Ein-Dor, P. (ed.), Artificial Intelligence in Economics and Management: An Edited Proceedings on the Fourth
International Workshop, Boston, Kluwer Academic Publishers, pp. 193203 1996

Multi strategy Conceptual Analysis of Econamic Data

Kenneth A. Kaufman and Ryszard S. Michalski *
Machine Learning and Inference Laboratory,
George Mason University,

Fairfax, Virginia, 22030, USA

* Also with Department of Computer Science, Department of Systems
Engneaing, and the Institute of Computer Science, Polish Academy of
Sciences.

{kaufman, michal sk} @aic.gmu.edu
Phone: (+1) 703-993-1542
Fax: (+1) 703-993-3729



Multi strategy Conceptual Analysis of Econamic Data

KENNETH A. KAUFMAN AND RYSZARD S. MICHALSKI
George Mason University, Fairfax VA, 22030,USA

{k aufman, michal sk} @aic.gmu.edu

Abstract

The goal of the multistrategy todl, INLEN, isto serve & an intelli gent asdstant for discovering knovledge
in large databases. INLEN has been applied to, and is well-suited for the exploration o databases
consisting d econamic and demographic fads and statistics. Preliminary experiments on several data sets
have focused on dscerning and comparing various patterns in the status and development of courtries in
different regions of the world. These experiments have provided some interesting and dften urexpeded
results, and serve a an example of one way in which such data can be explored. This paper describes in
brief the INLEN methoddogy, presents examples of itsleaning and dscovery operators, and cemonstrates
its application to econamic domains.
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1. Introduction

As the anourt of eledronicdly avail able information gows explosively, it is beaming
bath criticdly important and increasingly difficult to analyze the data to derive desired
knowledge from them. Traditional tods for data analysis employ mostly statisticd
concepts and methods. These methods can be particularly useful for such tasks as
deteding statisticd trends, correlations between attributes, data distributions, etc. They
are, however, limited in the types of knowledge and regularities they can derive from
data.

For example, a statistical analysis can deted a rrelation between gven fadors, bu
cana produwce a onceptua explanation why such a @rrelation exists, na can it
formulate any spedfic quantitative and/or qualitative law(s) resporsible for this
correlation. A statisticd tedhnique can determine a caetra tendency and variability of
some properties, or fit a arve to a set of datapoints, bu it canna explain them in terms
of causal dependencies or qualitative relationships. Attributes that define asimil arity and
the measures of similarity involved must be given in advance.  In short, these tedhniques
require that an interpretation d the findings, i.e., a “conceptua” analysis of data, be
performed by a human analyst. As the quantity of available data increases, the
complexity of such an analysis can easily outstrip human capabiliti es.

This paper gives a brief description d INLEN, a methoddogy and multi strategy system
for intelligent conceptual data analysis, and presents examples of its application to the
domain of econamics. INLEN has been designed to overcome some of the limitations of



statisticd data analysis by applying advanced methods of macdiine leaning. It integrates
database, knowvledge base and madine leaning techndogies into an intelli gent system
for data analysis and knawledge discovery. It offers a data anayst a powerful todl for
discovering petterns of nonstatisticd nature, determining logic-style data descriptions,
and can prodweing justificaions or explanations of the discovered petterns (Michalski et
al, 1992.

For example, it can describe the data in terms of logic-style dedsion rules that link
several condtions to a desirable outcome. Individual condtions may contain nd only
attributes present in the data, bu aso constructed attributes. Such attributes are
generated in the process of constructive induction, a process that splits the search for
patterns or general descriptions into two pheses — the first to seach for the “best”
representation space (the space of attributes or descriptive terms), and the second to
determine the “best” hypahesis in the found space New attributes are generated by
using hnts from an expert, or by constructing single- or multi-level functions of the
origina attributes.

Symbdlic leaning pograms have been developed that can determine rules for
distingushing between many classes of items, find conceptually useful ways to group
objeds, apply knowledge in ader to predict missng values in a data set, seled
representative subsets of a large data set best suited for a particular leaning task, etc.
The various leaning and dscovery programs in INLEN are accesd in the form of
knowledge generation operators (KGOs) that can be gplied in sequence with eat KGO
cgpable of taking advantage of its predecessor’ s findings. Because of the symbalic nature
of these operators and their adaptability to dfferent problems, the INLEN methoddogyis
well -suited for many eanamic domains in which databases contain a large number of
records and attributes, and in which the results of analysis must be understood by non
experts.

