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ABSTRACT

When a novice needs help, often the best solutito fid
a humanexpertwho is capableof answeringthe novice’s
guestions.But often, noviceshave difficulty characterizing
their own questionsand expertiseand finding appropriate
experts. Previous attemptis assistexpertiselocation have
provided matchmaking services, but leave the task of
classifying knowledge and queries to be performed
manually by theparticipants.We introduceExpert Finder,
an agent that automatically classifies both novice exuebrt
knowledgeby autonomouslyanalyzing documentscreated
in the courseof routine work. Expert Finder works in the
domain of Java programming, whereeétatesa user's Java
class usage tan independentiomain model. User models
are automaticall\generatedhat allow accuratematchingof
gueryto expertwithout eitherthe novice or expertfilling
out skill questionnaires. Testing showtt automatically
generated profiles matched well with experts’ own
evaluationof their skills, and we achieveda high rate of
matching novice questions with appropriate experts.

Keywords
Expertise location, agents, matchmaking, Java, help
systems.

INTRODUCTION

Meet Jen: Jen has beenin the computerbusinessfor a
while, doing systemsanalysisand consulting. She has
wide experience in Cobol, mainframes and database
programming, but little experiencein Java, which her
company has now decided to use.

Meet David: David is a hacker. Hgartedprogrammingat
the ageof 15, and hasbeenplaying with Javafor a while
now. He has worked with user interfaces, computer
graphicsand client-serversystemsat one time or another.
He now works as a systems programmer ftarge software
company, which does most of their work in Java.

Jen’s new project is a client-serversystem for a bank:
clients of the bank will download software and perform
transactionghrough their computers. The system uses
database manipulation and a graphical user interface.

Given that Jen is a novice Java programrakehasa hard
time learningall the existing packagesand classes. She
breezeghroughthe databasgart, though, building all the

server-sideSQL routines without much trouble. Her
problems start with the database connection to the
program...

The hard way

Jen doesn’t know whatbjectsare availableto connecther
serverside routines and databasewith the front end. She
asks aroundhe office, but nobodyis familiar enoughwith
the Java language to navigate JDBC objects and
connections. She managego accessthe databasedefines
the functionality that should be includedin the front end,
and now needs to know how it should be done.

Sheturnsto the JDK documentatiorbut is unableto find
much informationon this new library. Shetries to build
some of the structures, but finds that testing the objeds
tedious and slow process. She pokes around on the
Internet andjurking in someof the usergroups,finds out
that there are some booka JDBC which might help her.
The book gives her some very basic notions, butneatly
enough to helgher build her application. She needsmore
details on how taall the server-sidestoredprocedureshe
has created.

Shewadesaroundthe newsgroupsreadstheir FAQs, and
posts a question. Disappointingly, she gets no answers.
She finds that most of the newsgroups are tight
communitieswherepeopletendto get off topic or carried
away. Shesubscribego a few mailing lists, but traffic is
too high. Peopleseemto be moreinterestedn discussing
their own problemghan addressinghe problemsof a new
user like her.

She finally decides to get in touch wighfriend’s daughter,
Sarah, who studies Computer Science at the local
university. Sarahhas never programmedin Java, but
knows severalmore advancedstudentswho have. Sarah’s
boyfriend, David, is experiencedn Java. Jen reluctantly
sendshim an email, to which David replieswith a brief
explanation and pointers to some websites about JDBC.

Enter the Expert Finder

Let's seehow the same scenariogoes with our Expert
Finder system. Instead of asking arounddffiee, Jengoes
to her Expert Finder agent and enters a few keywords.



Expert Finder periodically readsthrough her Java source
files, so itknows how much sheknows aboutcertainJava
conceptsand classes. In fact, it readsthrough all of the

programs she wrote while studying with the “Ledavain

21 Days” [5]book. ExpertFinder verifies what constructs
she has used, how often and how extensively,canthbares
those values to the usage levels for the rest of the
participating community to establish her levelsgpertise.
Jen can see and edit her profile on the profile-editing
window, and decidesto publish all of it. Table 1 shows
Jen’s usage for each construct and calculated profile.

