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Abstract resulting model and representations are optimal.

We believe that the source of the lack of understanding lies

Development and use of probabilistic decision
support systems benefit by a good communica-
tion between the developer on the one hand, and
the user and the domain expert on the other hand.
Communication is difficult because large differ-
ences in training and experience exist between
the two. This necessitateser-centered design
of the representations used in this communica-
tion, and attention to the translation of user terms
to model terms. A systematic approach to de-
veloping user-centered representations and pre-
venting knowledge transfer errors is outlined in
this paper. We demonstrate how five heuristic

in differences in the knowledge possessed by the developer
and the end-user, on which we will elaborate in section
2. Knowledge-transfer problems do not only occur in the
phase where the end-product reaches the end-user. There
are many phases during the construction of the probabilis-
tic network and the design of the DSS in which knowledge
transfer between developers and domain experts or end-
users is necessary and errors may be introduced.

We have identified five knowledge-transfer phases. The
first two phases concern the manual construction of a prob-
abilistic network for which usually the knowledge of do-

main experts is elicited. The interactions between the do-

main expert and the developer in these two phases are
needed even if the system is only intended for Al research.
In the first phase, knowledge needs to be elicited to deter-
mine the network’s content and structure. For this, infor-
mation about the relevancy of, values of, and interrelations
between the stochastic variables is needed, as well as the
probabilities to be assigned to the relations. The knowl-
edge elicited from the domain expert has to be translated,
.e., to be put in terms of the model.

guidelines can be fruitfully applied in different
developer-user interaction situations in different
phases of decision-support system construction.

1 INTRODUCTION

Increasingly, developers of decision-support system
(DSSs) that build upon a probabilistic network realize that
many end-users do not understand the classical probabiliga the second phase, the model has to be evaluated as to its
tic network representation, comprised of nodes, edges anguality and diagnostic value. The model's reasoning should
conditional probability tables, well enough to work with it approximate that of an expert — well, actually an improved
in an application. Although quite a few developers haveexpert without decision or reasoning biases and with the
attempted to adapt this representation so that the end-us&bility to handle very complex computations. Two pos-
may have a better understanding of it, sometimes endingible developer-expert interactions are distinguished here,
up with quite different representations, (e.g. Long et al.,one concerning the performance and the other the debug-
1996; Hernando et al., 2001; Kappen et al, 2002), we havging of the model. Checking performance can be done us-
not come across a systematic approach to tackling this repag real cases, but the performance of the expert in such
resentation problem. In addition, our research group hasases cannot be considered a gold standard as it contains
noticed problems with the transfer of knowledge from thethe very errors the model tries to prevent. However inter-
user and the expert to the developer. As errors in this transssting, that problem falls outside the scope of this paper.
fer can have consequences for the structure and content dhere has, to our knowledge, not been much research in
the probabilistic network, paying attention to possible er-whether and how to involve the expert in debugging the
ror sources can pay off. A systematic approach that admodel. Especially in debugging is the format of the infor-
dresses prevention of errors in knowledge transfer in bottmation, a probabilistic network and other mathematical for-
directions increases the probability that the design of themats, very difficult to understand by experts. Our research



group is currently researching representation formats withPhase]

Representations |

Translations |

which the expert can be more fruitfully involved in both repr. for knowledge | translation from expert
performance checking and debugging. 1 elicitation interactions| knowledge to model
Phase three, four and five relate to the design of a DSS with experts content_and structure
interface that is meant for end-users which are not mathe- repr. for quel i translation from model
maticians or computer scientists. Of interestin these phages 2 | €valuation interactions content and structure
is first with whom the developer should interact. Althougk with experts to user !anguage
domain experts generally also qualify as end-users, they translation of

cannot be considered equal to end-users because they will 3 | repr- fordataentry | evidence needed
unavoidably know more about the domain of probabilisk by the user to user language

tic reasoning in the network by the time their interaction _ | translation of

with the developers of the network comes to an end. Be- 4 | repr. for dissemination computational outcome
cause of this knowledge they may not interpret statements of outcomes to users | to user-compatible
about probability in the same way as still naive end-user, _ format

