of an application of a first set of constraints 
includes determining each row of M, (thet" year OTPM) such 
that a sum of each row is Substantially equivalent to one. This 
constraint is a strict equality constraint and is represented by: 

W (10) 
Xm. = 1, wie {1, ... , N}, w t e {1, ... , T: 
i=l 

wherein, m, represents a cell in the i' row and j' column of 
M, wherein M, has N rows and N columns. 
I0128 Flowchart 300 further includes applying 306 a sec 
ond set of constraints for Solving the general mathematical 
expression, that is, equation (9) for determining an OTPM. 
The technical effect of an application of a second set of 
constraints includes implementation of the monotonic 
decreasing property as described above, including using 
equation (6b). That is, a decreasing trend of the result from 
equation (9) above remains Substantially decreasing through 
the ranges of ally and X. Moreover, the second constraint of 
decreasing monotonicity acts as a mechanism to Smooth out 
the probability surface of the associated three-dimensional 
graphical representation of the associated objective function, 
wherein the probability surface is similar to those illustrated 
in FIGS. 9 and 11. Such a decreasing monotonic constraint is 
represented by: 

mism, <m, if i>j>k, Wie{1,..., N-1}, Wte {1, .. 
., T. (11a) 

m, Pm, > m, if isj<k, Wie{1,..., N-1}, Wte {1, .. 
., T. (11b) 

wherein, these constraints are established wherein M, has N 
increments in the X-dimension associated with i. N incre 
ments in the y-dimension associated with j, and N increments 
in the Z-dimension associated with k. Further, these con 
straints are established wherein m, represents a cell defined 
by the i' increment along the x-axis and k" increment along 
the Z-axis for a defined set of within Mem, represents a cell 
defined by the i' increment along the x-axis and thei" incre 
ment along the y-axis for a defined set ofk within Mandm, 
represents a cell at least partially defined by plurality of i' 
increments along the X-axis for a defined set of and k within 
M. 
I0129. In the exemplary embodiment, these monotonic 
decreasing constraints are applied to equation (9) within a 
framework of one-year TPMs exclusively such that an asso 
ciated search space is defined by a linear polyhedron, wherein 
system 10 generates solutions to equation (9) using predeter 
mined processing resources for a predetermined period of 
time, wherein such linear polyhedra facilitate expedient and 
efficient use of these resources and time due to a relative 
simplicity of these linear polyhedra. Alternatively, system 10 
includes sufficient processing resources and is programmed 
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and configured to use more complicated non-linear polyhe 
dra, wherein the decreasing monotonic constraints are 
applied to matrices having greater than a one-year time hori 
ZO. 

0130 Flowchart 300 also includes applying 308 a third set 
of constraints for Solving the general mathematical expres 
sion, that is, equation (9) for determining an OTPM. The 
technical effect of an application of a third set of constraints 
includes implementation of the monotonic increasing prop 
erty as described above, including using equation (6a). That 
is, an increasing trend of the result from equation (9) above 
remains Substantially increasing through the ranges of ally 
and X. Moreover, the third constraint of increasing monoto 
nicity cooperates with the second, or decreasing monotonic 
constraint as discussed above, and acts as a mechanism to 
smooth out the probability surface of the associated three 
dimensional graphical representation of the associated objec 
tive function, wherein the probability surface is similar to 
those illustrated in FIGS.9 and 11. Such an increasing mono 
tonic constraint is represented by: 

mysm, N., if isi, izjzN, Wte {1,..., T} (12) 
wherein, my represents a cell in the i" row and N' column 
of M, m, represents a cell in the N' row and j' column of 
M, and M, has N rows and N columns. Therefore, in the 
exemplary embodiment, the default term structure is mono 
tonically increasing with respect to the rating categories. 
0131. In alternative embodiments, additional constraints 
that facilitate monotonicity over time may also be introduced. 
As a result, the complexity associated with solution of equa 
tion (9) increases due to characteristics that include, but are 
not limited to, non-linearity. 
0.132. As discussed above, and referring to equation (9), w, 
represents a predetermined optimization weight for the t” 
year, and wrepresents a predetermined optimization weight 
for transition probability from ani' toi" credit rating catego 
ries. By varying these weights, optimization can be custom 
ized to emphasize defaults, transitions, or specific ratings 
categories, according to business needs. 
0133) Flowchart 300 further includes developing 310 a 
specific mathematical expression for determining an OTPM. 
Specifically, generating 114 at least one mathematical expres 
sion (shown in FIG. 4) is completed by directly applying the 
three constraints discussed above and defined in equations 
(10), (11a), (11b), and (12) to equation (9) to derive specific 
equations associated with each of the exponential and probit 
transform objective functions, respectively, as follows: 

(13) 

and, 

(14) y MinX 
f 

wherein, m', represents a cell in the i' row and j' column of 
M", wherein M', has N rows and N columns. 
0134. In the exemplary embodiment, only one of the two 
functions as shown in equations (13) and (14) is used. Alter 
natively, both functions are used independently and the 
results of each are compared with each other. However, typi 
cally, it is not necessary to solve a multi-objective optimiza 
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tion with both functions simultaneously as there are not obvi 
ous benefits or tradeoffs between the two functions. 
0.135 Referring again to FIG. 4, after generating 114 a 
mathematical expression to minimize a difference between 
target ETPM values and candidate OTPM values, the process 
further includes calculating 116 a baseline OTPM. The base 
line OTPM includes a first set of optimized credit rating 
transition probability values for predicting a likelihood that a 
credit rating of an obligor will migrate from one credit state to 
another credit state during a first time interval in the future. In 
the exemplary embodiment, data is used from the dataset 
generated as described above per retrieving 106 financial data 
from a database for creating the ETPMs (shown in FIG. 3). 
Alternatively, any data that enables generation of a baseline 
OTPM via system 10 is used. Also, in the exemplary embodi 
ment, an overall future time horizon of five years is selected 
per selecting 104 a time horizon (shown in FIG. 3), wherein 
such time horizon will be used to determine the baseline 
OTPM. Alternatively, any future time horizon that enables 
generation of a baseline OTPM via system 10 is used. More 
over, the process includes selecting a number of observation 
periods and a time interval to determine the baseline OTPM in 
a manner similar to that for generating an ETPM as described 
above. 

0.136. As discussed above, and referring to equations (9), 
(13), and (14), w, represents a predetermined optimization 
weight for the t” year, and w, represents a predetermined 
optimization weight for transition probability from ani"toja, 
credit rating categories. By varying these Weights, optimiza 
tion can be customized to emphasize defaults, transitions, or 
specific ratings categories, according to business needs. FIG. 
14 is a table 410 of time weights used to determine a baseline 
OTPM. Table 410 includes a plurality of values for w, 412, 
wherein, in the exemplary embodiment, a Substantially uni 
form set of values of 100% is selected for each one of the 
years 1 through 5. Such selection facilitates determining each 
probability of transition from one credit rating to another in 
each year as a function of empirical data and/or determined 
future probabilities purely as a function of such historical data 
and/or future probability determination without weighting 
any one year's data and/or probabilities any differently than 
the other years’ data and/or probabilities. Table 410 also 
includes a plurality of values for w, 414, wherein, in the 
exemplary embodiment, a Substantially uniform set of values 
of 100% is selected for each of years one through five. These 
values facilitate equal weighting of all five years. Alterna 
tively, a substantially decreasing set of values of 100%, 71%, 
51%, 36%, and 26% may be selected for years 1 through 5, 
respectively. These values facilitate emphasizing a relative 
importance of the closer years in contrast to the further years. 
I0137 In the exemplary embodiment, baseline OTPMs are 
generated using both exponential and probit transform func 
tions using equations (13) and (14), respectively, as discussed 
above to enable minimizing differences between the target 
ETPM and the generated OTPMtrial values. In the exemplary 
embodiment, each objective function generates Substantially 
similar results. 

0.138. Further, in the exemplary embodiment, the baseline 
OTPMs are generated using a commercial solver stored 
within system 10 that is suitable for the complex nature of the 
nonlinear optimization determination. Such solver typically 
performs the iterative calculations for several hours and ter 
minate when the determined values converge within a reason 
able tolerance of difference from the associated ETPM val 
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ues. These determination times are based on conditions that 
include, but are not limited to, processing resources, the quan 
tity of empirical data, and the number of years of determined 
OTPMS. 
0.139. In the exemplary embodiment, probabilities of tran 
sition for each of rating categories AAA, AA, A, BBB, BB, B, 
CCC, C, and default (D) are determined, wherein such credit 
ratings are referenced to the Standard and Poor's rating sys 
tem. Alternatively, any number of credit ratings using any 
rating system are used. 
0140 FIG. 15 is a graphical representation 440 of a plu 

