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ABSTRACT

We describe techniques for combining two types of knowl-
edge systems: expert and machine learning. Both the expert
system and the learning system represent information by
logical decision rules or trees. Unlike the classical views of
knowledge-base evaluation or refinement, our view accepts
the contents of the knowledge base as completely correct.
The knowledge base and the results of its stored cases will
provide direction for the discovery of new relationships in
the form of newly induced decision rules. An expert system
called SEAS was built to discover sales leads for computer
products and solutions. The system interviews executives
by asking questions, and based on the responses, recom-
mends products that may improve a business’ operations.
Leveraging this expert system, we record the results of the
interviews and the program’s recommendations. The very
same data stored by the expert system is used to find new
predictive rules. Among the potential advantages of this ap-
proach are (a) the capability to spot new sales trends and
(b) the substitution of less expensive probabilistic rules that
use database data instead of interviews.

Categories and Subject Descriptors

H.2.8 [Database Management]: Database Applications -
Data Mining
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1. INTRODUCTION

Expert systems and machine learning methods are two
prominent approaches to encoding knowledge in a computer.

Both approaches can employ similar representations for knowl-

edge. For example, both can use logical decision rules for
classification. A key distinguishing characteristic of the two
approaches is that an expert system can be built from an
expert’s knowledge and not inferred from often incomplete
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sample data. From this perspective, data are used for eval-
uation of an expert system’s performance on test cases.

Expert systems and machine learning methods can be
combined. Evaluation of a pre-existing knowledge base
matches the true answer to the answer given by the ex-
pert system. The true answer is found by some independent
means. For example, a medical diagnosis system will reach
a conclusion that is not necessarily correct. We know this
by comparing to an objective measure, such as the human
expert’s diagnosis or perhaps the result of some procedure
that ascertains the exact answer like a costly lab test. Case
data are run through a knowledge base, and the labels as-
signed by the expert system are compared to the known
correct labels.

Evaluation is the central thesis of many mating schemes of
data and rule-based systems. The knowledge base is consid-
ered an expert’s theory, an encoding of domain knowledge.
Generally, it is correct, but may have weaknesses. The eval-
uation helps uncover the weak areas, and the knowledge
base is refined. The human engineer or expert modifies the
program to improve its accuracy. Methods of automated
knowledge base refinement[4] attempt to modify the knowl-
edge base. The knowledge base is revised to resolve misla-
beled sample cases, while maintaining the overall integrity
of the expert-derived knowledge. An alternative approach is
case-based reasoning[5], where learning methods are some-
times used to augment the expert’s current store of cases.

In our application, we consider the knowledge base to be
correct. We have no aspirations to modify the knowledge
base. The data used in the knowledge base will provide a
basis for data mining the stored results of previous appli-
cations of the knowledge. A key objective is to find less
expensive ways of obtaining predictions usually in terms of
likelihood instead of the complete certainty of the expert sys-
tem. An expert system called SEAS has been developed that
interviews executives of small and medium-sized companies
and then recommends possible solutions for problem areas,
such as supply chain software. Many of the questions asked
by the program can only be answered by individuals inti-
mately familiar with all segments of a company’s business
operations. The expert system provides very accurate re-
sults, but requires an interview, a hard-to-obtain objective.
Can we find less expensive ways that may be probabilistic,
but still provide increased likelihood for sales leads?

From one perspective, the problem is not unlike medical
diagnostic testing. We only perform expensive tests when
there is an increased likelihood of a suspected outcome. We
usually settle for less predictive triage before embarking on a



Figure 2: Tasks of Unified System

1. Construct expert system
2. Give consultations

3. Store results:

e question-answer pairs

e program recommendations

4. Induce decision rules from stored data

full protocol of testing. In a simple incarnation of a solution,
a decision tree might be built, knowing that the terminal
nodes are the conclusive results. If it is too costly to reach
the terminal nodes, then we estimate the likelihood of reach-
ing the terminal node from other nonterminal nodes. When
the likelihood for an antecedent node reaching the terminal
node is below a fixed threshold, no further tests are ordered.