FLITS

Jen types in the keywords “sql”, “stored” atytocedure”.
From the domain model, the agent knows that sql is
relatedto databasemanipulation— java.sqglis a library of
objectsfor databasemanipulation. From the model, the
agent knows which classes are included in this library.

java.io 10 Novice
java.util 15 Novice
System 20 Novice
elementAt 5 Novice
printin 20 Novice

Table 1: Jen’s areas and levels of expertise

The agent communicates with other agerateulatingtheir
“suitability” by verifying which libraries and classesthey
know how to use. It picks out David (Table Bgcausée
has used the “java.sql” library and its objects.

Area Usage| Expertise Level
java.io 46 Intermediate
java.util 45 Intermediate

Connection 11 Advanced

InputStream 5 Intermediate

CallableState 10
ment

Intermediate

Table 2: David’s areas and levels of expertise. Note that the levels of

expertise are obtained through a comparison with others in the
community.

His expertise is higher, buot too distantfrom Jen’s. Jen
takes a look at David'publishedprofile, checkshis “halo
factor” (an indicator of how helpful he is to the
community), and sends him a message:

Dear David,

I’'m a novice Javaprogrammerand have some problems
regarding database connections andnipulation. | have
createda series of stored proceduresand now need to
access them from my program. |s there a way to do that?

Thanks,
Jen

David verifies, basedon Jen’s “halo factor”, that Jenis a
new user and decides to answer her question:
Hi Jen,

To call stored procedures you should use a Callable

Statement, which can be created with pinepareCall

method of the Connection class.

Here's a little snippet which might help you:

Cal | abl eSt atement cstnt =
con. prepareCall ("{call MProc(?,

cstnt.registerQutParanmeter(1,
java. sql . Types. TI NYI NT);

cstnt.registerQutParaneter(2,
java. sql . Types. DECI MAL, 3);

cstnt.executeQuery();

byte x = cstnt.getByte(1);

java. mat h. Bi gDeci mal n =
cstnt. get Bi gDeci mal (2, 3);

Also, take a look at:
http://java.sun.com/products/jdk/1.2/docs/guide/jdbc/getstart/callable
statement.doc.html

David

)}

With Expert Finder, Jen obtained Davidiglp much faster
than she would have otherwise.

Approach

/' Expert Finder Agent

ST TN
N

Domain Mod el

T

matchmaking

N
<
S

Other User's
Profiles

\ User
/ Profile

user profiling
module

Java Source Files

Figure 1: An agent’s Internals: Each agent has (1) a profiling module,
which builds the user’s profile from his/her Java files; (2) a
matchmaking engine, which consults and compares other user’s
profiles and (3) a domain similarity model, used for matchmaking
purposes

Figure 1 shows one agent’s internal structure. It is
importantto note that there are no specializedagentsfor



expertsand novices. It often happenghat a personmight
be an expert in one area and a novice in another.

Domain Similarity Model

Our systemusesa similarity modelfor the Javadomain,
becausen expertwhoseknowledgelies in a more general
or more specific categoryor relatedtopic to the novice’s
requirementsmight still be a good candidateto provide
help. In a sophisticateddomain like Java programming,
there are many overlapping relationships between the
knowledgeelements.Rather than burden userswith the
task of manually browsing subjecategoryhierarchiesand
judging relevance, we move that task onto the agent.

Evenif the agentis not perfectlyaccuratein its similarity
assessmenthe agent'smodel constrainsthe searchspace

enormously and resulia morerelevantrecommendations.

We also provide browsers and editors for the domain
model, and for user profiles, allowing any deficienciesin
our prior knowledge to be corrected manually.

The Java Programming Domain

Constructs in Java are hierarchicatyucturedinto classes
and subclassesand organizedin packagesaccording to
purpose or usage. Many classes gisavide an extrahint:
the “See also:” entry, which lists relatedclassesmethods
or packagesWe assignedarbitrary valuesto eachof the
relationships between classes. Tingt stepin the process
was establishingvhich items would be takeninto account
for purposes of determining similarity.

* Sub/Superclassrelationships: a subclassis fairly
similar to its superclass (inheriting methods and
properties), but a superclassis less similar to its
subclass, since the latter may contain resourcesnot
available in the former. For example, ttlassContainer
is a subclass of clag&&omponentit inherits 131 methods
and5 fields. However,Containeralso defines52 of its
own methods. CodeSUBor SUP.

