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JµPID VALUATION OF PORTFOUOS OF ASSBTS 

SUCH AS FINANCIAL INSTRUMENTS 

CROSS REFERENCE TO RELATED APPLICATIONS 

PCTIUS00/34668 

This application claims the benefit of U.S. Provisional Application No. 

60/173,639, filed December 30, 1999, which is hereby incorporated by reference in its 

entirety. 

BACKGROUND OF TilE INVENTION 

This invention relates generally to valuation methods for financial 

S instruments and more particularly to rapid valuation oflarge numbers of financial 

instrmnents. 

10 

A large number of assets such as loans, e.g., ten thousand loans or 

other financial instruments, sometimes become available for sale due to econonµc 

conditio~ the planned or unplanned divestiture of assets or as the result oflegal 

remedies. The sale of thousands of commercial loans or other financial instruments 

sometimes involving the equivalent of billions of dollars in assets must sometimes 

occur within a few months. Of~ the seller of assets wants to optimize the val~e 

of the portfolio, and will sometimes group the assets in "tranches." The term 

"tranche" as used herein is not limited to foreign notes but also includes assets and 

IS financial inStrument groupings regardless of country or jurisdiction. 

Bidders may submit bids on all tranches, or on only some tranches. Jn 

order to win a tranche, a bidder typicaiiy must submit the highest bid for that tranche. 

Jn connection With determining a bid amount to submit on a particular tranche, a 
. . 

bidder often wiil engage underwritif& to evaluate as many assets as possible within a 

20 tranche and within the available I:irilited time. When the tim~ for submitting a bid is 

about to expire, the bidder will evaluate the 8ssets underwritten at that time, and then 
• • ~ c .- • '" ~ ~ • ' . • - •. 

attempt to extrapolate a value to tlie ·auets that have not then been analyzed b~ the 

underwriters. 
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As a result of this process, a bidder may significantly undervalue a 

tranche and submit a bid that is not competitive or bid higher than the underwritten 

value and assume unquantified risk. Of course; since the objective is to win each 

tranche at a price that enables a bidder to eam a return, losing a tranche due to 

S significant undervalliation of the tranche represents a lost opportunity. It would be 

desirable to provide a system that facilitates accurate valuation ofa large nmnber of 

financial instruments in a short period of time and understand the associated 

probabilities of return for a given bid. 

. 10 

lS 

BRIEF SUMMARY OF THE INVENTION 

In an exemplary embodiment, an iterative and adaptive approach is 

provided wherein a portfolio is divided into three major valuations. Full underwriting 

of a first type of valuation of an asset portfolio is performed based upon an adverse 

sampl~- A second valuation type is efficiently sampled from categories of common 

deScriptive attributes, and the assets in the selective raiidom sample are fully 

underwritten. The third valuation type is subjected to statisti.cally inferred valuation 

using underwriting values and variances of the first and second portions and applying 

statistical inference to individually value each asset in the third portion. Clustering 

and data reduction are used in valuing the third portion. 

As the process proceeds and more assets are underwritten, the number 

20 of assets with values established in the first and ~ portjons _increase and the · 

number of assets in the third portion decreases and the variance of the valuation of the 

. assets in the third portion becomes more and more defined. More specifically, the 

assets in the third portion are evaluated by grouping the assets into clusters having 

probability of value based on similarity to valuation8 of asaets in the first and second 

25 portions. At all times, there is a notation of value of the ponfolio, but confidence in 

the valuation increases as the process progresses. Hypothetical bids are generated 

using the valuations to determine an optimum bid within parameters determined by 

the bidder. The optimum bid is identified through an iterative bid generation process. 

BRIEF DESCRIPTION OF THE DRAWINGS 

-2-



··---~=-

WOOl/50313 PCT/US00/34668 

~igure 1 is a flow diagram illustrating·a known process for valuing a 

portfolio of assets; 

Figure 2 is a flow diagram illustrating valuing a portfolio of assets in 

accordance with one embodiment of the present invention; 

S Figure 3 is a flow diagram illustrating, in more detail, one embodiment 

of a first portion of a rapid valuation process for large asset portfolios that breaks 

assets into categories of variance; 

Figure 4 is a flow diagram illustrating a second portion of a rapid 

valuation process for a large asset portfolios that aggregates from a basis to a tranche 

10 or portfolio basis; 

IS 

20 

Figure S -illustrates a probability distribution for exemplary assets 

whose recovery value is inferred; 

Figure 6 is a flow diagram of a supervised learning step of the process 

ofFigure3; 

Figure 7 is a flow diagram of an unsupervised learning step of the 

process of Figure 3; 

Figure 8 is an embodiment of the process for unsupervised teaming; 

Figure 9 is an embodiment of the generation 1. (fust pass) rapid asset 

valuation process; 

Figure 10 is a flow diagram of a fuzzy clustering method used in the 

unsupervised learning of Figure 8; 

Figure 11 is a pairoftableS showing an example of model selection 

and model weighting for a rapid asset evaluation process; 

Figure 12 is a table ~oWing exemplary attributes for a rapid asset 

2S valuation process; and 
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·Figure 13 is a cluster diagram of an exemplary clustering method for a 

rapid asset valuation process; and 

Figure 14 is a computer network schematic. 

DETAILED DESCRIPTION OF THE JNVBNTION 

S Figure 1 is a diagram 10 illustrating a known process for valuing a 

large portfolio of assets 12 through an underwriting cycle and through to making a bid 

for purchasing asset portfolio 12, for example, in an auction. Figure .1 is a high level 

overview of a typical underwriting and extrapolation process 10 which is not iterative 

and not automated. In diagram 10, underwriters ·underwrite 14 a number of indiVidual 

10 assets from portfolio 12 to generate an underwritten first portion 16 and an unto~ed 

remainder portion 18. Before any of the assets are underwritten, first portion 16 is . 
zero percent and remainder portion 18 is one hundred percent of portfolio 12. As the 

underwriting process progresses, first portion 16 increases and remainder portion 18 
. . 

decreases. The objective is to underwrite as many assets as possible before a bid is 

15 submitted for the purchase of asset portfolio. The team of underwriters continues 

individually underwriting 14 until just before a bid must be submitted. A gross 
r 

extrapolation 20 is made to evaluate remainder portion 18. The extrapolated value 20 

becomes the non-underwritten inferred value 24. The gross extrapolation generates a 

valuation 24 for remainder portion 18. Valuation 22 is simply the total of the 

20 individual asset values in first portion 16. However, valuation 24 is a group valuation 

generated by eXtrapolation and may be discounted accordiqly. Valuations 22 and 24 · 

are then totaled to produce the portfolio asset value 26. Valuation processes are 

perfonned on each tranche of the portfolio. 

Figure 2 is a diagram illustrating one embodiment of a system 28 for 

25 rapid asset valuation. Included in Figure 2 are representations of process steps taken 

by system 28 in valuating asset portfolio 12. System 28 individually evaluates 

("touches") every asset, except for a very small quantity 30 of untouched assets 

considered statistically insignificant or financially immaterial. Specifically. all assets 

in portfolio 12 other than quantity 30 undergo an iterative and adaptive valuation 32 in 
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which the assets in portfolio 12 are individually valued, listed individually in tables 

and then selected from the tables and· grouped into any desired or required groups or 

tranches for bidding purposes (as described below.) As in diagram 10, underwriters 

begin a full underwrite 14 of individual assets in portfolio 12 to produce a fully 

5 underwritten first portion 16 of assets. Underwriters also underwrite 34 a sample of 

assets in a second portion 36 of portfolio 12, and a computer 38 statistically infers 40 

value for a third portion 42 of portfolio 12. Computer 38 also n=Petitively generates 

44 tables (described below) showing values assigned to the assets in portions 16, 36 

and 42 as described below. In one embodiment, computer 38 is configured as a stand 

10 alone computer. In another embodiment, computer 38 is configured as a server 

connected to at least one client system through a network (shown and described in 

Figure 14), such as a wide-area network (WAN) or a local-area network (LAN). 

For example. and still referring~ Figure 2, an unsampled and non­

underwritten portion 46 of a third portion 42 of portfolio 12 is subjected to a statistical 

IS inference procedure 40 using fuzzy-C DleaI\S clustering ("PCM") and a composite 

High/Expected/ 1.Dw/ TiminglRisk ("HELTR'') score to generate two categories 48 

and 50. BELTR is defined as H-· High cash flow, E--Bxpected cash flow, L-1.Dw 

cashfl~w, T-Timingofcashflow(forexampleinmontbs:0-6, 7-18, 19-36, 

37--QO), and R:-Risk assessment of borrower (9--boxer uSed by credit analysts). 

20 Category 48 is deemed to have sufficient commonality for evaluation as a whole. 

Category SO is ftuth.er divided into clusters 52 and 54 that are, in tum, fiuther 

subdivided. Cluster 52 is divided into subclusters S6 and SS, white cluster 54 is 

subdivided into subclusters 60,. 62 and 64. Cluster and subclusters are shown both in 

a ntree" chart 66 and as boxes in valwition block 68. These individual asset values are 

25 then regrouped into tranches 70, 72 and 74 for bid purpose& Any number of tranches 

could be assembled in any arrangement set by the seller. 

Individual asset data (not shown) for each asset in portfolio 12 is 
- - . 

entered into a database 76 from which selected data 78 is retrieved based on a given 

criteria 80 for the iterative and adaptive process 32. When criteria 80 is established 

30 for valuation of any asset, that established criteria 80 is stored i~ ~abaSe 76 for use 
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in valuating other asset data in database 76 which shares such an established criteria. 

Iterative and adaptive valuation process 32 thus develops 82 valuations (described 

below) and groups 84 them for use in bidding. 