2. METHODSAND PROCEDURES

Figure 1 describes the SEAS expert system for finding
sales leads for small and medium companies. It interviews
executives and recommends solutions for their problems.
Figure 4 describes an extended system that unifies SEAS
with data mining. Figure 2 is a list of the tasks that are
performed in an integrated expert and data-mining system.

2.1 TheKnowledge Base

Our concept pre-supposes an expert system and its as-
sociated knowledge base. Many new applications may not
have readily accessible sample data, and the complexity of
a knowledge base may necessitate a very large data sample
to test all program variations. In our specific application,
many of the questions asked by the program cannot be an-
swered by lookup in commercial or public data sources. It’s
up to the data-mining process to discover new relationships
or assign probabilities to partial relationships for questions
and answers that are present in the knowledge base and have
surrogates in commercial databases. If these discoveries are
made, substitutes for the interview process can be found.

Expert systems are a relatively mature field, at least for
rule-based systems. The type of system for our application
is sometimes called a consultation system. The programs
ask questions and reach conclusions. A consultation system
needs two components: (a) a questioning strategy and (b) a
classification strategy. The questioning strategy interviews
a person with a problem, and the classification reaches con-
clusions and make recommendations. Many expert systems
are rule-based, and their questioning strategies examine the
structure of the decision rules and their satisfied compo-
nents to determine the most plausible next question. Al-
ternatively, as is the case of SEAS, our sales-lead system,
the topics are well-organized and have their own local struc-
ture. For example, the program can ask whether a company
is competitive on production costs, and if not ask further
questions about the sources of increased costs.

The questioning strategy accesses valid questions and an-
swer pairs. The complete set of pairs is the list of items that

Figure 3: Data Acquisition Procedure

1. Ask question, record answer, and branch within XML
questions

2. Invoke decision rules to identify problem types
3. Recommend solutions corresponding to problem types

4. Save question-answer pairs and recommended solu-
tions

can be mined, the attributes. In this application, they are
all binary, where numerical attributes have been discretized
to simplify the questioning: a user is asked to pick one of
the specified ranges. A collection of decision trees can im-
plement a questioning strategy for a circumscribed domain,
and our application system uses a standard XML represen-
tation for this purpose.

The classification mechanism is a set of decision rules.
They identify problem types and relate these problems to
possible solutions. For our data mining application, we will
store both the attributes, i.e. question-answer pairs, and the
program’s recommendations. Figure 3 describes the expert
systems strategies for data acquisition from interviews.

2.2 TheData

In a standard evaluation of a classification system, we
would have an additional item recorded for each example,
each interview in our application. The correct answers would
be stored, and we might measure accuracy. In the lead gen-
eration application, our expert system is assumed correct.
The questions that we ask are implicitly expensive to obtain
from any source, other than interviewing someone intimately
familiar with the company. But once this information is ob-
tained, the solution path is exact. We can accept the cor-
rectness of the knowledge base, and the recommendations of
the expert system.

We have two components to any data-mining application
for prediction: the measured attributes and the labels. Cer-
tainly, we know the attributes. These are the question-
answer pairs. We would be very interested in using the
same set of attributes to make a higher level prediction, not
yet captured by the expert system. What would be a rea-
sonable prediction? In our application, the purpose of the
expert system is to obtain sales leads. Thus the ultimate
prediction is whether a sale closes and its projected revenue.
Knowing the eventual outcome, we could learn some form of
score or classification, that if successful, would find patterns
for the closed sales and not the failures. Most interviews do
not end in a sale for many reasons including expense of pur-
chase or a loss to a competitor. The very same attributes
of the expert system are appropriate for machine learning.
However, we must obtain a new set of labels, those recorded
by tracking the eventual outcomes, much like we measure
the efficacy of a medical treatment by the eventual outcome
to a patient.