Package coincidencePackagegroup classedy what
they are used for. Packajgwa.awtcontainsclassesused
for graphicinterface construction, such as buttons, list
boxes, drop-down menus, etc. A person Wwhows how
to use these classes is somewat® knows how to build
graphical interfaces. CodRAK.

* “Seealso” entry: this is a hint which links to other
classesthat might work similarly or sharea purpose.
Class MenuBar for instance,is a subclassof class
MenuComponentandis relatedto classesFrame, Menu
and Menultem through the “See Also” relationship.
Code:SEE

Thus, thedocumentatiorpageswere parsedinto a domain
model where one classimilarity to anotheris determined

by

{SUB, SUP} + PAK + SEE,

where the values for each of the variables may vary
accordingto the type of query (free-form keyword basedor
selectedfrom list.) These values are parameterizedthe
model holds the different relations, not the numbers.

Component Graphics

Package: java.awt

Buper Chss: Obpct
ub Chsses: {...}
ethod List: {..}
escripton: ...

Package: java.awt
Buper Class: Object
b PAK —,pubClasses:{..}

ethod List: {...}

Pescription: ...
PAK

U B/SUP + PAK PAK

=
SUB/SUP + PAK
SUB/SUP + PAK PAK

o
Container Canvas Button

Package: java.awt

Buper Class:

[ omponent

Bub Classes: {..}
ethod List: {...}

D escription: ...

ackage: java.awt

uper Class:
Component

ub Chsses: {...}

ackage: java.awt
uper Class:

omp onent

ub Classes: {...}
ethod List: {...}
escripton: ...

\ PAl / PAK
SUB/SOP + PAK l P’A/
-

Panel

ethod List: {...}
escrption: ..

Package: java.awt PAI
puper Chss: Contaner
Bub Chsses: {...}
ethod List: {..}
Pescripton: ...

Figure 2: Similarity model for the Java domain (partially shown.)

Building Profiles

Automatic profiling is important, given that, in general,
peopledislike filling long forms about their skills. An
automated method also reduces the possibilitypadfcuracy
due to people’s opinionsf themselvesAnother advantage
is that automatedprofiles are dynamic, whereas people
rarely updateinterestor skill questionnairesHowever, we
acknowledgehe fact that the agentmight be wrongin its
assessment and allave userthe option of altering his or
her profile.

A profile contains a lisbf the user’s areasof expertise the
levels of expertise for each area (novice - beginner -
intermediate - advancedexpert)and a flag noting whether
or not this information is to be disclosed. Hidden
information will still be used in calculations ekpertisefor
a given query. A user might change his or her prafilany
time.
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* Methods: knowing which methods are being used
helps us further determinehow much he or she knows
about a class: Are only a few methagsedover and over
again? How extensively is the class used?

We verify how often eachof theseis used and compare
these numbers to overall usage. This is similgBation’s
TFiDF algorithm (term frequency inverse document
frequency) [9], in that the more a person usetassthat’s
not generallyused,the more relevantit is to his profile.
The profile is a list of classesand expertiselevel for each.
Expertise level is initially determined by taking thember
of times the user uses each class and dividing bypvbell
class usage.

le Edit View Go Communicator Help
User Name: IrhOdES
Email Address: |rh"-“7les

[Expertise Area Agents 'Your Assesment |Hide?

Assesment
‘Applet ‘Begjnner Mo Change 'I ‘l‘ Tes
|BorderLayout ’Novu:e | No Change 'l ’W Tes
|Buﬂ’eredReader Novice | No Change | ‘l_ Tes
|But:ton Beginner Expert 7 Yes
. . Advanced
Choice Beginner Intermediate "7 Yes
- Beginner [
Color Novice Novice 7 Yes
Dimension ‘Intermedtate e Change 'I ’p Yes
Direction ‘Expert [no Change 'I ‘l_ Tes
|DoubleBuEerApplet ’Expert | No Change 'l ’r‘ Tes
|EmgmaMachjne Expert | No Change 'I ‘l_ Tes
|Event Beginner | No Change 'I ’l_ Tes
[EventPublisherShadow Novice e Change 'I ’l‘ Tes
| [EventTranclating & centTmnl N avice Mo rhanee =10 vee | =
Jg‘|=®=| |Document: Done SR N = BN Y A

Figure 3: Profile editing window: a user can inspect and edit his or her
profile as fit, to compensate for errors in the agent’'s assessment or hide
areas of expertise.

