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ABSTRACT: Developing intelligent information systems has been a focus of recent
research. A major component that makes a system intelligent is its learning capabili-
ties. A learning system can adapt itself to new environments and improve its perfor-
mance with minimum intervention from the developer. In this paper, we review major

learning paradigms, examine thie role of learning in intelligent information systems,

and discuss potential research issues in integrating learning capabilities in information
systems design.
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1. Introduction

DEVELOPING INTELLIGENT AND USER-FRIENDLY SYSTEMS HAS BEEN A FOCUS in
information systems for a long time. Recently, the rapid advancement in artificial
intelligence (AI) has generated many new technologies that can be integrated to
 enhance the performance of information systems. One field of particular potential is
machine leamning, a disciplihe that focuses on the development and analysis of learning
methods suitable for computer implementation. An increasing number of articles on
the development and application of machine learning techniques have appeared in
information systems journals in the past several years. Like the papers included in this
special section, however, most of this research is oriented toward individual applica-
tion experience [4, 18,25, 26] or method comparison [14, 20]. As the field grows, we
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need a general framework to consolidate existing findings and provide guidelines for
future research. Toward this end, this article reviews major machine learning para-
digms, examines the roles of learning in various kinds of systems, and discusses
potential research issues. _

Learning denotes a mechanism that enables an entity to adapt its behavior over time
so that the same task or more complex tasks can be performed more efficiently or
effectively [28]. The objective of machine learning is “the exploration of alternative
learning mechanisms, including discovery of different induction algorithms, the scope
and limitations of certain methods, the information that must be available to the
learner, the issue of coping with imperfect training data, and-the creation of general
techniques applicable in many task domains.”[3]

A question one may ask is, “Given the powerful human learning capability, why
should we worry about machine learning?” There are several reasons to strive for
machine learning. First, human learning is a complicated and slow process that is
difficult to understand fully. It takes more than twenty years of education to train a
professional physician and more than ten years of learning to make a chess master.
‘We certainly hope that more effective learning methods can be discovered to expedite
the process. Second, human learning often does not guarantee consistent performance.
‘We can learn very complex relationships, but we often ignore the obvious ones. Third, the
results from human leaming are difficult to artculate, transfer, or duplicate. The same
knowledge has to be learned again and again by billions of people, which is obviously
inefficient. Machine leaming allows knowledge to be learned once and then copied quickly
for different uses. Finally, it is very difficult to integrate human learning into computer-
based information systems. It is hard to interface human knowledge with computers
without a substantial amount of conversion and coding. Machine learning methods can be
easily integrated to make information systems more adaptive.

... .Another.question-that-may.be-asked is, *“Why dowe-need leaming:systems-that -+ - - -t i s

integrate machine learning capabilities?” Or, in other words, what roles do learning
systems play in decision making? A leaming system can adapt itself to the changing
environment and user needs. It plays two essential roles in decision making. First, it
allows computers to be smart enough to replace human beings in certain decision
sitnations. In fact, this has been the goal of expert systems in the past decade. Due to
the difficulty of knowledge acquisition and lack of flexibility, however, the application
of expert systems has faced a major crisis. Integrating learning capabilities that enable
expert systems to modify their knowledge base is a key component for the second-
generation expert systems.

- Second, leamning systems can be diligent and intelligent assistants or partners for the

decision maker. The leamning capability allows systems to support decision makers in a
more flexible way. For example, a loan evaluation system with leaming capabilities can
adjust its decision criteria according to the changing risks on the market and inform the
loan officer of the situation. This would have to be done manually by knowledge engineers
after the decision maker discovers the need for changes. Therefore, the goals of integrating

learning capabilities are twofold. First, we would like to increase the flexibility and -

Jfriendliness of the system. Second, we want to improve the performance of the system.
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Given these advantages for machine leamning, it is interesting to examine how
systems can learn, what should be considered when we design learning systems, and
research issues involved in developing and applying learning systems.