Naive end-users are therefore preferred. Because experi- repr. for explanation | translation of model
ence has a great influence on acquired knowledge, reaspn- ® | @nd justification of processes to user-

ing power, and on how someone will carry out their tasks the outcome to users | compatible format

(Anderson, 2004), we strongly feel that thetualprojected
users should be consulted in these three phases, and not
domain expert or, e.g., easier available students in the do-
main.

igure 1: The Five Phases with Example User-Centered
epresentations and Knowledge Format Translations

The third phase consists of gathering the needed evide.n(ifzn how to prevent knowledge transfer errors from devel-
for the model: data-entry. In data-entry, the format in o 44 end.user and vice versa have been published. In
which information about values of the variables is elicited i paper, we are introducing such an approach in order to
'i the |ssube. This r:ep're;sentat'lon should bebunderstooc:] Brevent knowledge transfer errors by improving the repre-
the user, futhyet ¢ E |rl;_|(_)rr_nat|on In : must be truehto thesentations used on the interface to the end-user and creat-
contents of the probabilistic network. Moreover, the an-jn, a\yareness of needed knowledge translations. We look
swers given by the end-usgrs are possibly not in the termsgihe probabilistic DSS, so to speak, ‘through the users’
of the network, and translation back to network terms m‘f"yeyes’. We introduce heuristic guidelines based on user-
bhe neededl. AISIS’ the data—fer;]try order shoul? cpmpf)ly V;’:tn:entered design principles specifically targeted to prevent
:j € normal wor mglorder of the gsder. _Ourhsodutlon or they gwiedge-transfer errors between the developer and the
ata-entry Is to applyser-centered design the data-entry ey et or end-user during different phases of the construc-
module’s interface. In user-centered design, an interface i§o of the probabilistic network and the design of the DSS.
Qesll|gned n cgllabr(])ratlon W';h th; end-user and thus specifye gistilled these guidelines from our practical experience
ically targeted to that type of ena-user. and from human-computer interaction theory. These five

Showing the results comprises the fourth phase of interac@uidelines comprise preserving the precision of the prob-
tion. Here, the issue is to design a representation that con@bilistic information, using language and a workflow that
municates the results in such a way that they are both mattis compatible with the user’s profession, using natural lan-
ematically correcand understandable by the end-user. Forguage, hiding difficult to understand technology and mak-
most DSSs published in the literature, the results are coming the system as efficient as possible.

municated by simply returning the probabilities or provid- The outline of the paper is as follows. First, we explain

ing an ordered list of the most likely outcomes (e.g., MC-ye |ikely sources for the knowledge-transfer problems in

Kendrick et al., 2000; Onisko et al., 1999); some have aty,man_computer interaction theoretical terms. Next, we
tempted to improve on this by color-coding, e.g. in the;

X . introduce the five heuristic guidelines that proved espe-
TraumaSCAN-web project (Ogunyemi et al., 2006). cially important for the design of a non-probabilistic rep-

Lastly, in phase five, the results will need to be explained‘esentation to a probabilistic DSS. In sections three and

and justified. Making it clear to the end-user how the modeffour, we will elaborate on phases one and three because our
came to its conclusions, justifying the conclusions, andepresentation work to date has concentrated on these two
clarifying what the limitations of the model are in this is phases. For each of these phases, we will describe the inter-
a challenge that has been recognized by others (reviewedttion between the developer and the expert or the end-user,

by Lacave and Diez, 2002). A summary of the five phasegxplain the knowledge transfer errors that may occur, show
can be found in figure 1. solutions generated by others and ourselves where possi-

) ble, and show how and where these solutions fit in with our
To the best of our knowledge, no systematic approachegijelines. Finally, concluding observations will be made



and we will outline possibilities for future work. computer by improving the software. Training involves,
among others, mathematics, logics, computer program-

