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Abstract

Decision making is particularly important for emergency 2. The Daya Bay Contingency Plan
managers as they often need to make quick and high quality )
decisions under stress based on scratch and inadequate The GNPS at Daya Bay is located at about 24 km from the

information; and to follow expert knowledge or past nhortheast coast of HK. It began commercial operation in
experience. The potential release of radioactive material 1994. The pressurized water reactors used in the plant adopt
from the Guangdong Nuclear Power Station (GNPS) at Daya a successful French reactor design and the safety review has
Bay, though is highly unlikely, could perhaps be the most heen conducted by the International Atomic Energy Agency
dreaded disaster which would cause drastic damages to lives (IAEA) which found to be in accordance with international
and properties, The Government of the Hong Kong Special  gion4ards  and operated to international practices.
Administrative Region Government (HKSAR) has therefore .

Nevertheless, as part of the emergency planning system, the

in 1990 completed the Daya Bay Contingency Plan (DBCP) ;
to prepare for such disasters. To supplement the experts in Government of HKSAR has prepared a comprehensive

assisting disaster managers with a useful tool to make better contingency plan [HKSAR, 1999]. The main purpose of
quality decisions based on well-structured, accurate, emergency planning is to ensure that proper and prompt
sufficient expert knowledge, a prototype expert system has actions are taken in an accident to protect the health and
been developed to cover two major areas of the plan, safety of the general public.

namely: (A) Determination of activation level of the DBCP
and provision of an action checklist and (B)

recommendation on counter-measures. 3. An Intelllgent Expert SyStem

_ According to Martin [1988] and Medsker [1994], Expert
1. Introduction System (ES) “Reproduced the reasoning process a human

Decision making is often a challenaing iob for disasterdecision maker would go through in reaching a decision,
9 ging | jagnosing a problem, or suggesting a course of action”.

managers as they often need to make quick and high quali he components of an ES include: (a) knowledge base

decisions un_der stress based on scratch, m_adequa%hich contains heuristic and judgmental programs; (b)
unstructured information [Turban, 1993]. The seriousness ference engine consisting of the reasoning logic; and (c)

?;sﬁﬁiclsequé?er];ses 'Or:c trgedioec':\/;ri]\}eOfrn?a?eriflgldi?:toﬁe Gl:lePa ser interface where the user supplies data and receives an
ressurge on disaster manacers in the Gov%rnme?\t nswer, and often with the reasoning supporting the answer.
b g XSYS Professional (Version 5.1.4) by the EXSYS Inc.

HKSAR [1999].  Unlike some large countries such as(note) has been selected to build the prototype because it is

ocfagg\?:roRil:]SSInadciraaa??ﬁaSs”ttrlsr;ﬁ(tjcg\(l)m%hhha?/: é?(ngr?é‘:‘]tgééser-friendly shell and easy to understand and use. Domain
ping y P nowledge is captured in a set of rules entered in the

different scale of accidents e.g. the well-known ChemObylsystem’s knowledge base. The system along with other

accident (1986) and the Three Mile Island accident (1978)i’nformation contained in the working memory to solve a

ﬁf}ggzg:t:ﬁ di);?f”egsgna{'hdoﬂelﬁtxg :](;V\\;ep;lﬂgmav;/;rg;iisvs roblem. Active research of ES on process planning and
. Y- E ug P . Scheduling can be found in Kingston et al. [1997], Boutilier
contingency plan with detailed rules and procedures in

hardcopy format and human experts, it is difficult and time-et al. [1997] and Liu [2001]
consuming for disaster managers to retrieve, study ang
organise such information and expert knowledge to copé&' Development of DBCP ADVISOR

with real emergencies under great pressure. 4.1 Overall System Architecture



IF the notification message from the Chinese authority received at

“ﬁ-ﬂ — — HKO AND request for assistance is yes

EXSVe oot T m— THEN HKO refers message to Security Bureau (SB)
arous B Emergency level of accident

nases T web pages gency

Government

| (HTML fles) After confirming the notification message, the system will

fom daa les Infetence Engine - — guide the disaster managers to clarify the emergency level
(EXSYS Professions) - e " of the accident in order to determine the activation level of
Knowiadas Base the DBCP. The management of the GNPS has adopted the
— IAEA's four-category system for classifying nuclear power
Comermessres e M emergencies(i) Emergency standby (ii) Plant emergency
(iii) Site emergency and (iv) Off-site emergency.

Figure 1 — Overall System Architecture A . .
Note: EXSYS Professional is a product of the EXSYS Inc. Activation level of DBCPand Action Checklist

founded in 1983 (renamed as MultiLogic afterwards) in USA .Thetnder the DBCP, according to information on the
company is one of the longest lived Expert System companies if§Mmergency level and other relevant information, the SB will
the market. have to determine the final activation level of on

. recommendation by operational departments. There are 4
4.2 DeS|gn.Str.u§tur(—J. . o levels of activation, namely(l) Observation level (2)
The system is divided into two parts “ (A) activation level Ready level (3) Partial activation level and (4) Full

and action checklist; and (B) recommended counteryctivation level which is corresponding to the emergency
measures. An overview of the design structure of thqgye| asillustrated in Figure 3.

prototype is as follows: On recommendation of the activation level of the
Activation level of DBCP and provision of an action DBCP, DBCP ADVISOR will provide an action checklist
checklist as follows:

The system will guide managers through the stipulated-or Example:
procedures under the existing DBCP according to differentF the notification message from the Chinese authority received at
sources of notification. HKO

N AND request for assistance is no
ﬁi AND the notified emergency level is off-site emergency
THEN HKO alerts SB - Confidence=1
i v Hﬁ AND recommends full activation of DBCP - Confidence=1
. - —— oo AND HKO initiates cascade calls according to activation level
ource o eteorological an . .
Noffication Risk Status decided by SB - Confidence=1
v *—l—* AND HKO consults DH and advises EMSD immediately with
respect to Ping Chau/Mirs Bay, monitoring centres and border
Initial Radiological .
S Risk I Risk controls - Confidence=1
@ Total Risk meg;ci/erlitevel
B) e .
- Remfn,)nended %D Notification — -
Ac!i\{alion L9V§| & Counter-measures Message
Action Checkist . Off-site emergency
. Site emergency
. X . Plant emergency
Figure 2 — Overview of System Structure . Emergency standby

Source of Notification

There are six major sources of notification under the
DBCP. They are: (1) from the Guangdong authority, (2)
from the Hong Kong Nuclear Investment Company
(HKNIC), (3) from the International Atomic Energy
Agency (IAEA), (4) Hong Kong Observatory (HKO)'s
Radiation Monitory Network (RMN), (5) Water Supplies
Department’s Water Contamination Monitoring System
(WCMS), and (6) any other possible sources. For example,
when the source of notification is from the Guangdong
authority, the system will ask the disaster managers to Figure 3 — Determination of Activation Level of DBCP
supply information on whether it is a request for assistancecommendation on  Counter-measures During
and advise appropriate action. Expert rule involved Wi”Emergencies in GNPS

look like this:
For example :