The following sedions describe briefly INLEN’s methoddogy and its appli caions to the
analysis of several databases consisting d world econamic and cemographic fads. These
applications are illustrated with examples of the system’s discoveries based on the
patterns in the data. The last sedions sImmarize the development status of INLEN, the
advantages and current limitations of the proposed methoddogy as applied to problems
in ecnamic domains, and an ouline of the plans for future reseach

2. ThelNLEN methodology

The INLEN system integrates a database, knowledge base and madiine leaning
tedindogesinto aunified knowledge discovery environment (Fig. ).
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Figure 1. Thefunctional architedure of INLEN.

A relational database is used for storing data, and can be modified by the user through
data management operators. A knowledge base stores and maintains rules, equations,
dedsion procedures, representative examples, and concept hierarchies that are employed
in the process of data analysis and knavledge discovery. The knowledge base includes
domains of the atributes, problem badkground knavledge, discovered knowledge, and
any knowledge entered ar modified by the user. The contents of the knowledge base can
be modified by an expert throughknowledge management operators.

The ceantral engine of the system is a set of operators, cdled knowledge generation
operators, that invoke leaning, dscovery and inference programs to perform data
analysis tasks. These operators take inpu from the database and/or knowledge base, and
produce outputs that enhance the data and/or knowledge bases. They are alept at diverse
tasks, such asleaning symbdlic rulesto dfferentiate anongsevera classes of dataitems,
conceptualy dividing a data set into two o more groups (conceptual clustering),
modifying the representation spaceinto ore more suitable for a particular leaning task,
testing a set of knowledge for consistency with resped to new data, and predicting values
for missng data.

The ideaof such a multi-operator approach to knowledge discovery was formulated by
Michalski in the 1980s. The first such effort, from which INLEN derived much o its
conceptua architedure, was the QUIN system (Query and Inference), a combined
database management and data analysis environment (Michalski, Baskin and Spadkman,
1982 Michaski and Baskin, 1983 Spadkman, 1983.

The knowledge generation operators in INLEN represent various knowledge
transmutations as are cdalogued in Michalski’s Inferential Theory of Leaning (1993.
For instance leaning clasdficaion rules from examples invoves an inductive
generali zaion transmutation; conceptual clustering is an ad of inductive agglomeration;



constructive induction can consist of generation, seledion a abstradion operators; and
knowledge-based prediction d missng values incorporates a simili zaion transmutation.

An important feaure of INLEN’s knowledge generation operators is that many of them
allow the user to define parameters and tailor their performance to a spedfic leaning
task. In this way, the user (data analyst) can spedfy from among the many pcssble
outputs consistent with the data which type of knowledge is likely to be most useful.
Two examples below illustrate the doices of parameters for using the knowledge
generation operators.

One of the badkbore adiliti es of INLEN is rule leaning from examples, performed using
the AQ15c leaning engine (Wnek et al, 1995. The user can acept the default
parameters or instruct the program to hias its rule seledion toward highly spedfic
charaderizaions, short rules for discrimination, a set of maximally simple rules, rules
that tend to incorporate or avoid spedfic atributesif at al possble, or the user can creae
and speafy adifferent set of preference aiteria

Ancther knowledge generation operator is based on the PROMISE program (Baim,
1982. It examines the set of attributes in the database and ranks them acording to their
applicability to a given clasgficaion poblem. The user can then chocse to lean from
the subset of the data wnsisting d only the dtributes likely to be more relevant to the
leaning task. This operator can be used in two modes. In the first, ead attribute’s
overal discrimination ability is caculated using an information gain metric similar to that
used by the C4.5 (Quinlan, 1990 family of algorithms in seleding attributes to serve &
the roats of the dedsion trees it generates. The seacond mode focuses on the dtributes
most likely to produce @ncise rules; it seleds attributes that contain some values that
discriminate very well between classs, even if most of the other values provide little
information abou how to clasgfy the examples.