2 THEORETICAL BACKGROUND: ming, and algorithm design. No medical knowledge. As
CAUSES OF KNOWLEDGE scientists, they also possess much practical knowledge on

how to do research.
TRANSFER ERRORS

The primary goals of academic developers in constructing
Below, as an example, we will use a physician as a typicaprobabiIistic—network—bauged DSSs is to push the state-of-
type of end-user, who is to use a diagnostic DSS. Howevert,he'art: to solve challenging gnd novel comquatlonaI prob-
the same case could be made for lawyers, psychologisti€Ms and problems underlying the construction of proba-
veterinarians, most managers, most non-mathematical acQ'—!'St'C netwo_rks, and to pu_blls_h the results_ in their sclen-
demicians etcetera, in combination with diagnostic or othef!fiC community. These scientists also derive much pride
types of DSSs. We briefly lay out exemplars of goals and"©M delivering a high-quality, highly accurate system. To
tasks that the physician wants to accomplish with a DSS’:\VOId having to bear responsibility _fo_r incorrect decisions,
and compare these to those of academic developers of 3velopers also want to help physicians to understand the
DSS want to accomplish. We also describe the differencelimitations of the tool. For example, its knowledge base
in the knowledge of the developer and the physician, andn@y not be complete.
explain why this makes such a big difference in interpretingTasks within these goals are to select a probabilistic-
the classical probabilistic network representation. We willnetwork to construct that offers an interesting computa-
argue that a complete redesign of the representations (fnal problem, and next to solve the problem and develop a
they, for the different interactions, put on paper or a com-obust probabilistic network with the aid of the knowledge
puter) is needed for those phases in which interaction of &f the domain experts. Developers then need to construct
developer and the physician occurs. We will also argue thag way to make data-entry possible so that the network can
the current representation can and should be maintained f@ompute an outcome to be communicated to the user.

the developers’ tasks. ,
It is clear that the goals and tasks of the two types of peo-

ple, developers and physicians, do not overlap much. Aside
from both wanting a model that works with a high accu-
racy, their goals and tasks are nearly totally different. Their

2.1 GOALS, TASKS AND KNOWLEDGE BASES

Physicians are trained as professionals who apply thei

medical knowledge to diagnose and treat disease. A knowKnoWledge base anthental modelat least where it con-

edge base (a cognitive science term) consists of whai€™S the DSS, also are completely different. A mental

a person learns and what they experience. Physician§nOde|’ another cognitive science term, is an explanation

knowledge base consists of coursework from their acal” SOMeone’s thought processes of how something works

demic training, centered on improving the health of a hu-O" IS Put together in the real world. The developer is expert
man being: anatomy, biochemistry, disease patterns, med? the computational part, the physician in the content part.
ications, etcetera. No probability theory. In addition, The problem lies in the fact that a person always inter-
their knowledge base contains practical experience, for inprets that which he perceives through the filter of his own
stance patient-doctor interactions, diagnoses, treatmentghowledge base, as if it were through different glasses.
and doctor-doctor consults, much of it in case formats.  One’s knowledge base ‘colors’ all incoming information,

because this information is immediately enriched by, and
interpreted with the help of the existing knowledge. The

that can at best delay correct treatment and at worst kilP'&!! dogs this a‘_ﬂoma“ca'!y' and one cannot ‘turn off’ the
the patient. Tasks they seek help with in a DSS are diag§3XIStIng information in one S knowl_edge base (A_nde_rson,
nosis and treatment decisions. They seek something akr%004)'_ Wh_en a persorecognizes piece of incoming in- )
to a competent colleague, who offers a second opinion ang’rmit'o”'l |tdwa§ alrheady preser(ljt 'nfthﬁ knqwlidgelbgse,
who can explain in understandable terms how he came th1at knowledge is then activated. If there is knowledge
the opinion. Physicians also want a tool that either save@ssociated with that information, it too will be activated,

them time, or, if it takes time, offers another benefit thatS°mewhat like circles spreading from a stone thrown in a

they are convinced weighs up against the invested time. 1#°"d- The resultof this is that the designer constructs a sys-
addition, it is likely that physicians will want the DSS to (€M based on his ‘design model’, while the user interprets

generate explanations, on demand, that help them undef-SYStem on his ‘user’s model” - almost in any application
stand the computational outcomes. there exists a large gap between the two (Norman, 1988).

