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Abstract

Providing explanations about recommending actions Is one of the most important capabilities of
expert systems. In fact, there exist many approaches incorporating this explanation facility into the
system. Here we present briefly a new approach to generating these explanations and further attempt
to investigate the impact of system explanations on user behaviors toward system-generated recom-
mendations. For this experiment we designed a stock investment decision supporting system which,
given a set of market situations, suggests an investment recommendation with explanations about the
recommending action. Twenty-nine bank employees evaluated the output of the system in a laboratory
setting. The results indicate that explanation facilities can make systems-generated advice more
confident to users but cannot increase users’ acceptance for the system conclusion.
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1. Introduction

Developing an expert system is a highly
knowledge-intensive endeavor. How well an
expert system performs heavily depends upon the
quality and validity of domain-specific know-
ledge built into the system. In some domains
like stock market, however, domain knowledge
is very unstructured and differs from one human
expert to another. So it is not easy to acquire
domain-specific knowledge directly from human
experts in a form of rules [Shaw & Gentry 89 ;
Joshi et al. 01). Instead, expert system deve-
lopers often take an induction approach in
which a set of general rules is constructed from
many past examples [Quinlan 86).

In fact, a number of expert systems (ES) in
stock investment domain utilized the induction
approach [Braun & Chandler 87 ; Lee et al. 93 ;
Kim & Han 00]. Though these systems perfor—
med quite well in the holdout sample test, they
do not offer an explanation facility to users who
are unlikely to blindly accept the system con-
clusion. With an explanation about the recom-
mending action, we believe they would make
a more knowledgeable decision.

There exist different types of explanation for
expert systems. Ye & Johnson [95] identified
three types of ES explanations : Trace, Justifi-
cation, and Strategy. First of all, one may show
a record of the inferential steps taken by an ES
to reach a conclusion. Second, an explicit des-
cription of the causal argument behind the sys-
tem conclusion can be provided. Third, one can
also suggest a high-level goal structure that
determines how the ES proceeds to accomplish

a task.

Among these types of explanation, justifi-
cation type of explanation is most appropriate
to induction-based ES. In order to provide a
justification type of explanation for ES, one may
take a variety of approaches. A complete causal
model in a given domain can be utilized if it
exists. In a few domains such as physics, medi-
cal physiology, and chemical engineering previ-
ous research attempted to develop a qualitative
causal model and utilized it to generate explan-
ations for the system conclusion[de Kleer &
Brown 84 ; Forbus 84]. However, not all do-
mains can afford to have a theoretically driven
causal model. Especially it is aimost impossible
to have a complete causal model in stock inve-
stment domain.

A different approach needs to be taken to ge-
nerate a justification type of explanation for the
induction-oriented ES in the stock investment
domain. Here we present a new explanation-
generating approach based on statistical model
building techniques. Our explanation-genera-
ting approach starts with a rather incomplete
domain model and then refines it using the
structural equation model[Hoyle 95 ; Pedhazur
82]. When refining the underlying causal model,
we use the original, quantitative data that had
been utilized for rule induction. As a result, we
can come up with a hypothetical causal model.
Such a causal mode! will be provided along with
the system conclusion. Refer to Kim & Park
[96] for a more complete description.

However, the more important issue is whe-
ther automated explanations will produce the
positive impact on the uses of ESs as expec-
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ted[Ye & Johnson 95]. In this light, we also
provide an empirical investigation of the value
of ES explanations to users. A laboratory set-
ting was employed to study the impact of the
statistical model-oriented explanation on user
acceptance of ES-generated advice. Specifi-
cally, we were interested in whether such ex-
planation will increase the user confidence of
his/her decision and the user acceptance of the
system advice.

The next section provides a description of
previous research on ES explanation. The fol-
lowing section describes a statistical model buil-
ding approach for ES explanation. And then re-
search model and research method are descri-
bed respectively. Finally we provide the results

and discuss the findings.