2. How Can Information Systerns Learn?

MANY METHODS HAVE BEEN DEVELOPED TO HELP COMPUTERS LEARN. Different
methods often use different mechanisms to construct knowledge in different formats.
In figure 1, knowledge representation, domain knowledge requirement, and learning
strategies are used to differentiate learning paradigms. Regarding representation
format, the knowledge learned can be symbolic or nonsymbolic. Symbolic learning
systems construct if-then rules or decision trees to represent the knowledge for
decision making. For example, Quinlan’s ID3 [22] induces decision trees and Liang’s
CRIS [11] generates decision rules. Nonsymbolic learning systems construct other
forms of knowledge. For example, neural networks (NN) [17] allow knowledge to be
stored in a set of interconnected electronic neurons. Genetic algorithms [6] can be
applied to both symbolic and nonsymbolic learning.

Learning methods can also be differentiated by the domain knowledge required for
learning and their learning strategies. Some learning methods use little domain
knowledge in their learning process, whereas other learning methods require extensive
domain knowledge before new knowledge can be derived. For example, the back-
propagation-based neural network can be applied to any problem domain with little
modification. It is called a knowledge-poor approach. Learning by analogy [1, 2, 12]
and explanation-based learning [21] require extensive domain knowledge. They are
knowledge-intensive approaches.

Four learning strategies are popular in existing learning methods: memorization,
. induction, deduction, and analogy. |

2.1. Learning by Memorization

This is the most primitive form of learning. The system accepts and memorizes new
facts without further transformation or generalization. As the facts stored in the
database increase, the performance of the system also increases. This strategy is used
in several ways, including rote learning and leamning by being told. The major concern
in this strategy is how to index the stored knowledge properly for future retrieval.
Learning takes place in the indexing process.

2.2. Learning by Induction

This is by far the most popular learning strategy. Induction is a process by which more
general descriptions are created from specific instances. Learning by induction is also
called inductive learning, rule induction (if rules are generated), tree induction (if
decision trees are generated), or leamning from examples. For example, given three
products of different prices and qualities, their profits are shown as follows: o
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Product | Price | Quality | Profit

A high | high high

B high low low

C low high high

Two rules can be induced from the data:

Rule 1: If Quality (Product) = high, then Profit (Product) = high.
Rule 2: If Quality (Product) = low, then Profit (Product) = low.

Depending upon whether the outcomes of the input cases are known, inductive learning
methods can be firther divided into two categories: supervised learning and unsupervised
learning. In our previous example, the outcome (profit level) of each input case is known.
It is a supervised learning. Unsupervised leaming classifies the input cases into clusters
based on the similarity among the input atiribute values and is often called cluster analysis
or knowledge discovery. Supervised learning is far more popular than unsupervised
learning. Most learning methods used in business domains including Quinlan’s ID3,
Liang’s CRIS, and neural networks are supervised learning methods, This is because the

‘mechanism of supervised learning is very similar to that of traditional discriminant analysis

or statistical regression analysis used extensively in business problem solving.

2.3. Learning by Deduction

Deduction is a process by which new causal relationships are derived from old ones,

~ For example; if we'know that (1) the increased interestrate will cause higherinterest™ "~ s

payments and (2) higher interest payments will worsen cash flow, then we can deduce
that the increase in interest rate will deteriorate the cash flow. A popular deduction-
based approach is explanation-based learning (EBL), which uses extensive domain
knowledge to produce a valid generalization of an example along with a deductive
Jjustification of the generalization [21]. ‘

The EBL process includes two stages: explanation and generalization. First, a
structure of domain theories (called an explanation) that proves how the input example
satisfies the goal concept to be learned is constructed. The explanation is then
generalized by determining a set of conditions under which the explanation structure

~ holds. For example, X company with a capital of 5 million, sales of 2 million, and costs

totaling 8§ million went bankrupt. We want to learn the rules for assessing firm
bankruptcy from the example. Suppose the following domain theories are available:

T1: Profit = sales — costs;

T2: If profit < 0, then loss = absolute_value(profit);
T3: If Ioss > capital, then bankrupt;

T4: sales = price * volume.
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Leaming Paradigms

Representation . Strategy Dorrigg .

