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Abstract

Calculating the incremental worth or weight of the
individual components of an aggregate set when only the
total worth or weight of the whole set is known is a problem
common to several domains. In this article we describe an
algc~’ithm capable of inducing such incremental worth from
a database of similar (but not identical) aggregate sets. The
algorithm focuses on finding aggregate sets in the database
that exhibit minimal differences in their corresponding
components (referred to here as affr/buwa and their values).
This 1~ocedure isolates the diasimflarities between nearly
similar aggregate sets so that any difference in worth
between the sets is attributed to these dissimilarities. In
effect, this algorithm sm’ves as a mapping function that
maps the makeup and overall wcecth cf an aggregate set into
the incremental wcrth of its individual attributes. It cotfld
also be categorized as a way of calculating interpolation
vectors f~ the attributes in the aggregate set.

Introduction
Knowing the relative contribution of individual
components of aa aggregate set in terms of their worth (or
cost, weight, etc.) to the total worth (or cost, weight, etc.)
of the whole set can be important in domains such as
engineering analysis, scientific discovery, accounting, and
real estate appraisal. A slightly different but very similar
problem is that of obtaining the incremental worth of such
individual components. This ta~k can be a difficult one
when only the total worth of the whole set is known.

The work described in this article focuses on an
approach to calculate the incremental worth of components
of aggregate sets. This is possible when a database
contains many aggregat9 sets that are homogeneous (i.e.,
have the same attributes), but dissimilar (i.e., have different
values). An algorithm is formulated which finds aggregate
sets in the d_~base that exhibit minimal differences in
their attributes’ values. This procedure strives to isolate the
single differentiating attribute/value combination of nearly
s~nilm" aggregate sets.
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Any difference in worth betweert the sets can be
attributed to this singular difference. For this reason, the
algorithm is called the difference-based induction
algorithm, or DBI algorithm for short.

Definition of Terms
An aggregate set represents a collection, assembly or
grouping of member components which have a common
nature or purpose. An aggregate set is made up of these
aforementioned components. The term attribute will be
used to signify a canponent of an aggregate set, and each
attribute is said to have a partio,lAr value. A group of such
attribute/value combinations can singnlarly describe a
specific aggregate set.

The ccanponents of an aggregate set act as integral
members, which in~vidually add worth to the aggregate
set. However, their individual conlributions to the total
worth of the aggregate set may not be explicitly known.
We will use the term worth here generically to mean a real
number representing the worth, weight, cost, price or any
other similarly quantifiable factor.

An aggregate set, AG, is therefore defined as a pair
ccusisting of a set containing its components (called
attributes, A), and the total worth of the aggregate set,
(worth). Therefore, the ’~ aggregate set AG! (of n total
aggregate sets) can be represented by a pair as

AG, = <At worth1>.

At is further defined as the group of attributes for the set
AGi, such that for m attributes in AGI:

At = {au a,~ a~ a~ a~ ... a~.}
where all is the name of the ju~ attribute of the i~ aggregate
set.

Furthe~’more, each aUribute, atj, represents another pair
depicting the value of the attribute (v~l), and its individual
worth (w~). The individual worth of an attribute is the
amount that this attribute conu’ibutes to the overall worth
of the aggregate set (worth0. In the problems described
here, w~a is typically not known.

Care should be taken to not confuse the terms "value"
and "worth". Value is the value inherent with that
attribute, much like attribute-value pairs in frames or the
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it)

iii)

Using the criteria above) select the next
test attribute from the
Test Attribute List.
As~,l the test a’U~bute to me cmxent
node of the ch.~d~ ~ee,
Create br-~es c~rr~dmg to
possible values of the currently selected
test attribute.
Distribute each aggregate set into the
next level by assigning them to the
corresponding branches, according to
their value for the attribute being tested
at the clm~t node.
Delete the test a~ibute frmn the
Test_AttributeList.

vi) Create a new unlabeled node
level at the end of branches
generated.

f) Assign erlticul_attrlbute to the last node level
created.

g) Create branches c(z’responding to possible values
of the currently selected test attribute.

It) Distribute each aggregate set into the leaf level by
assigning them to the era’responding branches,
according to their value for the attribute being
tested at the current node.

i) Prune the aggregate sets irrelevant for analysis
through the heuristics described in Section 3.3.4

j) Apply paired-leaf analysis to determine the partial
worth estimate for the critical attribute.

k) Ccmpute the final wcrth for the critical attribute.
6. End

A mc~e detailed description of the system in pseudocode
can be found in [Daroszewski, 1995].

Implementation and Evaluation of the
Difference.Based Induction Algorithm

A prototype was built which implements the DBI
algorithm. The domain used f~ the prototype was in
residential property appraisal. This domain lends itself
very well to this approach because determining the
incremmtal worth of the specific attributes of a house (the
aggregate set) has a significant impact m its appraised
value (its overall wcxth). Large databases of sold houses
are typically a~jlable to be used to determine the
incremental w~th of Several attributes.

We developed a DBI algorithm prototype and
extensively tested it ca a database of 84 single-family
houses sold during 1994 in the Alafaya Woods
subdivisiou, Oviedo, Florida. Sales data was obtained
from the Multiple Listing Service (MLS) database

The prototype will accept the entry of a feature of a
house whose incremental worth is to be computed frc~ the
MLS database for that sectim of the city at that time. It
will return a single number indicating what the market
ccmiders to be the incremental ~ of that In~exty
feature when compared to one of lesse~" worth

Results of Prototype Evaluation
To evaluate its effectiveness, its results were ccempared to
those developed in~zmlly by an expert for the same
neighb~hood area during the same period of time. The
aUributes cempared we~’e the number of bedrooms, the
number of bathrooms, the living area, existence of a pool,
existence of a garage, existence of a fireplace and age of
house. The DBI prototype results were in the form of a
range of values, something typically done in the appraisal
business. The percent difference betweea the maximum
and minimum of said ranges whm compared to the
cmTesIxmding ranges ccemputed by the expert were as
fotlows (the ccennents in parentheses relxe..umt the
expert’s evaluatiou of the comparison): Living area: 0-
2.4% ("acceptable"); Bedrooms: 49-72% ("marginally
acceptable"); bathrooms: 154-186% Ctmacceptable’);
garage: 0.3-49% ("acceptable"); swimming pool: 2.5-19%
("acceptable"); fireplace: 2.5-I09% ("low end acceptable,
high end not acceptable’); age of house: 20-42%
("acceptable"). The complete data and a more detailed
discussiou of results can be found in (Daroszewski, 1995).

Conclusion
The results obtained indicate that the procedure worked
well with a relatively small database. However,
zmaeceptable results were obtained for the number of
bedrooms, fireplace, and the number of bathrooms. These
discrepancies could be atwibuted to the limited number of
houses populating the leafs used in the paired-leaf analysis.
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