2. Previous research on ES expla-
nation

The presence of a powerful explanation faci-
lity is the most critical factor distinguishing ex-
pert systems from traditional informeation sys-—
tems Wooley 98]. Experience with expert sys-
tems has shown that users demand an explan-
ation for systom results and hesitate to accept
a solution without explanation [Davis et al. 77,
Tatemura 9¢]. Such an explanation facility has
been designed to accomplish a variety of diffe-
rent objectives [Rolston 88]. One most essential
objective is to improve the user’s confidence of
system results. That is, the explanation facility
is implemented to convince users that reasoning
of the system is appropriate and that its con-

clusions are reasonable.

In fact, the nature of explanation employed
in ES differs widely. Ye & Johnson [95] pro-
vided a typology of ES explanations as descri-
bed below :

® trace (or line of reasoning)

» it is a record of the inferential steps
taken by an ES to reach a conclusion

« it is usually a reaction to ‘how’ (how the
system obtained a certain conclusion)

« the system is required to look down
through the rules to determine what
subgoals were satisfied to achieve the
goal.

8 justification

« it is an explicit description of the causal
argument or rationale behind each infe-
rential step taken by the ES

« it requires a deeper understanding of
the domain because it must demon-
strate that the system conclusion is
based on sound reasoning

« this type of explanation tends to in-
crease the user’s confidence in the sys-
tem and therefore the acceptability of
the system

#® strategy

« it is a high-level goal structure that
determines how the ES uses its domain
knowledge to accomplish a task.

« It is usually a reaction to ‘why’ (why
the system needs to know)

« It is to inform the user of the overall
plans and methods used to attain the
goal

« It requires knowledge about the pro-
blem-solving procedure
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They further investigated the impact of these
types of explanations on user acceptance of
ES-generated advice in a laboratory setting.
The results indicate that justification is the
most effective type of explanation to bring
about changes in user attitudes toward the sys-
tem. This finding is consistent with Toulmins
view that a potentially controversial claim can-
not be supported by data alone and a warrant
(statements that certify the reasonableness of
leaping from data to a claim) will be necessary
in order for the claim to be considered accep-
table [Toulmin 58 ; Toulmin et al. 84 ; Stranieri
& Zeleznikow 99].

Nonetheless, explanation facilities are still
underutilized. Johnson & Johnson [93] presen-
ted a number of reasons as to why explanation
facilities are not more prevalent in present in-
formation systems. Designers might not see
explanation as useful. Instead they might view
explanations as having a high development cost
with little added value benefit. And explanation
facilities are not presently in a form in which
they can be easily incorporated into existing
system. Furthermore, we would have to figure
out the type of explanations required in different
contexts and have to devise an appropriate
method to generate .and present the expla-

nations.

3. A statistical model building ap-
proach for ES explanation

There are two ways of designing an ex-
planation facility to users [Barr & Feigenbaum
821. First of all, one may design an expert sys-

tem to represent and explain the reasoning pro-
cess of the system in a manner that is under-
standable to the knowledgeable user. Consul-
tation systems as MYCIN and PROSPECTOR
require a representational formalism capable of
supporting the reasoning and explanation ahili-
ties that would closely approximate the concep-
tual framework of the expert and the user.

Second, one may develop and present the
problem-solving expertise of the system in a
form that is not at all similar to the expertise.
This approach is effective when the method
used by a human expert to find solutions is
incomplete. For example, in the case of the
DENDRAL [Lindsay et al. 80] programs, the
generator of chemical-structure candidates em-
ploys a procedure for exhaustively producing
possible structures based on various graph-
theoretic notions. This technique, a major por-
tion of the DENDRAL expertise employed in the
procedure, is conceptually opaque and not trans-
parent to the typical user [Barr & Feigenbaum
82]. While the method used by chemists to find
solutions for the problems is incomplete, the
method employed in the DENDRAL program
has been mathematically proved to be complete.
One may find a similar approach in the MAC-
SYMA system [Mathlab Group 77].