Figures 3 and 4 together form a flowchart 85 illustrating a functional 

5 overview of one embodiment of system 28 (shown in Figure 2) for evaluation of a 

large asset portfolio 12. Valuation procedures 14, 34 and 40 (see also Figure 2) are 

simultaneously and sequentially used in system 28 in a manner described below. As 

described above, full underwriting 14 is a first type of valuatio:Q. procedure._ Grouping 

and ~ampling underwriting 34 with full underwriting of the samples is a second type 

10 of valuation procedure. Statistical inference 40 is a third type of valuation procedure, 

which is an automated grouping and automated valuation. Procedures 14, 34 and 40 

are based on objective criteria established as described below. 

~s 

''Underwriting" as used herein means a process in which a pexson 

("underwriter'') reviews an asset in accordance with established principles and 

determines a current purchase price for buying the asset. During underwriting, the 

underwriter uses pre-existing or established criteria 80 for the valuations. "Criteria" 

means rules relevant to asset value and a rating based on such categories. For 

example, as a criteria, an underwriter might determine three years of cash flow history 

of the boITOwer to be a category of information relevant to asset valuation and might 

20 give a certain rating to various levels of cash now. 

Full underwtjting 14 is done in two ways, a full cash basis manner 86 

and a partial cash basis manner 88. Botti full cash basis manner 86 and partial cash 

basis manner 88 start with sets 90 and 92 of assets that are fully individually reviewed 

14 (s_ee Figure 2). Such .tbll review 14 is usually due to the large dollar, or other 

25 appropriate currency, amounts of the assets being reviewed relative to other assets in 

the portfolio or due to the b~wer being so well known or so reliable that the assets 

can be quickly and reliably fully underwritten or the assets are marked to market such 

that there is very little variance associated with the value of said assets. Asset set 90 

is evaluated by underwriters 94 and each asset in set 90 receives a valuation With very 

30 littlf' variation such as an asset backed with cash or a tradable co~ty with tbll 
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.cash value and is placed in a full value table 96. Selected indiVidual values for assets 

in table 96 are stored as a fully llllderwritten group value 98. 

Set 92 is evaluated by a team of underwriters 100, which could be the 

same as team 94, l;>ut each asset receive9 a discollllted or partial value and is placed in 

S a partial value table 102. Selected individual values for assets in a tranche in table 

l 02 are stored as a partial value fully underwritten group value 104. Criteria 80 

(shown in Figure 2) for full cash basis m8nner 86 and partial cash basis manner 88 are 

stored in database 76 (shown in Figure 2) in a digital storage memory (not shown) of 

computer 38 (shown in Figure 2) tbr use in supervised learning 206 and unsupervised 

10 learning 208 of automated valuation 40. 

Sampling underwriting 34 is accomplished using two procedures, a fUll 

sampling.106 procedure and a partial sampling 108 procedure. Full sampling 106 is 

utilized for categories of large assets and includes a one hundred percent sampling 110 

of the sample groups in the categories of assets being sampled. The assets in full 

15 sampling 106 are not in4ividually underwritten but rather are underwritten in full 

sampling groups 112 based on a determined commonality. A resulting full sampling 

group valuation (not shown) is created and then desegregated based on a rule 114 to 

generate an individual full sample asset value table 116. Individual tull sample asset 

values in table 116 are then uploacied electronically into any full sampling group 

20 valuation 118 required for bidding as suggested by the grouping of assets in a tranche. 

The number of ~ts in an underwriting sample grouping can be as little as one to any 

number of assets. Partial sampling 108 is for memum categories of assets and 

includes forming a cluster sample group 120 by one hundred percent sampling of a 

representative group i'<>m witlµn a cluster of the groups being sampled and random 

25 sampling of the other groups in the ciuster. In partial sampling 108, all groups are 

sampled, but some are partly valued by extrapolation ftom cluster sample group 120. 

Partial sampling 108 includes an asset IMI re-underwrite 122 with manual data entry 

125 to produce an alpha credit analyst table 126 which is given an asset class 

adjustment 128 to produce an adjusted credit analyst table 130. As described.above, 

30 individual assets are selected from adjusted credit analyst table 130 accOrding to 
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.tranche grouping to produce a partial sampling credit value 132 for use in bidding on 
tranche 70 (shown in Figure 2). 

Automatic valuation procedure 40 utilizes supervised learning process 
206, an unsupervised learning process 208 and an upload from a statistical inferenciIJg 

S algorithm 134 to generate an underwriting clusters table 136 which is stored in a 
digital storage device. Jn supervised learning process 206, an experienced underwriter 
who knows what questions to ask to establish value, assists the computer in 
determining whether or not an asset is a good investment and how to value the asset. 
In unsupervised learning process 208, the_ computer segments and classifies assets and 

10 objectively self-evaluates the assets based on feedback from the data. An underwriter 
periodically reviews the unsupervised learning process 208 to detennine whether the 
computer is making sensible underwriting concl~ons. The computer uses statistical 
algorithms 134 to make its inferences. For example, but not by way of limitatio~ one 
embodiment uses the Design For Six Sigma ("DFSSi') quality paradigm developed 

IS . and used by General Electric Company and applied in a Due Diligence ("DD") asset 
valuation process using a multi-generational product development ("~OPD") mode to 
value the asset data with increasing accuracy. Learning processes 206 and 208 
incorporate the accumulated knowledge as the valuation progresses into cash flow 
recovery and probability of recovery calculations on an ongoing, real time basis. 

20 Supervised learning process 206 uses business mies to identify clusters of assets 
having common aspects for valuation purpoies. Unsupervised learning process 208 
uses feedback from prior data valuations performed by procedure 40 to determine if 
progress is being made with respect to increasing valuation confidence. Identification 
of all available raw data and discovery of interrelationships of clusters of these 

2S available raw data is possible due to the use of high-speed computers, as is described 
below. 

In one exemplary embodiment, a fuzzy clustering means ("FCM") 
process of unsupervised organization of raw data using a HELTR scoring technique is 
employed to infer valuations of credit scores onto assets in portfolios, as described 

30 below. Such clustering techniques have been developed in response to more 
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sophisticated classification segments to describe assets and high asset counts in 

portfolios that must be assessed in time periods that do not allow manual processing. 

One exemplary method first organizes valuation scores (static and/or 

probabilistic recoveries) in a computerized system. Adjustments are then made to the 

S valuation scores for special factors and business decisions. Then a reconciliation of 

multiple valuation scores describing the same asset and an overall adjustment to 

interview/override the interred valuation is performed. 

Organizing valuation -scores is performed by collating, in electronic 

form, a cluster number, a cluster name, descriptive attnbutes of the cl~s), 

10 probabilistic recovery values (an illustrative example is a HELTR score) and the 

underwriter's confidence in each cluster's valuation based upon the strengths of each 

cluster's descriptive attnl>utes. The cluster number is a unique identifier of a specific 

set of descriptive attributes that are facts about an asset which a person skilled in 

evaluations uses to assess value of an asset. Examples of descriptive attributes· 

15 include, but are not limited to, payment status, asset type, borrower's credit worthiness 

expressed as a score, location and seniority of a claim. The cluster name is, in one 

embodiment, an alpha-numeric name that describes the cluster's descriptive attributes 

or sources. One example of descriptive attributes is found in Figure 12, described 

below. 

20 Descriptive attn'butes are the facts or dimensions ~vectors that were 

used to d.eveloP the asset's value. Computer logic is used to check for replicated . 

clusters, if any, and alert the analysts or underwriters. 

Because each asset can be described by many combinations of 

descriptive attributes, various levelS of vatue for the same asset may occur. 

25 Probabilistic recovery values or credit score or any numerical indication of the asset's 

Worth are indicators of worth deSiSi*ect at the discrete asset level All of the 

information from the various descriptive attnoutes is synthesized such that a purchase 

or sale price can be ascertained as - fuced value or a probabilistic one. An illustrative . 
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embodiment used herein is the HELTR score. Each cluster has a unique set of 
descriptive attributes and designated HBLTR score. 

Every cluster's unique attributes contribute to a valuation of cluster 
value. Different combinations of attnbutes provide a higher confidence or confidence 

5 interval of a particular cluster's score. For example, if any asset was described as a 
green piece of paper with height equal to 2.S" and width equal to S" - one might 
ascribe a value of 0 to 1000 dollars and place very little confidence in this assessment. 
If this same asset was described with.one more fact or attribute or vector as being a 
real $20 US bill, one would place a very high confidence factor on tbi~·Cluster value 

10 of$20 US dollars. 

A cluster's valuation and confidence is determined at a point in time . -
and recorded. Sometimes new information becomes available and the analyst would 
like to alter the value(s). The value is altered nianually or automatically with a data 

field and decision rules, in the automated fashion via computer code. The prior values 
lS are manipulated to reflect new intbrmation. As an illustrative example, assume the 

p~or cluster confidence was recorded at 0.1 and it is learned that a different asset with 
exact descriptive attributes as in this cluster just sold for over the predicted "most 
probable" value. Rules were in effect such that if this event occurred, c~ 
confidence is multiplied by 10. 0.1 x 10 = 1 which is the revised cluster confidence. 

20 The purpose of such a process is to reconcile multiple scores for the . 
same asset, confrolling for the confidence associated with each source of valuation of 
each dimension of valuaD:on. Using the BEL TR as an illustrative example with 
sample data points on a particular asset~ 

~ Cblll!r lfilll Ill la llml ~·"!* - Ill la Ilml 111-

I Liea .85 .62 .JS 3 .3 (.311.65)(.85) (.3/US)(.62) (.3/1.65)(.JS) ~1.65)(3) 
positions---2 Asset .45 .4 .31 3 .7 (.7/1.65)(.45) (. 7/J.65)(A) (.7/1.65)(.31) (.71US)(3) 
classification 
-indllllly· ·-3 Coonllaales. .9 .5 .2 2 .65 (,65/1.65)(.9) (.6511. 65)(.5) (.6Sll .54X.2) (.65/1.65)(2) 
use- .. bcmowcr 

n JI " 1.65 .6999 .4792 .2374 2.6051> 
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The cluster consensus valuation is a high value of .6999, most likely 

.4792, low .2374 with. a timing of2.60S9. Different logic can be applied to 

manipulate any of the weights. 