rality of TPMs forming a default term structure. For purposes 
of this disclosure, the performance of the TPMs is illustrated 
herein primarily focusing on the default (D) term structure 
over the five-year period. Therefore, specifically, FIG. 15 
illustrates a probability of transition from a BBB credit rating 
to a D credit rating, or default condition, for each of the five 
years under consideration. Graph 440 includes a y-axis 442 
that is graduated in increments of 1.0%. Graph 440 also 
includes a X-axis 444 that is graduated in increments of years, 
from year Zero (0) to year five (5). 
0141 For exemplary purposes, the multi-year ETPM 
illustrated in FIG. 15, and described further below, is based on 
empirical data for the five year period shown. More specifi 
cally, for the multi-year ETPM exclusively, years 1 through 5 
are years in the past, wherein year 0 is the baseline year five 
years ago. The multi-year ETPM is generated per generating 
110 the ETPMs as described above, wherein data from a 
predetermined number of years prior to the baseline year, that 
is empirical historical data for each of the pre-baseline years 
under consideration, is used. The multi-year ETPM is gener 
ated in this manner, that is, using empirical data, to provide an 
“actuals curve'. Such an “actuals curve' is a curve substan 
tially representing actual transition data associated with tran 
sitions from a BBB credit rating to a D credit rating, or default 
condition, for each of the five years under consideration for 
the selected business(es) and/or geographical sector(s). 
0142 Further, for exemplary purposes, the OTPM illus 
trated in FIG. 15, and described further below, is based on 
calculating 116 a baseline OTPM at year 0 using the methods 
as described above. Specifically, the baseline OTPM is deter 
mined as described herein such that the difference between 
the OTPM and the multi-year ETPM prior to the baseline year 
is minimized. Also, for years 1 through 5, additional sets of 
OTPM values are calculated, wherein such future OTPMs are 
generated per calculating 118 additional sets of OTPM val 
ues, as described further below. Such additional sets of OTPM 
values, or OTPMs, are compared to actual, empirical data, 
that is, the multi-year ETPMs, in FIG. 15 to determine an 
effectiveness and reliability of such OTPMs. 
0143 Graph 440 further includes a curve 450 that repre 
sents a one-year discrete ETPM generated for year 0 raised to 
the t” power from year 0 as described herein, whereint is the 
number of years (an integer) starting with year 1. Curve 450 
includes a point 452 that is representative of matrix cell (not 
shown), wherein such matrix cell includes a probability value 
of a particular credit rating shifting from a BBB rating to a 
default state. Curve 450 also includes a plurality of data 
points, specifically, one data point for each of years 2 through 
5 (not shown), wherein such curve 450 is illustrated as 
Smoothed through Such points. 
0144 Graph 440 also includes a curve 460 that represents 
a multi-year ETPM developed as described herein. Specifi 
cally, curve 460 is developed for years 1 through 5 per gen 
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erating 110 the ETPMs as described above. In a manner 
similar to curve 450, curve 460 is formed from a plurality of 
points, wherein each point is generated for each of years 1 
through 5, and each point represents a one-year actual prob 
ability of transition from a BBB credit rating to a D credit 
rating for that particular year. 
(0145 Graph 440 further includes a curve 470 that repre 
sents an OTPM developed as described herein. Once the 
baseline OTPM is generated for year 0 as discussed above, 
such baseline OTPM is raised to the tthpower, whereint is the 
number of years of interest in the future, and whereint is an 
integer representing the number of future years starting with 
year 1. Calculating additional sets of optimized transition 
probability values by raising the calculated OTPM to succes 
sive powers, wherein each Successive power represents a 
Subsequent future time interval, generates each additional set 
of optimized transition probability values that predicts a like 
lihood that a credit rating of an obligor will migrate from one 
credit state to another credit state during the corresponding 
future time interval. 

0146 Curve 470 includes a point 472 that is representative 
of a matrix cell (not shown), wherein such matrix cell 
includes a probability value of a particular credit rating shift 
ing from a BBB rating to a default state. Curve 470 also 
includes a plurality of data points, specifically, one data point 
for each of years 2 through 5 (not shown), wherein such curve 
470 is illustrated as smoothed through such points. 
0147 In the exemplary embodiment, curve 470 is substan 

tially similar to curve 460 for year 1 through year 5. There 
fore, OTPM curve 470, determined under the premise of 
years 1 through 5 being in the future using the processes 
described herein, is substantially similar to the multi-year 
ETPM curve 460 that is determined under the premise of 
years 1 through 5 providing historical data reflecting actual 
credit rating transitions for the period under consideration. 
Substantially similar results have been developed for all 
credit rating transition probabilities using this methodology, 
with the illustrated example being typical of the results. 
Therefore, the processes described herein for optimizing a 
framework for generating transition probability matrices 
(TPMs) provide a high degree of confidence for predicting 
future probabilities of credit rating migration. 
0148 FIG. 16 is a three-dimensional graphical represen 
tation, or 3-D graph. 500 of a surface plot of a discrete cohort 
ETPM (not shown) illustrating a lack of the monotonicity 
property, wherein the monotonicity property is described 
above, including equation (5). Graph 500 includes an 
abscissa, or x-axis 502 that is representative of a range of 
empirical “from values, that is, values that represent the 
starting point for a potential transition. Moreover, x-axis 502 
includes a range of values that extends from 0 to 22 in incre 
ments of 5 from 0 through 20 and an increment of 2 from 20 
to 22. The increments defined on X-axis 502 are unitless and 
are selected for illustrative purposes. Therefore, x-axis 502 is 
at least partially analogous to a range of existing credit rating 
values associated with a discrete, cohort ETPM (not shown). 
0149 Graph. 500 also includes an ordinate, or y-axis 504 
that is representative of a range of empirical “to values, that 
is, values that represent the endpoint for a potential transition. 
Moreover, y-axis 504 includes a range of values that extends 
from 0 to 22 in increments of 5 from 0 through 20 and an 
increment of 2 from 20 to 22. The increments defined on 
y-axis 504 are unitless and are selected for illustrative pur 
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poses. Therefore, y-axis 504 is at least partially analogous to 
a range of final credit rating values associated with a discrete, 
cohort ETPM (not shown). 
0150 Graph. 500 further includes a P-axis 506 that is rep 
resentative of a range of values associated with a probability 
of transition from a value on X-axis 502 to a value on y-axis 
504. Moreover, P-axis 506 includes a range of values that 
extends from 0 to 1 in increments of 0.5. The increments 
defined on P-axis 506 are unitless and are selected for illus 
trative purposes. P-axis 506 also includes a range of values 
that extends from 0 to -1 in increments of 0.5, wherein these 
negative values representative of negative probabilities are 
not possible, yet inclusion of these values graphically facili 
tates visual interpretation of graph 500, as discussed further 
below. 
0151. Graph. 500 also includes a surface plot 508 that is 
representative of the entire set of possible values on P-axis 
506 as a function of all possible values of x-axis 502 and 
y-axis 504. Moreover, graph. 500 includes a contour plot 510 
that is representative of at least a portion of surface plot 508 
collapsed into a two-dimensional representation of Surface 
plot 508. Contour plot 510 includes a plurality of contours 
512, wherein these contours 512 form a diagonal 514 extend 
ing from a point defined by x=0, y=0, and P=1 to a point 
defined by x=22, y=22, and P=-1. The negative range of 
P-axis 506 effectively raises surface plot 508 above contour 
plot 510 such that contour plot 510, contours 512, and diago 
nal 514 are clearly visible to facilitate interpretation of graph 
SOO. 

0152 Graph. 500 further includes a plurality of off-diago 
nal peaks 516 on surface plot 508 that are subsequently rep 
resented on contour plot 510 as a plurality of off-diagonal 
contours 518. These peaks 516 and contours 518 are repre 
sentative of values and value trends that do not comport to the 
monotonicity property as defined herein. 
0153 FIG. 17 is a three-dimensional graphical represen 

tation, or 3-D graph 600 of a baseline OTPM (not shown) 
illustrating a presence of the monotonicity property, wherein 
the monotonicity property is described above, including 
equation (5). Graph 600 includes an abscissa, or x-axis 602 
that is representative of a range of empirical “from values, 
that is, values that represent the starting point for a potential 
transition. Moreover, x-axis 602 includes a range of values 
that extends from 0 to 22 in increments of 5 from 0 through 20 
and an increment of 2 from 20 to 22. The increments defined 
on X-axis 602 are unitless and are selected for illustrative 
purposes. Therefore, X-axis 602 is at least partially analogous 
to a range of existing credit rating values associated with an 
OTPM (not shown). 
0154 Graph 600 also includes an ordinate, or y-axis 604 
that is representative of a range of empirical “to values, that 
is, values that represent the endpoint for a potential transition. 
Moreover, y-axis 604 includes a range of values that extends 
from 0 to 22 in increments of 5 from 0 through 20 and an 
increment of 2 from 20 to 22. The increments defined on 
y-axis 604 are unitless and are selected for illustrative pur 
poses. Therefore, y-axis 604 is at least partially analogous to 
a range of final credit rating values associated with an OTPM 
(not shown). 
(O155 Graph 600 further includes a P-axis 606 that is rep 
resentative of a range of values associated with a probability 
of transition from a value on X-axis 602 to a value on y-axis 
604. Moreover, P-axis 606 includes a range of values that 
extends from 0 to 1 in increments of 0.5. The increments 
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defined on P-axis 606 are unitless and are selected for illus 
trative purposes. P-axis 606 also includes a range of values 
that extends from 0 to -1 in increments of 0.5, wherein these 
negative values representative of negative probabilities are 
not possible, yet inclusion of these values graphically facili 
tates visual interpretation of graph 600, as discussed further 
below 
0156 Graph 600 also includes a surface plot 608 that is 
representative of the entire set of possible values on P-axis 
606 as a function of all possible values of x-axis 602 and 
y-axis 604. Moreover, graph 600 includes a contour plot 610 
that is representative of at least a portion of surface plot 608 
collapsed into a two-dimensional representation of Surface 
plot 608. Contour plot 610 includes a plurality of contours 
612, wherein these contours 612 form a diagonal 614 extend 
ing from a point defined by x=0, y=0, and P=1 to a point 
defined by x=22, y=22, and P=-1. The negative range of 
P-axis 606 effectively raises surface plot 608 above contour 
plot 610 such that contour plot 610, contours 612, and diago 
nal 614 are clearly visible to facilitate interpretation of graph 
600. 