Activation level
of DBCP

Full activation
Partial activation
Ready level
Observation level

PwONE

This part of the system advises disaster managers of the
appropriate counter-measures. It is a very complicated



process in determining what are the appropriate counterexpert advice on plume track direction and plume arrival
measures to be taken during different levels of emergencime using linguistic terms such as very favourable, very
in GNPS. It involves expert advice after numerousfast, which are descriptive in nature. The resulted MRL is
discussion on various risk factors among technicalalso description in linguistic terms: high/medium/low.
departments. EXSYS Professional can handle inexact reasoning by fuzzy
Initially, experts have to assess {#¢ INITIAL RISK of logic which deals with uncertain knowledge. Fuzzy logic is
Hong Kong (HK) by referencing to th@) meteorological primarily concerned with quantifying and reasoning about
risk and the(b) plant status and finally to determine the vague or fuzzy terms, called fuzzy variables, that appear in
TOTAL RISK when assessment results ofB) our natural language. It provides a rigorous mathematical
RADIOLOGICAL RISK is available at a later stage. method to handle parameters that are defined subjectively.
Depending on the degree on total risk to HK, experts willlt does this by associating membership grades to different
recommend corresponding counter-measures values of such parameters and carrying out calculations on

(A) INITIAL RISK - At the early stage of activation of the those membership grades (Altrock, 1995)
DBCP, initial risk is assessed by looking d#) Table 1 — Linguistic Terms of GNPS Quadrant Which the Plume

meteorological risk and (b) plant risk from different Track Comes From

sources. Class Description

(&) Meteorological Risk Level (MRL) - Two main @) Very Unfavourable since GNPS is located at

attributes: (i) plume track coming from a particular 2280170 AND ;:‘:mN:’hr;hgoaustth‘_j\',:/‘zc;;"guf;‘(’j’r‘;r';Kéfpgﬁ‘:;o”zfs

quad_rant of GNPS_ and (i) plume arrlv_al time W|II _be 180 to 270 degrees) means towards HK.

considered. Rlume is the r.eleased ra.dloactlve .fls.smn @) Unfavourable— though plume moving North-

products carried by wind which behave in a way similar to >=80 AND West and South-East quadrants of GNPS are not

a Cloud Of Smoke dlsperSIng Into the atmosphere and <=190 OR dll’ectly thl’eatenlng HK, there is the pOSSIbIlIty
s . >=260 AND of change in direction. So, it is still

deposmng. some of its content on the. ground. The __5¢ unfavourable.

concentration of radioactive mgtenals in the plume —(3) Favourable — Plume moving North-East

decreases with distance from the site. >0 AND <100 | quadrant of GNPS will be away from HK, so it

(i) Plume track coming from a particular quadrant of is favourable to HK.

GNPS— It is meas_ured in terms of degr_ees within 0-360 o fuzzy inference can identify the rules that apply to the
degrees (0 degree=due NortBnce GNPS is located at the ¢, et sjtuation and can compute the values of the output

North_—East (NE) direction from HK, _Wind blowing from linguistic variable. We first establish rules with linguistic
SW (i.e. 180 to 270 degrees) will bring the plume to HK 4o nq according to expert advice, quadrant of GNPS which

which iz very unBavourak;le to HK. Thoqu. pIu:nei towarc_zls the plume track is coming from and plume arrival time are
NW and SE quadrants of GNPS are not directly threatening ;qqqciated with the output variable i.e. MRL in linguistic

HK, there is the possibility of change in direction, so it is terms (high/medium/low) as shown in the Table 1-3
still unfavourable to HK. If the plume is towards NE '

quadrant of GNPS which will blow the radioactive Table 2 — Linguistic Terms of Plume Arrival Time
materials away from HK towards the opposite direction, it Class Description

will therefore be favourable to HK. HKO will get (1) Very Fast- Plume moving quickly and will arrive
meteorological information from the Chinese authority <70min. HK within one hour implying very little time to

arrange counter-measures.

during emergencies which will be verified against @ Fast— Plume moving quickly and will arive HK
measurement by HKO. >= 50 AND within two hours implying the arrangement of
(i) Plume arrival time - Plume movement indicates _<=130 min. counter-measures must be taken timely. _

whether sufficient tie is available for preparation and (3) Slow — Plume moving relatively slow with

>110 min. sufficient time to prepare for /implementing

implementation of counter-measures. It is measured in cOUNET-Measures.

terms of minutes, according to the HKO'’s guideline, plume

arrived within 120 minutes will threaten HK because it Table 3 — Determination of MRL

takes at least two hours to evacuate residents/visitors from™ GNPS Quadrant | Plume Arrival Time | Meteorological Risk

the Ping Chau region and clearance of vessels from Mirs Level (MRL)

_bay; anq carry out other counter-measures. HKO V\_/|II get Very unfavourable | Very Fast OR Fabt High

information on plume movement from the Chinese —ygn unfavourable Slow Medium

authority during emergencies. The Accident Consequence Unfavourable Very Fast OR Fast Medium

Assessment System (ACAS) which is a computerized Unfavourable Slow Medium

system operated by HKO will base on meteorological data Favourable Very Fast High

and radiological information, models the transport and Favourable Fast Medium
Favourable Slow Low

dispersion rates of the released radioactive materials.
Fuzzy Logic- The process to derive the MRL involves At the end of fuzzy inference, the result MRL is given as



a linguistic variable. The system will translate the resultedattributes: (i) environmental gamma dose-rate; (ii)
MRL into mathematical values i.e. defuzzification. EXSYS radionuclide concentration activity in food; and (iii)
Professional follows the following procedures to determineradionuclide concentration activity in water.

theFUZZY MRL (defuzzified)

[FUzzY MRL] = # [weighting factor assigned to each possible ;ikg:gl_éné?cp\af%olg; the bth(;ee. 3tmbgtels’ . the)
result of MRL (i.e. high/medium/low ) * corresponding confidence can be derived as below:
level of rules] Table 8— Determination of Radiological Risk
(b) Plant Status (PS)-In Qrder to derive thd!NIT!AL Environmental | Radionuclide | Radionuclide | Radiological
RISK, we have also to derive the level of plant risk from Gamma Dose- | Concentration | Concentration Risk
the plant status at GNPS. It is measured by the level of rate(X) AC“V'U(’;;‘ Food ACt'V'ty('zn)WafEF
defence-.m-depth degradation which is classified into thre\? <550 Yes OR NG Yes OR NG High
levels with reference to the International Nuclear Event—g——x-c50 Yes Yes OR No High
Scale. The higher the level of defence-in-depth degradation, 5 =< x =< 50 No Yes High
the lower the safety level of the plant, hence the higher the 5=<X=<50 No No Medium
risk. 5<X Yes Yes High
5<X Yes No Medium
Table 4- Classification of the Plant Status 5<X No Yes Medium
PS Defence-in-depth Degradation <X No - - I_\IO - Low -
Poor | Serious Incident — near accident with no safety  In the system, the relative weighting assigned for different
layers remaining. levels of radiological risk are set as below:
Bad Incident — incidents with significant failures in - . . . -
safety provisions. Table 9 — Relative Weighting of the Radiological Risk
Fair Anomaly — anomaly beyond the authorized Radiological Risk Relative Weighting
operation regime. High 5
- . - Medium 3
In the system, the weighting assigned for different status of Low 1

the plant to indicate its relative importance are set as belovu'raking into_account the fuzzy scores and weighting