5 The consensus scores are developed in the context of global 

assumptions. Should a global assumption change occur, process steps 128, 138 are 

included in the methodology to weight the consensus score. illustrative examples are 

fraud discovery in certain valuation factors, macroeconomic changes, fungible market 

value established for an asset class, and loss of or increase of inferenced asset 

10 valuation methodologies relative to other methodologies being emplored· 

In another embodiment, a cross correlation tool is used to quickly 

und~ and descn'be the composition of a portfolio. Typically, the tool is used to 

correlate a response of a user selected variable versus other variables in an asset 

portfolio. The tool quickly identifies unexpectedly high or low correlation between 
'. 

IS two attribute variables and the response variable. Attribute variables are of two types, 

20 

continuous and categorical. The cross correlations are computed by the correlation 

tool between all variables of interest and their bin or level and presented , in one 

embodiment, in a two dimensional matrix ·for easy identification of trends amongst the 

assets in the portfolios. 

First, the cross-correlation tool identifies attribute variables in the 

portfolio of assets as one of continuous or categorical. For each variable aggregation 

levels are computed by bins for continuous variables and by value for categorical 

variables. 

A user looking to identify correlations with the tool will select a 

25 response variable, Yr, for exa1nple, mi expected recovery or count. For all 

combinations of pairs of attn"bute vanables (xl and :x2) and their levels (a and b), 

compute the average value of the response variable, Y,, according to: 

Yr= sum(Y(xl =a and x2 = b)) I count(xl =a and x2 7. b). ·· . 
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An expeeted value, Y expcctt of the response variable is calculated 

aecording to:. 

Y expect= ( sum(Y{xl=a)) * count(xl=a) + sum(Y(x2=b)) * count(x2=b) 

) ) I (count(xl=a) * count(x2=b)). 

A deviation, Y error, of the chosen response variable, Yr, from the 

expected value , Y expectt using weighted values of occurrence of xl =a and x2=b 

separately, is calculated by: 

In one embodiment, expected values and deviations are displayed in 

10 multi..cJimensional displays to make variations from expected values easy to identify. 

Jn another exemplary embodiment, a transfer tunction process that 

converts raw data into the ultimate bid price is used, as descn"bed below. T&J?le 136 is 

electronically adj\isted using modified coefficients deVeloped in procedures 14, 34 and 

40 to give a coefficient adjustment to a credit score 138 for the asset and to generate . 

15 an adjusted credit analyst table 140 of inferred individual asset credit values. 

.20 

25 

Individual asset values are taken ftom table 140 as required by tranche grouping to 

generate an inferred credit valuation 142. Finally an extrapolation is made on the 

negligible remainder 30 of "untouched" assets to generate a table of untouched assets 

144. Values from table 144 are selected to generate an untoUched asset valuation. 

Full cash valuation 98, partial cash valuation 104, :tbll sampling credit 

valuation 118, partial credit values 132, inferred credit value 142 and any value 

assigned from untouchecl asset table 144 are cumulated and are mutually exclusive 

with the priority being fhll cash valuation 98 to infeired credit value 142 

consecutively. A sum of the valuations represents value of the portfolio. 

Figure 4 is a flow diagram of a bid preparation stage 168 performed by 

system 28 (shown in Figure 2). The cumulated valuations 98, 104, 118, 132,.142 and 

144 are combined in a risk preference loan level valuation step 146. ·A deterministic 
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cash flow bridge 148 is produced using a cash flow timing table 150 to develop a 

stochastic cash flow bridge 152. A stochastic or probabilistic cash flow bridge 152 is 

created and used to determine a proposed tranche bid price 154 to which is applied a 

tranche model 156 iteratively until a certain threshold 158 is reached. Threshold 158 

S is, for example, an intema1 rate of return ("IRR'? greater than some value, a certain 

time to profit (11TTP11)~ and a positive net present value (''NPV"). 

In general, NPV is defined as: 

NPY = ~o + ~ (Equation A) 
l+r 

where Co is the investment at time 0, C1 is the expected payoff at time 

10 1, and r is the discount factor. The basic idea is that a dollar today is worth more than 

a dollar tOmoll'Ow. 

In the case of insurance policies, NPV is defined as: 

15 where Pis the premium, Eis the expected ?-Ominal cost, and C is the claim cost. In 

essence, Equation B is how net mcome as the difference of profit and weighted 

expected risk is generated. Note that the summation is summing across all the 

policies in a specific segment Also note that all the pfemium, nominal co~ and 

clahD. cost have been discounted before entering the equation. As a result, a 

20 profitability score is generated. 

If threshold conditions 160 are met, bid 154 is subjected to a simulated 

bid opening ~ysis 161 to prediCt whether the bid can be expected to be a winning 

bid. An outcome of a sealed bid auction depends on sizes of the bids received from 

each bidder. Execution of the auction involves opening all of the bids and selling the 
25 · items op for auction to the highest bidder. Jn traditional sealed bid auctions, l:!idders 

are not l}llowed to change their bids once their bid is submitted and bidders do not 
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know the bids placed by other bidders until the bids are opened, making the outcome 

of the auction uncertain. By placmg higher bids, a probability that the auction will be 

won is higher, but value gain is lower if it was possible to have won the auction at a 

lower price. 

Simulating competitive bidding increases the probability of capturing 

the highest upside of profitability by setting a range of bid/sale prices that have a 

propensity to exhaust any competing bidder's purses before ones own purse such that 

the most desirable assets transact with.the highest preservation of capital. Pricing 

decisions are brought into focus by an analytically robust process because pure 

.10 anecdotal business judgment can be augmented by· a data driv~ approach not subject 

to a hidden agenda, personality or unilateral knowledge. 

Each potential bidder has a range of possible bids that might be 

submitted to a sealed bid auction. The range of bids can be expressed as a statistical 

distribution. By stochastically sampling from a distn"bution of bid values, one 

IS possible auction scenario may be simulated. Further by using an iterative sampling 

technique, for example a Monte Carlo analysis, many scenarios are simulated to 

produce a distribution of outcomes. The distribution of outcomes include a 

probability of winning the auction item(s) and the value gain. By varying the value of 

ones own bid, a probability of winning the auction against ones own bid price can be 

20 detennined. 

The following core elements are used to simulate a competitive bidding 
. . . . ,.. . . - . 

yield, codification of market mies and contracts into computerized business rules, 

codification of potential competition/market forces, forecasted budgets and priorities 

into a preference matrix, one's own bidding capacity, preferences, rislc/retum tradeoffs 

2S agreed to codified into a preference matrix, and a computerized stochastic 

optimization. 

Analysis 160 simulates a competitive environment with other 

companies having various financial capabilities bidding against the bids calculated by 

S¥Stem 28. In one embodiment, analysis 160, for example and without limitation. 

-14-



I 

WOOl/50313 PCTIUS00/34668 

includes a total bid limit such as would be the case where the total value of the assets 

exceed the financial capabilities of the entity using system 28. In one em~diment, 

analysis 160 might assess the profitability, in such case of limited resources to bid, of 

bidding on various combinations of tranches. Analysis 160 also takes into account 

5 past history in bidding against known competitors and information on the various 

types of assets preterred by competing bidders. In analysis 160, the tranche bid is then 

eval~ and set by management 162 and a final trmche bid 164 made. All 

valuations prior to the making of the bid 164 can be repeated as desired. Further, 

since the process is self-adjusting and iterative, the tranche bid price 164 tends to 

10 climb upward with each iteration as more and more value is found by the iterations 

performed by system 28. 

The process described by flowchart 85 includes an evaluation stage 166 

(shown hi Figure 3) and a bid preparation staF, 168 (shown in Figure 4). Evaluation 

stage 166 includes procedures 14, 34 and 40. Evaluation stage 166 nms constantly 

15 until stopp~ with the automatic ~uation procedure 40 and sampling procedures ~4 

attempting to find extra value in various assets or categories of assets. 

Referring once again to Figure 2. and in accordance with rapid asset 

valuation, data categories 170, 172 and 174 within the assets of portfolio 12 are 

identified on each asset and sto~ in database 76. Iterative and aclaJ>ti:ve valuation 

20 process 32 takes :portions of selected data. 78 and applies criteria 80 to the portions of 

selected data 78 in a statistical manner to increase the .known asset value rather than 

~e asset value being a gross extrapolation 20. Jn accordance with method 28 the 

assets are divided into at least first portion 16. second portion 36 and third portion or 

remainder 42. Using procedure 14, the assets in portion 16 are fully underwritten to 

25 determine valuation 98 and partial value .fully underwritten valuation 104 and to . 

establish criteria 80 for such valuation. Using procedure 34, process 28 samples a 

quantity of assets from sC09nd portion 36 representative of groups in second portion 

36 to detennine full sampling group valUation 118 and partial sampling credit values 

132 for second portion 36 and to estta>lish additional Criteria 80 for such valuation. 

30 Using ~ure 40, partially wpervbed learning process 206 and partially 
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unsupervi_sed learning process 208 are performed by an automated analyzer such as 

computer 38 of Figure 2. In order to learn, the automated analyzer extracts 

establish'.ect criteria 80 and selected data 78 as to third portion or remainder 42 and 

divides third portion 42 into portions 46, and then further divides each portion 46 into 

S · categories 48 and SO and category 50 into clusters 52, 54 and clusters 52, 54 into 

subclusters S~, 58, 60, 62 and 64 using criteria 80 -imported from database 76 and each. 

of processes 206 and 208. Individual asset valuations are established for the assets in 

subclusters 56, 58, 60, 62 and 64 by statistical inference. 