0157. In contrast to graph 500 (shown in FIG. 16), graph 
600 does not include a plurality of off-diagonal peaks (such as 
peaks 516 shown in FIG. 16) on surface plot 608 that would 
be subsequently represented on contour plot 610 as a plurality 
of off-diagonal contours (such as contours 518 shown in FIG. 
16). A lack of these peaks similar to peaks 516 and these 
contours similar to contours 518 is representative of values 
and value trends that comport to the monotonicity property as 
defined herein. Therefore, a baseline OTPM generated as 
described herein facilitates the monotonicity property, and 
Subsequently, a matrix that when raised to a predetermined 
power is Substantially accurate. 
0158 FIG. 18 is a table 630 of credit ratings within an 
OTPM determined using the process described herein. Table 
630 includes a plurality of matrix cells, wherein an example 
of such matrix cells includes a matrix cell 632 that represents 
a calculated probability of transition from a BBB credit rating 
to a D, or default, credit rating of 0.11%. In the exemplary 
embodiment, probabilities of transition for each of rating 
categories AAA, AA, A, BBB, BB, B, CCC, C, and default 
(D) are determined. Alternatively, any number of credit rat 
ings are determined. 
0159 Below is a description of at least some of the known 
approaches for using TPMs for estimating credit migration of 
an obligor, a description of at least some of the problems 
associated with using these known TPM approaches, and a 
description of the results generated from comparing some of 
these known TPM approaches to the optimized TPM systems 
and processes described herein. 
0160 Statistical transition probability matrices (TPMs), 
which indicate the likelihood of obligor credit state migration 
over a given time horizon, have been used in various credit 
decision-making applications. The standard for calculating 
TPMs is to form a one-year empirical TPM and then project 
it into the future based on Markov and time-homogeneity 
assumptions. However, the one-year TPM calculated from 
empirical data generally does not satisfy desired properties. 
The systems and processes described herein are an alternative 
methodology by formulating the problem as a constrained 
optimization problem requiring satisfaction of all the desired 
properties and minimize the forecasted error between multi 
year predicted TPMs and empirical evidence. The problem is 
high dimensional, non-convex, and non-separable, and is not 
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effectively solved by nonlinear programming methods. To 
address these difficulties, evolutionary algorithms (EAS) and 
problem representation schemas were investigated. A self 
adaptive differential evolution algorithm (JADE), together 
with a new representation schema that automates constraint 
satisfaction, was discovered to be the most effective tech 
nique to resolve these problems. 
0161 Statistical transition probability matrices (TPMs), 
which indicate the likelihood of obligor credit state migration 
over a given time horizon, have been used in various high 
dollar-value credit decision-making applications ranging 
from the pricing of financial instruments, loan evaluation, 
portfolio risk analysis, and economic capital assessment. 
Constructed from historical credit ratings data, a rectangular 
TPM contains information on the likelihood of migration 
from one credit state to another state. A TPM may include 
additional “outcome-only’ states such as default, or “no 
longer observed’. Empirical TPMs have been published regu 
larly by rating agencies for many years and users have tended 
to use these published matrices either directly or after apply 
ing a certain Smoothing technique. 
0162 The need for TPM data smoothing stems from the 
fact that empirical matrices are strongly affected by idiosyn 
cratic historical events, sparse data for plausible future sce 
narios, and vintage effects caused by the temporal location of 
the underlying data relative to the credit cycle. Also, it is 
important to note that TPMs are often required for use over 
time periods longer than the widely published one-year time 
horizon. While empirical TPMS can be constructed over any 
time horizon, longer time horizon calculations reduce sample 
size, exacerbating idiosyncratic efforts. Thus, practitioners 
usually calculate one-year empirical TPMs by the discrete 
cohort approach and apply it iteratively for analysis over 
multi-year horizons. 
0163 The problem of one-year empirical TPMs however 

is that they usually lack desired properties Such as structural 
stability and satisfaction of default probability constraints. 
The former comes from the natural tendency of obligors to 
maintain status quo and to have a greater probability of 
migrating to a nearer credit rating than a farther one. In other 
words, it is expected that in a TPM matrix the diagonal value 
for any particular rating is greater than off-diagonal values 
and the off-diagonal values decrease monotonically with the 
distance to the diagonal term. The probability of default is 
also expected to satisfy monotonic properties: the default 
probability increases over time for each credit rating, and in 
each year a higher rating tends to have a lower probability of 
default than a lower rating. These properties however may or 
may not be satisfied by the one-year empirical obtained by the 
discrete cohort approach. 
0164. Another consequence of applying the one-year 
empirical is that in practice one faces estimation "bias' 
induced by shortages in Sample sizes, especially as the time 
horizon increases. One illustration of this "bias’ is in the case 
where the default rates associated with coarse rating catego 
ries over a period of 5 years are different if the cumulative 
average method is employed versus using the empirical tran 
sition rates or the cumulative transition rates under the 
assumption of a first-order Markov process governing the 
transitions. However, these default rates are the same across 
the three estimation procedures when restricted to a one-year 
time horizon. Since transition to default is only a fraction of 
the information contained in a TPM (assuming that default is 
one of the states), and since each row of a TPM must add to 
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one, estimation "bias' is propagated to the entire matrix and 
therefore undermines the validity and usefulness of TPMs. 
0.165. The systems and processes described herein include 
an alternative approach to the discrete cohort approach, 
which poses the computing and Smoothing of one-year TPM 
as a constrained optimization problem. The objective func 
tion to be minimized is an error function that calculates the 
discrepancy between the predicted transition matrices and the 
empirical data over the required time horizon. All the required 
structural properties of the one-year TPM are captured in the 
form of constraints. The problem however is complex due to 
the following reasons: (1) the objective function is highly 
non-linear due to the non-linear nature of the error function 
and the matrix exponential operation involved in calculating 
the later-year transition probability matrices; (2) the problem 
dimension is very high as the number of variables in the TPM 
is of the order of a few hundreds considering that there may be 
a large number of credit ratings; and (3) the optimized one 
year TPM is expected to satisfy structural and default prop 
erties. Due to the above difficulties, a traditional non-linear 
programming method is not efficient to find the global opti 
mal solution. Therefore, a set of population-based evolution 
ary algorithms, such as differential evolution (DE) and par 
ticle Swarm optimization (PSO), were considered. 
0166 In a preliminary investigation, it was discovered that 
in view of the above mentioned problem complexities a 
straightforward adaptation of an EA approach did not yield 
satisfactory results: the algorithm either converged very 
slowly or frequently stagnated at a local minimum. Several 
variations of EA algorithms were used to find the best 
approach for the concerned optimization problem. In addi 
tion, an aspect impacting performance of an EA algorithm is 
the representation method of the problem. To fine-tune EA 
performance, several representation schemas were used. In 
the final product, the self-adaptive DE algorithm, JADE, was 
implemented as the optimizer based on a representation 
schema that implicitly satisfies constraints. 
0167. The industry standard for estimating discrete time 
credit transition probability matrices is the cohort approach. 
This approach applies to discrete credit migration data and 
employs two key assumptions: (1) future rating transitions are 
independent of past ratings (Markov assumption); and (2) the 
transition probabilities are solely a function of the distance 
between dates and are independent of the calendar dates 
(time-homogeneity assumption). In this approach, a discrete 
cohort TPM for one year is calculated. Then, a later-year TPM 
is obtained by raising the one-year TPM to a power. 
0.168. Three types of error functions were considered 
including the square, the exponential and the probit for mea 
suring the discrepancy between the predicted probability and 
the empirical data. Each of these functions has some advan 
tages and disadvantages in measuring the discrepancy: e.g., 
the square and exponential functions are relatively easy to 
compute, while the probit function typically takes longer to 
compute; the square function treats the discrepancy on an 
absolute scale, while the exponential and probit functions 
work on a relative scale. 

0169. The above specification satisfies the structural con 
straints and the default constraints for the one-year TPM, by 
definition. The default constraints or structure constraints are 
not explicitly imposed on the later-year TPMs predicted by 
the one-year TPM. Instead, it is assumed that the error mini 
mization procedure implicitly enforces these constraints. 
This is of course in general not true, but our results on a wide 
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variety of test data show that these constraints are implicitly 
satisfied by the optimized TPM for later years. The objective 
function is non-convex and non-separable as a result of the 
power operation of the one-year TPM and the nonlinearity of 
the error function. An initial optimization procedure was 
attempted using a quasi Newton approximation-based non 
linear programming approach provided by a standard math 
ematical programming package. However, even with a good 
starting point (the one year empirical TPM), we could rarely 
find a solution that was significantly better than the one-year 
empirical when the problem dimension was high. This moti 
vated us to explore evolutionary optimization based ideas. 
0170 The success of the use of evolutionary optimization 

is contingent on finding a good representation Schema for the 
problem and also selecting the most suitable EA from the 
plethora of evolutionary algorithm variants available. 
0171 As explained above, the TPM problems are highly 
non-linear optimization problems with large problem dimen 
sion and a large number of equality and inequality con 
straints. For example, we considered a problem with 22 credit 
ratings. The problem dimension is 462 and the number of 
constraints is at least 924. Due to the complexity of the 
underlying problem, a penalty function based approach for 
constraint enforcement in EA was deemed impractical. 
0172 Below, we discuss different representation schemas 
that make monotonicity constraint satisfaction inherent to the 
optimization problem. In addition, the problem dimension is 
reduced to (n-1) by transforming the equality constraints 
into an inherent property of the representation methods. The 
optimization problem thus obtained has only boundary con 
straints so that an EA generates only feasible solutions at all 
times. We also consider the utilization of domain knowledge 
to facilitate the problem optimization. 
0173 To devise a constraint enforcing representation 
schema for evolutionary optimization, we initially tried a 
simple heuristic approach. 

TABLE 1. 