3. Application to economic and demographic domains

INLEN has been applied to leaning and dscovery problems in such damains as
engineaing design, dsease diagnasis, intelli gence gathering and econamic analysis. The
following example ill ustrates the role an intelligent agent can play in the discovery of
knowledge from data:

The United Sates government maintains records of the import and export of
goods from various countries of the world. The different products and raw
materials are divided and subdivided into different categories. In the early 1980s
the data showed a sharp decline in the import of trucks from Japan, while there
was a corresponding increase in imports from Japan in the auto parts category.
It took several years before analysts noticed that fact and concluded that Japan
was shipping the chassis and truck beds separately to the US, where they would
be subsequently assembled, thereby avoiding a high UStariff on imported trucks
that was directed primarily at Europe and had been on the books since World
War 11. When United Sates analysts inferred this, the US and Japan commenced
trade negotiations pertaining to the import of trucks.

How much soorer would that trend have been ndiced had a discovery program been
applied to the data and panted ou the oppasite changes in two related categories to an
analyst? How much revenue did the undscovered truth cost the US before they could



finally work out a new agreement with Japan? Noticing econamic trends and petternsisa
difficult task, as humans can easily get overwhelmed bythe anourt of data and figures.

Based onsuch mativations, the analysis of econamic and demographic data has become
one of the focus domains for INLEN development and testing. These experiments have
involved two similar data sets — ore provided by the World Bank consisting d
information on 95attributes in 171 courtries for the period d 1965to 1990,and ore
extraded from the 1993 World Fadbook (CIA, 1993 containing several databases of
information on 19Ccourtries.

For example, ore experiment focused ondistingushing between development patternsin
Eastern Europe and East Asia (Kaufman, 1994. A conceptua clustering operator
determined that one way of distingushing between the typicd Eastern European courtry
and the typicd Far Eastern courtry was through examining the courtry’s change in the
percentage of its popdation in the labor force between 1980and 1990. Most of the
European countries had alabor force dange below athreshold determined for the region
by the leaning program, while most of the Asian courtries had changes abowve their
region’s threshold.

Based on this, the rule leaning operator (based on the AQ15c inductive leaning
program) was then cdled uponfirst in charaderistic mode to caegorize the differences
between the Asian-like ourtries (those @&owve their regiona thresholds) and the
European-like courtries (those below their regional threshdds), and then in discriminant
rule-optimizing mode to condense those daraderizaions into the following simple
dedsionrules:

Country isAsian-Likeif:

A.1 Changein Labor ForceParticipation «slight_gain, (9 countries)
ar

B.1 Working Age Popuation ¢ 64%,
2 Life Expedancy isin 60s. (2 countries)

Country is European-Likeif:

A.1 Life Expedancy isnot in 60s,
2 Changein Labor ForceParticipationisnea O or deaeasing, (7 countries)
ar

B.1 Percentage of Labor Forcein Industry « 40. (1 country)

The rules dhow that the fedures aside from change in labor force participation
instrumental in dstingushing between the European-style and Asian-style development
patterns include life expedancy, working age popuation and degreeof industriali zation.
In bah the Asian- and European-Like caes, the first rule acourted for most of the
countriesfitting the dass whil e the second ore described the remainder.

In another experiment, the AQ15c modue of INLEN, determined charaderistic
descriptions of various regions of the world based on some typicd “core” courtries in
ead region, as uuggested by a domain expert (Kaufman, 1994. An example of such
charaderizaion d three ore courries of Southeastern Europe is below:

Conditions characterizing Southeastern European Countries:



Pos Neg Sup
1 Urban_Popuation_Percentage =50% to 70% 3 5 3™
2 GDP Agricultural percentage« 10% 3 5 3™
3 Infant Mortality Rate s 10 3 6 33%
4 GNP Rer Capita« $3500 3 7 3%
5 Life Expedancy =70to 73 yeas 3 8 27%
6 Percentageof Labor inInduwstry =30%to 456 3 8 27%
7 Percentage of Labor in Agriculture « 15% 3 9 25%
8 Fertility Rate =5/3t0 3 3 15 18%
9 DedhRate =8to0 12 3 16 15%
10 Popuation Growth Rate « 1% 3 17 15%

where Pos denotes positive examples (i.e., courtries from Southeastern Europe), Neg
denotes negative examples (courtries from other regions), and Sup denotes a relative
suppat, acording to the expresson: Supp = Pos / (Pos + Neg) x 100% Sup values
provide the user with an ideaof how much suppat that condtion alone would provide
toward the hypahesisin question. In this case, an urban popuation percentage between
50% and 7% provides much stronger evidence that the @urtry in question was from
Southeastern Europe than the fad that its popuation gowth rate was lessthan 1%.