Assessinga user’s areasand levels of expertiseis done
through analysis ofiis or her Javasourcefiles and parsing
them, analyzing:

Package Class

occurence

S

inport java.util.*;

extesion

Class
occurence
public class Acronynms extends Hashtabl e {
public Aronyms() {
super () ;

}

public void addAcronym(String expansion) {
Vector wordvector = new Vector();

StringTokeni zer st = new StringTokeni zer ( expansi on); Method
StringBuffer conpression = new StringBuffer(); usage

String word;
for(; st.hasMreEl enents();) { /
word = (String)st.nextEl enent();

conpr essi on.append(wor d. substring(0,1)); /1 first letter of each word
wor dvect or . addEl ement (( Cbject)word); Il neke a vector of words

}
this.put((Object)conpressiontoString(), (ject)wordvector);

}
}

Figure 4: Example code and items analyzed in it.

e Libraries: which libraries are being used? Hoften?
Libraries are declaredonce, usually at the beginningof a
file.

» Classeswhich classes are used?fow often? Classes
are declared,instantiatedand used throughout the file.
Classescanalso be subclassedwhich indicatesa deeper
knowledge of the class. Implicit ithe act of subclassing
is the recognitionthat thereis a needfor a specialized
version of the class and knowledge of how the class

works and how it should be changed in each specific case.
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Class ‘Experﬁse Level
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BasicMotorSkill Expert b

Boolean Beginner

‘ChunseRandomSoundSki]l Expert

FileInputStream Novice

FileOutputStream Novice

Float Novice

[FloatArray Expert

GZIPInputStream Expert

GZIPOutputStream Expert

Hashtable Novice

Integer Novice

Interpolator Expert

JFrame Novice

JPanel Novice

JScrollPane Novice

JSlider Advanced

‘JT able Expert =l
=== |Document: Done 4

Figure 5: Viewing other users’ profiles: the items in bold represent

classes that have been subclassed. “Hidden” classes are not shown.

Matching Needs and Profiles

Given a query, relatetbpics are takenfrom the model and
added to the query, thus expanding it.is then compared
to other users’ profiles. A query can be formulated as:

 Keyword entry: the user entersa set of keywords
associated with his or her needsaitext box. The class
descriptionsare then usedto locate appropriateclasses
from the keywords.

»  Selection of classeBom a list of thoseexisting in the
model: the user chooses fraanlist of classes. Theseare
then used to findhe expertsby doing a vectormatchon
the class list and profiles.

* A combination of both: the userchoosesomeitems
from the list and enters some keywords.

A screenshot of the query screen t&seenin Figure 6.

a user selects items from the list, iréasonabléo assume
that he or she needs help with using these classes
specifically. Therefore,sub/superclasselations, denoting
structural similarity, are morealuablein finding an expert
with the desired knowledge. Entering a few keywords



means that the user knows what hesloe wantsto do, but
is uncertainof how to do it. In these cases,functional
similarity (packages) isnoreimportant. If the userusesa
combinationof both, both relationscanbe used, although
functional similarity takesprecedenceover structural: the
useralmost certainly knows what he or she wantsto do,
eventhoughhe or shemay not be doing it correctly (this
reflects on picking the wrong items in the list.)

3 Find Experts - Netscape
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Figure 6: Query screen — a user may choose an item from the list or
enter keywords.

A matchis made by first finding similar topics in the

domainmodel. The agentthen goeson to contactother
agents, computing @ector match betweenits user’s needs
and other users’ expertise.The agentreturns a list of

potential helpers. We compute “fitness values” for alihef
users,including the questioner. We thentakethe n with

closest(but higher) fithess values. The user can inspect
each of the experts’ profiles before selecting whom reher
would like to contact from that list and send them

messages.

We believethat the bestpersonto help is not always the
topmostexpert,but someonewvho knows a bit more than
the questionerdoes. First, becausghe topmost expertis
most likely to be unavailableor uninterestedin novice
guestions. But, more importantly, experts and novices
have different mental models, as noted by [3] so we are
more likely to bringtogethertwo peoplewho havesimilar
mental models.

Figure 7 shows the scre@rhereuserscanview a response
to their query, listing the experts available.

Figure 7: Expert list screen — experts are ranked by appropriateness
to a given query.