A simple heuristics based representation schema 

Scheme R1 

Construct a solution M = {m}, i, j = 1,2,..., n. 
from a matrix X = {x}, i, j = 1,2,..., n - 1. 

m1 = 1; m = 0 for i = 1,2,..., n -1. 
Set (y1, y2 ... y, 1) = sort(x1, 1, x2, 1) in ascending order 
m = y, i = 1,2,..., n -1 
FOR i = 1:n-1 

Set (y1, y2... y, 2) = sort(x1, x2 ... xi. 2) in descending order 
m =1: j = k = i. 1 = 1; 
WHILE sn-2 

= + 1; k = k - 1: 
IF is n-1 

m;= y, 
1 = 1 +1; 

END IF 
IF ke1 

m; k = y; 
I = 1 + 1 

END IF 
END WHILE 

m = mily, "' 
END FOR 

mix (1-mi), j = 1,2,..., n - 1 

0174 
schema 
(0175 We used a string of length (n-1), where each ele 
ment e0, 1 represents a probability (or a probability to be 

Table 1. A simple heuristics based representation 
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normalized later), to construct annxn TPM M in the follow 
ing manner: (a) set the elements in the last row of Maccording 
to equation (10), (b) reshape the string into an (n-1)x(n-1) 
matrix X, (c) sort the last-column elements of X and set them 
to be the default probabilities in the last column of M, (d) set 
the diagonal terms of M to be 1, (e) sort the first (n-2) 
elements in each row of X and set them to be the pending 
off-diagonal terms of M so that the row elements decrease in 
value as we move away from the diagonal, and (f) normalize 
the first n-1 elements in each row of M so that the row adds up 
to 1. The detailed operations are shown in Table 1. 
0176) However, the above representation schema has cer 
tain limitations, which are: (A) Since we sort the row ele 
ments or the last-column elements and rearrange them So as to 
satisfy the constraints in (11) or (12), the relative order of the 
elements of the string that are assigned to the same matrix row 
or assigned to the last column does not matter. That is, the 
mapping from the representation space to the solution space 
to is many to one: multiple chromosomes can represent a 
single solution matrix. (B) The Sorting operation involved in 
Solution decoding is computationally intensive and slows 
down the algorithm's response times. (C) The use of heuris 
tics to rearrange the matrix so as to enforce constraint satis 
faction leads to bias in the representation schema, i.e., certain 
feasible matrices have fewer chromosomes that represent 
them when compared to others. For example, using the 
approach in Table 1, we always assignsorted values first to the 
element on the right-hand side of the diagonal and then to the 
element on the other side. In this way, only matrices where the 
upper triangle dominates the lower triangle can be repre 
sented. (D) The representation schema does not use any 
domain knowledge. We determined that the use of domain 
knowledge is beneficial for Successful application of EAS. 
The underlying problem for the TPM optimization is to 
modify the one-year ETPM so that it approximates higher 
order transitions better. It could therefore be useful to incor 
porate information about the one-year ETPM in the EA, 
which the above representation schema fails to do. 
0177. To overcome the problems described above, we 
devised another representation schema that produces only 
feasible solutions without the use of sorting. Similar to the 
previous method, we also use a string of length (n-1), whose 
each element e0, 1, to construct a TPMM. For notational 
convenience, the string is also reshaped to an (n-1)x(n-1) 
matrix X. However, the meaning of each element X, of X is 
different from that in the previous method: the last-column 
element of X represents a ratio between adjacent last-column 
elements of M (to satisfy the monotonic constraints), and 
each element in the first n-2 columns of X represents a ratio 
between adjacent row elements of M (to satisfy the mono 
tonic constraints). The detailed operations are presented in 
Table 2, where cumprod calculates the cumulative product of 
an input vector. 

TABLE 2 

Representation Schemato automatically enforce constraints: 
cumprod(x) returns the cumulative product of an input vector X. 

Scheme R2 

Construct a solution M = {m}, i, j = 1,2,..., n, 
from a matrix X = {x}, i, j = 1,2,..., n - 1. 

m = 1; m = 0 for i = 1,2,..., n - 1. 
Set (y,-1, y_2 . . . y) = cunprod(x,-1-1, X-2-1 ... x1-1) 
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TABLE 2-continued 

Representation Schema to automatically enforce constraints: 
cumprod(x) returns the cumulative product of an input vector X. 

m = y, i = 1, 2, ..., n - 1 
FOR i = 1 : n 

m = 1; 
FORj = i + 1 : n - 1 

m = mix 
END 
FORj = i - 1:-1: 1 

m = mixi 
END 
m; =mgy, "'m x 1 - mi.), j = 1,2,..., n - 1 

END 

0178. This representation schema automatically satisfies 
the monotonicity constraints. Furthermore, there is a one-to 
one mapping between a solution String and the corresponding 
TPM matrix represented. However, this representation 
schema still does not address the issue of the use of domain 
knowledge. 
0179 A good starting point for the optimization problem 

is a Smoothed estimate of the one-year empirical matrix. Our 
experience with the non-linear optimizationmentioned above 
Supported this belief since there were significant improve 
ments when using the one-year empirical to seed the search, 
instead of starting from a random solution vector. 
0180. To use this domain knowledge in our search proce 
dure, we initially attempted to make the deviation from the 
one-year empirical matrix as the search variable. That is, letY 
represent the one-year empirical matrix that is passed through 
a filtering process so that it satisfies the required constraints. 
The search variable M can be represented as M=Y+A where A 
is the deviation of the optimal matrix from the one year 
empirical. If A Satisfies the monotonic constraints, then Y+A 
also satisfies the monotonic constraints. To enforce normality 
constraints on M, a simple normalization procedure can be 
used on (Y-i-A). Our approach was to use A as the search 
variable, instead of searching over M. Since a majority of 
elements of A are expected to be near Zero, the search over A 
was assumed to be easier then searching over M. The search 
over A could be made easier by seeding the initial random 
population with a string whose all elements are Zeros. This 
ensures that we start the search procedure at the Smoothed 
version of the one-year empirical. 
0181. However, for this procedure, constraining each ele 
ment A, of A will not represent the whole search space. For 
example, constraining A. eIO, 1] will constrain m, the ijth 
element of the optimized TPMM, to the range [y/2, (y+1)/ 
2 assuming both Y and Aare normalized so that rows Sum to 
1. Clearly, this does not represent the entire search space (m, 
e0, 1). In order to represent the entire search space, we 
should let A, e0, Col. However, relaxing the constraint on A, 
will no longer allow us to automatically implement con 
straints from the equations above. Another option would be 
allow negative values of A. Enforcing monotonic constraints 
is very difficult even in this scenario as can be easily verified. 
Therefore, modifying the representation schema to search 
over the deviation from the one-year empirical transition 
probability matrices was not possible. 
0182 To avoid this difficulty, we used an alternate proce 
dure, R3, for using domain knowledge that includes: (1) Use 
representation schema in Table 2; and (2) Generate a chro 
mosome which when using the schema in R2 gets translated 
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into the one year empirical matrix Y. Using this methodology, 
we ensure that EA starts with the one year empirical and 
improves upon it in Successive generations. The comparison 
of the three representation schemas R1, R2 and R3 is pre 
sented below. 
0183) Evolutionary algorithms are stochastic, population 
based search methods that mimic the metaphor of natural 
biological evolution, Such as mutation, recombination, selec 
tion, migration, locality and neighborhood. They generally 
operate on a population of potential Solutions applying the 
principle of survival of the fittest to produce better and better 
approximations to a solution. As shown by Successes in vari 
ous fields such as engineering, finance, biology, evolutionary 
algorithms consistently perform well in searching optimal 
Solutions to various types of problems. As discussed below, 
we describe the basic procedure of two canonical evolution 
ary algorithms: particle Swarm optimization (PSO) and dif 
ferential evolution (DE), and also introduce a novel self 
adaptive DE algorithm. 
(0.184 Particle Swarm Optimization (PSO) 
0185. Particle swarm optimization (PSO) is an optimiza 
tion technique based on Swarm intelligence, proposed by 
Kennedy and Eberhart (Kennedy and Eberhart, 1995). While 
there are many variants of the algorithm since its invention, 
we introduce the basic PSO operations as follows. 
0186 The PSO is initialized with a population (called 
swarm) of N random individuals (called particles). Each par 
ticle is represented by its position in a D-dimensional space, 
where D is the problem dimension. Throughout the optimi 
Zation process, each particle i monitors its current position 
X, (X, X, ..., X.), the best position it ever reached p, (p, 
p,2,...,p), and its flying Velocity V, (V, V,2,..., V). The 
population benefits from sharing information among par 
ticles discoveries and past experience to the whole popula 
tion. In each generation (called a cycle), the global best posi 
tion p is calculated as the best position that the Swarm ever 
reached. Then, each particle updates its Velocity V, to 
approach the global best position and its personal best posi 
tion: 

where c and c are two positive constants named learning 
factors, rand(a,b) is a uniform random number on the interval 
a, b, w is an inertia weight to control the impact of the 
previous history of velocities on the current velocity. The 
inertia weight can be set as a constant or be decreased linearly 
with time, for example from 1.4 to 0.5, to favor local search 
more and more over global search. 
0187. The particle then updates positions using the new 
velocity: 

3, x+y, (16) 