The individual asset valuations are listed in cluster tables 136 (see 

IO Figure 3) and after adjustment 138, listed in a credit analyst table 140: The 
. . 

established criteria 80 are objective since criteria 80 come from database 76 where 

they have been placed during full underwriting procedure 14 and sample underwriting 

procedure 34. In other words, information obtained in .full value table 96, partial 

value table 102, table 116, alpha credit analyst table 126, adjusted credit analyst table 

IS 130, adjusted credit analyst table 140 and untouched asset table 144 fOr all assets is 

placed into database 76 in a digital storage device, such as the hard disk storage 178 of 

computer 38, and correlations are made by procedure 40 with criteria 80 from 

procedures 14 and 34. During procedure 40, criteria 80 which are of statistical 

significance with an acceptable degree of reliability, are entered. That is, procedure . 

20 40 iteratively learns as it values an4 establishes criteria 80. Supervised learning 

process 206 and unsupervised learning process 208 increase the accuracy of . . 
statistically inferred valuation 142 by correlating to established criteria 80 in database 

~ . . . ·. 
76 on assets in fit11y underwritten first portion 16 and assets in sample underwritten . 

second portion 36. Selected data 78 related to one or more assets in third portion 42 

25 similar to selected data 78 on assets in portions 16 and/or 36 are located in database 

76 and then by statistical inference,. a value for each asset in third portion 42 is 

determined from the located information. 

During the~ described by flowchart 85, assets are valued at an 

individual asset level, and the hidiviJlual asset values are tabulated or grouped.in one 

30 or ~oi:e combinations. To have maximum flexibility for various bidaing scenarios, 
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any subset of portfolio 12 is valued and priced separately in a particular time frame. 

In known process 1 O, if a seller of assets regroups the assets, for example from 

groupings by asset company to groupings by geographical location of borrowers, 

revaluation of bids may be inadequate because gross extrapolation 20 will need to be 

S performed. In using system 28, because individual asset values are deve~oped and 

listed in tables 96, 102, 116, 130, 140and144, these values can be electronically 

regrouped into different valuations 98, 104, 11 ~ 132, 142 whose "food chain,, 

selection criteria is mutually exclusive and selectable by the analysts conducting the 

evaluation and is further. described below. If the seller groups ~e assets, then 

10 grouping according to seller groups or tranches is easily made and an appropriate . 
valuation 146 developed for that tranche. The individual asset values are thus easily 

regrouped for third portion 42 to objectively obtain an inferred v_aluation 142 for that 

group or pmiche. 

Many me~ds may be employed to establish asset value. Depending 

15 upon the objectives of the valuation, the relative merits of different valuation 

methodologies establish the desirability of the valuation techniques for a particular 

asset. One methodology is similar to a "food chain" which preserves assumption 

development methods yet selects the intervals with the highest confidence intervals. 

In one introductory illustrative example of a food chain, one may prefer 

20 to value a financial asset more by what similar assets trade in the open market for 

versus an indi~dual's opinion. In milk order, the market-to-market value is selected 

over an'individual,s opinion. 

~ the same way assets in a portfolio with a forecasted cash flow 

recovery may be evaluated by a number of valuation techniques. The typical objective 

2S is to establish, with as high a probability available, what the future cash flow will be. 

The valuation methodologies ~ ranked in order of their capability to accurately 

quantify cash flow, or cash equivalent, forecasts with the least downside variances 

and/or maximum upside variances. The asset is valued by all available methods that 

have merit, or may have business logic rules to eliminate duplicate work when it is 
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known that more accurate methods will preclude the need to assess an asset's 

valuation once the best method has been employed. 

In order to provide the best forecast of asset value, assets are evaluated 

by each method within a food chain until such time as they are valued by the best 

S available method for each particular asset. Once this best value is found, the asset is 

said to have its value, irrespective to other values lower (with more variance) in the 

food chain and is sent to the completed state. 

As an example, a portfolio of assets is evaluated using a food chain. 

The first valuation method in the food chain is the one which most closely matches 

10 the valuation objectives - namely to find the value with the highest degree of accuracy 

(tightest confidence interval). As soon as the asset is valued by a methodology for 

which a value was established for that unique asset, it is sent to the valuation table and 

removed from any further steps in the food chain. A list of assets from the original 

portfolio that did not match any valuation methods is kept in the untouched asset 

lS table. The objective is to drive this untouched table to zero assets. 

One example of a food chain is as follows, in order of preference. (a) 

100% cash in hand for the asset. (b) partial cash in hand for the asset, (c) liquid ·market 

value for like asset. (d)direct underwrite, and ( e) inferred underwrite. 

The food chain approach provides an ability to find the best probability 

20 distribution shape, reduces probability distribution variance (especially on the 

downside tails), provides capability to establish probability distill>utions·quickly while 

preserving all available knowledge in the constituencies and provides the ability to 

provide the best estimate of value at any point in the discovery process. 

As shown in Figure 4, the general :framework of bid preparation sta~e . 

2S 168 is to price bid 164 similar to option valuation paradigms where the winning 

investor will have the right, but not the obligation, to recover the investment. The 

values are desegregated into three parts for each tranche, a time value of money 

component, an inherent value component and a probable cash flow component. The - . 
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time value of IQ.OJle)' and the inherent value are deterministically calculated and have 

little variation once established. The time value of money is computed by taking a 

firm's cost of capital for a low risk investment multiplied by the investment for the 

applicable period which represents an opportunity for alternate investment that is 

S foregone in order to make the present investment. Inherent value is a known liquid 

asset value, which is in excess of the purchase price and is available immediately after 

taking control of the assets. One embodiment is a well traded seeurity purchased 

below market value as part of a portfolio. Probable cash .flow variance is a :function of 

the assumptions a due diligence team makes and the process it selects to convert raw 

10 . data into a cash flow recovery stream. The systems described herein are configured to 

reduce negative variances and find value. 

F_igure S is a triangular probability distribution graph for a typical 

minimuni three-point asset evaluation 180. In accordance with process 40 a mininnim 
of three cases per :financial instrument are evaluated. A vertical axis 182 denotes 

lS in~g probability and a horizontal axis 184 denotes increasing portion of 

recovery. A liquidation or worst case peicentage 186 of a face value line 188, a best 

case percentage 190 of face value 188, and a most probable case percentage mi4 
recovery value 192 of face value 188 are shown. The probability of worse case 

percentage 186 is zero, the probability of best case scenario 190 is zero and a 

20 probability 194 of the most probable percentage 192 of recovery is a value represented 

by point 196. The size of an area 198 under a curve 200 defined by a line connecting · 

points 186, 196·and 190 is representative of value in the asset. The notational asset 

value holds to an area 202 of a Rctaiigle bounded by a 100 % probability line 204 of a 

100 % recovery of face value 188 is a measure of the portion of face value 188 that 

25 can be attributed to the asset ~ed by curve 200. Points 186, 196 and 190 and 

lines 188 and204, andthusareas.i98 anci202. will varydependingonselecteddata 

78 chosen for the asset in question and criteria 80 applied to the asset and asCribed 

probabilities of asset value recovery. Horizontal axis 184 can be expressed in 

currency units (e.g. dollars) rather than pettentage of face value. When currency units 

30 are used, areas 198 under curves 200 for different assets will be in currency units and 

thus areas 198 relate to each otlier in magnitude and hence in significance to overall 
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bids 70, 72 and 14. The more that is known about the asset, the more curve 200 can 

be refined. Statistics are applied to curv~ 200 as cri~ 80 are established to help 

establish the location of points 186, 196 and 190 and hence area 198 and thus the 

expected. value of the asset. The timing of cash flows, which affects value, can be 

5 based upon histogram results of the timing attnoutes. 

For example, the cash flow recovery timing can be broken down into 

three bins of0-6 months, 7-12 months, 13-18 months, and so on. The automated 

analyzer 38 using algorithm 134 can select the bin width based upon a sensitivity 

study trade off of timing to valuatlon against the gauge recovery and rate determined 

10 possible by an underwriter. In an exemplary embodhnent, a minimum of 4 bins . . 
should be utilized when the discount factor is more than 25%. For a discount factor 

between 10 and-25, a minimum of 6 bins should be used to cover the likely recovery 

periods. 

In accordance with procedure 40 other sources of data are chosen that 

15 an underwriter would be able to utilize to assess value in a ~ial instrument. 

Criteria 80, established by underwriting teams 94, 100 114, 122 and 140 in procedures 

14 and 34, are useful in that regard. In accordance with the process described by 

flowchart 85, raw data is turned into a recovery and a mle set is selected to apply a 

valuation to the raw data and this rule set is coded into the valuation database in the 

20 form of criteria 80. Each time a cluster is touched by multiple hits during a valuation 

in procedures 1~, 34 or 40, a consensus forecast is developed and applied to the 

cl~. In accordance with system 28, the probability distributions of cash flow& and 

timing at the tranche level is determined by developing valuation transfer timction 146 

at the asset l~el which will take raw data, rationalize the assumptio~ that data will 

2S generate and aggregate the valuations of the individual assets in the tranche. 

Since all recoveries are not homogeneous, a method to establish the 

variability of cash flow recoveries is provided. Individual assets are clustered by 

group exposure. As much face value as possible is traditionally underwritten in the 

time pennitted, recognizing that a sizable sample remains for cl~ c1UStering 
30 reserves are estimited using a sample size equal to one hundred forty five plus 2.65 % 
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of the face count and a regression analysis of variance. This produces sample sizes of 

thirty for a face count of 100 assets, 150 for a face count of 1,000 assets, 400 for a 

face count of S,000 assets, 500 for a face count of 10,000 ass~ and 600 for a face 

count of20,000 assets. 