In other words, the former approach is to
explain the reasoning process of the system. In
the latter approach, procedures or algorithms
rarely used by the human expert are devised
for reasoning and explanation of the system.
These procedures somewhat opaque to the user
can serve as a primary form of explanation due
to the correctness and continuing success of
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these procedures [Barr & Feignbaum 82].

Our approach is similar to the former one in
a sense that we seek to acquire a causal model
and then present it for explanations. The issue
here is how to acquire the causal model from
its domain theory. Unfortunately, we cannot af-
ford to find such a causal model easily in stock
market domain. Instead, we attempted to build
one. It was believed that statistical model buil-
ding techrniques would be applied for this objec—
tive. A most representative technique is the well-
known structural equation modeling [Hoyle S
5 ; Pedhazur 82].

QOur explanation-generating approach starts
with a rather incomplete causal model and then
refines it through application of the structural
equation model. When refining the underlying
causal model, we use the historical transactions.
For a more complete description of our ap-
proach, refer to Kim & Park [96]. While (Figure
1) shows the overall process of rule induction
and explanation generation, we here mainly

describe the explanation—generating process.

1. Data Collection

Interview - Data | g Numerical
with Expert Collection Data

7 |

We have taken the following three steps in
order to generate explanations for the system
conclusion, 1) construction of the underlying
model with features used as object descriptors,
2) refinement of the model through application
of the structural equation model, and 3) deter-
mination of the effect coefficients on the depen~
dent variable.

Initially we start with a hypothetical causal
model with features of the rule. This causal
model will be constructed with respect to infl-
uence groupings. In other words, we build a
fully recursive causal model based upon the
diagram of influence groupings.

A few assumptions were made in the con-
struction of the model : 1) the causal flow is
unidirectional (i.e., the causal models are re-
cursive.), 2) whether each feature is conside-
red as exogenous or endogenous is not pre~
defined ; it depends upon a given model. An
example of the hypothetical models is shown in
(Figure 2). Please note that this is only an ex~
ample and there are several other models.

2. Decision Rule Induction

ta Categorized ]
Data Induction

3. Causal Model Construction Induction

N

P

/ Rule
Construction of
Causal Models
Refinement of
Causal Models

Causal Model

(Figure 1) The overall view of our approach
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Descriptions of features
TKSPL: Tokyo Stock Price Index(The Ist Section)
OPEC: Price of Crude OiOPEC Average Price)
WONUSD: Exchange Rate of WON to US. Dollar
VALUE: Trading Vahue of Stocks
KOSPE Korea Composite Stock Price Index

(Figure 2) Example of initial causal model

The next step is to test and refine the
underlying casual model using the structural
equation modeling approach. In particular, we
utilize Foreskin & Sorbom’s LISREL (89], a
statistical method designed to examine the
causality between variables and the validity of
the causal model. We first delete causal links,
which are determined as insignificant by LIS-
REL and then test the validity of the refined
model to come up with a final causal model. An
explanation of the decision rule can be gene-
rated from the causal model.

The refinement of the model will be explained
with the previous example of the causal model.
The application of LISREL to the given model
indicates that OPEC has no direct effect on
KOSPI and VALUE. We use the t-value from
which the significance of a causal flow is deter-
mined. The deletion of the two causal flows al-
lows us to have a revised model, an over-iden-
tified model. (Figure 3) shows the revised
model.

We then check the validity of the revised
model through LISREL analysis. As a result,
the overall fit of the revised model was evalu-
ated well in terms of chi-square measure, good-

ness-of-fit indices (GFI), and adjusted good-

ness-of-fit indices (AGFI). Also the t-values
of all causal flows were evaluated as signi-
ficant.

<

(Figure 3) Example of model refinement

Finally, we determine the effect coefficients
(or the total effects) when determining the
expected change in an endogenous variable as-
sociated with a unit change in one of its causes.
The total effect is computed as its direct effect
plus its indirect effects.