0188 It is worth noting that, to control the change of 
particles velocities, upper and lower bounds for velocity 
change is limited to a user-specified value of V. Once the 
new position of a particle is calculated using equation (16), 
the particle moves to it and a new cycle begins. 
(0189 Differential Evolution (DE) and Self-Adaptive Dif 
ferential Evolution (JADE). 
0190. Differential evolution is another latest branch of 
EAS and was suggested by Storn and Price in 1995. The 
crucial idea behind DE is a scheme of generating mutant 
vectors: DE adds to a parent vector the weighted difference 
between two randomly selected vectors. This approach 
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requires no separate probability distribution to generate 
mutant vectors and it makes the scheme self-organizing. 
(0191 Similar to PSO and other EAs, differential evolu 
tion's performance is usually significantly affected by their 
problem-dependent control parameters. In general, there is no 
single parameter setting that is Suitable for various problems 
or even at different evolution stages of a single problem. To 
address this issue, various parameter adaptation or self-adap 
tation strategies have been introduced to improve the perfor 
mance of DE algorithms. 
0.192 As discussed below, we briefly describe the opera 
tions of a conventional DE algorithm, DE/rand/1/bin, and a 
self-adaptive DE algorithm, JADE. The former is the first DE 
algorithm proposed in (Stornand Price, 1995) and is observed 
to be the most successful and widely used classic DE scheme 
in the literature. The latter shows very promising results com 
pared to the classic DE/rand/1/bin and other self-adaptive 
approaches. Also, it differs from DE/rand/1/bin only in its 
mutation strategy and self-adaptation operation on control 
parameters. 
(0193 Differential evolution follows the basic procedure 
of an evolutionary algorithm. The initial population is ran 
domly generated according to a uniform distribution between 
the lower and upper bounds defined for each component of an 
individual vector. After the initialization, DE enters a loop 
(called a generation in the literature of EA) of evolutionary 
operations: mutation, crossover and selection. In addition, in 
an adaptive algorithm such as JADE, control parameters are 
adapted at the end of each generation. 
0194 Mutation: At each generation g, this operation cre 
ates mutant vectors V, based on the current parent population 
{x, i=1,2,..., NP}, where NP is the population size. In the 
classic DE/rand/1/bin, the mutation vectors are generated as 
follows: 

where the indices r, r and r- are distinct integers uniformly 
chosen from the set {1, 2, . . . , NP}\{i}, X, -X,2 is a 
difference vector to mutate the parent, and Fe(0, 1 is the 
mutation factor that is fixed throughout the optimization pro 
CCSS, 

(0195 Different from equation (17), JADE adopts a rela 
tively greedy mutation strategy named DE/current-to-p- 
best/1: 

where x, is randomly chosen as one of the top 100p% 
individuals in the current population, and F, e(0, 1 is the 
mutation factor associated with each individual X, and are 
randomly generated by the parameter self-adaptation 
described below. 
0196. Crossover: After mutation, a binary crossover 
operation forms the final trial vector u, (ue, u. . . . . 
upg): 

Vig if rand (0, 1) is CR or j = ind (19) 
ttig 

Wii.g otherwise, 

where rand(a,b) is a uniform random number on the interval 
(a, b and newly generated for eachi,j randint,(1, D) is an 
integer randomly chosen from 1 to D and newly generated for 
each i, and the crossover probability, CR, e(0, 1], roughly 
corresponds to the average fraction of vector components that 

Jun. 17, 2010 

are inherited from the mutant vector. In JADE, the crossover 
probabilities are newly generated by the parameter self-ad 
aptation at each generation. As a comparison, DE/rand/1/bin 
uses a single crossover probability CR (i.e., CRCR for alli) 
to generate all trial vectors during the whole optimization 
process. 

0.197 Selection: The selection operation selects the better 
one from the parent vector X, and the trial vectoru, accord 
ing to their fitness values f() For example, since we consider 
a minimization problem, the selected vector is given by: 

Wig otherwise, 

and used as a parent vector in the next generation. If the trial 
vectoru, succeeds, the selection is considered as a success 
ful update and the corresponding control parameters F, and 
CR, are called a successful mutation factor and Successful 
crossover probability, respectively. 
0198 The above compose a complete evolutionary loop of 
the classic DE/rand/1/bin. The two involved control param 
eters, F and CR, are usually problem dependent and need to be 
tuned by trial and error. In JADE, F and CR are updated by a 
self-adaptation mechanism that is based on a simple prin 
ciple: Better values of control parameters tend to generate 
individuals that are more likely to survive and thus these 
values should be propagated. To be specific, F, and CR, are 
generated by two random processes: 

CR, randn; (ICR,0,1), (21) 

F-randc, (10.1), (22) 
where randn(u, of) denotes a random value from a normal 
distribution of meanu and variance of, randc(u, 8) denotes a 
random value from a Cauchy distribution with location and 
scale parameters L and 6, respectively. The mean LL and 
location parameter L are updated in a self-adaptive manner: 

lcR-(1-c)|IcR+C"meana (SCR), (23) 

|-(1-c)+c" meant (S), (24) 

where S and S are the respective sets of all Successful 
crossover probabilities and Successful mutation factors 
obtained in the selection (20) at generation g, c is a positive 
constant between 0 and 1 and mean () is the usual arithmetic 
mean operation and mean () is the Lehmer mean 

X. F2 (25) 
PeSF 
y F 

PeSF 
mean L(S) = 

which plays more weight on larger mutation factor F to 
improve evolutionary progress. 
0199 The two parameters c and p introduced in JADE 
determine the adaptation rates of u and LL and the greedi 
ness of the mutation strategy, respectively. These have been 
shown to be relatively problem insensitive from extensive 
experimental studies. While it works well with c and p in a 
large range. JADE is shown to perform best with values 1/c 
e1, 20 and pe5%, 20%. 
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(0200 We considered the TPM optimization problem 
based on the annual ratings data from Standard and Poor's for 
over 6,000 obligors over the time period from 1989 to 2005. 
This data contains 21 rating classes, which are condensed to 
7 classes corresponding to S&P major rating categories. In 
the two scenarios where 7 or 21 credit ratings/categories plus 
default are considered, the respective TPM matrix to be opti 
mized has n=8 and 22 rows and columns. As explained above, 
the dimensions D of these two problems are n(n-1), i.e., 56 
and 462, respectively. For simplicity, we call the optimization 
in the two scenarios as Small and large problems, respectively. 
In addition, we summarize in Table 3 the six optimization 
cases where different error functions are considered as the 
objective function of the small or the large problem. These are 
useful to test the applicability of the proposed algorithm to 
different error functions, each of which may satisfy different 
business needs. For convenience, we summarize in Table 4 
the optimal results obtained by JADE after 20,000 genera 
tions in each optimization case. JADE works best among the 
several algorithms studied below and usually approaches the 
optimum very fast; thus the values in Table 4 may serve as 
reference points to estimate the performance of different 
algorithms after a moderate number of generations. 

TABLE 3 

Experimental scenarios studied in the optimization of TPM problems. 
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TABLE 4 

Square Exp Probit 

Small problem O.O1311228 O48003384 O.S8578.289 
Large problem O.236 64939 8.30159986 10.39986.283 

The best function values obtained after running JADE with R2 for 20,000 
generations: the weights used in the objective function are set to be w = 1 
for anyt, and w = 0.1 for jz n and w = 5 for j = n. 

0201 The weights defined in the objective function are set 
to be w, 1 for anyt, and w=0.1 forjan and =5 for j-in. The 
values of imply a much higher priority of the default prob 
ability than other transition probabilities. 
0202 TPM problems are solved using the conventional 
PSO and DE/rand/1/bin algorithms, as well as JADE and 
anotherself-adaptive DE algorithm, DE. For JADE andjDE, 
we used the parameter settings p=5% and c=0.1 for JADE, 
and t=0.1 and t=0.1 for DE. Both DE and PSO’s perfor 
mance are significantly affected by the control parameter 
settings. For a specific problem, their parameters need to be 
tuned by trial and error. In the case of DE, we test nine 
different parameter settings with F and CR e{0.2,0.5,0.9}. 
Experimental results showed that F=0.5 and CR=0.9 gener 
ally leads to the best performance. In the case of PSO, it is not 
an easy task to systematically study the effect of its three 
parameters w, c, and ca. Thus, we compare different param 

Square Exp Probit eter settings in the literature, as summarized in Table 5. 
Experimental results showed that PSO works best with w=0. Small problem Case 1 Case 2 Case 3 

Large problem Case 4 Case 5 Case 6 6, c=c=1.7 in all optimization problems studied. These 
parameter values will be used for PSO in the comparison with 
other algorithms. 

TABLE 5 

A Summary of parameter Settings of PSO. 

(Kennedy, (Shi and (Carlisle and (Eberhart and 
References et al., 2001) Eberhart, 1999) Dozier, 2001) Shi 2000) (Trelea, 2003) 

W 1 O.9 - > 0.4 O.729 O.729 O.6 
Cl 2 2 2.8w 1494 1.7 
C2 2 2 1.3w 1494 1.7 

Table 5. A summary of parameter settings of PSO. 
0203. In all simulations, the population size NP is set to be 
5D. All results reported below are calculated based on 30 
independent runs of each algorithm. 
0204 Table 6 summarizes the mean and standard devia 
tion of the best values obtained by each algorithm after 500 or 
2000 generations. Other than the curve of median values, 
box-and-whisker diagrams are plotted at certain generations 
for the first and second best algorithms. This is helpful to 
illustrate the spread of results in 30 independent experiments 
and indicate the robustness of the algorithms. 