In the next section, we look at the common probabilistic
The people who develop medical DSSs, on the other handhetwork representation through the user’s and through the
are generally PhD-level computer scientists. Their acadeveloper’s glasses.

demic training centers on improving the workings of a

Physicians’ primary goal is to improve patient care. They
realize that a DSS may help them to avoid wrong decision



2.2 SWITCHING GLASSES FROM DEVELOPER understand something until they are confronted with con-
TO USER flicting evidence, either from their own knowledge or from
incoming information (Tabachneck, 1992). The only part

Physicians, when looking at the common probabilistic net.0f the model that the developer deeply understands is the

work representation, see a large number of very familiaSoMPutational part. With the help of the common proba-

medical terms, each in a little box connected by lines toblllstlc representation, the developer can see whether the

other boxes. They certainly do not ‘see’ a probabilisticnetwork propagates changes in probability values, but not

network, because there is nothing in their knowledge basg/hether either the original values or the computed changes

that can recognize, identify or make sense of a probabilis[nake any medical sense.

tic network. In each box are also some numbers to bebove, we have clarified why different goals, different
seen. The vast majority of physicians will not be conver-tasks and different knowledge bases require a different
sant with probability theory, and will therefore not be able view on the data: a different representation. The represen-
to interpret this information. Even if they understand prob-tations meant for the end-user should be designed so that
abilistic terms, they will not understand them to the deepthe end-user understands them; in cognitive science terms,
level that developers will understand them. Physicians inso that they align with their mental model of their domain
terpret the edges as diagnostic lines, pointing from sympknowledge and task execution. This means that developers,
toms and test outcomes to disease diagnoses. To themyho have the knowledge to interpret and use common prob-
the arrows are pointing in the wrong direction. Physiciansabilistic network representations, should probably continue
know which data go with which medical term, and know to use them if they are the end-users. This also means that
whether the data they enter are valid or not, and whethesther types of users should be provided with representa-
those are within a normal range or not. Physicians cannaions that suits their knowledge base and mental models.
see whether computed changes in the network make sense ) )
because those are expressed in probabilistic terms. Yel/e hope that we have also motivated why constructing
they perceive that the numbers are changing, but attachingeer-centered representations requires frequent and inten-

meaning to that is not supported by their knowledge bas Sive contact with the user. iny th_e actugl users can inter-
Trying to carry out medical tasks within such a foreign pret developed representations with their specific glasses.

representation is extremely difficult and time-consuming.'t IS not helpiul for developers to try to interpret developed

Physicians need a representation that they can recogniZ&Presentations as if they were the user, because they have

interpret and react to on basis of their own knowledge baséj.'fferent glasses, and those glasses are not removable. It

Because their knowledge base is much different from thdvould take a minimum of ten years of medical training and

developers’, such a representation will necessarily dif'fetpraCtlce to acquire medical-expert glasses.
completely from the common probabilistic network repre-\We now switch to the part of the paper where we outline
sentation. our systematic approach to developing user-centered rep-

Now we put on the glasses of the developer. Developers Ser_gsentations. The core of the approach lies in applying

a probabilistic network with nodes and edges; each nod ve heuristic_guidelines that we found par.ticularly usefull
has probabilities associated with it. Developers’ knowl-1°" constructing user-centered representations for DSSs in

edge base allows them to automatically and quickly rec-eaCh phase of contact with domain experts or end-users.

ognize and interpret the edges as interrelations of the vari-

ables. Developers probably do not knemactlywhatisre- 3 HEURISTIC GUIDELINES FOR
ally meant with particular terms supplied by the domainex-  DESIGNING USER-CENTERED
pert. Developers do not know whether entered patient data REPRESENTATIONS

are valid (e.g., whether a test’s outcome numbers makes

sense), normal or abnormal. Nor do they have any know'AIthou h other human-computer quidelines also aoply. we
edge to interpret the content of the outcome. For instanc 9 P 9 PP,

. ) : : Seel that the five presented below proved especially relevant
whatis the difference between grading and staging a A the changes that have to be made to align information to