If we could obtain these labels for outcomes, we have a
classical prediction problem for labeled data. In many cir-
cumstances, it is not easy to track outcomes. The results are
only known over time; the results of an initial contact may
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Figure 1: Overview of SEAS

not be stored in the same database as the ultimate outcome.
In our application for lead determination, the outcome is
not reliably tracked, passing through several databases with
non-unique company identifiers.

Having obtained outcome labels and solved the prediction
problem, what have we achieved? Using the answers to the
questions of the expert system, we can predict success or
failure of the sales proposal. This may be useful, but we
also know that many of the questions that the expert system
asks may be difficult to obtain by alternative means, such
as a commercial database. The interview must be given by
the sales lead program.

In our procedures, we relax the requirements of obtain-
ing the labeled outcomes and the complete expert system
interviews. Without this information, we show how useful
predictors may still be obtained. Using our medical analogy,
our goal is to perform less expensive screen tests, that may
have weaker predictive power, but still give useful indica-
tions of likelihood of outcomes.

2.3 Specifying the Problem

Our goal is to mine the data accumulated from sessions
of the expert system. In our application, interviews results,
expressed as questions and answers, are stored. We have
also stored the program’s conclusions. If we map the expert
system’s tasks into a classification and prediction problem,
the objective is to determine mappings from measurements

to labels. Thus we need to specify the the usual two sets,
the measurements and the labels, or for our application the
question-answer pairs {QA} and the labels or recommended
solutions {S}. These are already the information provided
by the knowledge base. If we continue with the usual pre-
diction model, then our objective is to find mappings from
{QA} to {S}. However, we already have a system that does
this correctly, the expert system. Moreover, if we use the
very same representation as the knowledge base and have
a large enough sample of data, we may actually induce the
very same rules that we already have in the knowledge base.
First, let’s consider the labels. The outcomes, in terms of
win or loss, are best, but the recommendations of the expert
system are a reasonable proxy. Looking at our application,
we accept the recommendations as correct, and we expect
that customers who need the specified solution are far better
targets than those who do not. Therefore, they are good
leads if we can find them, especially without the interview.
We will maintain the same labels as the knowledge base.
Instead of using all attributes, we will work with a sub-
set, {QA’}, those that are least costly to obtain, preferably
available in a commercial or public database. For example,
the knowledge base may ask demographic questions about a
company’s industry or number of employees. Circumscrib-
ing empirical learning to those attributes that are inexpen-
sive may weaken the likelihood of obtaining the strongest
rules, but it will guarantee inexpensive rules. Under the
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Figure 4: Unifying SEAS with Data Mining

best of circumstances, decision rules may be induced that
are inexpensive, simpler, yet serve as full surrogates for the
original rules for the knowledge base.

Returning to our medical test analogy, we now have a
mechanism of inferring less expensive rules for the original
database. These rules may be probabilistic as opposed to
certain. These rules may also vary over time. During one
time frame, some industries’ fortunes may change, making
them less or more likely to need some of the offered solu-
tions. This information could be valuable in determining
leads, for example switching to industries whose prospects
are strengthening during that time period.

Because a consultation system is the basis of gathering
data, we cannot expect to have large samples. Over time,
as more interviews are conducted, the sample will grow, but
never to the size of those from fully automated batch sys-
tems. Moreover, the sample may not be completely sta-
tionary, and we may decide to keep only the most recent
data. The knowledge base of our application has 1200 bi-
nary attributes— most questions are multiple choice. Some
200 possible non-mutually exclusive potential recommenda-
tions are the labels for our application.