(Figure 4) shows the final causal model with
effect coefficients. Only direct effects are
shown in the figure while the table below
shows indirect effects and total effects as well.
For instance, the effect coefficient of TKSPI on
KOSPI is 1.099, which includes the direct effect

Sum of Total Effects
TKSP} 1.099
OPEC -0.193
WONUSD 0264
VALUE -0258

TOTAL 0912

Total Effects of Features on KOSPI

Features Direct Effects Indirect Effects Total Effects

TKSPI 0.710 0.388 1.099
OPEC * 0.193 0.193
WONUSD -0.194 -0.070 -0.264
VALUE 0.258 * 0.258

(Figure 4) Example of explanation for induced rule
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of 0.710 and the indirect effect of 0.388. The sign
of this aggregated tota! effect is checked aga-
inst the predicted qualitative value of the clas-
sification rule. The uniformity of these signs is
evaluated as a successful explanation of the

classification rule.

4. Research Model and Hypotheses

Expert system literature has shown that
users demand an explanation for system results
and tend not to accept without an explanation
[Davis et al. 77). We, however, hardly find an
empirical research of validating the effect of
explanation produced by an expert system.
Carroll & McKendree [87] have identified the
lack of empirical research as a key reason for
the limited impact of expert systems techno-
logy. Johnsen & Johnson [93] suggested =
number of rcasons as to why an explanatioa
facility is nct a ubiquitous feature of current
informatior systems.

Ye & lohnson [95] attempted ar empirical
‘nvestigaticn of ES explanation facilities, Their
main concerm was to examine the impact of ES
explanatiors on users’ acceptance of ES-devel-
oped conciusions and o identify the type of
cxplanation that is most effective in producing
such ar ‘mpact. For this study, they conducted
a laboratory experiment with a diagnostic ex-
pert system performing suditing tasks, The
results indicate that explanations can have a
pesitive impact on user acceptance of an expert
system and justification type of explanation is
the most effective in making the system’s con-

clusion more acceptable.

From a pool of interface design research, we
may gain an understanding of system require-
ments. Effective design of interfaces requires
an empirical understanding of the relationships
between user expertise, explanation presenta-
tion format, problem characteristics, and faci-
lities of information system. Though this reali-
zation has facilitated a considerable number of
researches with respect to traditional kinds of
information systems such as management infor—
mation system and decision support systems
[Zmud 79, DeSanctis 84, Sharda et al. 83], only
a few research were achieved in the context of
expert system.

Considering such a divergence, Lamberti &
Wallace [90] evaluated intelligent interface re-
quirements for knowledge presentation in an ex-
pert system. They emphasized the requirements
for knowledge presentation and the cognitive
compatibility between the user and the expert
system. Their findings indicate that procedu-
rally formatted lines-of-reasoning seem to offer
an advantage in explicitly presenting know-
ledge about processes used in strategies for
prodlem solution and high-skill employses’ con-
fidence rating is better than those of low-skiil
employees for system recommendations, lines—
of-reasoning, and decisions. They also found
that users more confident about system recom-
mendation, lines~of-reasoning, and final deci-
sion took less time in making a final decision
for the problem solution. Though their resea~ch
found many interesting points about interface
design requirements, the question of explana-
tion facility’s effectiveness is not answered.

Somewhat relevant research in database
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interfaces was also found. Suh & Perkins [94]
empirically examined the effects of feedback
echo in a restricted natural language database
interface. According to this study, the feedback
echo of Intellect (a commercial database sys-
tem) did not improve the performance of novice
users in terms of error recovery rate, confi~
dence, and communication errors. These unex-
pected results may have come from the given
system’s inadequate functionality of feedback
echo.

This study attempts to investigate the effects
of explanation in expert system (ES). Our
research question can be stated like “Is there
significant difference in user performance about
the system conclusion between ES users with
explanation and ES users without explanation?”
We understood the user performance (or be-
havior) about the system conclusion as con-
sisting of two different notions : confidence and
acceptance. First of all, the confidence is con-
cerned with the degree of user’s belief about his
or her decision. The acceptance corresponds to
the degree of user acceptance of ES advice. The
research mode] of this study is illustrated in
(Figure 5).