Incentives

We havebuilt into the systeman incentive mechanisnto

assess the social capitalttre community. We keeptrack
of how helpful eachpersongenerallyis (the halo factor).

The halo factor of a personis the percentageof questions
answered from those received ([Qa/Qr]*100). It is

displayed every time a perseendsor answersa question,
motivating both the questionerand responder.When a
personis new to the system or has never received any
guestions (Qr = 0), the person is billed as beiag to the

system. We don’'t want to inhibit a user from asking
guestions(and askinghow many questionsone has asked
could be interpretedas how much work one is giving

others.)As the systemkeepstrack of questionssentand

received,we can more evenly distribute questionswhen

there are multiple experts available.

Interface Overview

A button bar (Figure 8pn the top of eachpagegives each
userthe options: making a new query, viewing responses,
viewing questions, editing the profile and logging out.

Figure 8: Expert Finder button bar. Left to right: Query, View
Responses, View Questions, Edit Profile, Logout.

A usercan edit his or her profile on the profile-editing
screen,shown previously in Figure 3. The queriesare
submittedto the systemvia the queryinterface, Figure 6.



The results of the query are then shown inrémult screen,
Figure 7. Clickingon one of the expert'snames the user
may inspect thigperson’sprofile in detail, verifying which
classeshe or she knows how to use. Still on the result
screen, the user can select experts and click “Send
Message” to go to the message composition screen .

An expertcan view questionssent to him or her, and
compose aeply, Figure9. He or shecanview responses
as on Figure 10.

Figure 9: View of the questions received: the expert can click on the
blue arrow on the right to start composing a reply.

Figure 10: Viewing answers received to one’s questions.

Evaluation

As an evaluationfor this work, we built a prototype
system,generatedrofiles for 10 users,andran 20 queries
through the systemiWe independentlydeterminedwvhether
the experts suggestedby the system would be able to

answer those questions throughuestionnaire. Questions
were taken from the Experts-Exchangeforum, thus
constituting real problemgeoplehave. They rangedfrom

very specific(“How do | addan item to a JList”) to the

more generic(“What are static entriesand what are they
good for?”).

Possible answerfsom the expertswere“l cananswer”,”|
couldn’t answer this” and “Not flabut, but | would know
where to look”. We also showed the users their profdes,
they could verify how well it representedheir expertise.
We allowedthemto edit their profiles and then compared
what the agent had said to what the users claimed.

Profiling

To test how well the profiling module worked, we
generated profiles for 10 users dmad them edit them. We
then took the original and edited profiles and checkest¢o
how many items were alteredand by how much. Users’
profiles are kept in files divided into:

» Totals: total number of times the user has used a
certainclass,library or method,andthe classesthe user
extends in his or her code.

* Agent’s calculations: this is the expertiselevel the
agent calculated for the user.

» User values: User's corrections to the agent's
calculations, and values to be hidden from other users.

On average,it seemsusers edited about 50% of their
profiles. The numberof changesrangedfrom 9% for the
least altered profile to 63%6r the most altered.About one
third of all changes were decreases.

On commonly used classessuch as Hashtable, usersfelt
they were very knowledgeableeven though their profile
indicated otherwise. Many experts were using this casis
what we calculatefor the profilesis what percentagef the
total usage belongs to eachtbbseexperts. If someonds
responsiblefor 55% of the total usagefor the Hashtable
class,he or shewill be placedin the intermediatelevel.
This may indicate a lackf variety in the sampling,for all
users were reasonably proficient with the Java language.

The decreasefor the most part happenedvhen there was
only one user who used a given construct, andthexsfore
deemedhe expert.lf nobodyelseis using this class,the
user is responsible for 100% of its usage in the community.

31% of changes were 1 step changesi(fstancenoviceto
beginner),33% 2 step changes26% 3 step changesand
10% 4 step changesThesenumbersseemto indicatethat
the agent’s calculations weren't so far off the mark.

Matchmaking

Overall, the system performeukll, alwaysplacingat least
one expert who had had said he or sbeld haveanswered
the questions (either right away or looking it up) in fing
three recommendations. We now go into more detzolut
what happened.

Number of success cases (recommending experts who
would be ableto provide an answer)was around 85%.
Breaking these down, 35% were “immediatecess’tases
(the first expert recommended said he'd be abknwerit
right away) and 50% were “delayed success”(the expert
answered that he’'d be able to answer by looking it up.)
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Figure 11: Distribution of Success/Failure cases.