- .
cer? And even if they understand the outcome, they W'”a particular knowledge base and mental model. The first

not understand it in the deep way that expert phySICIan?1euristic was coined by us. The other four are heuristics

will understand them, immediately realizing all the con- . ) .
. o . well-known in human-computer interaction theory.
sequences of the diagnosis in terms of treatment options,

life expectancy, etcetera. One of the real pitfalls is that(H1) Preserving PrecisionThe first guideline is specific to
developers, while eliciting the experts’ knowledge of the designing representations for probabilistic models. It con-
domain, may start to feel that they understand the domaimgerns the need to preserve the precision of the stochastic
and may even fill in information that the expert has not ex-variables used in the model. The problem is that physicians
plicitly communicated. This false feeling of understandingdon't think in precisely defined stochastic variables but in
has been coined ‘shallow understanding’: people feel theyazy categorical concepts. The error in knowledge trans-



fer occurs here because, when presented with a variablbe computer’s’ (Tognazzini, 2003) and ‘Ease of learning
name, physicians see a categorical concept and the develnd ease of use’ (Mayhew, 1992) are underlying design
oper sees a precisely defined stochastic variable. As a coheuristics. This guideline is important because the users
sequence, great care must be taken to translate the modeti§ DSSs are demanding users whose time is precious. The
terms to new terms, so that the precise definition is underfaster and more conveniently they can interact with the sys-
stood exactly as precisely by the physician. Otherwise, fotem, the better they will comply with the system’s demands
instance, data entered will not be correct and the probabilitand the more they will use the system.

returned will not be correct either. Similarly, the physician In the next two sections we will elaborate on phases 1 and

will enter the data according to what he knows. There is of the interaction with the domain expert or the end-user

good chance that this will not precisely overlap with Whatand explain how these guidelines were applied in our and

the model wants to know. Another translation yet may be , .
. . ) ._others’ research. In both phases, examples of tasks will be
needed to align the entered data with the model’s precise.

. C ... gdiven, types of interactions within these tasks will be spec-
terms. In other words, preserving precision is of vital im- 3. .
portance ified, and potential sources of knowledge transfer errors

will be identified. We will present examples of solutions
(H2) User Compatibility The second guideline states that from our or others’ research, but these are merely exam-
the information presented in the interface should alignples meant to inspire and show how the guidelines could be
with the user's mental model. ‘Speak the user’s languageimplemented, as there is not just one correct or best solu-
(Nielsen, 1993), ‘know thy user’ (Mayhew, 1992), and tion. Good solutions will depend on the application and the
‘workflow compatibility’ (Mayhew, 1992) are three well- particular type of user.

known design heuristics that bear on this guideline. This

guideline concerns changes that are specific to one type Q{ PHASE 1: KNOWLEDGE

user only, for instance, physicians or lawyers. In practice, )

these heuristics mean to use the actual professional lan- ELICITATION
guage of the physician in the presented information and not
the language coined by the developers; they further mean td he developer hands the domain expert physician a piece

fit the information flow to the usual workflow of the physi- | Of paper. The paper says>r(Invasion = T2 | Shape =
cian. polypoid, Length < 5c¢m). It takes the developer a good

) o 10 minutes to explain to the physician what exactly it says
(H.3) Natural L_anguageThethlrd gwdelme is to followthe | g the paper. Finally, the physician provides the needed
principle of ‘simple and natural dialogue’ (Nielsen, 1993). | information. After the tenth explanation of what is on the

This guideline applies to any type of user, and means thatpaper, the developer is desperate with the slow progress

the information presented to users should as much as possf the physician. At this pace, she will have to interview
sible resemble simple, natural language and natural typ&she expert for weeks.

of reasoning as used within the user’s culture. Probabilisti¢
language has little overlap with simple, natural languagePuring the knowledge elicitation phase, the developer
again because of the precise definition of each term in probmainly interacts with the domain expert.

ability t_heory and the categorical and con_ceptual_nature Ofixample 1: Determine the graphical network structure.
words in common natural language. Think, for instance,

of the word ‘table’, and now think of the many types and Interview domain experts about relevant processes in the
shapes of tables that you know, which all fall within your domain in order to identify the relevant variables and the
concept of ‘table’. However, a Chinese will have a differ- values they may adopt. Error sources: (1) Experts dutifully
ent concept of table than a Dutchman, even though thegxplain the medical processes, but uses medical language
will both use the same word if they speak English togetherthat is perfectly understandable by them but very difficult