Symbolic Nonsymbolic Membrization Induction Deduction Analogy Kjlpogredé ]ﬁ\ow!ed

Rules TraesA]CégrAgLEfn ’ S%perviﬁegd Unm?d Rolz Being told EBL.  Analogy
Figure 1. Classification of Learning Paradigms

Using the above information, EBL can construct an explanation structure, as shown
in figure 2, from the sample firm. In the structure, three theories are used (T4 is found
irrelevant in this example). To make the learned knowledge more useful, the structure
can be further generalized as follows:

If (sales — costs) < 0 and absolute_value(sales — costs) > capital,
then bankrupt = yes.

2.4. Learning by Analogy

Learning by analogy is a process that combines both inductive and deductive learning,
A typical analogical reasoning process involves (1) finding proper analogies by
identifying a common substructure among descriptions from different domains, and

-.{2).applying.analogical mapping-to construct new knowledge-{1, 2].-For. éxample;--if:-: T

curriculum design is considered analogous to a production line design, then the
knowledge of production line scheduling, staff assignment, and performance evalua-
tion can be transformed to become the new knowledge learned about curriculum
design. In the analogical learning process, identifying a common substructure is an
inductive process, whereas analogical mapping is a deductive process.

Analogical learning becomes more powerful when it is combined with case-based
reasoning [7, 10,24]. A case base isarepository of existing examples that have already
been solved. Two kinds of learning occur in case-based systems. First, new cases can
be stored in the case base and then retrieved later. This is learning by memorization.

~Second, knowledge can be constructed analogically using the cases stored in the case base.

3. Framework for Integrating Learning into Information Systems

" WHEN WE DEVELOP LEARNING SYSTEMS, THERE ARE AT LEAST THREE ISSUES that must
be considered: (1) the type of systems to be mtcgrated (2) the proper learmng method

and (3) the mtegranon strategy.
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Bankrupt

| | |
Loss(X, Lx) Greaer(X, Sm) Capital(¥X, 5m)
. |T2

Less_than(Px, 0) Profit(X. Px)

g

Sales(X, 2m) Costs(X, 8m)

Figure 2. Explanation Structure

3.1. Type of Systems

In general, information systems can be divided into three categories: data processing
systems (DPS), decision support systems (DSS), and expert systems (ES). Different
types of systems have different characteristics and require different kinds of learning
capabilities.

DPS are database-oriented systems. A well-known example are the airline reserva-
tion systems that maintain a large volume of travel data. Database management, data
analysis, and information reporting are three major functions of DPS. Learning
capabilities can be integrated into any of these three functions to make such a system '
more powerful. For example, data management may be improved by integrating
methods of leamning by memorization to allow more flexibility in indexing and
retrieving key information, Data analysis capabilities can be improved by incorporat-
ing unsupervised inductive learning methods that discover customer travel patterns

- from'database [5]. Furthermore;, supervisedinductive learningmay-helpretrievetravel - - - v sz

patterns and determine the relationships between customer profiles and travel patterns.

DSS are systems with extensive quantitative model analysis to support decision
makers. Each DSS is composed of a database, a modelbase, a user interface, and a
control module. Learning can be integrated into any of them. For instance, the model
management function can be enhanced by including analogical and other learning

methods [12, 27]. The database can also hold user profiles so that rules can be induced

to make DSS self-adaptive when interacting with different users [15].
ES are systems designed to preserve human expertise. A traditional ES is composed
of a knowledge base, a database, and an inference engine. Because of difficulties in

knowledge engineering, learning has significant impacts on almest every phase of ES -~ - - ..

development. Inductive learning can help knowledge engineers overcome some
problems in knowledge acquisition. It also allows the knowledge base to evolve as the
data in the database change. Deductive leamning may be integrated into the inference