Table 5 - Relative Weighting of the Plant Status assigned by experts @A) INITIAL RISK SCOREand the

PS Relative Weighting (B) RADIOLOGICAL RISK SCORE_,the TOTAL RISK
Poor 5 SCOREcan be derived. An example is shown below:
Bad 3 Table 10 — Example on Determination of Total Risk Score
. - Fair 1 o Factors Scores | Weighting | Total Risk Score
Taking into account the fuzzy scores and weighting (St) (Wt) (0-100) (St x Wi)
assigned by experts ¢i) MRL and(b) PS theINITIAL Initial Risk Score |, .o 20 259
RISK SCORE can be derived as shown below: (IRS) _(Six Wi)
. . . Radiological Risk
Table 6 — Example on Determination of Initial Risk Score Score (RRS) 06 60 36
Factors Fuzzy |[Weighting| Initial Risk Score Wit 100
score (Wi) (0-10) (St x Wt) 61.2
*(S') (Si x Wi * Weighting factor refers to the weighting on IRS & RRS
MRL ?'7 0.3 2.1 assigned by experts. Assumed that the Radiological Risk is
Pvi_ 0.6 2‘7 4.2 medium (i.e. relative weighting =3) which is normalized to be 0.6.
i
(ST x Wi) 63 4.3 User Interface

* Fuzzy score is derived by system on MRL & Relative Weighting of
Specific PS assigned by experts

* Weighting is assigned by experts for MRL & PS

* Assumed that the fuzzy MRL is 3.5 which is normalized to be 0.7 and
plant status is bad (i.e. relative weighting=3) which is normalized to be
0.6.

User simply select
the appropriate
answer to trigger the
procedures to derive
the activation level

Table7 - The Classification of Environmental Gamma Dose-rate and corresponding

Class (in mSv) Description action checklist .

X<5 The level of X will not impose any harmful effect on
public health.
5<=X<=50 | The level of X will impose certain harmful effect on
public health, sheltering is recommended.
X>50 The level of X will impose serious harmful effect on

public health, evacuation is recommended.

Figure 6 — Question Screen on Part A

RADIOLOGICAL RISK — it is assessed by three main



Activation Level of DBCP
Question Screens - When user starts the EXSYS program

AND Radiological screening at the Border Controls Points for
returnees from area within 20 Km of the GNPS be

on “Activation Level and Action Checklist’, DBCP implemented ,
ADVISOR will pop-up a series of screens to ask for theAND Monitoring of foodstuff and livestock as well as water be
initiated AND

required information in multiple choice format as follows:
Advisory Screen —-At the end DBCP ADVISORwill pop-
up an advisory screen with recommended actions as below:

AND All Monitoring Centres be opened for evacuees from Ping

Chau and Mirs Bay, and for the returnees via Lo Wu, Man

Kam To and Sha Tau Kok. Provided that these centres are
unlikely affected by the plume

AND Distribution of iodinetablets when situation required

Hyperlink
to relevant
web sites

5. Knowledge Verification and System
Evaluation
ovises ul
activaton 5.1 Knowledge Verification
Knowledge must be verified for “redundancy,

inconsistency, incompleteness, circularity, and other errors”
[Tepandi, 1991, quoted in H. O. Nourst¢al, 1994].
Verification has also been characterised as the process of
determining “if the system was built right " [O’Keed. al,
1987 quoted in H. O. Nourset.al, 1994]. While T. J.
O’Leary [1990] suggested that verification is the
authentication that the formulated problem contains the
actual problem in its entirety and is sufficiently well
structured to permit the derivation of a sufficiently credible
solution”.

System advises
HKO to initiate
cascade calls and
consult DH &
EMSD on
recommended
counter-
measures

Figure 7 — Advisory Screen on Part A

Recommended Counter-measures
Data File — When the user starts the EXSYS program on  EXSYS has a self-contained verification function which

“Recommended Counter-measuré3BCP ADVISORWill help identify utilisation (frequency of usage) of rules,
get information on relevant parameters to derive thequalifiers, variables and choices, and which of them have
TOTAL RISK LEVEL by calling from external databases NeVver been used during the verification. This function are

in relevant government departments through .DAT files.requently performed during the development of the
An example is as follows: prototype until no error is identified and rules which have

never been used are picked up for testing by case
simulation. Besides, testing cases have been conducted: 6
cases for Part A and 10 cases for Part B. These are critical
cases and testing results are quite satisfactory.

5.2 System Evaluation
T. L. O'Leary et. al [1990] defined evaluation as “the

Table 11 — Parameters in the Data Files
GNPS Quadrant

280 degrees

Plume arrival time 200 minutes

Defence-in-depth
Degradation

2 — significant failure of
safety provision

Environmental Gamma Dose-
rate (X)

2 (i.e. 5<=X<=50)

Radionuclide concentration
activity (RCA) in food

1 (i.e. RCAin food exceeds
the intervention level = YES)

Radionuclide concentration
activity (RAC) in water

2 (i.e. RCA in water exceeds

the intervention level = NO)

process of examining an expert system’s ability to solve
real-world problems in a particular problem domain.
Evaluation focuses on the expert system and the real
world.”

Validation - According to T. J. O’Leargt. al [1990],

Turing test is to test the system’s ability to supply response
comparable to an expert’s decision [Wallace, 1985Pdrt
B, data from a total of four important exercises were used
[Initial Risk level(IRS)]* .2 40 + [Radiological Risk Score ~ for  validation.  The experts considered that the
(RRS)*.2*60] = 3*2*40 + 5 *2*60 = 84 recommendation by DBCP ADVISOR were very close to
Relevant Rule will finally be fired to advise user of the the human experts’ recommendations.
appropriate counter measures as follows: User evaluation — A user survey has also been
IF [IRS]*.2*40 + [RRS] *.2*.60 >67 conducted in the form of a user survey to measures (1)
THEN RUN (trial6.bat /B) _ N _ usefulness (2) logic (3) system design (4) user-friendliness
AND Immediate evacuation of reS|dentSIV|S|tors frqm Plng Chau 59 (4) potential further development of the system. Twelve
and clearance of vessels from Mirs Bay area if sufficient o054 165 in the Emergency Support Unit of the SB and
time is available OR temporary sheltering if running out of - .
time HKO participated in the survey. Results of the survey
indicated that DBCP ADVISOR is well received. The mean

Advisory Screen -At the end,DBCP ADVISOR will
derive the TOTAL RISK SCORE (TRS). An example is as
follows:



scores of colleagues strongly agree (36.4%) and agrejgiu, 2001_] Liu, N.K. An intellige_nt busir}ess advisory system for
(50.6%) in terms of the system’s usefulness, system logic, Stock investmentEncyclopedia of Microcomputer27: 161-

design, user-friendliness as well as the potential for further =184, 2001. ,
development are very satisfactory. [Liu and Jane, 2000] James N.K. Liu and Jane You. An Agent-

based intelligent system for E-commerce applications.
Lo Proceedings oflInternational ICSC Symposium on Multi-
6. Limitations Agents and Mobile Agents in virtual organizations and E-

S e . . . commerce (MAMA'2000), December 11-13, 2000,
The main difficulty involved is that the process to arrive at Wollongong, Australia.