. . to understand by the developer; (2) developers may start to
(H4) Invisible Technology Effective interfaces donotcon-  aq| that they understand the domain and fill in unelicited

cern the user with the inner workings of the system’ (Tog-information. The guideline to be applied for the first prob-
hazzini, 2003), or |nV|S|pIe _technology (Mayhew, 1992), lem is ‘natural language’; also, it helps to develop a sensi-
constitute the fourth guideline. In the case of DSSs, they iy 15 the communication problem. Usually, the expert
technology consists of the probabilistic network. It is agjqiv learns to tune explanations to a more natural lan-
good idea to hide anything having to do with probability o ,5qe- the developer slowly learns to interpret some med-
theory, and replace it with something that users normally, yorms. The expert hardly ever makes progress towards
use ,W,'th'n the execution of their tasks, while preserV'ngunderstanding probability theory; in this way the process is
precision of course. asymmetric. To entice the physician to phrase his knowl-
(H5) Efficient SystemLastly, the application should be as edge in ‘natural language’ terms, a few hints may be given,

efficient as possible. ‘Look at the user's productivity, not for instance asking the physician to phrase the explanation
as if he were explaining things to his mother, giving out




a warning that the elicitation process will take much time, To check the interdependences, the developer will some-
and frequently indicating that you, as developer, do not untimes present the expert with a small piece of the network.
derstand what the expert says. The developer should nevé&irror source: experts cannot understand the network struc-
make the mistake of filling in information based on his ownture. As Van der Gaag en Helsper (2002) remarked: “Un-
acquired medical knowledge. Remember, it takes 10 year®rtunately, however, the experts often appeared to mis-
to acquire the deep knowledge of the expert! One helpinterpret the structure.” In their solution they applied the
ful process to check your own assumptions is to provideguidelines ‘user compatibility’ and ‘invisible technology’.
feedback to the expert in the form of his own statementsPhysicians are very familiar with case descriptions. These
translated to include the precision needed for the modelkesearchers therefore replaced network structures (the tech-
For instance, the physician may have said: “If more symp-nology) with case descriptions (reasoning compatible with
toms are present, the stage of the cancer is worse”, whicphysicians’ mental model), e.g.: “Suppose that you have a
could be translated to: “If more symptoms are present, ipatient with a high fever, and you have made an assessment
is ALWAYS the case that the stage of the cancer is worse”of the patient’s muscle aches. Can knowledge of the pres-
If the developer does not recognize the error sources in thisnce or absence of a headache change your assessment?”
phase, the processes modeled in the network will not mirro6chreiber et al. (2000) and Scott et al. (1991) have sug-
the real processes. gested a similar approach.

Example 2: Take the information elicited from the physi-Example 4: Assess the probabilities.

cian and extract the needed variables and values. Users are provided with probabilities to be assessed in

Discuss with the physician whether a variable the develprobabilistic notation, for instanc®r(Invasion = T2 |
oper has defined still covers the concept the physician haShape = polypoid, Length < 5c¢m). Error source: this
defined. Error source: physicians think in often vague catformat is not understood by the user. Moreover, van der
egorical concepts, whereas the network needs precisely d&aag et al. (2002) reports about their experiences: “Es-
fined stochastic variables. The guidelines to be applied herpecially the meaning of what is represented on either side
are ‘preserving precision’ and ‘natural language’. Aligning of the conditioning bar appeared to be confusing, and
the two different concepts, one probabilistic and one medin fact remained to be so during successive interviews.”
ical, takes careful negotiation. In our experience, this mayOther methods used here are probability-scale methods,
take much iteration. Solutions lie in trying to understandgamble-like methods, and probability-wheel methods. Er-
the other’s concepts by re-representing them, for instanceor source: those representations were shown to be not
by defining the concept’'s boundaries, drawing, or makingwell-understood by the user either. Van der Gaag et al.
a table. Another solution is to use the guideline ‘user com{2002) tested the first two of these methods. Regarding
patibility’ by entering the physicians’ world and observ- the probability scale, users commented that they felt un-
ing the symptoms and test results in the way the physiciamomfortable working with it, that there was very little to
would. For instance, the developer might ask to see a sego by. User answers were also biased by the ‘spacing ef-
ries of X-rays of different developmental stages of a tu-fect: they placed their marks unconsciously to that they
mor. In this way, the developer may be able to come closelooked attractively spaced. The gambling method was also
to understanding the physician. If the expert is unable tdneffective and very demanding. Users found that the spe-
recognize stochastic precision in a variable name, and theific lotteries were very hard to conceive of because of
developer cannot compensate for that, and, vice versa, thtbe rare or unethical situations they presented. The gam-
developer cannot see the conceptual nature of a physicianfding method does a little better job at *hiding technology’,
term, the developer and the expert will be talking aboutbut it is not compatible with the users’ mental model of
two different concepts with all consequences thereof for theheir usual tasks and experiences. The authors remark: “...
model. the gambling appeared to be rather demanding on the ex-
Example 3: Assess the interdependences of the variables.perts.' _Apparently, i cleviated substantially from their usual
cognitive processes.” Also, both methods were found to
During interviews, experts are asked about interdepenbe time-consuming, which runs counter to our ‘efficient
dences. Error source: physicians do not think in thesenethod’ guideline. A brief overview of the probability-
terms, it does not fit within their mental model of their wheel method was provided by Renooij (2001). She stated
task execution (Van der Gaag & Helsper 2002). Thesehat this method tends to be time-consuming, and is not
researchers substitute asking about interdependences (theitable for assessing very large or very small probabilities
technology) with the notion of causality, compatible with as the users cannot perceive the difference. The solution
physician’s reasoning, which results in questions likeproposed by van der Gaag et al. (1999, 2002) is to de-
“What could cause this symptom?” and “What manifesta-sign a new method, based on transcribing probabilities in
tions could this disease have?” This follows our guidelinescase-like terms (guidelines: ‘user compatibility’ and ‘hid-
‘invisible technology’ and ‘user compatibility’. ing technology’), accompanied by a scale in common, well-