2.4 Learning from the Data

The goal is to induce decision rules for the expert system’s
recommendations. Although all recommendations and an-
swers to questions have been stored, only the least expensive

questions will be examined. The problems will be treated
as binary classification problems, the same tasks performed
by the expert system. Rule induction will be the method
used to find classifiers, an approach completely compatible
with the expert system’s method of classification. Because
the number of stored examples will be relatively small, we
want a method that is compatible with resampling tech-
niques like crossvalidation. The expert system is growing in
use; the sample will also grow in size, but there are reasons
why it may not grow large. The main reason is that trends
may not continue, and a time window on the sample may
be necessary. Moreover, it may be worthwhile to segment
the data by geography. Trends in Europe or Asia may not
be the same in the USA, especially for a program geared to
small and medium-size businesses.

Figure 5 shows an example of typical DNF rules for a
single class, where f; are attributes. Together all rules for
a class form a rule-set. In a binary classification problem,
we can use the failure of any rules to be satisfied as indica-
tors of class 2, i.e. to not recommend the specified solution.
The complexity of a rule-set is described with two measure-
ments: (a) the number of rules and (b) the total number of
components in the rule-set.

Because we are looking for maximum interpretability of
the decision rules, complex solutions, such as those gener-
ated by ensemble methods [6],[1], will be less desirable. In-
stead we want a simple set of DNF rules like those illustrated



Figure 5: Typical DNF Rule-Set for a single class

1. {fi <5.2 AND f, <3.1 AND f; <.45} = Classl

2. {f; <2.6 AND f5 <3.9 AND fg <5.0} = Classl

3. ...= Classl

Figure 6: Greedy Rule Induction

1. Grow conjunctive term 7' (until the maximum length
or until false positive errors are zero) by greedily
adding conditions that minimize error.

2. Record T as the next rule R. Remove cases covered by
T, and continue with step 1 until all cases are covered.

in Figure 5. As illustrated for rules of our application in Ta-
ble 2, our rule process is even simpler because all attributes
are binary. The classical methods of rule induction, using
covering rules and pruning strategies, are most compatible
with the original expert system. The covering strategies of
classical methods for noisy data are well-known. Either a
covering tree is used, or a simple greedy method such as il-
lustrated in Figure 6 is used. We used a greedy algorithm
with some local optimizations[7],[3].

The more interesting variations of our application are the
pruning strategy and its rule selection procedure. While
the objective is to identify as many strong prospects as pos-
sible, the strongest rules with highest predictive values are
the most interesting. So false positives are worse errors than
false negatives because of the large space of companies po-
tentially having the characteristics identified by the rules.
We emphasize the most promising candidates.

Given the moderate size of the sample, weakest link prun-
ing[2] is a reasonable choice. It allows us to match different-
size sets of rules, and then pick one set by some standard,
usually minimum or near-minimum error. The method
prunes rule-sets by a complexity measure, such as a sta-
tistical test with confidence levels. The measure that we use
is err/var, where we prune a rule-set at the point where the
number of errors introduced per number of discarded com-
ponents is minimum. The procedure is repeated on the new
smaller rule-set. The result of this process is a series of k
rule-sets, RS(1)...RS k), ordered by complexity C(1)..C(k).
Each one of these can be tested by crossvalidation or inde-
pendent test data, and a error rate measured. An example
of this process is illustrated in Table 1, where we have 7
rule-sets. The covering rule-set has 9 rules and 10 compo-
nents, and its error is estimated at .1236. The ‘*’ is the
minimum error, and the “**’ is within 1 standard error of
the minimum, as are all the intermediate rule-sets. Figure
7 describes a procedure for selecting the best rule-set.

The rule-set procedure just described will select rules that
are useful in minimizing the overall error. Within that

Figure 7: Rule-Set Selection Procedure

1. i = 1; RS = covering rule-set; Find C; and save RS;

2. If RS; has more than 1 component then i =i+ 1 then
repeat step 1.

3. Evaluate all RS; by crossvalidation

4. Apply criteria to select best rule-set:

e Find min test error

e Consider all simpler rule-sets within range of 1
standard error of min test error:

— Pick the one with highest predictive value, or
ask expert to pick the one that makes sense
to expert.