final consensus on recommended counter-measures iscpgu and Sin, 2000] Liu, J.N.K. and Sin, D.K.Y. A data mining

very complicated process involving much discussion an approach for maintenance schedulimgernational Journal of
exchange of view and opinion among many experts in  Engineering Intelligent Systen®(2): 119-126, 2000.

different fields. The prototype can only base on limited[Liu et al, 1998] Liu, J., Mak, T., Tang, B, Ma, K. and Tsang, Z.
scope of knowledge provided by the nuclear plant experts An intelligent Job Counseling System. Hing-Yan Lee and
in a short period of time and numerous determining factors Hiroshi Motoda, Eds., Springer-Verlad,ecture Notes in
that leading to the recommendations have been simplifiedw Artificial Intelligence1531: 518-529, 1998. _

In real situation, sometimes experts have to make decisio artin, 1988] Martin ‘JamesBuilding Expert Systems : A

b | . d intuitive iud t Tutorial. Englewood Cliffs, N. J. :Prentice Hall, 1988.
ase on personal experience and intuitive judgement. [Medsker, 1994] Medsker LarryDesign and Development of

Expert Systems and Neural Networkiew York: Macmillan;

7. Recommendation and Further Study Toronto: Maxwell Macmillan Canada; New York: Maxwell
) o . Macmillan International, 1994.

Given the contributions of the prototype and positive usefnourse, 1994] Nourse Hugh O., Watson Hugh J., Bostrom Robert
feedback, the usefulness of the system can be further p. and Gatewood Robert D. Evaluation of a Generic Expert
enhanced by developing it into a full version, of course system for Corporate Real Estate Disposit®roceedings of
enriching the knowledge-base is required. As the system the Twenty-Seventh Annual Hawaii International Conference
has very high compatibility with other external programs  ©on System Science&dited by Nunamaker Jay F. Jr. and
and can accept inputs from various kinds of database files, SPrague Ralph H., Jr., Vol Ill, IEEE Computer Society Press,
it can be further enhanced through system integration. O 1994.

\ - . ﬂ_eary, 1990] O’Leary Timothy J., Goul Michael, Moffitt
the output end, the system's capability to link to the Kathleen E., Radwan A. Essam Validating Expert Systems.

Internet provides great flexibility to enrich the system with  \egg Expert 8 (3): pages55-58, 1990.

supplementary information and explanation to the usersgyksar, 1999] The Government of Hong Kong Special
Nevertheless the system currently lacks learning capability, Administrative Region Daya Bay Contingency Plan, 1999.
further study to develop a hybrid system with the[Turban, 1993] Turban EfraimDecision Support and Expert
introduction of the Neuro Network technique, or to build up ~ Systems: Management Support Systenidew  York:
historical databases from previous exercises may enable Macmillan; Toronto: Maxwell Macmillan Canada; New York:
learning through case-base reasoning [Zhu and Yang, 1999; Maxwell Macmillan International, 1993.

Eyke Hullermeier, 1999], data mining approaches [Liu and[WaIIacg,_ 1985] Wallace Wiliam A. and De Balogh Frank.
Sin, 2000] and other intelligent business advisory systems Decision Support Systems for Disaster Managemeublic

. . . . Administrati Revi Special | , 45 134-146,
[Liu, 2001; Liu et al, 1998; Liu and Jane, 2000]. Finally, Jarﬂrggg.a lon Review  (Special Issue)

further study on the feasibility to apply the system to othefzhy and Yang, 1999] J. Zhu and Q. Yang. Remembering to Add:
contingency plans such as the plans on natural disaster and Competence-preserving Case-Addition Policies for Case Base
aircraft crash etc. will also generate benefits in ensuring MaintenanceProceedings of IJCAI' 99.999.

security in the society.
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This paper describes a salesclerk conversation model that i
teracts with customers. It is used in e-tailer Web sites to hel
customers easily nd, compare, and decide on appropriat

ExpertClerk: Navigating Shoppers’ Buying Process with the Combination of
Asking and Proposing

Hideo Shimazu
NEC Corporation
8916-47 Takayama, Ikoma, Nara, Japan
shimazu@ccm.cl.nec.co.jp

Abstract

This paper analyzes conversation models of human
salesclerks interacting with customers. The goal
of a salesclerk is to effectively match a customer’s
buying points and a product’s selling points. To
achieve this, the salesclerk alternates among ask-
ing questions, proposing sample goods, and observ-
ing the customer’s responses. Based on this anal-
ysis, we developed ExpertClerk, an agent system
that imitates a human salesclerk and navigates Web
shoppers in merchandise databases. In the system,
a character agent talks with a shopper in a natural
language and consolidates the shopper’s request by
narrowing down a list of many matching goods by
asking effective questions using entropy (Naviga-
tion by Asking). Then, it show¢hree contrasting
samples with explanations of their selling points
(Navigation by Proposing). This cycle is repeated
until the shopper nds an appropriate good. Evalu-
ations show that the combination of Navigation by
asking and Navigation by proposing works as most
effectively as human salesclerks.

Introduction

goods from among a lot of merchandise goods.

these techniques into e-tailer Web sites to help shoppers nd
and decide on goods in large-scale merchandise databases.
This prompted us to develop prototype systems and show
them to our clients. However, their responses were not good.
This is because the system designs were based on conversa-
tions between customers of products and customer support
agents. Most complaints centered around the conversations
in the shops being different from those in customer supports.
Other complaints were heard about the knowledge retrieval
systems not having a different conversation structure and con-
trol.

Second, the Patricia Seybold Group reported the top 10
e-tailer ranking of the 1999 pre-Christmas seak®eybold,
1999, and Lands’ End (landsend.com) earned the number-
one spot. According to their survey, it was the company’s
superb customer service that made it rst. The Web site pro-
vides the ability to press a button and talk to a customer ser-
vice representative from the Web site via live chat or phone
for shopping help, professional advice, or gift suggestions.
We were surprised that even the top e-tailer site relies on the
conversation skills of human representatives.

We surveyed various conversation skill's manuals for hu-
man salesclerks. The survey taught us that salesclerks effec-
tively match customers’ buying points and products’ selling
points. Today’s Web shop sites including Lands’ End do not
fhiave such human-like salesclerk-customer conversational in-
erfaces. However, ExpertClerk was designed and developed
io imitate the conversation techniques of actual salesclerks.

Speci cally, we have implemented ExpertClerk as an agen2 Conversations between Salesclerks and

system that imitates a human salesclerk and navigates Web Shoppers

shoppers in merchandise databases. In the system, a cha
ter agent talks with a shopper in a natural language and co
solidates the shopper’s request by narrowing down a list
many matching goods by asking effective questions using e

tropy (Navigation by Asking Then, ExpertClerk showtbree

contrasting samples with explanations of their selling point:
(Navigation by Proposing This cycle is repeated until the

shopper nds an appropriate good.

The motivation behind this research was two-fold. First,
we have developed several knowledge retrieval systems for

rac- .
pr a conversation between a shopper and a salesclerk, the

0 . . . .
nr_)Iays the role of an adviser. The conversation is a clarify-

)

§hopper plays the role of a decision-maker and the salesclerk

ing process of the subconscious desire of the decision-maker.
The adviser is a catalyst that promotes the shopper's decision-
making. The following sequence shows a typical conver-
sation between a shopper and a salesclerk (S: Shopper, C:
Clerk).