ES Output Display Performance

* With explanation about output * Confidence level

' * Without explanation about output * Acceptance level

.[
|
!

(Figure 5) The Research Mode!

This study examines two specific hypotheses
related to the research question. First of all, the

system conclusion with relevant explanations

would enhance user’'s confidence about his or
her decision. The IE subjects receive from the
system a graphical description indicating causal
relationships among user-supplied variables.
This description resembling the problem-sol-
ving expertise of the system is generated to
convince users that the system’s reasoning is
appropriate and that its conclusions are rea-
sonable [Barr & Feigenbaum 82, Swartout 83].
If this description can increase an under-
standing of the system’s reasoning, then the IE
subjects will be more confident about their
decision than the NE subjects. Hence, the null
hypothesis is stated like :

H1 : There is no significant difference between
the including-explanation (IE) group and
the non~explanation (NE) group in terms
of user confidence levels.

Second, good explanations may be working
in such a way that users tend to accept the
system conclusion and follow recommendations
suggested by the system. Rolston [88] found
that if there is a chance of the system producing
incorrect results, then the user could not blindly
accept system results. In particular, for the user
of the system who needs clarification or reas-
surance about the system'’s output, the impor-
tance of accompanying explanation facilities
increases. The more understandable the sys-
tem’s output is to the user, the more the user
tends to follow the system’s conclusion. Accor-
dingly, the null hypothesis of the second is
stated like :

H2 : There is no significant difference between
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the IE group and the NE group subjects
in terms of user acceptance of the system

conclusion.

5. Method

We employed a posttest-only control group
design in order to examine the above hypo-
theses. In other words, subjects are randomly
assigned to one of the two groups, with and

without explanation.

Guestion and Your Respense

(Figure 7) The screen for displaying the systems conclusion

The system employed in the present experi-
ment was implemented in Excel package for
Microsoft Windows. The system was designed
to accept numerical values for a given set of
variables from user and to generate a direction
of stock price movement, up or down. (Figure
6) and (Figure 7) show the input process by
the user and the conclusion made by the
system.

5.1 Subjects

Twenty-nine people working at the compu-
ting center of a major commercial bank partici-
pated in the study. Informaticn systems workers
were selected because their computing skill al-
lowed us to directly proceed to the experiment
without a particular training session prior to the
experimental study. Their age ranges from 20s
to 30s. Even though they may have investment
experience personally, their current job is not
directly related to stock investment. Each
employee was randomly assigned to the IE
group or NE group.

The sample size of 29 was not large. We here
have to admit that we had a limitation in
increasing the number of sample sizes due to
laboratory-specific requirements. First of all,
the number of personal computers available in
the computer lab limited us. And, we thought
a significant level of computer experience was
needed for each subject, so we had to use
information system workers. So the number of
workers in the information systems department
also limited us. Since our study was just an ex-

plorative study in investigating the effect of
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explanation facility, the size of 29 subjects
would suffice for this objective. But, a care
must be taken in understanding the result of
this experiment.

52 Procedure

Each subject was given four cases. For each
case, the subject was assumed to have a port-
folio of 1M(million) won in cash and 1M-valued
stocks.

Each case was made up by us. It means
what variables would be used at each case and
what values for each of these variables would
be inserted was fixed prior to the experimen-
tation.

Each subject was required to enter a set of
numerical values for the given stock market
variables of each case into the terminal. The
experimenter provided these values. Then the
system responded with a stock market predic-
tion (‘increase’ or ‘decrease’) with a corres-
ponding explanation. For the NE group, the

TN,
A wonusn
,' ASVEL I
, N,
fo B N \\\(3
i N T
/ AT g e

N

Based on the sbove, KOSPL 15 expected to invease

—
ATk

(Figure 8) The screen of the system explanation

explanation facility of the system was turned
off during experiment. (Figure 8) shows an
example of explanations about the system
conclusion. This is just one of the four cases.
For the other cases other explanation models
were used for their explanation.