— Consider only rule-sets with predictive value
greater than a threshold.

framework, additional criteria are introduced to find the
most desirable rules for the sales people. If the sample is
very large, we can perhaps test individual rules, but in a
smaller sample, this approach is amenable to effective test-
ing by resampling. Most importantly, the experts can find
a direction that is compatible with their own practice.

3. RESULTSAND DISCUSSION

These procedures were applied to 89 examples of expert
system consultations. The original rules in the knowledge
base are relatively shallow, typically having 2 or 3 compo-
nents. The results of rule induction were summarized, an
abstract of which is given in Table 2. The table lists the
recommended solution, i.e. the class, the frequency that it
occurred in the sample, the list of conditions in the deci-
sion rules, and the predictive value of the rule-set. At this
stage, 60 of the 200 potential recommendations have suf-
ficient data to support predictive rules. In addition, some
rules were pruned by the experts as being artifacts of a small
sample.

The SEAS expert system is a highly successful sales tool.
Its success can be measured objectively in many millions of
real dollars. Dozens of sales have been concluded following
SEAS interviews. The initial contact is a simple enticement
for the executive to get a free evaluation of the company’s
operations. The SEAS program is currently being rolled out
worldwide, and the program’s text has been translated into
many languages. Using an XML representation of question-
ing and simple decision rules, the SEAS system is readily
maintained and distributed, even with 1200 attributes and
200 classes.

At this stage, the data mining effort is an emerging tech-
nology that adds value to the original effort. Storage of
data from the interviews has recently commenced, and the
empirical results presented here are from an early stage of
data collection. Examples of recorded interviews are rapidly
growing in numbers. The rules found by rule induction may
sometimes repeat those already known by the expert system.
In other cases though, the rules are inherently less expensive



Table 1: Example of Rule Induction Error Summary

| RSet | Rules | Vars | Train Err | Test Err | Test SD | MeanVar | Err/Var |

1 9 10 .0000 .1236 .0349 9.9 .00
2% 6 7 .0337 1011 .0320 7.0 1.00
3 5 5 .0787 .1236 .0349 5.0 2.00
4 4 4 .0899 1236 .0349 4.0 4.00
HF* 3 3 1011 1124 .0335 3.0 1.00
6 2 2 1910 1910 .0417 2.0 8.00
7 1 1 .3820 .3820 .0515 1.0 17.00
Table 2: Examples of Decision Rule Predictors
| Solution Area Recommended | Frequency in Sample | Reason Recommended | Rule Accuracy |
Procurement and Replenishment 45% High cost of goods sold 100%
CRM Services 51% Low revenue growth 98%
OR high fixed asset ratio
OR high SG & A costs
Supply Chain Services 62% High cost of goods sold 96%
OR low revenue growth

and can be invoked by direct lookup in a database. Instead
of computing a score over all businesses in a database, the
businesses satisfying a rule can be immediately retrieved us-
ing the standard database interface. By limiting the induc-
tion to inexpensive attributes, we may detect recent trends
in sales.

Traditionally rule-based expert systems use data for eval-
uation or for refinement of the knowledge base. We have not
revised the knowledge base with complementary rules found
by a machine learning program. Rather, we have shown how
a fully evaluated and presumed correct knowledge base can
be used to guide a machine learning program in its endeavor
to find alternative, very desirable ways to supplement the
more expensive system. In our application for sales leads,
we already know that the concept is technically feasible: we
have very promising results for a relatively small sample. If
results on larger samples, substantiate these results, then
we have a strong addition to our marketing tools. Starting
with an expert system requiring expensive interviews, we
have a means of circumventing the interview and still finding
promising leads. Additionally, some inexpensive attributes,
like demographics for company size or industry codes, may
uncover rapidly changing trends in sales needs.

Many consultation systems will have questions that are
distinguished by cost of acquisition. We can expect that
the techniques described here are readily adaptable to those
systems.
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