S: Please show me that blouse.

customer support using conversational case-based reasoning C: Ok. We have a similar color that may also suit

techniquedAha & Breslow, 1997. Recently, requests have
been increasing by internal and external customers to apply

you. And, this is a blouse of the same type but with
a different design.



S: Well, the design is ne, but the neck looks very are made of polyester”. While hearing the explanations, the

tight. shopper can more easily exclude one of the three proposed
C: How about this one if you prefer a loose goods with a speci ¢ reason, like “this one is too dark for
neckband? That one also has a loose neckband and me compared with the other two”. The salesclerk excludes
an interesting design. it and chooses a new one satisfying the shopper’'s comment.
S: |like this one. How much is it? The salesclerk repeats picking sample goods, explaining their
C: Itis $200. selling points, and modifying his/her sample picking strategy
S: Wow. $200 is a bit too expensive. by observing the customer’s responses.

C: How about this one? It has a similar design and It is also very important that the salesclerk presents ap-
color, but the price is only $88. The material is propriate sample goods. If a proposed sample is opposite
polyester. to a shopper's preference, the shopper may feel distrust to-
S: Ok, I'll take it. wards the opinion of the salesclerk. In order to avoid this, the
C: Thank you. salesclerk must rst ask a few effective questions to infer the

shopper’s preference.

3 Design Decision

3.1 Modeling a salesclerk’s action sequence

ExpertClerk was designed to model the typical action se-
quence of human salesclerks. It has the following steps:

1. Approach: ExpertClerk approaches a shopper.

2. Navigate by asking appropriate questions: ExpertClerk
nds a set of goods matching the shopper’s request. If
too many matching goods exist, ExpertClerk narrows
them down by asking a few questions using entropy

Figure 1: AIDCA model which effectively discriminates the shopper’s intention.
3. Navigate by_prop_osing three sample gpods: If the shop-

Figure 1 show a typical mental process of shoppers, called ~ Per can not identify his/her own intention, ExpertClerk

AIDCA model [Shigeta, 1995 A shopper rst turns his/her shows three contrasting samples with explanations of
attentiontowards a speci ¢ good and becomiegerestedn their selling points.

the good. The shopper then startsitssirethe good and be- 4. Observe: ExpertClerk observes the shopper’s reactions
comes perplexed about the decision, i.e., inghiplexity cy- on likes/dislikes and why.

cle of desire comparisorandassociation The shopper even- . .
tually decides to buy the good wittonviction and moves to 5 Rhepalr. , ExpertClerk modi es the proposal to t the
the purchasingction SNOPPEr's responses.

A salesclerk follows the shopper's AIDCA process to pro- The process repeats until the shopper nds an appropriate
mote each step. The salesclevktchedor a chance andp-  good. The key to ExpertClerk effectiveness is its combination
proacheghe new shopper. The approach must be done at thef Navigation by asking and Navigation by proposing. The
appropriate time. If it is too soon, the shopper guards againdbllowing sections explain these features.
the salesclerk. If it is too late, the salesclerk is regarded as a .
dull clerk. When the conversation starts, the salesclerk askd-2 Merchandise database
a few questions to identify the shopper's necessary condiExpertClerk is a front-end system for a merchandise database.
tions (buying points). Then, the salesclerk picks a few sampl&Ve assume that merchandise records are represented as a at
goods and shows them to the shopper and explains their sellecord of n-ary elds, and stored in a table in a commercial
ing points. RDBMS. Each eld stores an attribute of merchandise, such

We analyzed a real conversation corpus between shoppeas price, color, material, the country of origin, brand, and so
and salesclerks and interviewed senior salesclerks. In orden. For each record attribute, a conceptual hierarchy is de-
to understand a customer’s buying points, a salesclerk alterned by domain experts.
nates between asking questions and proposing sample goodsThis hierarchy represents a classi cation and is de ned as
Many salesclerks said the best approach is to prabee¢  a discrimination tree. Each node in the hierarchy is a ques-
sample goods at the same time. According to these salescléen node that subdivides the set of nodes stored underneath it.
rks, shoppers become frustrated if they are shown only onEach child node represents a different answer to the question
or two samples. On the other hand, if four or more sampleposed by its parent. Each leaf node refers to a set of mer-
are presented, they become puzzled as to which to choosehandise records which satisfy the above discrimination con-
Each of these three samples must have clear selling pointiitions. For example, the “price” attribute may have a ques-
that differentiate itself from the other two. The salesclerk ex-tion “Which price range are you interested in?”. The possible
plains the selling points, like for example, “This is twice as answers may be divided into “Very expensive”, “Expensive”,
expensive as those because it is made of silk and the other tW&easonable”, “Fairly cheap”, or “Very cheap”. They can be



subdivided into more detailed categories. “Very expensive’3.4 Navigation by proposing

may be divided into “Over $10,000’)” and .“B.etween $l,000|t is very annoying for Shoppers to be asked many ques-

and $9,999?". Each merchandise record is linked from sewions. After merchandise records are narrowed down to a

eral different leaf nodes of different hierarchies. pre-de ned threshold number after several questions, Expert-
These questions and possible answers are used to discri@terk changes its conversation mode from Navigation by ask-

inate merchandise records. The discrimination capability ofng to Navigation by proposing. In the navigation by propos-

each question is different. It depends on the set of remaininghg mode, three goods as the most contrasting among remain-

merchandise records. For example, “Which price range arig goods are selected. They are selected by the following

you interested in?” is useful if the remaining goods have varalgorithm.

ious price ranges. However, the same question is meaningless

if all of the remaining goods are over $10,000. The rst sample good (1st-SG) is the goods record clos-

est to the center point of the set. Its selling points directly
re ect the customer’s request.

3.3 Navigation by asking The second sample good (2nd-SG) is the goods record

Navigation by asking calculates the information gain of pos- positioned most distantly from the center point of the
sible questions and sorts them according to their statistical set. The selling points of 2nd-SG clearly differentiate
ef ciency. It works as follows: itself from 1st-SG.

The third sample goods (3rd-SG) is the goods record po-

, , - , . sitioned most distantly from 2nd-SG. 3rd-SG has selling

(1) Extracting questions. Within each question hierarchy points which differentiate itself from 1st-SG and 2nd-
having leaf-nodes pointing to merchandise records, the paths

from each of these leaf-nodes are traversed in the direction of o be th ieved d
the root, and the rst question node reached that is common -6t G = {?1' %, i 9‘;} eft e set ?]f retr|e\§e goods
to all of these leaves is extracted ag@stiomode. Then, the 'ecords and leg = {fi1,fiz,...fin} be the set of attribute

nodes on the level just below this question node are extracte@!ues: Then the mediagneq of G is calculated by Equa-
as itsanswemodes. tion (5) and the standard deviation of tht attribute value

Setgqev (i) IS calculated by Equation (6)

n
Q)

(2) Calculating the information amount of question nodes. 1 1 X 1k
Questions are determined from their calculated information Omed = ( K fi1, K fi2, . K fin) (5
amount. The algorithm is based on ID3®uinlan, 198% j=1 j=1 j=1

information gain approach. Let C{x 1, r2, ...,r«} be the set
of retrieved question nodes and kgt be the retrieval counts

ofrj(1 j k). Then, the occurrence probability of r; is (k Deviy = (G Gmea))’ (6)
calculateq by Equation (1_) . The en'trOM/(C) of C is given =1
by Equatlon (2) Wher is divided into SUbSGt@l, Co, ..., The distance[@) betweergmed and a Sa_mp|@i is given