Then we asked each subject to answer on
two questions. First of all, the subject was
asked to determine his or her own investment
decision and to select one of the following five

options :

(1) Sell all stocks

(2) Sell half of stocks

(3) No change in portfolio

(4) Invest half of the cash in buying more
stocks

(5) Invest all of the cash in buying more
stocks

The subject was asked to measure the level
of confidence assigned to his or her decision and
to choose one of the five different scales from
0%, 25%, 50%, 75%, and 100%.

5.3 Measurement

As shown above, the level of confidence and
acceptance of subjects were measured using a
single question. It was quite possible to ask
more than one question in order to identify the
level of accepting system results. For instance,
whether to understand the result, how much
credit to give to the result, and whether to
follow the system conclusion are some possible
questions. However, in stock investment deci-
sion designed for a universal and clear goal, we
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think that the one question with 5 different
optional answers would work for this objective.
That is, having followed the investment deci-
sion directed by the system covers under-
standing and believing as well.

While subiects’ response about confidence is
used as it is, we need a conversion o get the
level of acceptance. If the system’s output were
not meaningful at all to the user, the user
would maintain his or her portfolio. Therefore,
for cases in which the system responded with
a prediction of ‘increase’, the level of accep-
tance was calculated according to the follow-
ing formula :

Acceptance level = subject’s response about
acceptance - 3.

For instance, if the subject responded with 4,
the acceptance level will be 1. With the response
of 1, the acceptance level will be -2.

Accordingly, for cases with a prediction of
‘decrease’, the level of acceptance was calcul-
ated according o the following formula :

Acceptance level = 3 - subject’s response
about acceptance.

6. Resuits and Discussion

Tre results are summarized in <Table 1>.
The indederdent samples t-test is used to
analyze diffcrences between means of the two
aTeupRs.

The rcsals shows that the IE group (3.48) hac
= higher level of confidence than the NE group
(3.21). It was a significant difference. The ex-
planation generated in the system was able to

Increase a user's level of confidence. This result

supports the increased confidence of the ex-
planation facility, which has been hypothesized
in ES literatures.

(Table 1> Summary of Results

Measurement Mean t D Related
E NE

Confidence | 3480 | 3210
Level (.338) | (279)

Acceptance | 1.000 | 1.012
Level (0.172) [ (0.124)

Hypothesis

2.36 026 H1

-.08 94 H2

However, there was no significant difference
between the two groups in terms of acceptance
level. Furthermore, the mean score for the X
group was smaller than that for the NE group.
One possible reason for the unexpected result
is that ES users may not really anticipate the
system'’s advice that they would blindly follow.
They may just view ES as a decision aid from
which they determine how much reasonable
thelr problem-solving expertise is.

Owing to this indifferent acceptance of the
system conclusion we may have to ask our-
selves for a second thought about the effec-
tiveness of the ES explanation facility. As =
matter of fact, there have been previous studies
in which users question the utility of having an
explanation facility or ignore the explanation
facilities [Hart & Wyatt 90 ; Siatter et al. 88].
7. Sonclusions

Our study described briefly an explanation-
gencrating approach using a statistical model-
building technique. An empirical investigation
of such explanation-generating approach was
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described as well. The result indicates that the
explanation facility enhanced user’s confidence
about his or her decision. It, however, did hardly
increase user's acceptance of the system output.
The particular type of explanation facility imple-
mented in our system was not effective enough
to increase user’s acceptance level. We believe
that further research is needed to devise a more
effective explanation facility for the induction-
based expert system.

The fact that ES has the effect of confidence
enhancement but not the effect of acceptance
leads us to speculate that decision makers use
ES for simply checking their problem-solving
expertise against the ES-generating output.

Care must be placed in generalization of the
results from this study since this experiment
contains a few limitations. The sample size of
29 must be too small to elicit meaningful out-
comes. We employed the use of office worker
subjects in order to evade problems related to
the use of student subjects in a laboratory set-
ting. And, this experience focused on a single
problem domain. The generalizability of the re-
sults would increase if this statistical model-
building approach were attempted for other

domain problems as well.
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