TABLE 6 

A performance comparison of different evolutionary algorithms after 500 and 2000 generations 

JADE 

Gen Mean (Std Dev) 

Case 1 500 1.31e–002 (6.16e-007) 
2000 1.31e–002 (4.62e-007) 

1.47e-002 (5.04e–004) 
1.31e–002 (5.01e–007) 

jDE DE rand 1 bin PSO 
Mean (Std Dev) Mean (Std Dev) Mean (Std Dev) 

2.13e-002 (1.37e-003) 
1.33e-002 (3.96e-005) 

1.91e-002 (1.44e-002) 
1.82e-002 (1.44e-002) 



US 2010/0153299 A1 
21 

TABLE 6-continued 

A performance comparison of different evolutionary algorithms after 500 and 2000 generations 

JADE jDE 
Gen Mean (Std Dev) Mean (Std Dev) 

Case 2 500 4.85e-001 (1.56e-003) 8.96e-001 (6.14e–002) 
2000 4.81e-001 (3.41e-004) 4.87e-001 (2.48e-003) 

Case 3 500 5.96e-001 (3.08e-003) 1.14e+000 (9.61e-002) 
2000 5.88e-001 (1.00e-003) 6.03e-001 (5.73e-003) 

Case 4 500 2.42e-001 (5.96e-004) 4.85e-001 (1.13e-002) 
2000 2.37e-001 (2.19e-005) 2.59e-001 (2.85e-003) 

Case 5 500 8.72e-000 (2.74e–002) 1.30e--001 (2.10e-001) 
2000 8.43e--000 (1.82e-002) 9.21e--000 (9.53e-002) 

Case 6 500 1.09e+001 (5.55e-002) 1.62e+001 (3.29e-001) 
2000 1.06e+001 (3.57e-002) 1.18e-001 (2.44e–001) 

DE rand 1 bin 
Mean (Std Dev) 

1.22e+000 (8.19e-002) 
6.16e-001 (2.22e-002) 
1.55e+000 (7.55e-002) 
7.78e-001 (2.69e-002) 
6.57e-001 (1.49e-002) 
5.16e-001 (1.23e-002) 
1.55e+001 (2.30e-001) 
1.37e+001 (2.14e–001) 
1.89e+001 (2.44e-001) 
1.69e+001 (2.97e-001) 

PSO 

Mean (Std Dev) 

8.63e-001 (1.95e-001) 
6.94e–001 (1.42e-001) 
1.06e-000 (1.59e-001) 
8.90e-001 (1.36e-001) 
3.60e-001 (4.22e-002) 
3.37e-001 (4.03e-002) 
1.11e+001 (5.36e-001) 
1.05e+001 (5.73e-001) 
1.39e+001 (8.09e-001) 
1.31e+001 (8.04e–001) 
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Table 6. A performance comparison of different evolutionary 
algorithms after 500 and 2000 generations. 
0205 FIG. 19A is a two-dimensional graphical represen 
tation of a convergence of evolutionary algorithms in a first 
case. FIG. 19B is a two-dimensional graphical representation 
of a convergence of evolutionary algorithms in a second case. 
FIG. 19C is a two-dimensional graphical representation of a 
convergence of evolutionary algorithms in a third case. FIG. 
19D is a two-dimensional graphical representation of a con 
Vergence of evolutionary algorithms in a fourth case. FIG. 
19E is a two-dimensional graphical representation of a con 
vergence of evolutionary algorithms in a fifth case. FIG. 19F 
is a two-dimensional graphical representation of a conver 
gence of evolutionary algorithms in a sixth case. FIGS. 19A 
through 19F each include a horizontal axis that represents the 
number of generations, and a vertical axis that represents the 
median of function values over 30 independent experiments. 
The curses illustrated in FIGS. 19A through 19F are plotted at 
certain generations for the first and second best algorithms. 
0206. It is clear from Table 6 and FIGS. 19A through 19F 
that JADE works best in terms of both convergence rate and 
robustness for this set of TPM optimization problems. JADE 
generally obtains near-optimal values in 500 generations, 
compared to the values achieved after 20,000 generations as 
Summarized in Table 4. As a comparison, DE usually 
approaches the optimal value after 2,000 generations (except 
the 800 generations in Case 1) and the classic DE/rand/1/bin 
converges even slower. PSO also has difficulty to solve the 
TPM problems due to premature convergence, although its 
convergence rate is fastest during the early generations. 
0207. We also focuses on the optimization with an expo 
nential error function; i.e., we considered the Case 2 and Case 
5 in Table 3. Among the different error functions, the expo 
nential function is relatively easy to compute and treats the 
discrepancy on a relative scale. 
0208 FIG. 20A is a two-dimensional graphical represen 
tation of the second case optimized with an exponential error 
function. FIG. 20B is a two-dimensional graphical represen 
tation of the fifth case optimized with an exponential error 
function. FIGS. 20A and 20B show the convergence graphs of 
optimization based on R1, R2 and R3. It is clear that the 
representation schema R1 is much worse than R2 and R3 in 
terms of both the convergence rate and the final performance. 
The slow convergence rate of R1 is mainly attributed to the 
increased complexity of the optimization problem because 
R1 is a many-to-one mapping and biases towards some solu 
tions in the search space, as explained above. 

(0209. The inferiority of the final performance of R1 can be 
explained by its undesired inherent constraint that the upper 
diagonal terms of TPM dominate lower diagonal terms. In 
other words, the optimal Solution is out of the search space of 
R1 if is does not satisfy this constraint (this is usually the 
case). 
0210 Also, it is interesting to note that R3 dominates R2 at 
the beginning of the optimization but their difference 
becomes insignificant (at 5% significance level) after a small 
number of generations. This stands in contrast to the tradi 
tional (not population-based) approach, which produced sig 
nificantly better results when seeded with an empirical TPM. 
This is explained by the fact that unlike the traditional 
approaches, EA algorithms use multiple trajectories to search 
for an optimum value, thereby rendering a single good start 
ing point less significant. 
0211 We also compared the results obtained by the pro 
pose methodology (JADE and representation schema R2) or 
the cohort approach with the empirical data. To be specific, 
we consider the one-year empirical TPM calculated by a 
cohort method and the optimized one-year TPM obtained by 
the proposed methodology. The t-year TPM calculated by 
raising one-year (empirical or optimized) TPM to the t-th 
power are compared to the target t-year empirical TPMs. 
0212 First, we focused on the default structure over an 
8-year period. The choice of 8 years as the horizon over which 
the optimization is performed is arbitrary and does not limit 
the generality of our method. For practical applications, users 
are free to set the time horizon that is most relevant to the 
application for which the TPMs are required. 
0213 FIG. 21A is a two-dimensional graphical represen 
tation of a of a plurality of TPMs illustrating a default prob 
ability of an AA rating. FIG. 21B is a two-dimensional 
graphical representation of a of a plurality of TPMs illustrat 
ing a default probability of a bb rating. FIG. 21C is a two 
dimensional graphical representation of a of a plurality of 
TPMs illustrating a default probability of a CC rating. FIG. 
21D is a two-dimensional graphical representation of a of a 
plurality of TPMs illustrating a plurality of default probabili 
ties for a plurality of credit ratings. As is shown in FIGS. 21A 
through 21D, the default probabilities calculated from the 
cohort TPM are much lower than the empirical default prob 
abilities. 
0214) The default structure of the optimized TPM is very 
close to the empirical curves in nearly every time period. This 
shows that the forecast bias is greatly reduced by using the 
optimized TPM as compared to the cohort TPM. 
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0215. It is also interesting to observe the shape of the 
default structure. For practical business reasons, the line 
should be convex for higher quality rate classes (say AA), 
gradually become straight for intermediate ratings (say BB), 
and eventually become concave for lower quality ratings (say 
CC). It is clear from FIGS. 21A through 21C that the opti 
mized TPM satisfies these desired properties very well, 
although the multi-year empirical TPMs do not consistently 
exhibit these properties. 
0216 FIG.22A is a two-dimensional graphical represen 
tation of a plurality of TPMs illustrating a transition probabil 
ity from a BBB+ rating to a BBB rating. FIG. 22B is a 
two-dimensional graphical representation of a plurality of 
TPMs illustrating a transition probability from a B+ rating to 
a B rating. The above results are obtained based on the prior 
ity of optimizing the default probabilities by setting a much 
larger weight for them in the objective function. In this con 
text, a weight setting of 1 implies use of a relatively small 
weight for the transition probability from a rating to adjacent 
rating. Moreover, a weight setting of 2 implies a relatively 
large weight for the above transition probability. As expected, 
the obtained TPM may not have a good prediction for other 
transitions, e.g., from rating BBB+ to rating BBB. This is the 
case as shown in FIGS. 22A and 22B. The emphasis can be 
changed, however, by applying more weight on specific rat 
ing categories according to business needs. 
0217. For example, we may set w 5 ifj-nor li-ils 1, and 
w-0.1 otherwise. This weight setting is useful for empha 
sizing both the default probability and the transition prob 
abilities to adjacent ratings. The simulation results obtained 
using this setting (called weight setting 2) are compared to 
those obtained using the previous setting (called weight set 
ting 1). It is clear from FIGS. 22A and 22B that the transition 
probabilities predicted by optimized TPM have a better match 
with empirical data, when their corresponding weights get 
larger. 
0218. As discussed herein, we have considered the prob 
lem of computationally smoothing a one-year transition prob 
ability matrix by minimizing the discrepancy between pre 
dicted later-year TPMs and empirical data over the time 
horizon of interest. The minimization problem is very com 
plex not only in its non-convex non-separable properties but 
also in the large number of variables and constraints (desired 
properties) involved. An efficient representation schema is 
proposed to transform the constraints into inherent properties 
and thus greatly simplifies the optimization to a problem with 
only boundary constraints. Then, a self-adaptive DE algo 
rithm (JADE) is adopted to calculate the optimal solution. 
Simulation results show that the proposed methodology, the 
representation schema and the self-adaptive JADE algorithm 
perform significantly better than other methods in terms of 
both the convergence speed of the optimization and the final 
solution obtained. In addition, the default term structure of the 
optimized TPM is much closer to the empirical curves than 
the cohort TPM. 