In this experiment some strong trends were discovered. For instance, Western European
core oourtries had high per-capita gross national products (GNPs), low infant mortality
rates and low percentages of workers in agricultura fields. Eastern European courtries
showed low life expedancies and low per-cgpita GNPs, but while thase in the northern
part of the region were dso charaderized by hgh ceah rate, high pimary schod
education and moderate-to-high infant mortality, those in the southern part of the region
exhibited low urbanizaion, slow popuation gowth and relatively highly agriculturally
based emnamies (this charaderizaion is shown abowve). Southern European courtries
showed low alocaion d resources to educaion, moderate per cegpita GNPs and low
fertility rates. The developed courtries of East Asia dl had very low dedh rates.

To see how well these dharaderizaions fit the other courtries in ead region, the non
core ourtries in the examined regions were then tested against the discovered patterns
using the rule testing operator developed from the ATEST program (Reinke, 1984. This
operator tests a rule set for consistency and completeness Among the findings was the
tendency for island courtries to deviate from the mainland nams for their region more
than ather mainland courtries, even when they might appea sociopditi cdly closer to the
regional norms. For instance development patterns in Switzerland closely matched those
found elsewhere in Western Europe (INLEN reported an 80% match with the region's
charaderiztion), while Ireland's were significantly further from the typicd regiond
pattern (only a40% match).

Other findings uggested similarities between the development patterns of South
American courtries and many of the @urtries of East Asia. The results also confirmed
the suggestion that sociocultural influences are often stronger than geographicd
proximity in determining a @unry’s ecomnanic and demographic indicators.  For
example, Italy shows a pattern consistent with that of Western Europe, rather than
Mediterranean Europe.



Sometimes more than ore rule is necessary to fully describe a ¢ass of data. In such
cases, the examples united under asingle rule tend to have aconceptua simil arity to ore
ancther. For instance, in charaderizing the regions of the world based onthe 1990World
Bank data, INLEN founda dharaderizaion pertaining to most of the curtries of South
America ancther one encompasdang Bolivia, Colombia, Suriname and Uruguay, and two
more representing the exceptional cases of the Guyanas. One ould hypdhesize that the
four courtries in the seoond goupform a @whesive subgoupwith a ommon bondworth
exploring.

The previous examples were based on dita sets extraded from the World Bank database.
An experiment using the World FadbooK s PEOPLE database demonstrated howv INLEN
can deted interesting fads within the subgoups it creades. While the subgoups in a
demographic domain may indicate that member courtries or regions that have something
in common, ndable exceptions may be exposed when ore of the members of these
constructed subsets dows a marked dissmilarity to the rest of the group. These
exceptions in turn may prove be aspringbaard for further discovery.

INLEN discovered severa rules from the PEOPLE database tharaderizing the wurtries
with low (lessthan 1% per yea) popuation gowth rates by invoking the rule leaning
operator in charaderistic mode.

One of the rules had three ondtions that together were sufficient to dstingush 191ow
growth courtries from those with higher popuation gowth rates:

Conditions characterizing Countries with Population Growth Rates
below 1%: Pos Neg Supp

1 Birth Rate =10to 20 a Birth Rate * 50 46 20 69
2 Predominant Religionis not defined as 40 68 37
Muslim or Mixed or Buddhist or
Christian or Tibetan
3 Net Migration Rate ¢ +20 32 104 23

The first (and therefore strongest) condtion states that the courtiry must have alow
(uncer 20 per 1000 popletion) or very high (over 50) birth rate. The presence of a very
high kirth rate is extremely courterintuitive; examination d the 19 courtries involved
pointed ou that 18 had hirth rates below 20, while only one, Malawi, had this high krth
rate.