Cn by answer nodes;, &, ... an of question node, the by Equation (7).
expected informatioB (C, a) is given by Equation (3). The

informationgain(C, a) gained by question node is given "W d(Gmes 1y G
by Equation (4). DividingC into subsets by using question D(Gmed, ) = j=t T SEmed() 5T 4y
nodea which maximizegain(C, a) should narrow down the -1 Wi
number of result sets ef ciently. wheregmed ) is thej-th attribute ofgmed, gijy is thej -th
attribute ofg;, andW; is thej -th attribute weight.
hi _ 1st-SG is a record whose o!istance frgmd D (Omed » Gi)
B = K ! Q) is the shortest among (1 j k). 2nd-SG @ond sg)
iz hi is a record whose distance frogheq D (Omed, i) iS the

largest amongy (1 j k). 3rd-SG is a record whose
distance fromgong sg D(%2nd sg. i) iS the largest among
K g@ j k). Figure 2 shows the dot frequency diagram
M(C) = P log, py (2)  of a set of retrieved goods records. Three points represent
j=1 the median and range of the set. 1st-SG is located at the cen-
ter of the diagram, 2nd-SG is located at the right edge of the
diagram, and 3rd-SG is at the left edge of the diagram. A

_ Ci salesclerk’s proposing strategy is modi ed by the shopper’s
B(C,a) = ' C M (Ci) (3) response to the proposal. A shopper’s response is typically
=1 expressed with “l don't like this sample because of this at-

tribute valueA. | want the attribute value to be more/less

than this valuevV”. The salesclerk’s next proposal re ects
M(C) B(C,a) (4)  this response.

gain(C, a)



Figure 3: The ExpertClerk System

administrator de nes the parameters, such as “If the number
of matching records becomes less than seven, change to Navi-
gation by proposing” or “Use both narrowing modules at ran-
dom”. Figure 4 shows the screen image of ExpertClerk.

Figure 2: Narrowing down records by manipulating three
samples

4 The ExpertClerk System Figure 4: The ExpertClerk screen image

Figure 3 shows the ExpertClerk system structure. The user in-

teraction module uses a natural language dialog syESétia .

mazu et al., 199Pwith a character animation. It translates a 5 Evaluation

user’s request into a corresponding SQL query and issues thwe evaluated the ef ciency and precision of ExpertClerk.

guery to a backward relational DBMS. The module is inte-We used a small wine database of 150 wine records. This

grated with the navigation by proposing module and the navidatabase is used to recommend wines meeting a user’s spe-

gation by asking module and calls these modules when eitheji c conditions. All of the wine records have the same struc-

asking questions to a user or proposing three samples to thare and each record has ten attribute values. For each at-

user. The navigation by asking module refers to conceptuatibute, a similarity measure and weight are de ned.

hierarchies each of which corresponds to each attribute of the Since many of the records in the database have unique so-

backward relational DBMS. lutions, we could not evaluate the retrieval precision based on
The selection strategy of the two navigation modules is dethe correctness of the retrieved merchandise record. Instead,

ned and can be changed by a few parameters. A systerwe tested ExpertClerk using Aha and Breslolgave-one-in



testing methodologyAha & Breslow, 1997 in which each
merchandise record is used once as a test record, but with-
out removing it from the merchandise record database dur-
ing testing. Thdeave-one-imethod randomly selects a test
record from the database. A conversation starts by activat-
ing retrieval methods in ExpertClerk. A user interacts with
ExpertClerk by entering a query or excluding one of three
sample wine records proposed by ExpertClerk. The conver-
sation ends after the interaction exceedtmes or after re-
trieved records are narrowed down to the test record. The
ef ciency is measured by the degree of narrowing down after
n(n m) interactions. The precision is measured by exam-

ining whether the retrieved records match the test record. . o ] ]
Figure 6: Precision during narrowing down records at each

interaction

third interaction, the three samples shown to the customer are
nearly appropriate with higher than 95% accuracy.

Figure 5: Degree of narrowing down records at each interac-
tion
Figure 7: Generated selling points at each interaction

Figure 5 shows how effectively records are narrowed down
per interaction byNavigation by askindNBA), Navigation Figure 7 shows how many selling points can be presented
by proposing(NBP) and their combination (NBA+NBP) . t5 3 customer per interaction. At early interactions, each of
The rst and second interaction of NBA+NBP is NBA and 1st-SG, 2nd-SG, and 3rd-SG has its own selling points. The
the following interactions are NBP. number of selling point decreases at later interactions because

NBA narrows down possible records to between one thirdhe retrieved records eventually becomes homogeneous and
and one half at each interaction, but it can narrow down littlethe three samples also become similar.

at the third, fourth, or fth interaction. NBP with no customer
input can not narrow down records effectively. After a few in-
telraactions with a user’s response, however,)/it can work welf5 Related research
and the remaining records can decrease rapidly. NBA+NBFRSeveral research projects have focused on user-interface is-
takes the best parts of NBA and NBP. At early interactionssues of conversational case-based reasoning (CBR). Our re-
NBA works better than NBP. At later interactions, NBP works search was inspired by FindMgHammond et al., 1996;
better than NBA. In addition, because Navigation by proposBurke et al., 199Fand its enhanced version The Wasabi Per-
ing sounds more gentle than Navigation by asking as the stylsonal Shopper (WP9Burke et al., 199p FindMe com-
of conversation, the combination of NBA and NBP is the besthines instance-based browsing and tweaking by difference.
among the three. The system shows a user an example of retrieved results. By
Figure 6 shows how precisely records are narrowed dowiritiquing the example, the user then indicates his/her pref-
per interaction. The gure shows the similarity between a testerences and controls the system’s retrieval strategies. NaCo-
record and each retrieved record set (1st-SG, 2nd-SG, ardAE [Aha et al., 1998has a dialogue-inference mechanism
3rd-SG) per interaction. The higher border shows the bedb increase the conversational ef ciency. It infers the details
similarity values for a test record among 1st-SG, 2nd-SG, andf a user’s problem from his/her incomplete text description
3rd-SG and the lower border shows the worst similarity val-by using model-based reasoning. It is especially useful in
ues for a test record among them. The dashed line shows ttient of ce systems like help-desk or sales-support systems.
similarity value between a test record and the center of eacWilke, Lenz and Wes§Wilke et al., 1998 surveyed various
retrieved record set. After the rst and second interactionsyesearch projects that applied CBR into sales support solu-
the precision value of three samples are re ned, and at théons on the Internet. They pointed out the importance of ne-



gotiation, a process in which two parties bargain resources for browsing, Journal of IEEE ExpertVol. 12, 4, pp. 32 —
an intended gain. They classify negotiation into competitive  40.

negotiation and cooperative negotiation. The former is useleurke etal. 199P Burke, R.: 1999, The Wasabi Personal
in various Internet auction sites. ExpertClerk can be catego- Shopper:,A Case-Based Recommender System. Proceed-

rized under the latter. o . . ings of the Seventeenth National Conference on Atrti cial
The incremental query modi cation technique of Naviga- Intelligence, Menlo Park, CA: AAAI Press.

tion by proposing is in uenced by the relevance feedback[

technique used in the SMART systdiBalton, 1988 Rel- [Chavez & Maes, 1996 Chavez, A. and Maes, P. : 1996,
evance feedback incrementally shifts the query vector to the Kasbah: An Agent Marketplace for Buying and Selling
center of a related document cluster. The navigation by ask- G00ds. Proceedings of the First International Confer-
ing module is based on ID®uinlan, 198%and was rst de- ence on the Practical Application of Intelligent Agents and
scribed in our previous work, ExpertGuidshimazu et al., Multi Agent Technology, London.