0219 Described in detail herein are exemplary embodi 
ments of processes and systems for calculating and Smooth 
ing transition probability matrices (TPMs). These processes 
and systems are applied iteratively over a predetermined 
number of periods and thereby provide an improve forecast 
ing capability of the calculated matrices. Moreover, these 
processes and systems include an integrated approach to esti 
mation and Smoothing that produce matrices that are “opti 
mal’ for forecasting, that is more accurately forecast, an 
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obligor's credit rating migration. Specifically, these processes 
and systems yield Superior forecasts by comparing these opti 
mized forecasts to previously generated TPMs using the 
cohort method. TPMs obtained using this optimization 
approach closely match certain key aspects of the empirical 
data, while exhibiting properties that make them better suited 
to their most important business applications, and help to 
provide a contextual benchmark against which certain 
aspects of the credit cycle can be highlighted and understood. 
0220. The processes and systems described herein offer 
improved flexibility with respect to optimizing. For example, 
this methodology may be used to estimate a one-year transi 
tion matrix that, when raised to Successive powers, produces 
default rates that most closely resemble the cumulative aver 
age default rates rather than the empirical transition rates 
produced with a “push-through-time' method. Moreover, the 
optimization framework as described herein facilitates suffi 
cient flexibility to serve multiple business applications. For 
example, the weight parameters as described herein may be 
adjusted to focus on reducing errors in different segments of 
the TPMS or to focus solely on defaults, ignoring migration 
between intervening credit states entirely. Time weight fac 
tors can also be adjusted to improve performance over various 
time horizons. The OTPMs as described herein may be 
embedded within a variety of pricing models, for example, 
pricing models that use a discount rate to capture the time 
value of forecast errors. 
0221) While the invention has been described in terms of 
various specific embodiments, those skilled in the art recog 
nizes that the invention can be practiced with modification 
within the spirit and scope of the claims. 
0222. This written description uses examples to disclose 
the invention, including the best mode, and also to enable any 
person skilled in the art to practice the invention, including 
making and using any devices or systems and performing any 
incorporated processes. The patentable scope of the invention 
is defined by the claims, and may include other examples that 
occur to those skilled in the art. These other examples are 
intended to be within the scope of the claims if they have 
structural elements that do not differ from the literal language 
of the claims, or if they include equivalent structural elements 
with insubstantial differences from the literal languages of 
the claims. 

What is claimed is: 
1. A method for generating an optimized transition prob 

ability matrix (OTPM), said method performed using a com 
puter system coupled to a database, said method comprising: 

storing in the database financial data including obligor 
credit ratings; 

generating multi-period empirical transition probability 
matrices (ETPMs) for a selected time horizon using the 
financial data stored within the database, wherein each 
generated ETPM includes transition probability values 
indicating a likelihood that a credit rating of an obligor 
will migrate from one credit state to another credit state 
during a time period included within the selected time 
horizon, the transition probability values included 
within the generated ETPMs are defined as target ETPM 
values; 

generating a mathematical expression to minimize a dif 
ference between target ETPM values and candidate 
OTPM values, wherein the mathematical expression is 
generated using an objective function including at least 
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one of a probit transform function and an exponential 
function, and by applying predetermined constraints to 
the objective function; and 

calculating the OTPM from the generated mathematical 
expression and the financial data stored within the data 
base, wherein the calculated OTPM includes a first set of 
optimized transition probability values for predicting a 
likelihood that a credit rating of an obligor will migrate 
from one credit state to another credit state during a first 
time interval in the future, wherein the calculating is 
performed by the computer. 

2. A method in accordance with claim 1 wherein generating 
a mathematical expression further comprises generating a 
constrained optimization problem by applying the predeter 
mined constraints to the objective function. 

3. A method in accordance with claim 2 further comprising 
creating a representation schema for the constrained optimi 
Zation problem that satisfies the predetermined constraints. 

4. A method in accordance with claim 3 further compris 
ing: 

optimizing the constrained optimization problem based on 
the representation schema using at least one of a nonlin 
ear programming method, an evolutionary algorithm 
method, and a particle Swarm optimization method. 

5. A method in accordance with claim 1 further compris 
ing: 

calculating additional sets of optimized transition prob 
ability values by raising the calculated OTPM to succes 
sive powers wherein each successive power represents a 
Subsequent future time interval. 

6. A method in accordance with claim 5 wherein calculat 
ing additional sets of optimized transition probability values 
comprises calculating additional sets of optimized transition 
probability values by raising the calculated OTPM to succes 
sive powers wherein each Successive power represents a Sub 
sequent future time interval and each additional set of opti 
mized transition probability values predicts a likelihood that 
a credit rating of an obligor will migrate from one credit state 
to another credit state during the corresponding future time 
interval. 

7. A method in accordance with claim 1 further compris 
ing: 

Selecting a business or geographical sector for creating the 
ETPMs, wherein the generated ETPMs and the calcu 
lated OTPM relate to the selected business sector or 
Selected geographical sector. 

8. A method in accordance with claim 1 further compris 
1ng: 

selecting a time horizon for creating the ETPMs, wherein 
the time horizon includes a plurality of historical years, 
and each multi-period ETPM is for a one-year historical 
time period during the time horizon. 

9. A method in accordance with claim 1 further compris 
ing: 

Selecting a business or geographical sector for creating the 
ETPMs; 

selecting a time horizon for creating the ETPMs; and 
retrieving financial data from the database for creating the 
ETPMs, wherein the retrieved financial data includes 
obligor credit ratings for obligors included within the 
Selected sector during the selected time horizon. 

10. A method in accordance with claim 9 wherein gener 
ating multi-period ETPMs comprises: 
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selecting a sampling technique for creating the ETPMS, 
wherein the sampling technique includes either overlap 
ping or non-overlapping sampling. 

11. A method in accordance with claim 1 wherein gener 
ating multi-period ETPMs comprises: 

retrieving financial data from a database for creating the 
ETPMs, wherein the retrieved financial data includes 
obligor credit ratings for obligors included within a 
Selected sector during the selected time horizon; and 

generating the ETPMs for the selected sector based on the 
retrieved financial data and a selected sampling tech 
nique, wherein the generated ETPMs are based purely 
on known historical financial data for the selected sector 
and the selected time horizon. 

12. A method in accordance with claim 1 wherein calcu 
lating the OTPM comprises calculating an optimized transi 
tion probability value for each of a plurality of credit states, 
wherein each value indicates a likelihood that a credit rating 
of an obligor will migrate from one credit state included 
within the plurality of credit states to another credit state 
included within the plurality of credit states. 

13. A method in accordance with claim 1 wherein selecting 
an objective function comprises: 

selecting an objective function including a probit transform 
function, wherein the probit transform function is 
defined by 

wherein the variable “x” is defined as a target transition prob 
ability value in the ETPMs, the variable “y” is defined as a 
candidate transition probability value in the OTPM, and e is 
an adder used to comply with the robustness property when 
the value of X is zero. 

14. A method in accordance with claim 1 wherein selecting 
an objective function comprises: 

selecting an objective function including an exponential 
function, wherein the exponential function is defined by 

wherein the variable “x' is defined as a target transition prob 
ability value in the ETPMs, and the variable “y” is defined as 
a candidate transition probability value in the OTPM. 

15. A method in accordance with claim 1 wherein gener 
ating a mathematical expression comprises: 

generating a mathematical expression to minimize a dif 
ference between target ETPM values and candidate 
OTPM values by applying predetermined constraints to 
the selected objective function, wherein the predeter 
mined constraints include at least one of strict equality 
constraints, monotonic decreasing property constraints, 
and monotonic increasing rating categories constraints. 

16. A method in accordance with claim 1 wherein gener 
ating a mathematical expression comprises generating the 
following mathematical expression for calculating the 
OTPM: 

T W W. 
In -m’| n MinX XXw, wie, G-1/e, 

wherein, m, represents a cell in the i" row andj" column of 
M, and m', represents a cell in the i' row and j' column of 
M", and w, represents an optimization weight fort" year, and 
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w, represents an optimization weight for transition probabil 
ity from i' toi" rating categories, and M, represents t” year 
optimized TPM, and M', represents t” year empirical TPM. 

17. A method in accordance with claim 1 wherein gener 
ating a mathematical expression comprises generating the 
following mathematical expression for calculating the 
OTPM: 

wherein, m, represents a cell in the i' row and j' column of 
M, and m', represents a cell in the i" row and j" column of 
M", and w, represents an optimization weight fort" year, and 
w, represents an optimization weight for transition probabil 
ity from i' toi" rating categories, and M, represents t” year 
optimized TPM, and M', represents t” year empirical TPM, 
and e is an adder used to comply with the robustness property 
when the value of X is zero. 

18. A system for generating an optimized transition prob 
ability matrix (OTPM), said system comprising a computer 
coupled to a database, said computer configured to: 

store within the database financial data including obligor 
credit ratings; 

generate multi-period empirical transition probability 
matrices (ETPMs) for a selected time horizon using the 
financial data stored within the database, wherein each 
generated ETPM includes transition probability values 
indicating a likelihood that a credit rating of an obligor 
will migrate from one credit state to another credit state 
during a time period included within the selected time 
horizon, the transition probability values included 
within the generated ETPMs are defined as target ETPM 
values; 

generate a mathematical expression to minimize a differ 
ence between target ETPM values and candidate OTPM 
values, wherein the mathematical expression is gener 
ated using an objective function including at least one of 
a probit transform function and an exponential function, 
and by applying predetermined constraints to the objec 
tive function; and 

calculate the OTPM from the generated mathematical 
expression and the financial data stored within the data 
base, wherein the calculated OTPM includes a first set of 
optimized transition probability values for predicting a 
likelihood that a credit rating of an obligor will migrate 
from one credit state to another credit state during a first 
time interval in the future. 

19. A system in accordance with claim 18 wherein said 
computer is further configured to generate a constrained opti 
mization problem by applying the predetermined constraints 
to the objective function. 

20. A system in accordance with claim 19 wherein said 
computer is further configured to create a representation 
schema for the constrained optimization problem that satis 
fies the predetermined constraints. 

21. A system in accordance with claim 20 wherein said 
computer is further configured to optimize the constrained 
optimization problem based on the representation schema 
using at least one of a nonlinear programming method, an 
evolutionary algorithm method, and a particle Swarm optimi 
Zation method. 
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22. A system in accordance with claim 18 wherein said 
computer is further configured to: 

calculate additional sets of optimized transition probability 
values by raising the calculated OTPM to successive 
powers wherein each Successive power represents a Sub 
sequent future time interval. 