. engine to adjust the inference strategy of the system, A casebase can also add to the

ES architecture to make effective use of analogical and case-based learning. The cases
in the casebase can be used to.induce new knowledge, evaluate and refine existing .
knowledge, and provide convincing evidence to support the conclusion of the system.
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3.2. Learning Technology

Given different functional modules in different types of systems, itis difficult and may
be unnecessary to determine exactly which method is the most appropriate for what
kind of systems. However, we can observe possible modules in which a particular
method may be useful. In Table 1 we list potential opportunities for integrating
machine leamning into information systems.

For data processing systems, learning by memorization can make data management
more flexible. Inductive learning methods such as Quinlan’s ID3, neural networks,
knowledge discovery, and deductive learning methods such as EBL are all useful for
data analysis (such as finding patterns from the database). Knowledge discovery and
analogical methods are useful for data reporting (such as finding significant informa-
tion o be included in reports).

For decision support systems, learning by memorization and knowledge discovery
methods can be integrated into the user interface and model utilization modules to
maintain usage profiles so that the system can be more adaptive [15]. Inductive
learning methods can be used to analyze model utilization and other phases of decision
making to improve the management of models (including creation, selection, utiliza-
tion, and other phases of model management). Neural networks and analogical learning
may be useful for model construction. Deductive methods can be integrated to improve
DSS control mechanisms. Analogical and case-based leaming can build more intelligent
what-if capabilities that allow previous experience to be included in the analysis.

For expert systems, learning by memorization can enhance the management of
database and casebase. Inductive leamning and knowledge discovery methods are
critical to knowledge acquisition. Neural network, deductive learning, and analogical
methods can be integrated to improve the inference engine. Analogical and case-based
methods are also valuable for explaining system conclusions.

3.3. Integration Strategy

At least two strategies are available for the integration of learning capabilities in
information systems. One is considered more static. One or more learning methods
are built into the system and tightly coupled with the other functions of the system. A
major advantage of this method is that continuous performance improvement is
possible. However, a tightly integrated learning module may also result in unstable
systems and increased computing costs. For instance, the knowledge base of an expert
system may be changing all the time if its inductive learning module is activatedevery
time a new case is encountered. R

Another integration strategy is dynamic. Instead of directly linking the learning
module and the system, we implement a performance monitor to examine system
performance continuously. The learning module is separated from the system and is
activated only if chances for a significant performance improvement are identified by
the performance monitor. This strategy allows many learning methods to be built and
stored in a repository similar to a datibase and to be shared by different systems.
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Table 1  Opportunities for Integrating Learning Capabilities

Technology DPS DSS - ES
Memorization Data management  Userinterface, Database, casebase
mods! utllization management
Inductive learning Data analysis Model management Knowledge acquisition
Neural networks Data analysis Modeling Inferance acquisition
Knowledgs Reporting, User interfacs, Knowledge
discovery data analysis database
Deduction Data analysis Control mechanism  Inference
Analogy Reporting Medeling, Inference,
what-if analysis explanation

In summary, there are a few issues we must consider when we develop learning
systems. First, we must determine where we want the system to Jearn. Do we want to
make the user interface more adaptive or the knowledge base more accurate? Then,
we choose one or more learning methods appropriate for our purposes. For example,
if we want to improve the accuracy of the rules in the knowledge base, rule induction
may be a good choice. Finally, we decide on the strategy for implementation. Do we
want the learning method to be tightly integrated into the system for continuous
learning or loosely integrated through a performance monitor?

4. Research in Learning Systems

GIVEN THE ABOVE FRAMEWORK, A FEW RESEARCH ISSUES about developing leaming
systems can be identified. These incliide development of Hew leatfiifig methods, "=~

integration of different learning methods, empirical evaluation and comparison of
methods, social and managerial implications of learning methods, and exploration of
innovative applications. They are discussed briefly in this section.