INLEN had thereby identified an exception to namal patterns. When further leaning
was focused onMalawi, a massve outward net migration rate was discovered, by far the
most extreme migration rate in the world. Further applicaion o the knowledge
discovery operators could explore the condtions unique to Maawi and hypdhesize
where dse they might take placein the future.

4. Thedevelopment statusof INLEN

The examples shown abowve use just a few of the knowledge generation operators being
implemented in INLEN. INLEN itself is growing steadily as operators are enhanced and
added to its environment; while still i n prototype form, it already has many functional
operators.



Among the aesas intended for future reseach and development are the aldition d todls
for creaing rew attributes for improved performance (constructive induction), based on
the AQ17-MCI methoddogy (Bloedorn et a, 1993. This methoddogy combines data-
driven construction d attributes based on the detedion d relationships between
attributes, hypdhesis-driven construction d attributes based on patterns deteded in
preliminary rulesets, and statisticdly-based operators for quantization d continuows
numericd attributes and summarizaion d notable groups of examples (e.g., a region's
average per cgpitaincome).

Ancther enhancement will be the development and incorporation d a high-level language
for knowledge discovery. With such atoadl, a user will be ale to program in sequences
of operators, aong with instructions detailing what condtions $all cause them to be
invoked. The system will be &le to follow such instructions as “If a new month’s data
shows less than a 95% consistency with the knowledge base, updite the knowledge to
incorporate the new data and then use charaderizaion operators to seek out posshble
explanations why the behavior has changed in the new month” or “If a high-urgency
network fault is deteded, access the knowledge base to predict the locaion d the
problem and the nature of alikely solutionandreport it immediately.”

INLEN currently examines only one relational table & atime. An ongong reseach eff ort
is to develop methods for discovering knavledge that is not stored in ore locdion, bu
rather distributed among several databases (Ribeiro et a, 1995. One gproach avoids
combining the data from the different sources, instead developing separate knowledge
bases and deriving rule-based attributes in order to search for commonaliti es between the
discovered knowledge and the other databases.

A fourth reseach effort applicable to INLEN is the development of a methoddogy to
provide madine leaning programs with enriched damain knowvledge in the form of
intricate anceptual hierarchies. The knowledge generation operators can then use this
knowledge to help seled the output knowledge's level of abstradion that will be most
useful for the data analyst.

5. Conclusions

The INLEN methoddogy is based on the gplicaion d a large asena of macdine
leaning and inference programs for the purpose of discovering knawvledge from
databases and poviding concise onceptua explanations of their findings. These diverse
madhine leaning and inference tods can work in conjunction with traditional statisticd
tods. Amongthe maor advantages of INLEN is its emphasis on groviding conceptually
understandable results of data analysis due to the logic-style descriptions it generates.
Ancther advantage is its moduarity that makes it essy to add rew knowledge generation
operators.

Amongthe limitations of the arrent implementation o INLEN are the ladk of integration
with statistica data analysis methods and too much reliance on the data anayst for
guidancein the seledion d operators and the setting o parameters. Ancther limitationis
portability; while future versions of INLEN will run on dher platforms, it is currently
limited to PC-based systems.



As described abowve, topics of further reseach include an integration d methods for the
automated improvement of the representation space ad dscovery of new attributes more
relevant to the task at hand, the development of ahigh-level conceptual languege to asgst
the user in planning and exeauting complex data analysis tasks, development of methods
for automated data dstradion, and analysis of distributed databases.

In the presented study, INLEN’s knowledge generation operators have been applied to
databases of emnamic and demographic indicators. Findings obtained by INLEN
confirmed some known fads whil e uneathing some surprising ores. These experiments
illustrate some of the INLEN’s abilities and clealy indicae that this g/stem has a
patential for determining important but unknovn econamic findings in large database of
fads.

While future experimental investigation d the INLEN methoddogy will continue to
explore the international demographic datasets described in this paper, the gplicaion d
this gystem to ather econamic problems, such as international trade data analysis and
stock market trend detedion and predictionis also planned.
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