S During statistical inference procedure 40. assets remaining in third 

portion 42 of portfolio 12 are clustered by descriptive underwriting attributes or 

criteria 80 and random samples are taken from each cluster and the sample 

undenvritten. In one embodiment, sampling ftom a cluster in procedure 40 is stopped 

when asset level mean variance falls below 10%. In another embodiment, sampling is 

10 stopped when trancpe level mean variance falls below 15%. Portfolio mean variance 

is not used as a stop point if the potential unit of sale is less than the entire portfolio. 

In accordance with procedure 40, recovezy valuation of the cluster sampling is 

inferred onto the corresponding cluster population. In using system 28, the goal is to 

touch each inferred asset valuation via three or more unique clusters. During 

15 procedure 40 a cluster's underwriting confidence and descriptive attribute's relevance 

is weighed. 

By way of example, without limitatio~ 0 =no confidence that this 

cluster's descriptive attributes will provide a meaningful valuation; 1 =complete 

confidence that this cluster's descriptive attributes will provide as accurate of a 

20 valuation as individually underwriting each instrument. and numbers between 1 and 0 

indicate partial confidence in the valuation. Reconciliation of these values occurs 

within adjusted credit analyst table 130. In procedure 40 cash flow at asset level is 

then adjusted by macroeconomic coefficients within adjusted credit analyst table 140. 

Macroeconomic coefficients are, in one embodiment, associated with major asset 

25 classes such as for example, without limitation, real-estate Msidential loan or 

commercial equipment loan. The coefficients can be globally applicabl~ such as by 

way of example without limitation. legal climate, gross domestic product ("GDP") 

forecast, guarantor climate, collections efficiency, borrow~ group codes, and the like. 

One method for sampling a portfolio include& search(ng among key 
30 asset, borrower, and coJlateraf characteristi~ for attn'butes which heavily influence I 
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generate risk. Table A below provides one example list of portfoliQ attributes in an 

asset valuation scenario. 

Table A: Portfolio attributes 

Bonuw8r Size (by BonowerGIOUP UPS) 
Secured 
SyndlcalMJ (yes I no) 
Guaranteed 
l.osn 1}'pe (Tenn, RevoMng. etc.) 
% UPS tloln UeM In First Poaftlon 
Collectlon SCOl9 (0=8a4 1=Good) 
12-manlh collectfona % of UPS 
" of Last Payment far Pdnt:lpaJ 
# BonowerLoans 
Loan1t paitlon Of IJomJwer UPS 
SJngle Fllllllly Resldem:e 
Res1dentlal 
Retail 
lndulfdal 
Hospftal 
Ho8plta/ly 
Mulllfamlly. 
Land Developed I Ul.1f/ev9/0ped I other 
Ottlce 
Sloc:k I Malfl/n Loans 

Segmentation of the asset attributes is accomplished by encoding of 

attributes ·into "dummy variables". ·For example, a common asset attribute is "Has 

borrower made a payment in the last 12 months?", which would be encoded in a 

variable as a "1" if the answer is yes, and "0" otherwise. Similar "dummy variables" 

10 are used for other asset attnl>Utes. 

The segmentation procedure is completed by using any statistical 

procedure which process the encoded asset attnl>utes in such a way so as to segment 

the portfolio Dito groups of similar assets. One such algorithm is K-means clustering. 

In an example, where three asset attributes, Unpaid Principal Balance (UPB), 

lS Probability of Payment, a scale from 0 to 1; and Secured Score, a probability of being 

secured by real estate collateral are used, the assets might be classified into five 

groups with similar attributes. 
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Once the groupinp of assets is made, the number of samples to be 

taken and submitted for further underwriting review is calculated by establishing the 

confidence level with which statements can be made about the total recoveries in each 

segment (k), establishing the precision with which one wishes to estimate the total 

S recoveries in each segment (h) and providing an a priori estimate of the leyel and 

range of recoveries as a percentage of total Unpaid Principal Balance (UPB) ( R ), 

according to: 

n 7samplesize 

N =cluster size 
x1 = UPB for sample i 

Y1 =recovery for sample i 
N 

LY1 
R ;,,.-7;- =cluster expected recovery% 

LX1 
l 

[ ] 
r .f y 1

2 f <Y, -ax,>2 
h
2 = k2 x~ }..,. ; xtt:J._[ n ] 2 x N-l (Equation C) 

LX1 
. I 

N " 
h =error tolerance for estimating Y = LY1 with YR 

l 

" JI 

N LY1 N LP,X, . N 

Ya= Rx I:x, =l!f!-x ,l:x, = ~x L-\i (Equation D) 
••t I:x, , .. , £x, '"" ,... . .... 

k = constant in Tchebys~s J:torlnula : 

lfR - µ911 J ~ k~Yarcfa) with p?Otiability :i!: 1- k~ 
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By solving Equation C for n, required sample size for the given cluster 
is obtained. Solving Equation C further allows the user to state, with probability 

1- ; 2 the calculated sample size, n, and associated underwritten values will estimate 

the total cluster recoveries to within an error of h, assuming that estimates of total 
S segment recoveries are determined using Equation D. 

In practice, it is difficult to estimate variability in total recoveries 
without available data. A spreadsheet tool implements the above by generating data in 
a Monte Carlo simulation, and guiding the user through an analysis of the results until 
a favorable sample size is derived. 

10 Table B provides an example output from a study of a group of 20 

15 

loans, with estimated (expected) recoveries between 200At and 30% ofUPB, and a 
range ofUPB between IMM and 2MM. Eight samples aie needed to estimate the 
total recoveries for the 20 loans to within 10% of actual, with 75% confidence. 

Table B: Sample Size Spreadsheet Wizard 

'a 1:11 . 
2 711.1111 1,411,11111 11,447,at 27A 27,259 
3 ...., 1,181,4111 .. -.- 27.TS 12.llG 
4 411.111 2.3W.2GI UIU1lt 27.4'5 (20,tm) 
5 ... .,.,. 2.MUIO 10.7111.412 21.- 10.711G • .. , .. 3,181,1111 1U07AI 27.ft 11,317 
7 1122.51• UIUll 14.1111.1• zra (32.ml) 
8 84.718 4,580,11$ 11,911,218 27.1'5 (28.114) 
I 713,112 1,2114,1'1 19,440,131 21.a 21,241 
to ....... ..... 2t,f&1,lflt 27A'5 21,3111 
11 731,aM ....... 14.1111,81.c 27.1'5 ,..,,.., 
12 m.1• ., ...... .... , .. 21.1'5 311,151 
11 741.411 • 7.tlll.l48 ... , 21.a (11,7301 
14 4111,111 8,11a.tll 30,128,711 21.ft ti.Oii 
111 1117.111111 •• ,..1• ......,, 21.1'5 144.all ,. ....., .. ....... ..... 21.1'5 ... 
17 711.111 to.447.431 --- 27.3'5 --t• 877.ltt 1t,t25,ICll .... .,.,... 27.3'5 (10.741) ,. ..... , 11.-.- ...... 27.4'5 34,71D 
20 434.7111 12,123.llt 4f.111U21 27.115 311.110 

The appropriate variance adjusted forecast is made for each asset and 
the valuation tables are constructed to include every asset in the portfolio. The 

20 recovery is valued with continuous probabilities at the unit of sale, which in one 
embodiment is a tranche. In the use of system 28, internal rate of return ("IRR j ~d 
variance would then be assessed. Preferred tranches have lower vari~ces fur a given 
IRR. The probability of each tranche's net present value (1'NPV") to be above 0 is 
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assessed using the project's discount rate. A discount rate is determined from the 

opportuniti cost of capital, plus FX swap cost, plus risks in general unc~ties 

inherent in the variances of forecasted cash flow recovery. If it appears that there is 

more than a five-percent certainty that the project will have a negative NPV, no bid is 

S made. Deal evaluation is by tranche with decision criteria being IRR, risk variance of 

the IRR in a tranche, estimated willingness and ability of the tranche to pay, time to 

profit (''TPP") and the risk variance in the payback by tranche, and NPV of the 

expected cash flow by tranche discounted to risk free rate. 

In competitive bid circumstances when the content of asset portfolios is 

10 not. negotiable, the investor or seller has a strong financial incentive to select only the 

portions of total assets available for transaction that will give their aggregated 

financial structme the best rislc/retum. Meeting minimum risk/return expected values 

with assets that will have a higher probability qf maximum upside probabilities is 

even more attractive to investors. 

IS The aggregated portfolio is divided into separately marketable sub 

portfolios or tranches. Each tranch has a forecasted cash flow probability distribution 

and time duration from prior analytics. These ~hes are then given a trial price. 

The new assets are combined with the existing asset performance of the selling or 

buying party and subjected to Monte Carlo case generation (with associated cross 

20 correlations accounted for). 

The tranch selection process includes a random selection of trances not 

to buy. Once the portfolio effects tab On a pattern, the best selection of tranches to 

purchase~ at what price, subject tO c0nstridnts is found by stochastic optimization. 

Using NPV can be misleading due to the effects associ~ with double 

25 discounting which will occur when pessimistic case scenarios are discounted to obtain 

PV. Using time to profit is used to overcome this limitation and the marginal capital 

cost or risk free rate is used in the disCotittting as detennined by analysts conducting 

the evaluation. 