understood reasoning terms @rtain, probableandfifty- require keystroke entries, much slower than clicking, which
fifty and their associated approximate percentages (guidedolates our ‘efficient system’ guideline. In Hernando et al.
line ‘natural language’). This method proved to be efficient(2001), the guidelines *hiding technology’ and ‘user com-
as well, enabling the researchers to elicitate 150-175 probpatibility’ were also mainly used. Diabetic users needed
ability estimates per hour. to enter data at each mealtime on blood values and meal
Still, physicians feel uncomfortable with the use of prob- contents. Th?'r. solution was similar to ours, a data-entry
module consisting of pull-down boxes to choose values.

abilities in numerical form (von Winterfeldt & Edwards, X . . ;
- The boxes were arranged horizontally on a time axis, which
1986). To reduce the number of probabilities to be as- ; ; : )
. agreed with the users’ mental model of timeflow in a day.
sessed, Helsper et al. (2004) suggest an extra step jus
before assessing probabilities, namely to first establish thEor the second problem, misunderstanding stochastic val-
gualitative pattern of interaction for each causal mechaues as concepts, Tabachneck-Schijf et al., (submitted)
nism. These patterns can then be used as constraints on thpplied the ‘user compatibility’ and ‘preserve precision’
precise probabilities to be obtained. By substituting nat-guidelines. Their solution was to ask the users to define
ural reasoning for math concepts, this follows the ‘invisi- their own terms that, in their professional language, cov-
ble technology’ guideline as well as the ‘efficient system’ ered the precise definition of the stochastic variables.
heuristic because not only does the task become more nat- . . : :
. xample 2: A physical means for entering evidence has to
ural and thus much easier to carry out, fewer of the exac .
- . L e provided.
probabilities will have to be elicited.
The developer constructs a program on a computer or hands
the user a form to be filled out. Error source: neither means
of entry may be suitable to the users’ work environment or
- the work flow. Solutions: Apply the ‘user compatibility’
Surreptitious laughter sounds from the room. The usersyyideline. Consult the user as to the circumstances under
have just spotted the probabilistic network underlying which they need to carry out the data entry; discuss ways to
their DSS. Their expressions show disbelief and ladk ofircumvent problems. In a case where the users needed to
understanding, even though we have just explained Whago|lect evidence in situ in a pig unit, we decided to put the
a probabilistic network is and does and all have indicated ¢ata-entry module on a personal digital assistant, which can
their understanding of our explanation. easily be carried into a pig unit and be covered by sturdy,
In phase 3, the developer mainly interacts with the eno|yvell—closed plastic bags which can be discarded so that the

user. Examples exist of data-entry modules that have beeq‘neVice cannot be contaminated (Tabachneck-Schif et al.,

designed on user-centered principles (e.g. Long et aiSubmitted).