2001]. Selling points nding can be regarded as a salientfHammond et al., 1996 Hammond, K.J., Burke, R., and
feature extraction problem and is discussed in many CBR Schumitt, K.: 1996, A case-based approach to knowledge
research projectBKolodner, 1993 KASBAH [Chavez & navigation, in: Leake, D.B. (Eds.Case-Based Reason-
Maes, 1996is an intelligent agent with negotiation capabili-  ing Experiences, Lessons, & Future Directippp. 125 —
ties and has a similar idea to selling point. Negotiation rules 136, Menlo Park, Calif.: AAAI Press.

are de ned for each attribute of goods and activated d“rinQIKoIodner 1993 Kolodner, J.: 1993 Case-Based Reason-

every negotiation step. : - b
Several CBR projects have applied CBR techniques intg ing, San Francisco, Calif.: Morgan Kaufmann.

Gardingen, 1999; Burke et al., 1999t is important to de- trees.Journal of Machine Learningv/ol. 1, pp 81 — 106.
sign an qrchitecture in a simple an.d sce_llable manner if itis t§Seybold, 1999 Seybold, P.B. and Miller, J.: 1999, Top 10
be used in large-scale Web shopping sites. Pre-Holiday E-Tailing Picks, Customers.com / Perspec-

tive, www.customers.com

! _ Conclusion _ ~ [salton, 1983 Salton, G.: 1983, An Introduction to Modern
This paper analyzed conversation models of salesclerks inter- |nformation Retrieval New York: McGraw-Hill

acting with customers. A salesclerk alternates among askings.,.. . .
d : : Shigeta, 199b Shigeta, T.: 1995, 30 lessons on how to be an
questions, proposing sample goods, and observing the Cugs excellent salesclerk. (in Japanese) Keirin Shobo: Tokyo.

tomer’s responses. Based on this analysis, we developed Ex-
pertClerk, an agent system that imitates a human salesclet@himazuetal., 1992  Shimazu, H., Arita, S., and
and navigates Web shoppers in merchandise databases. InTakashima, Y.: 1992, Design Tool Combining Keyword
the system, a character agent talks with a shopper in a natural Analyzer and Case-based Parser for Developing Natural
language and consolidates the shopper’s request by narrowing Language Database Interfacé&oceedings of the Four-
down a list of many matching goods by asking effective ques- tee'nt_h International Conference on Computational Lin-
tions using entropy (Navigation by asking). Then, it shows guistics

three contrasting samples with explanations of their sellingshimazu et al., 1993 Shimazu, H., Kitano, H., and Shibata,
points (Navigation by proposing). This cycle is repeated until A : 1993, Retrieving cases from relational data base: An-

the shopper nds an appropriate good. other stride towards corporate-wide case-based systems,
Evaluations showed that the combination of the two nav-  proceedings of the Thirteenth International Joint Confer-

igation modes works most effectively as human salesclerks ence on Artipcial Intelligencgp. 909 — 914.
do. Finally, although the human salesclerks we surveyed in-_, . : . -
sisted that it is the best approach to propose three goods L&hlmazu etal., 2041 Shimazu, H., Shibata, A., and Nihei,

the same time, we have not examined any subjective evalu- g 2001, Exple;tGuliDde: IA Con\ﬁrsa{\tiongl ?(ase-lesed
ation on this. It is a future issue to justify the ExpertClerk Season‘lar:g I'odol tor". eve Oﬁ{ng 3§n c:{; Il?l nov’\&e ge
conversation model. pacesApplied INtelligence-_4, pp 35 — 4o, Kiuwer Aca-

demic Publishers, January 2001.
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Abstract

We present a new approach for personalized pre-
sentation of web-page content. This approach
is based on preference-based constrained opti-
mization techniques rooted in qualitative decision-
theory. In our approach, web-page personalization
is viewed as a conbguration problem whose goal
is to determine the optimal presentation of a web-
page while taking into account the preferences of
the web author, layout constraints, and viewer in-
teraction with the browser. The preferences of the
web-page author are represented by a CP-network,
a graphical, qualitative preference model developed
in [Boutilier et al, 1999. The layout constraints
are represented as geometric constraints. We dis-
cuss the theoretical basis of this approach and its
implementation within the CPML system.

Introduction

will be presented. The resulting model exhibits dynamic re-
sponse to user preferences, but does not require learning long-
term user probles. Second, to accomplish this behavior, we
use well-founded tools for preferences elicitation and pref-
erence optimization grounded in qualitative decision theory.
These tools help the designer structure her preferences over
web-page content off-line, in an intuitive manner, and support
fast algorithms for optimal conbguration determination.

A web-page is typically composed of several components.
The information content of each component can be either pre-
sented or not. In our model, the brst step is for the web-page
designer to express her preferences regarding the presentation
of the web-page content. For example, the author may prefer
some material to be presented if and only if some other mate-
rial is not presented. This is done in an intuitive yet expressive
manner using the CP-network (short feteris paribuset-
works)[Boutilier et al., 1999 which are an intuitive, qualita-
tive, graphical model of preferences that captures statements
of conditional preferential independence. The description of
these preferences, as captured by the CP-net, beccstatfca
part of the web document, and sets the parameters of its ini-

1

. o . . tial presentation. Then, for each particular session, the actual
An important goal for web-page design is to provide viewer- regentation chang@kynamicallybgsed on the user®s actual
oriented personalization of web-page content. Designers m"’@hoices. These choices exhibit the userOs content preferences.

strive to condition web-page content and appearance on thlehey are monitored and reasoned about during each session.

current preferences of the viewer, and probably on some UNo long-term learning of a user proble is required, although
derlying structure of the web-page content. For example can be supported

when the user is viewing an article about the consequences of "~ . . o
a trafioc accident in an on-line newspaper, the designer may Using this approach, we achieve content personalization
wish to present a Volvo ad, as well. rough dynamic preference—basgd reqonbguranon of the
Much of the content personalization literature focuses off/€0-Page. Whenever new user input is obtained (e.g., a
learning user probles. Although this technique is useful, iC /CK indicating his desire to view some item), the conbgu-
generally suffers from low availability, and tends to addresgation algorithm attempts to d(_etermme the best presentation
only long-term user preferences. These schemes are thus agJ-a” web-page components with respect to the web-page de-
plicable only to frequent viewers, that are, in addition, ami- ignerOs preferences thatispeshe userOs viewing choices.

able to having information about their behavior managed b m?és t?rﬂciﬁsti IS bﬁtsex‘: ofn aCnP?:]gc:.‘:/:lthm for constrained opti-
an external agent. atio e context of a etwork.