-25-



WOOl/50313 PCT/US00/34668 

Supervised learning process 206 of inferred valuation procedure 40 and 

steps 120, 122 and 126 of partial sampling procedure 108 have substantial similarity 

in that the underwriter is actively involved in the process, but the process is 

automated. Figure 6 is a flow diagram illustrating a process 210 for automated 

S underwriting of segmentable financial instrument assets. First clusters of financial 

instruments are defined 212 by common attributes. An expert opinion 214 of value is 

given for selected samples .from the defined clusters based upon the attributes. This 

opinion is used in a sample underwriting process 216 and values are checked for 

combinations of attributes and reconciled 218. Process 210 then selects and sets 220 

10 the individual attributes to be used and then classifies 222 ~vidual assets into 

clusters. Cluster valuation is applied. 224 to each cluster alset. Using the cluster 

valuation, the values are desegregated by a rule 226 to create a credit analyst table 

228. 

Figure 7 is a flow diagram of one exemplary embodiment of 

lS unsupervised learning 208 that includes several modules. A data acquisition module 

230 collects relevant data 78 wherever available. A variable selection module 232 

identifies the asset relevant variables deemed Critical by credit review or with the most 

discriminate power in separating various asset groups. A hierarchical segmentation 

module 234 segments the entire portfolio of assets into bins based on critical variables 

20 selected by analysts. A PCM module 236 t\Jrther classifies each bin into clusters 

based on~ structure of the asset data. An underwriting review module 238 

assigns projected cash tlow and risk scores 138 (shown in Figure 3) fo each cluster. 

This score is then supplied to the individual asset values in credit analyst table 136 for 

the assets from the clust~ being adjusted in procedure 40 to produce adjusted credit 

2S analyst table 140. The process is iterative and continuous and can be performed by 

computer so that it continues while standard underwriting is being performed 

elsewhere. 

Figure 8 illustrates an alternate exemplary inferred valuation process 

240 used in place of the process described in Figures 3 and 4. In alternate ~ess 

30 240, a seven-step process is used tq rapidly value a real estate loan portfolio using a 
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combination of:full underwritin& partial underwriting and inferred valuation. First, 

assets are sampled 242 according to risk. Second, assets are underwritten 244, and 

valuations recorded. Third, market value clusters are formed 246, such as by FCM, as 

described below. Fourth, regression models are built 248, for the underwritten assets. 

S A best model is selected 250, for the underwritten assets from among those built 248 

earlier. Sixth, the counts for the selected models are calculated 252. Seventh, models 

are applied 254, as selected 250 to non-underwritten or inferentially valued portion 42 

of portfolio 12 iµ a manner weighted by the counts to predict individual values for 

each of the non-underwritten assets. The individual asset values produced according 

10 to process 240 are then placed in adjlisted credit analyst tableJ4o (see Figure 3). 

In sampling assets 242, underwriters use stratified random sampling to 

select assets for detailed review. Strata are constructed ftom collateral attributes. 

Bxamptei of collateral attn"butes for real estate portfolios include, collateral usage 

(commercial or residential), previous appraisal amo~ market value cluster 

15 (predicted from previous appraisal amount, land area, building area, c~.appraisal 

amount, court auction realized price, property type and property location. Typically, 

assets are sampled in an adverse manner, i.e., purposely selected ftom. a list ordered by 

decreasing Unpaid Principal Balance ("UPB") or Previous Appraisal Amount 

("PAA"). 

20 Underwriting 244 is a largely manual process in which expert 

underwriters ascribe a notion of worth to collateral assets. The underwritten 

valuations are stored in a master database table, such as database 76 (shown in Figure 

2). Valuations are typical~y summarized in tenns of monetary units (e.g., 100,000 

KRW), at then current market prices. 

25 Figure 9 is a high l~el overview 290 of the automated portion of the 

process employed by S}'!tem 28. Automated procedures are used by underwriters to 

assist in full underwriting based on procedure 34 (see also Figure 3). Knowledge 

captured in procedure 34 is app~ed in inferred valuation procedure 40 to reduce cost 

and uncertainty in due diligence valuations of financial instruments '1!d.to reduce cost 

30 and variability between due diligence valuations. The valuations are subjected to a 
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cash flow model which includes asset level valuation 146~ deterministic cash flow 

bridge 148, stochastic cash flow bridge 152 and cash flow table ISO. The resultant bid 

valuation 154 is subjected to gaming strategies 160 and management adjustments 162 

to produce the final bid 164. 

Figure 10 is a flow diagram of an exemplary embodiment of forming 

clusters 246. In forming clusters 246, underwriters," with the aid of algQritbms, such 

as for example algorithms 134 (shown in Figure 3) perform an analysis using a 

Classification And Regression Tree ("CART") based model, which results in a 

grouping ofUW assets by Collatera1 Usage and Market Value {"CUMV") groups, . . 
10 using Previous Appraisal Amount ("PAA") as the driving variable.· 

Two approaches to assess the perfonnance of a CART based model are 

outlined below. One approach utilizes a ratio of the sum of squared error (SSE) of a 

CART bas~ approach to that of a simple model, called an error ratio. A simple 

model is a model which assigns an average asset price to all assets. The second . . . 
IS approach computes a coefficient of determination, denoted as R2 , and defined as 

R.2 = 1 - (SSE/SST), where SST is a sum of squares total. 

R2 is the contribution of a single asset within each segment relative to 

the entire population, a higher R2 value for an asset within a particular segment, the 

higher is the contribution. The different portfolio segments are ranked based on the 

20 two approaches .giving an indicaiion of how good the predictive capabilities of the 

inodel are within each portfolio segment, giving a comfort level to the bidder in terms 

of pricing, for example, each tranche. 
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A first step is to define relevant portfolio segmentations. The 

S segmentations could be pre-defined tranches, for example, based o~ industry~ Unpaid 

Balance (UPB) amounts, region or customer risk. Table C above is an example of 

defined segments based on tranches and asset rankings (B or C). 

Table C provi~ an example output ftom a study of a portfolio with 

five b:anches aq.d two different asset types (B and C). The table shows how the error 

10 ratio is ranked for the different segments. Also, the R2 values for each asset are also 

' computed for assets of type c within each segment 

A second step is to compute SSE values for each portfolio segment of 

interest for the CART model and for the simple model (extrapolation of an average 

price). An error ratio is comp~ted :tiom the SSB based on the CART model divided 

1 S by an SSE based on the simple modeL If the error ratio is less than one, then the 
. . . - . ~ 

CART based model is a better predictor than the simple model. As an added benefit, 

a superior model can be assembled as a "liybdd" combination of the.CART and 
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simple models, .by choosing the model which performs best in each segment, 

according to the error ratio metric. 

A third step is to compute R2 values for each asset within each 

portfolio segment. R2 per asset is computed as (SST per segment ~ SSE per 
' 

S segment}/( overall SST for all assets x number of assets within each segment). 

Lastly all the segments are ranked based on· the error ratio computed in 

the second step and the R2 values computed in the third. step. The model is accurate in 

predicting price values for segments that rank high on both of the two metri~ the 

error ratio and R2 and superior models are assembled using these metrics. 

10 Table D shows the relative ranking of the five tranches for the assets of 

type C (ftom Table C) on the basis of the two performance metrics. 

Figure 10 is a tlow diagram illustrating an exemplary embodiment of 

lS forming clusters 246 using FCM to choose clusters for modeling. Computer 38 

(shown in Figure 2) forms clusters 246 by taking selected ·data 78 and performing 

PCM analysis to produce the clusters. 

Figure 11 illustrates building models 248, selecting best models 250 

and calculating counts 252 in which six models are built using database 76. Computer 

20 38 (shown in Figure 3) performs this process .. Model building 248 is used to assist the 

underwriter in prioritizing assets for tbll underwriting 14 and sample-based 

underwriting 34, as well as for inferential valuation. 

The lower portion of Figure 11 is a table illustrating an exemplary 

embodiment of selecting best models 250 from six models built in accordance with 

2S building models 248d. The models differ acc0rding to which variables are used as 
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X's. All models use CUMV Cluster (these are present for all assets). The models 

from building models 248 are used to predict Court Auction Value ("CA V") 256 in 

addition to Market Value ("MA V") 258. Other embodiments (not shown) use other 

models to predict other values 

In selecting best models 250, the best models of K regression models 

under consideration (here, K = 6), are selected. The best model is chosen for ~ch 

UW asset, ·according to the following metric: min~bs(y- j* ), 1E911
}, where y is the 

k 

.uw value to be predicted, and y, is a prediction from the kth regression model, fork 

= 1, 2, •.. , K. 

In calculating counts 252, the number of times each of the K models is 

selected within each CUMV cluster is counted. Figure 11 contains these counts for 
• 

CAV and MA V modeling scenarios. Other modeling scenarios are used in other 

embodiments. · 

When applying models 254, the weighted average prediction from all 

1 S models that yielded a prediction for each non-UW asset is used. The weights are 

constructed from the frequencies of the cowits calculated 252, and the predictions 

come from the modeling process. In one embodiment. a commercial statistical 

analysis software (SAS) system is used to produce the models. An artifact of using 

the SAS system is that each non-UW asset will get a predicted UW value from each 

20 model for which the non-UW asset has each input variable, i.e., "X variable" present. 

Other modeling packages share this trait.) Equation B below details the procedure. 

Llaf1tYa 
.=. IJ,! y, =....,~.....,.._I_"_. (Equation B) 

~ lkJUk 
IJ.,k. , • 

In Equation 4 I 4 = 1 if model k produced a prediction for asset l, and 

is zero otherwise; fui =count of times model k was selected for UW assets among the 

2S · ith CUMV type (i = 1,2), and the jlh CuMv cluster (j = 1,2,3); and Ya= prediction for 

y, 1tom model k. Note there is only a contribution from eaeh modeling approach for 
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which an asset has a prediction, with each being weighted by the number of times the 

modeling approach was selected for all UW assets of the same CUMV cluster. 

Process 240 is also used to estimate a Lower Confidence Limit 

("LCL") and Upper Confidence Limit ("UCL") for the mean prediction, with a 

5 substitution of the corresponding statistic fur Ya in Equation B. 