The system performed better for people vétheasta little
knowledge. Since the system recommends peatpdeevel
of expertise close to that tifie questionerjf the questioner
had little or no expertise,the system did not always
recommend people well suited to answer.

For queriesthat were more specific, the system performed
well. Taking the top 3 experts found (not recommendard)
specificqueries,we have52% said they could answerthe
guestion,19% said they could look it up and 29% said
they could not. Analyzing the failure caseswe found that
these were either casesin which the related knowledge
model wasusedto getto an answeror caseswhere there
wasno indication that a user had this knowledgein his
profile.

In the first situation, nexpertsaid he'd be ableto answer
the question, although some said they’'d know where to
look. A quick checkof the profiles revealedthat none of
the experts had these classesin their profiles, either.
Therefore,the systemhad to use the related knowledge
model to searchfor experts. The samehappenedn the
second situation, although thiine, despitethe fact that a
usersaid he knew how to usea given class,therewas no
indication in his code to support that statement,and
therefore the system couldn’t place him very high.

In general,in the caseswhere related knowledge was
needed, Expert Finder produced acceptable reglitgyugh
not necessarilythe optimal choices (once again, ranking
expertsincorrectly.) This probablymeansthat the model
needsto be adjustedto produce better output for the
similarity relations, which would result in better matches.

More abstractqueriesyielded worse results. Once again,
taking the top 3 expertsfound, we have that 45% had
claimed they’'d be able tanswerthe questionsright away,
25% said they’d be unableto answerthe questionsand
30% said they’'d have to look them up. Despite the
apparentlygood results, we considerthesenot to be as
good asthe previousones. In most cases,Expert Finder
placed experts incorrectly, rankimgerswho had said they
couldn’t answer higher than others who sthidy would be
ableto answerthem. This probablyhappenediue to the
method usedto retrieve keywords (searchingthrough the
specification descriptions), since madtthesequerieswere
made using keyword entry.

Future Work

Profile Building

More accurate profile building is a major areafor future

work. Accuracy can be improveuy enlisting more sources
of information and taking intaccountother factorssuchas

history. We could perform more complex code analysis,
which might revealmore aboutone’s programmingstyle,

abilities andefficiency. We could also use suchtechniques
as collaborative filtering to rate expertise.

One other consideratioron this topic is the issueof time,
or whatwe call “decaying expertise”:after a while, people
forget how todo things, if they don’t keepworking on it.

As Seifert [10] notesexpertisecomeswith experienceand
memory plays an important part.

Making Expert Finder more proactive

The most immediataext stepfor Expert Finder would be
making it more proactive. A context-awareagent built
directly into the developmentenvironmentcould try to
figure out the userneedshelp by watching error messages
as he or shevrites the program. It could also be doneby
detecting when the user goes to the help system.

The agent could also help composethe messageshy

inserting pieces of the questioner’'scode or the error

messages he or she has been getting. It @stthelp the

expertdealwith the problem by providing manual pages
and otherdocumentatioraboutthe classesn questionand

samplesof the expert’sown code where the sameclasses
were used to help the expeemembehow he or shedealt
with this problem before.

Related Work
Information Marketplaces

Experts-Exchange

Experts-Exchange[4] uses a predetermined expertise
directory, under which questions aadswersare posted.It
uses a credit system to provide incentiZgperts-Exchange
doesn’t automatically generatea user profile and there
aren’t any recommendationmadeto the questionerhe or
she simply posts a question irballetin board-likesystem
and waits for an answer.

Referral Systems

ReferralWeb

In ReferralWeb[7] a personmay look for a chain between
him/herself and anotherindividual; specify a topic and
radiusto be searched“*What colleaguesof colleaguesdf
mine know Japanese?”)pr take advantageof a known
expert in the field to center thsearch(“List dessertrecipes
by peoplecloseto Martha Stewart”). The systemusesthe
co-occurrenceof names in close proximity in public
documentsas evidenceof a relationship. Documentsused
to obtain this informationwerelinks on home pages;co-
authorship on papers; etc.

ReferralWeb lacks a domain model or automatic profile
construction,but Expert Finder might also benefit from
ReferralWeb'’s social network techniques, since people
prefer to ask questionsof others who have pre-existing
social relationships with them.