1996; Hernando et al., 2001) but clear heuristic guidelinesxample 3: The data-entry questions need to be ordered.
have not been identified.

5 PHASE 3: DATA ENTRY

_ The user is confronted with an ordering that is constructed
Example 1. A data-entry module is needed for a user tay the developer from the model's viewpoint. Error source:
provide evidence. this ordering may not fit the user’s workflow or mental

The developer supplies the user with data entry based Op]'lode| of the task. _Thls will slow down users, even |_f they
the network representation. Error sources: (1) the usef@! reply to questions at random, because they will have
does not understand the network representation; (2) thi® search for the next question to answer. Again, the ‘user

variable names used will not be understood by the usef@MPatibility’ guideline can be applied: consult the user.

as precisely defined stochastic variables but, at best, 4" instance, in Tabachneck-Sghijf (submitted), we negded
concepts. For the first problem, apply ‘invisible technol—Srnall groups of up t(.) five q_uestlons. The users were given
ogy' and ‘natural language’ guidelines. In Tabachneck-cards with the questions printed on them. They were asked

Schijf et al., (submitted), we describe a questionnaire repto group_cgrd; together, then to sort the groups in an or-
resentation we designed. According to Gliner & Morganderthat fit in with their normal workflow, to next order the
(2000), questionnaires are particularly useful for quantita-quesuons in each group similarly, and then to write down

tive research, especially in comparative and descriptive agh€" grrloufplng ratlongle. ;Wr? orderings ensued; by exam-
proaches. Moreover, with a questionnaire one can specifi?ind the frequency by which two questions were grouped

a choice of possible answers corresponding with the Va|__ogether, we a_rnved _at_ clus_ters which best fit the order-
ues in the network. The questionnaire was implemented'dS and aiso fit our limited interface space. In Kappen et
in our application as keywords with associated puII-downaI’ 2002, the developers developed a type of questionnaire.

variable value boxes. Open questions should be avoide-(lihe questions of the actual questionnaire part are grouped,
as this can introduce more translation errors, e.g. the gdlut it is not clear what the researchers used as a basis for

veloper is faced with user language, or the answer is not'® Ordering the data-entry part.

among the values in the network. In addition, open answers



To further improve the efficiency of the system, centered solutions. In essence, knowledge transfer errors
Tabachneck-Schijf et al. (submitted) also attempted to minare caused by the large differences between what is in the
imize the number of clicks the users had to carry out, afhiead of the developer and of the user. Training and com-
well as keystroke input. Keystrokes were limited to entriesmonly executed tasks do not overlap and result in knowl-

that could be carried out either before or after the in-situedge bases that are in general completely different. As in-
visit to the pig unit, where the PDA could be handled morecoming information immediately mixes with and is inter-

easily without its protective covering. preted by the existing knowledge base this is as if different
types of professions are wearing different glasses. When
6 CONCLUSIONS looking at the same information they ‘see’ something dif-

ferent. For instance, what either ‘sees’ in a medical record

In this paper, we have begun to identify a systematic apg;md a classical probabilistic network representation is very

proach to improve those representations on the interface é}lfferent.

a probabilistic DSS that are meant for the domain experive hope that this paper will initiate a fruitful discussion
and for the end-user. To this purpose, we have presenteshout the positive results of involving the user imaan-
five heuristic guidelines we identified as being particu-ingful interaction with the developer throughout the entire
larly effective in guiding our own representation designs.development process. Applying the heuristic guidelines
Most of these guidelines are meant to (1) increase awarénay well lead to a further dissemination of probabilistic
ness of the differences between the developer and the nog@ecision support systems.

mathematical user or domain expert; (2) show the neces- ) , i

sity of aligning representations intended for the user to théNIth our growing awareness of the ISSUES 1n kngwledge
users’ mental model; and (3) support the need to translatEanSfer’ and our successes thus far, we will certainly con-

user information into model information and vice versa, be-NU€ to firm up and apply our systematic approach, also for

fore and after user-developer interactions have taken placd!téractions that occur within phases 2, 4 and S.
One guideline underscores the need to make the application

efficient if the end-user is a demanding user. The crux ofAcknowledgements
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