Referring back again to Figure 3, supervised learning process 206 and 

unsupervised leariiing process 208 use clustering. "Clustering" is a tool that attempts 

to assess the relationships among patterns of the data set by organizing the patterns 

into groups or clusters such that patterns within a cluster are m0re similar to each 

10 other than are patterns belonging to different clusters. That is, the purpose of 

clustering is to distill natural groupings of data from a large data set, producing a 

concise representation of a system's behavior. Unsupervised learning step 208, 

employs a fuzzy clustering method ("FCM") mid knowledge engineering to group . 

assets automatically for valuation. FCM is a known method that has been widely used 

IS and applied in statistical modeling. The method ~ at minimizing intra-cluster 

distance and maximizing inter-cluster distance. Typically the Buclidean distance is 

used. 

FCM 248 (see Figure 10) at the same time minimizes the intra-cluster 

distance and maximizes the inter-cluster distance. Typically the Euclidean distance is .. 
20 used. FCM is an !terative optimization algo~tbm that minimizes the cost function 

where n is the number of data points; c is the nmnber of clusters, Xt is 

the !(h data point; Y, is the ;th cluster centroid; Jilk is the degree of membership of the 

l(h data in the ;th cluster; m is a constant greater than 1 (typica,lly m==2). Note that Jlll is 

25 areal number and bounded in [O~l]. Jlik=l means that i41 data is definitely inti 
cluster, while µ11c -0 means that ;th data is definitet:r not in ft!h cluster. If Jlll =O~S, then 

it means that t1' data is partially in !(It cluster to the degree O.S. Intuitively, the cost 
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function would. be minimized if each data point belongs exactly to a specific cluster 

and there is no partial degree of membership to any other clusters. That is, there is no 

ambiguity in assigning each data point to the cluster to which it belongs. 

The degree of membership J1tk is defined by 

(Equation G) 

Intuitively, JJio the degree of membership of the data pointXA: in the 

cluster centroid Y& increases asxt is getting closer to Vt. At the same time, Jlik would 

get smaller as Xi is getting farther away ~(other clusters). 

The ;th cluster centroid Y1 is defined by 

(Equation H) 

Intuitively,, Yt, the 16 cluster centroid, is the weighted sum of the 

coordinates of Xtt where le is the number of data points. 

Starting with a desired number of clusters c and an initial estimate for 

each cluster center Y,, i=l,2,. .• ,c, FCM will converge to a solution for Yi that 

15 represents either a local minimum or a saddle point of the c0st fbnction. The quality 

of the FCM solution, like that of most nonlinear optimization problems; depends 

strongly on the choice of initial values-the number c and the initial cluster centroids 

Yz), 

Jn one exemplary embodiment, the entire portfolio 12 is segmented by 

20 unsupervised fuzzy clustering and each cluster is reviewed &y und~--writi~ experts. 
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thereby assisting the underwriters in choosing the fin&ncial instniments for full 

underwriting 14 and sample underwriting 34. Alternatively, this PCM can be applied 

just to portion 42. As a result, each cluster getS assigned a HBL TR composite score 

for purposes of adjustment 138 (see Figure 3) In essence, the HELTR composite 

S score captures both expected and range of cash flow, its timing and the risk associated 

with each cluster. 

Referring now to Figure 2, the ratio of full underwrite portion 16 to the 

total portfolio 12 is in one exemplary embodiment 25% of the assets and 60% of the 

face value of all assets. Full underwriting of these assets is w~ due to their size 

10 and value. However, this underwriting is fairly uniform for all underwriters, so the 

underwriting is not likely to produ~e aignificant bidding variances. The remaining 

40%1, however, comprising portions 36 and 42, which in the exemplary embodiment 

constitute 75% of the assets but only 4C)OA, of the face value are highly speculative 

until underwritten. To the extent value can be found in portions 36 and 42.t for 

15 example without limitation, an additional five percent over gross extrapolation, the 

difference meaning the difference between winning and losing the entire portfolio bid 

or the entire tranche bid meaning hundreds of millions of dollars difference in profit. 

In the case of insurance policies, in accordance with procedure 40, 

statistics &re• in an attempt to answer three basic q~ons: (a) How should we 

20 collect our data? (b) How should we summarize the data we collected? And (c) How 

accurate are o~ data s~aries? Algorithm 134 answers question (c), and is a 

computer-based method without complicated theoretical proots. Algorithm 134 for 

insurance policy inferential valuations is suitable for answering statistical ~es 

that are too complicated for traditional statistical analysis. Algorithm 134 for 

25 insurance policy valuation simulates the distnbution of statistical estimates by 

repeatedly sampling with replacement. The algorl,tbm generally is composed of three 

main steps: (I) Sampling with replacement, (ll) Evaluating statistics of interest, and 
' 

(DI) Estimating standard deviation. 

In accordance with insurance algorithm 134, estimates ofNPV 

30 standard error are perfonned as follows. For each of the riSk models and for each 
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segment in the models, assuming there are N policies in the segment, n samples are 

selected using sampling with replacement (for exampl~ n=lOO ). Each sample 

contains N policies, too, in this example. For each sample, and for all historical 

policies: 

~,,. l;(Act) (Equation I) 
Ew L(Wtdeitp) 

0.728S8 

Next, net present value is generated by NPV = _Lp _ LE _ (Lc)x ~ (Equation J) 
. Ew 

for recent policies. Compute the sample standard deviation for then NPV values. In 

Equation Is Act is the actual claim and Wttlexp is the weighted expected claim for each 

individual policy. 

Figure 12 is a table of exemptary criteria 80 ~exemplary Nle sets for 

credit scoring 138. Other criteria could be selected depending on the type of financial 

instrument and particular bidding conditions or any other desires or prefeJ:ellCes of the 

bidder. 

Figure 13 is a more detailed tree chart diagram 260 similar to tree chart 

15 66 (see lower portion of Figure 2). Jn Figure 13, the segrepuon is by (a) whether 

secured, (b) whether revolvin& (c) whether the last payment was zero. The result is 

six clusters 2~ 264, 266, 268 270, 272, casually known as a '.'shaker tree". 

Figure 14 illustrates an exemplm:y system 300 in accordance with one 

embodiment of the present invention. System 300 includes at least one computer 

20 configured as a server 302 and a plurality of other-computers 304 coupled to server 

302 to fonn a network. In one embodiment, computers 304 are client systems 

including a web browser, and server 302 is accessible to computers 304 via the 

Internet. Jn addition, s~er 3~ is a computer. Computers 304 are interconnected to 

the Internet thiough many interfaces including a network, such as a local area network 

25 (LAN) or a wide area network (WAN), dial-in-connections, cable m~~s amt special 

high-speed ISDN lines. Computers 304 could be any device capable of 
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interconnecting. to the Internet including a web-based phone or other web-based 

connectable equipment, including wireless web and satellite. Server 302 includes a 

database server 306 connected to a centralized database 76 (also shown in Figure 2) 

which contains data desoribing sets of asset portfolios. In one embodiment, 

S centralized database 76 is stored on database server 306 and is accessed by users at 

one of computers 304 by logging onto server sub-system 302 through one of 

computers 304. In an alternative embodiment centralized database-76 is stored 

remotely from server 302. Server 302 is further configured to receive and store 

information for the asset valuation methods descri6ed above. 

10 While system 300 is described as a networked system, it is 

contemplated that the methods and algoritlnns described herein for examination and 

manipulation of asset portfolios are capable of being implemented in a stand-alone 

computer system that is not net\vorked to, other computers. 

While the invention has been described in terms of various specific 

lS embodiments, those skilled in the art will recognize that the invention can be practiced 

with modification within the spirit and scope of the claims. 
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WHAT IS CLAIMED IS: 

. 1. A method (32) for rapid valuation of asset portfolios using a 

portfolio valuation system (28), said method oomprising the steps of: 

valuating assets in a portfolio individually; 

listing the asset values individually in relational tables; 

5 aggregating to desired groups or tranches (70, 72, 74) for bidding 

purposes; and 

optimizing the bid pricing for desired risk/return tolerance. 

2. A method (32) according to Claim 1 wherein said step of 

valuating assets :further comprises the step of subjecting the assets in the portfolio to 

10 an iterative and adaptive valuation in which the assets in the portfolio are individually 

valued. 

15 

20 

3. A method (32) according to Claim 2 wherein said step of 

subjecting the assets in the portfolio (12) to an iterative and adaptive valuation :further 

comprises the steps of: 

segmenting a portfolio of financial instruments into three valuation 

portions; 

fully underwriting (14) a first portion of the. asset portfolio; 

grouping and sampling (34) underwriting of a second portion of the 

asset portfolio; and 

statistically inferring values ( 40) for a third portion of the asset 

portfolio. 

4. A method (32) according to Claim 3 wherein said stei> of fully 

underwriting (14) a first portion further comprises the steps of: 
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underwriting in a full cash manner (86) to generate a full value table 

(96); and 

underwriting in a partial cash manner (88) to generate a partial value 

table (102). 

s. A method (32) according to Claim 3 wherein said step of 

grouping and sampling underwriting (34) of a second portion of the asset portfolio 

(12) comprises the steps of: 

using full sampling procedures (106) for categories of large assets 

within the portfolio; and 

using partial sampling procedures (108) for categories of small or 

medium assets within the portfolio. 

6. A method (32) according to Claim S wherein said step of using 

full sampling procedures (106) comprises the steps of: 

sampling one hundred percent (110) of a sample group of assets; 

under\vriting in ~ (14) a portion of the sampling group of assets 

based on a determined commonality within the sampling group. 

7. A method (32) according to Claim 6 further comprising the 

steps of: 

generating a full sampling group valuation (118); and 

20 desegregating the full sampling group valuation according to a rule 

(114) set to produce an individual full sample asset value ~ble (116). 