Yenta
Yenta [5] is a matchmakingagent that derives users’

interestprofiles from their email and newsgroupmessages.

Yenta aims tdantroducepeoplewho sharegeneralinterests
ratherthan matchingfor a specific questionor topic, and
againhasno domainmodel. Yentais notablefor its fully

decentralizedstructure, which also could benefit Expert
Finder.

Information Repositories

Answer Garden

Answer Garden, [1] is a system designedto help in
situationssuch as a help desk. It provides A branching
network ofdiagnosticquestionsthroughwhich expertscan
navigate to match the novice's question. A similar
guestion already in the networkay yield the answer,or a
new Q&A pair can be saved for future reference.The
network can also be edited.

Answer Garden and similar systems look for toatentsof
the answerratherthan the expert,which is harderin some
casesand forgoesthe ancillary advantagef locating an
expert who might serve as a resource in the future.

Another “Expert Finder”

A MITRE project also called Expert Finder [8] derives
expertiseestimationfrom numberof mentions in  Web-
available newsletters,resumés,employee databasesand
other information. It is a&entralizedsystem,which doesn’t
allow for inclusion of new experts easily and doesn'’t
provide incentive mechanismsas we do. Recentversions
are incorporating more proactive elements, bringing it
closer in spirit to Expert Finder.

Task-Based Recommendations

PHelpS

The Peer Help System, or PHelf#} tracksuserswho are
doing step-by-steptasks, and if a novice runs into
difficulty, it matchesthem with another user who has
successfullycompletedthe same or similar sequencecf
steps.Unlike our system,it’s highly task-oriented which
allows it to follow a user’'swork patternsand checkto see
when he or she gets stucihe inspectableuserprofilesis
somethingwe’ve adopted but the initial requirementthat
users fill out (and latemaintain)their profiles might prove
to be a problem.

Conclusion

We have presented Expert Finder, a user-inteidgentthat
assists a novice user in finding experts to anawguestion
by matchmaking between profil@esitomaticallyconstructed
by scanning Javprogramswritten by both the novice and
the expert. Testshow that the agentdoesreasonablywell
comparedo humanjudgment,and ExpertFinder obviates

the needfor skill questionnaireghat are dauntingto user
and hard to maintain over time.

REFERENCES

1. [Ackerman& Malone,90] — Ackerman,M & Malone,
T — Answer Garden: A Tool for Growing
OrganizationalMemory — proceedingsof the ACM
Conferenceon Office Information Systems,Cambridge,
MA, April 1990

2. [Collins, 97] — Collins, J.A, et al. - InspectableUser
Models for Justin Time Workplace Training — User
Modelling: Proceedingsof the 6th Int. Conference,
Springer, NY, 1997

3. [Ericsson& Charness97] — Ericsson,K & Charness,
N. — Cognitive and DevelopmentalFactorsin Expert
Performancein Expertisein Context, Feltovich, Ford
& Hoffman (eds.), MIT Press, 1997

4. [Experts,97a]— ExpertsExchange- ExpertsExchange
FAQ - http://www.experts-exchange.cdnfb/fagq.htm

5. [Foner, 97] — Foner, L. — Yenta: A Multi-Agent,
referral-based Matchmaking System — The First
International Conference on Autonomous Agents,
Marina Del Rey, CA, 1997

6. [Lemay & Perkins,97] — Lemay,L. & Perkins,C. —
Teach Yourself Javain 21 Days, second edition —
Sams, 1997

7. [Kautz, Selman & Shal97a] - Kautz, H., Selman,B.
& Shah, M. — ReferralWeb: Combining Social
Networks and  Collaborative  Filtering -
Communicationsof the ACM vol 40, no. 3, March
1997

8. [Mattox, 98] — Mattox, D., MayburyM. & Morey, D.
- Enterprise Expert and Knowledge DiscoveryHTRE
Corporation - 1998

9. [Salton, 88] -Salton, G. - Automatic Text Processing:
The Transformation, Analysis and Retrieval of
Information byComputer.- Addison-WesleyReading,
MA, 1988.

10.[Seifert, et. al] — Seifert, C.; Patalano, A; Hammokd,
& Converse, T. — Experience and Expertise: Tole of
Memory in Planningfor Opportunitiesin Expertisein
Context, Feltovich, Ford & Hoffman (edsNlIT Press,
1997