23. A system in accordance with claim 22 wherein each 
additional set of optimized transition probability values pre 
dicts alikelihood that a credit rating of an obligor will migrate 
from one credit state to another credit state during the corre 
sponding future time interval. 

24. A system in accordance with claim 18 wherein said 
computer is further configured to: 

receive a selected business or geographical sector for cre 
ating the ETPMs, wherein the generated ETPMs and the 
calculated OTPM relate to the selected business sector 
or selected geographical sector. 

25. A system in accordance with claim 18 wherein said 
computer is further configured to: 

receive a selected time horizon for creating the ETPMs, 
wherein the time horizon includes a plurality of histori 
cal years, and each multi-period ETPM is for a one-year 
historical time period during the time horizon. 

26. A system in accordance with claim 18 wherein said 
computer is further configured to: 

receive a selected business or geographical sector for cre 
ating the ETPMs; 

receive a selected time horizon for creating the ETPMs; 
and 

retrieve financial data from the database for creating the 
ETPMs, wherein the retrieved financial data includes 
obligor credit ratings for obligors included within the 
Selected sector during the selected time horizon. 

27. A system in accordance with claim 18 wherein said 
computer is further configured to generate multi-period 
ETPMS by automatically selecting a sampling technique for 
creating the ETPMs, wherein the sampling technique 
includes either overlapping or non-overlapping sampling. 

28. A system in accordance with claim 18 wherein said 
computer is further configured to generate multi-period 
ETPMs by: 

retrieving financial data from said database for creating the 
ETPMs, wherein the retrieved financial data includes 
obligor credit ratings for obligors included within a 
Selected sector during the selected time horizon; and 

generating the ETPMs for the selected sector based on the 
retrieved financial data and a selected sampling tech 
nique, wherein the generated ETPMs are based purely 
on known historical financial data for the selected sector 
and the selected time horizon. 

29. A system in accordance with claim 18 wherein said 
computer is further configured to calculate an optimized tran 
sition probability value for each of a plurality of credit states, 
wherein each value indicates a probability that a credit rating 
of an obligor will migrate from one credit state included 
within the plurality of credit states to another credit state 
included within the plurality of credit states. 

30. A system in accordance with claim 18 wherein said 
computer is further configured to select an objective function 
including a probit transform function, wherein the probit 
transform function is defined by 
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wherein the variable “x' is defined as a target transition prob 
ability value in the ETPMs, the variable “y” is defined as a 
candidate transition probability value in the OTPM, and e is 
an adder used to comply with the robustness property when 
the value of X is zero. 

31. A system in accordance with claim 18 wherein said 
computer is further configured to select an objective function 
including an exponential function, wherein the exponential 
function is defined by 

wherein the variable “x' is defined as a target transition prob 
ability value in the ETPMs, and the variable “y” is defined as 
a candidate transition probability value in the OTPM. 

32. A system in accordance with claim 18 wherein said 
computer is further configured to generate a mathematical 
expression to minimize a difference between target ETPM 
values and candidate OTPM values by applying predeter 
mined constraints to the selected objective function, wherein 
the predetermined constraints include at least one of strict 
equality constraints, monotonic decreasing property con 
straints, and monotonic increasing rating categories con 
straints. 

33. A system in accordance with claim 18 wherein said 
computer is further configured to calculate the OTPM using 
the following mathematical expression: 

T W W. p 
in -in' m’ Min y y Wt, wife. tii 1. fe", 

wherein, m, represents a cell in the i' row and j' column of 
M, and m', represents a cell in the i" row and j" column of 
M", and w, represents an optimization weight fort" year, and 
w, represents an optimization weight for transition probabil 
ity from i' toi" rating categories, and M, represents t” year 
optimized TPM, and M', represents t” year empirical TPM. 

34. A system in accordance with claim 18 wherein said 
computer is further configured to calculate the OTPM using 
the following mathematical expression: 

T W W. 

MnXXX w., wild (m+8)/2)-d'I(ml+8)/2) 

wherein, m, represents a cell in the i' row and j' column of 
M, and m', represents a cell in the i" row and j" column of 
M", and w, represents an optimization weight fort" year, and 
w represents an optimization weight for transition probability 
from i' to j" rating categories, and M, represents t” year 
optimized TPM, and M', represents t” year empirical TPM, 
and e is an adder used to comply with the robustness property 
when the value of X is zero. 

35. A computer program embodied on a computer readable 
medium for generating an optimized transition probability 
matrix (OTPM), said program comprising at least one code 
segment that: 

stores in a database financial data including obligor credit 
ratings: 

generates multi-period empirical transition probability 
matrices (ETPMs) for a selected time horizon using the 
financial data stored within the database, wherein each 
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generated ETPM includes transition probability values 
indicating a likelihood that a credit rating of an obligor 
will migrate from one credit state to another credit state 
during a time period included within the selected time 
horizon, the transition probability values included 
within the generated ETPMs are defined as target ETPM 
values; 

generates a mathematical expression to minimize a differ 
ence between target ETPM values and candidate OTPM 
values, wherein the mathematical expression is gener 
ated using an objective function including at least one of 
a probit transform function and an exponential function, 
and by applying predetermined constraints to the objec 
tive function; and 

calculates the OTPM from the generated mathematical 
expression and the financial data stored within the data 
base, wherein the calculated OTPM includes a first set of 
optimized transition probability values for predicting a 
likelihood that a credit rating of an obligor will migrate 
from one credit state to another credit state during a first 
time interval in the future. 

36. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that generates a 
constrained optimization problem by applying the predeter 
mined constraints to the objective function. 

37. A computer program in accordance with claim 36 fur 
ther comprising at least one code segment that creates a 
representation schema for the constrained optimization prob 
lem that satisfies the predetermined constraints. 

38. A computer program in accordance with claim 37 fur 
ther comprising at least one code segment that optimizes the 
constrained optimization problem based on the representa 
tion schema using at least one of a nonlinear programming 
method, an evolutionary algorithm method, and a particle 
Swarm optimization method. 

39. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that calculates 
additional sets of optimized transition probability values by 
raising the calculated OTPM to successive powers wherein 
each Successive power represents a Subsequent future time 
interval. 

40. A computer program in accordance with claim 39 
wherein each additional set of optimized transition probabil 
ity values predicts a likelihood that a credit rating of an 
obligor will migrate from one credit state to another credit 
state during the corresponding future time interval. 

41. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that receives a 
selected business or geographical sector for creating the 
ETPMs, wherein the generated ETPMs and the calculated 
OTPM relate to the selected business sector or selected geo 
graphical sector. 

42. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that receives a 
selected time horizon for creating the ETPMs, wherein the 
time horizon includes a plurality of historical years, and each 
multi-period ETPM is for a one-year historical time period 
during the time horizon. 

43. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that: 

receives a selected business or geographical sector for cre 
ating the ETPMs; 

receives a selected time horizon for creating the ETPMs; 
and 
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retrieves financial data from the database for creating the 
ETPMs, wherein the retrieved financial data includes 
obligor credit ratings for obligors included within the 
Selected sector during the selected time horizon. 

44. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that selects a Sam 
pling technique for creating the ETPMs, wherein the sam 
pling technique includes either overlapping or non 
Overlapping sampling. 

45. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that: 

retrieves financial data from the database for creating the 
ETPMs, wherein the retrieved financial data includes 
obligor credit ratings for obligors included within a 
Selected sector during the selected time horizon; and 

generates the ETPMs for the selected sector based on the 
retrieved financial data and a selected sampling tech 
nique, wherein the generated ETPMs are based purely 
on known historical financial data for the selected sector 
and the selected time horizon. 

46. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that calculates an 
optimized transition probability value for each of a plurality 
of credit states, wherein each value indicates a likelihood that 
a credit rating of an obligor will migrate from one credit state 
included within the plurality of credit states to another credit 
state included within the plurality of credit states. 

47. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that selects an 
objective function including a probit transform function, 
wherein the probit transform function is defined by 

wherein the variable “x' is defined as a target transition prob 
ability value in the ETPMs, the variable “y” is defined as a 
candidate transition probability value in the OTPM, and e is 
an adder used to comply with the robustness property when 
the value of X is zero. 

48. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that selects an 
objective function including an exponential function, 
wherein the exponential function is defined by 
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wherein the variable “x' is defined as a target transition prob 
ability value in the ETPMs, and the variable “y” is defined as 
a candidate transition probability value in the OTPM. 

49. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that: 

generates a mathematical expression to minimize a differ 
ence between target ETPM values and candidate OTPM 
values by applying predetermined constraints to the 
selected objective function, wherein the predetermined 
constraints include at least one of strict equality con 
straints, monotonic decreasing property constraints, and 
monotonic increasing rating categories constraints. 

50. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that calculates the 
OTPM using the following mathematical expression: 

- 1/e, 
T W W. p 

In -in MinX X X w, wife', i. 

wherein, m, represents a cell in the i" row andj" column of 
M, and m', represents a cell in the i' row and column of 
M', and w, represents an optimization weight fort" year, and 
w, represents an optimization weight for transition probabil 
ity from i' toi" rating categories, and M, represents t” year 
optimized TPM, and M', represents t'year empirical TPM. 

51. A computer program in accordance with claim 35 fur 
ther comprising at least one code segment that calculates the 
OTPM using the following mathematical expression: 

T W W. 

MinX X. X. W., Wii ld-1 (m+8)/2- d ((m, 

wherein, m, represents a cell in the i" row andj" column of 
M, and m', represents a cell in the i" row and "column of 
M, and w, represents an optimization weight fort" year, and 
w, represents an optimization weight for transition probabil 
ity from i' toi" rating categories, and M, represents t” year 
optimized TPM, and M', represents t” year empirical TPM, 
and e is an adder used to comply with the robustness property 
when the value of X is zero. 
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