8. A method (32) according to CJ.aim 5 wherein said step of using 

partial sampling procedures (108) comprises the steps of: 

forming a cluster sample group (120); 
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sampling one hundred percent (110) of a representative group from 

within the cluster; 

randomly sampling other groups within the cluster; and 

determining the values of the remaining group by extrapolating from 

5 the cluster sample group. 

10 

15 

9. A method (32) according to Claim 8 further comprising the 

steps of: 

re·underwriting at an asset level to produce an alpha credit analyst 

table (126); 

asset class adjusting (128) the alpha credit analyst table to produce an 

adjusted credit analyst table (130); and 
selecting individual assets from the adjusted credit analyst table 

according to tranche (70, 72, 74) grouping to produce a partial sampling credit value 

(132), for use in bidding. 

10. A method (32) according to Claim 3 wherein said step of 

statistically inferring values (40) for a third portion further comprises the step of 

utilizing both a supervised (206) and an unsupervised (208) learning process and an 

statistical inferencing algorithm (134) to produce an underwriting clusters table (136) 

which facilitates bid value. 

20 1 L A method (32) according to Claim 10 wherein the unsupervised 

(208) learning process further ®iii.Prises the steps of 

segmenting and classifying assets; and 

objectively evaluating the assets based upon underwriting or other 

valuation data feedback. 
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12. A method (32) according· to Claim 9 wherein said step of 

statistically inferring values (40) for a third portion of the asset portfolio (12) 

comprises the stt:P of clustering using fuzzy-C means clustering (FCM) and a 

composite Higb/Bxpected/Low/Thnin.glRisk (HELTR) scoring technique. 

13. A method (32) according to Claim 12 further comprising the 

steps of: 

segmenting into one category ( 48) assets deemed to have sufficient 

commonality for evaluation as a whole; and 

segmenting into a second category (SO) assets without sufficient 

10 commonality for evaluation as a whole. 

15 

20 

14. A method (32) according to Claim 13 further comprising the 

steps of: 

dividing the second category (50) of assets into clusters (52, 54); and 

dividing the clusters into subMclusters (56, 58, 60, 62, 64). 

15. A method (32) according to Claim 14 further comprising the 

step of regrouping the sub-clusters (56, 58, 60, 62, 64) into tranches (70, 72, 74) for 

bidding purposes. 

16. A portfolio valuation system (300) for ~pkt valuation of asset 

portfolios, said system comprising: · 

a computer configured ~ a server (302) and further configured with a 

database (76) of asset portfolios {12) and to enable valuation process analytics; 

at least one client system (304). connected to said server through a 

network, said server configured to: 

value assets in a portfolio individually; 
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list the asset values individually in tables; 

~ggregate to desired groups or tranches for bidding purposes; and 

optimize the bid pricing for desired risk/return tolerance. 

17. A system (300) according to Claim 16 wherein said server 

5 {302) is configured to subject the assets in the portfolio (12) to an iterative and 

adaptive valuation in which the assets in the portfolio are individually valued. 

18. A system (300) according to Claim 17 wherein said server . 

(302) is configured to: 

segment a portfolio of financial instruments into three valuation 

10 portions; 

fully underwrite (14) a first portion of the asset portfolio; 

group and sample underwrite (34) a second portion of the asset 

portfolio; and 

statistically infe~ values ( 40) for a third portion of the asset portfolio. 

15 19. A system (300) according to Claim 18 wherein said server 

(302) is cpnfigured to: 

underwrite in a full cash manner {86) to generate a full value table 

(96); and 

underwrite in a partial cash manner (~8) to generate a partial value 

20 table (I 02). 

20. A system (300) according to Claim 18 wherein said server 

(302) is configured to: 
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use full sampling procedures (106) for categories of large assets within 

the portfolio (12); and 

use partial sampling procedures (108) for categories of small or 

medium assets within the portfolio. 

5 21. A system (300) according to Claim 20 wherein said server 

10 

(302) is configured to: 

sample one hundred percent (110) of a sample group of assets; 

underwrite in full a portion of the sampling group of assets based on.a 

determined commonality within the sampling group. 

22. A system (300) according to Claim 21 wherein said server is 

configured to: 

generate a full sampling group valuation; and 

desegregate the full (14) sampling group valuation according to a rule 

(114) set to produce an individual full sample asset value table (116). 

15 23. A system (300) according to Claim 20 wherein said server 

20 

(302) is configured to: 

form a cluster sample group (120); 

sample one hundred percent (110) of a representative group from 

within the cluster; 

randomly sample other groups within the cluster; and 

determine the values of the remaining group by extrapolating from the 

cluster sample group. 
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24. A system (300) according to Claim 23 wherein said server 

(302) is configured to: 

re-underwrite at an asset level to produce an alpha credit analyst table 

(126); 

5 asset class adjust (128) the alpha credit analyst table to produce an 

adjusted credit analyst table (130); and 

select individual assets from the adjusted credit analyst table according 

to tranche (70, 72, 74) grouping to produce a partial sampling credit value (132), fyr 

use in bidding. 

10 25. A system (300) according to Claim 18 wherein said server 

(302) is configured to utilize both a supervised (206) and an unsupervised (208) 

learning process and an statistical inferencing algorithm (134) to produce an 

underwriting clusters table (136). 

26. A system (300) according to Claim 25 wherein said server 

15 (302) is configured to: . 

segment and classify assets; and 

evaluate the assets based upon data feedback. 

27. A system (300) according to Claim 24 wherein said server 

(302) is configured to cluster assets using ~-C means clustering {FCM) and a 

20 composite Higb/Bxpected/Lowtriming/Risk (HBLTR) scoring technique. 

28. A system (300) according to Claim 27 wherein said server 

(302) is configured to: 

segment into one category (48) assets deemed to have sufficient 

commonality for ev~uation as a whole; and 
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segment into a second category (50) assets without sufficient 

commonality for evaluation as a whole. 

29. A system (300) according to Claim 28 wherein said server 

(302) is configured to: 

divide the second category (SO) of assets into clusters (52, 54); and 

divide the clusters into sub-clusters {56, 58, 60, 62, 64). 

30. A system (300) according to Claim 29 wherein said server 

(302) is configured to regroup the sub-clusters (56, 58; 60, 62, 64) into tranches(70, 

72, '74) for bidding purposes. 

31. A computer (38) for rapid valuation of asset portfolios, said 

computer including a database (76) of asset portfolios (12) and configured to enable 

valuation process analytics, said computer programmed to: 

value assets in a portfolio individually; 

list the asset values individually in tables; 

aggregate to desired groups or tranches (70, 72, 74) for bidding 

purposes; and 

optimize the bid pricing for desired risk/re~ tolerance. 

32. A computer (38) according to Claini 31 programmed to subject 

the assets in the portfolio (12) to an iterative and adaptive valuation (32) in which the 

20 assets in the portfolio are individually valued. 

33. A computer (38) according to Claim 32 programmed to: 

segment a portfolio of financial instruments into three valuation 

portions; 
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fully underwrite (14) a first portion of the asset portfolio {12); 

group and sample 1liiderwrtte (34) a second portion of the asset 

portfolio; and 

statistically infer values (40) for a third portion of the asset portfolio. 

34. A computer (38) according to Claim 33 programmed to: 

widerwrite in a full caSh manner (86) to generate a full value table 

(96); and 

underwrite in a psrtial cash manner (88) to generate a partial value 

table (102). • 

35. A computer (38) according to Claim 33 programmed to: 

use full sampling procedures (106) for categories of large assets within 

the portfolio (12); and 

use partial sampling procedures (108) for categories of small or 

medium assets within the portfolio. 

36. A computer (38) according to Claim 35 programmed to: 

sample one hundred percent (11 O) of a sample group of assets; 

widerwrite in full (14) a portion of the sampling group of assets based 

on a determined commonality within the sampling group. 

37. A computer (38) according to Claim 36 programmed to: 

generate a full sampling group valuation (118); and 

desegregate the full sampling group valuation according to a rule (114) 

set to produce an individual full sample asset value table (116). 
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38. A computer (38) according to Claim 35 programmed to: 

form a cluster sample group (120); 

sample one hundred percent (110) of a representative group from 

within the cluster; 

randomly sample other groups within the cluster; and 

determine the values of the remaining group by extrapolating from the 

cluster sample group. 

39. A computer (38) according to Claim 38 programmed to: 

re-underwrite at an asset level to produce an alpha credit analyst table 

10 (126); 

asset class adjust (128) the alpha credit analyst table to produce an 

adjusted credit analyst table (130); and 

select individual assets from the adjusted credit analyst table according 

to tranche (70, 72, 74) grouping to produce a partial sampling credit value (132), for 

IS use in bidding. 

40. A computer (38) according to Claim 33 programmed to utilize 

both a supervised (20()) and an unsupervised (208) learning process and an statistical 
. . 

inferencing algorithm (134) to produce an underwriting clusters table (136). 

41. A computer (38) according to Claim 40 programmed to: 

20 segment and classify assets; and 

evaluate the assets based upon data feedback. 
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42. A computer (38) according to Claim 39 programmed to cluster 

assets using fuzzy-C means clustering {FCM) and a composite 

High/Expected/Low/riming/Risk (HBLTR) scoring technique. 

43. A computer (38) according to Claim 42 programmed to: 

segment into one category (48) assets ~emed to have sufficient 

commonality for evaluation as a whole; and 

segment into a second category (50) assets without sufficient 

commonality for evaluation as a whole. 

44. A computer (38) according to Claim 43 programmed to: 

divide the second category (SO) of assets into clusters (52, 54); and 

divide the clusters into sub-clusters (56, 58, 60, 62, 64). 

45. A computer (38) according to Claim 44 programmed to regroup 

the sub-clusters (56, 58, 60, 62, 64) into tranches (70, 72, 74) for bidding purposes. 
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