4.1. Development of New Learning Methods

Because there are many different types of information systems designed for various
tasks, no single learning method is suitable for all systems. So far, much research in

- machine learning has beenfocused on developing new and better learning algorithms -

that can capture the knowledge more precisely.

In general, the development of new methods is triggered by problems encountered
in applying existing methods. Most existing learning paradigms have certain deficien-
cies. New methods often aim at alleviating these deficiencies. For instance, Quinlan’s
ID3 algorithm [22] accepts input data and then uses the entropy function iteratively
to build a decision tree. It has problems such as: (1) the tree may be too complex ifall
details are covered and (2) nominal and non-nominal attributes are handled by the
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same criteria. As a result, modifications have been introduced to prune the tree after
its construction. A method that treats nominal and nonnominal attributes differently
has also been proposed [11]. -

In some other cases, research is triggered by the constraints of the application
environment. For example, most existing learning methods assume that the system is
centralized and do not consider the distributed nature of modern information systems.
Therefore, developing a distributed knowledge acquisition system becomes a viable
research topic, as presented in Kiang, Chi, and Tam’s paper [9].

4.2. Integration of Different Methods

Since different methods have different strengths and weaknesses, another line of
thought is oriented toward integrating existing methods to solve a particular problem.
Method integration can be surface or deep [13]. Surface integration means different -
methods are coupled and the results are integrated. Deep integration means algorithms
are deeply interwoven in the whole learning process. The paper by Tessmer, Shaw,
and Gentry [29] is an example of method integration that integrates results from
inductive learning to form more extensive knowledge. In addition to the integration
of different machine learning methods, they can also be integrated with statistical and
operations research methods to solve particular problems more effectively [13, 16].

4.3. Evaluation and Comparison of Methods

Choosing a proper learning method for a particular application is an important
problem. It requires extensive knowledge of the performance of different methods.
Therefore, research on the evaluation and comparison of learning methods is also very

_ important. A learning method can be. compared with human decision makers.orother . . . ...._.....

learning methods. Kattan, Adams, and Parks [8] compare machine learning tools with
human judgment to find that human leaming is slow and may not be better in
classification tasks. In [14, 20], learning methods are compared with one another or
with traditional statistical methods,

Evaluation and comparison can be performed empirically or theoretically. In em-
pirical comparison, we need to develop test data, design experiments, run the test data
with selected methods, and then compare their performance. A problem of empirical
evaluation is that the results may not be generalizable in some situations. This can be
alleviated by using theoretical analysis. An example of theoretical analysis can be
found in [23], where O’Leary examines the impact of dataaccuracy on system learning
to prove the importance of data accuracy in learning systems.

- 4.4. Social and Managerial Implications of Learning Systems

Since learning systems will, to some extent, change the way we work and make
decisions, it is reasonable to expect that some impacts will be generated. Therefore, it

- is'also interesting to examine the social and managerial implications of developing™ = *
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and using intelligent systems. Issues such as the following are important but signifi-
cantly underexplored:

» What social impacts would learning systems generate?

» What impacts would learning systems have on human leamning?

+ How should we manage the development and application of learning systems?
» How can we justify the costs of developmentand application of learning systems?
« How can we make learning systems and human beings cooperate better?

4.5. Innovative Applications of Leamning Systems

Because of the nature of machine learning, most learning applications have been
related to expert systems or decision support. In fact, the leamning technology may
have just as much, if not more, potential in other types of systems such as transaction
processing, office automation, and data processing. Therefore, finding innovative
applications would be another important area for future research.

5. Concluding Remarks

DEVELOPING INTELLIGENT SYSTEMS HAS BEEN A GOAL for information systems
professionals for a long time. The recent advancement in machine learning makes it
possible to begin integrating learning capabilities into systems. In this article, we have
reviewed major learning paradigms, presented a framework for research in this area,
and pointed out five major areas for future research. Although much work has to be
done before we can have a really intelligent system, now is a good time to start
research,
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