; Determining only preferred content is generally insufp-
We propose a new model for representing web-page con-. .
tent. This model is unigue in two ways. First, it emphasizes.‘:'ent B the chosen conpbguration should be presentable w.r.t.
the role of the author in the process, viewing her as a conteﬁpe layout constraints of the viewerOs browser. Likewise, a

expert whose taste is an important factor in how the web-pag¥€2-Page designer may wish to specify expectations of the
exact appearance of the document, in addition to preferences

Partially supported by an infrastructure grant from the Israeliabout content. Declarative specibcation of the desired layout
Science Ministry, and by the Paul Ivanier Center for Robotics anddf a web-page are well known: cascading style sheets were
Production Management. introduced as a part of the HTML 4.0 standécée and Bos,



1997, constraint style sheets were proposedBorninget  off-line once for all subsequent accesses to the created web-
al., 2004. We extend our content personalization approactpage. The dynamic nature of the web-page stems from the
to handle different layout constraints on web-page renderingnteraction between the statically debPned author preferences
providing the viewer with a preferentially optimal feasible and the constantly changing content constraints imposed by
presentation of the web-page components. recent viewer choices.

We implement our approach in the framework of the Ce- The choice of a representation model for the preferences is
teris Paribus Markup Language (CPML) system, which con-<rucial in any preference driven conbguration process. In par-
sist of an authoring tool for the preference-based web-pagesticular, one can adopt either a quantitative, utility-theoretic,
and a corresponding viewing tool, which is implemented as anodel, or a qualitative model. We believe that qualitative
browser plugin. models can form a good basis for the automated product con-

The paper is organized as follows: Section 2 presents thieguration in general, and for the web-page conbguration in
framework of web-page preference-based conbguration in thearticular. For a comprehensive overview of the beld of qual-
context of qualitative decision making. Section 3 discussegtative decision theory sd®oyle and Thomason, 1999The
relevant preference representation issues, and describes tinain advantages of qualitative decision theory tools, as op-
CP-network model. Section 4 describes the basic architectuggosed to traditional decision theory, are compactness, intu-
and implementation of CPML. Section 5 illustrates the ap-itiveness B which can considerably reduce the preference elic-
proach by example. Section 6 extends CPML by integratingtation burden B and potentially reduced computational effort.
layout constraints into the web-page optimization process. Thus, in our domain, designers are likely to Pnd (quantitative)

utility assessment of content conbgurations unintuitive. Yet,

2 Conbguration and Qualitative DT the web-page designer is likely to be able to (qualitatively)

. ompare and to rank alternative content presentations.
Any web-page can be considered as a set of componen(fs P P

. Each component is associated with its content. .
For example, the content of a component may be a block 08 Preference Representation

text, an image, etc. In our work, each component may be eiAI - . :
' ! ; ' - 4 though a qualitative representation of preferences is typ-

ther prgsenieg éo the v|_||ewer or Tdeen,darﬂd th%se ophogs ;C?Eally simpler to represent and manipulate, the preference

aredenotedby, . FOWeEVer, the mogel can be expanded g icitation stage can still be quite complicated. To perform
to handle more options for componentsO content presentatiqRyy  jise preference-based conbguration, we must represent

The web-page componenté de;lbnle a c?nb%gratlon SPaE€er preferences in a compact, yet expressive manner. Even
) bl b o of hac ebemen In this spgce relatively small web-pages may consist of numerous compo-
Is a possible conbguration of the web-page content. OUr tasks s ‘making an explicit (exponential size) ranking table for
will be to determine the preferentially optimal conPgurations 5| aiternative content conbgurations impractical. Likewise,
and to present one of them to the viewer. In_ terms ofdemsmqve wish to capture conditional preference dependencies be-
theory,.the set of components of web-page is a set of feature een different components. For example, the designer may
the optional presentations of componentOs contentare thev, efer to expose a short IJCAI call for papers (CFP) if the
ues of the corresponding feature, and conPgurations are oUfe\yer explicitly examined the content of an article about a
comes, over which a preference ranking can be debned. new book on Al, but not to expose the CFP otherwise.

spggg we deprrr]:a:np;?ri(:\;?ﬂg%gg?seig\éegqg]é ??/ir:af/)vgsuéggggu- An appropriate representation of preferences is insufpcient
ration. as equal or more preferred than. This preference on its own; we need 1o be able to reason about them efb-
ranking is a total preorder, and, of course, it will be differ- ciently. Reasqnmg tasks mplude bnding prefgrentla_lly optl-
ent for different decision m’akers' Givena p'reference order mal conbgurations, comparing two conbgurations. leew!se,

. " o the representation model should be intuitive in order to sim-
over the conbguration space, @ptimal conbguratioiis any plify the web-page designerOs task.

such that for any Because of these requirements, in our work we decided to
The preference order ref3ects the preferences of a decisior;( loit the advanta es?)f the CP—n,etwork model developed in
maker. The typical decision maker in preference-based prod- P g P

uct conbguration is the consumer. However, in our applicai-B;)lurgl(')edreﬁt ?Aiétl?ggfezzﬁtgsggggmletm? g;j?gfg:\tlii,n %rlapr))rre]:_fer-
tion the role of the decision maker is relegated to another acto ce under aeteris paribugall else equal) assumption. In

b the web author. The author is the content expert, and she] . . g ; ;
likely to have considerable knowledge about appropriate cone'ms of our domain, this conditioneéteris paribusseman

= . ics requires the web-page designer to specify, for any spe-
tent combinations. We would like the web-page to ref3ect heP. ; : .
expertise as much as possible. cibc component of interest, content presentation of which

. . . . aother components can impact her preferences over the
During the creation of the web-page, the designer describ resentation options of . For each content conbguration

her expectations regarding content presentation. Therefor f . the designer must specify her preference ordering

the preference order represents the static subjective pref- over the presentation options of given . For example,

erences of the web-page designer, not of its viewer. ThusSuppose that the designer determines that

preference elicitation is performed on the web-page designeénd that is preferred to given and all else being

For a discussion on using constraints in user interfaces and irequal This means that given any two conbgurations that
teractive systems we refer [Borninget al., 200d. agree on all components other than and in which is
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	Unfavourable – though plume moving North-West and South-East quadrants of GNPS are not directly threatening HK, there is the possibility of change in direction. So, it is still unfavourable.
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	Advisory Screen –  At the end, DBCP ADVISOR will pop-up an advisory screen with recommended actions as below:
	Data File – When the user starts the EXSYS program on “Recommended Counter-measures”, DBCP ADVISOR will get information on relevant parameters to derive the TOTAL RISK LEVEL by calling from external databases in relevant government departments through  .
	Advisory Screen – At the end, DBCP ADVISOR will derive the TOTAL RISK SCORE (TRS). An example is as follows:
	Relevant Rule will finally be fired to advise user of the appropriate counter measures as follows:
	Knowledge must be verified for “redundancy, inconsistency, incompleteness, circularity, and other errors” [Tepandi, 1991, quoted in  H. O. Nourse et.al., 1994]. Verification has also been characterised as the process of determining “if the system was bui
	T. L. O’Leary et. al. [1990] defined evaluation as “the process of examining an expert system’s ability to solve real-world problems in a particular problem domain. Evaluation focuses on the expert system and the real world.”




