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Abstract. This paper provides a schematic, systematic and structured approach to
developing Bayesian belief networks to assess risks in contexts defined by activities.
The method ameliorates elicitation, specification and validation of expert knowledge
by reusing a schematic structures based on reasoning of risks based on the temporal mo-
tivational theory. The method is based on earlier work that took a first significant step
towards reducing the complexity of development of Bayesian belief networks by cluster-
ing and classifying variables in Bayesian belief networks as well as associating the pro-
cess with human deciions making. It may be possible to reduce the role of a facilitiator
or even remove the facilitator altogether by using this method. The method is partially
validated and further work is required on this topic.
keywords: Bayesian belief networks, elicitation, specification, validation, temporal mo-
tivational theory

1 Introduction

To enable experts to build expert systems themselves, tools and methods are needed to en-
able and support experts to elicit, specify and validate knowledge in a useful way. For exam-
ple, the idea is that psychologists and physicians themselves can develop diagnostic systems
that provides recommendations to the expert system users; further, an associated idea is that
these expert systems can be tailored to the context in which the expert system is used. Ex-
amples of contexts are students succeeding in their studies or project managers succeeding in
their projects. The knowledge in this kind of expert systems mainly consists of indicators to
consider for analysis of which recommendations to give, how to analyze data related to the in-
dicators, follow-up questions if more information is needed to provide a recommendation, rep-
resentation of data as well as how data fed into the expert system is collected.

Das [2] proposed a method for development of expert systems based on Bayesian belief net-
works that reduces the complexity of the development. Das claims that this method is more
well suited for experts compared to ad-hoc methods since they are based on theories in psy-
chology. Essentially, Das method reduces the number of combinations that must be considered
during elicitation and specification. However, it still requires a facilitator to support the ex-
perts and working with probabilities is not necessarily intuitive (e.g., [5]). Finally, validation
still exposes the number of combinations and is sensitive to the combinatorial explosion.

In this work, a partial solution to reducing the need for a facilitator is presented and is
thereby meant as a step towards empowering experts themselves to build expert systems. The
solution is based on extending Das method [2] by adding structure from temporal motivation
theory [9, 8] as well as replacing the explicit use of probabilities in the dialog with the expert



with meaningful constructs based on the temporal motivational theory applied to a context
and making the validation manageable. The indicators in temporal motivation theory can be
any kind of metric related to relevant aspects of tasks such as the user’s opinion about the
value of performing a task or actual sensor data indicating if and how a task is performed. The
structure and proposed method is meant to enable development of expert systems that can
predict if there are risks based on the indicators as well as perform abductive reasoning so that
the experts can connect possible causes of risks to recommendations for handling these risks.

The choice of temporal motivational theory [9, 8] as a basis for the structure is that it is a
simple theory addressing the motivation or utility to perform different tasks. It has been used
to assess problems as well as recommend various methods to rectify problematic behaviors con-
nected to procastination [9, 8]. One interesting aspect is that it divides the utility into a ratio-
nal aspect as well as an irrational aspect covering rewards and their delays.

1.1 Introductory example concerning utility and risks associated with activities
in a student context

Assume that there is an expert system for identifying risks based on this method in the con-
text of students succeeding in their studies. The students can by answering a questionnaire re-
lating to tasks that are indicators of risks obtain a risk assessment as well as recommendation
for how to reduce the risks.

For simplicity, assume that there are three tasks that students must do to succeed with
their studies: socialize, plan and study. Further, assume that there are disturbing tasks such
as social media. Since socializing is required to feel well and, thus, to perform really well, it is
considered as critical as actual studying. Planning, albeit an important activity, is considered
to be a less critical task. Further, students who enjoy disturbing tasks too much is less likely to
perform well in their studies, but if they can limit the time spent on such activities, then they
can still perform well.

A sample students response to a questionnaire based on pairwise judgment of their opin-
ion of expectation to be able to perform task (or subtasks thereof) in a study situation found
in Tab. 1. In this context,, exercising, relaxing, handling finances are also addressed. This is
one possibility to obtain a ranking in an important aspect of tasks. Briefly, in columns ’A:’ to
’G:’, 4 means that the task on the row is much easier to perform compared to the activity on
the column and 1 means the opposite. Normalization is performed by transforming the sums
(ranging from 6 to 24 in this sample data to a range between 0 and 1).

Potential risks are, for example, that the student consider his or her ability for socializing
and exercising to be less than self-entertainment. In this case, recommendations and support
for how to start exercising regularly or how to start socializing can be of use.

1.2 Outline of the paper

In section 2, basic mathematical definitions are given. In section 3, formal definitions for Bayesian
networks are provided. The Das method [2] is briefly presented in section 4. A precise and
comprehensive problem definition is found in section 5 followed by the proposed method for
building the risk evaluation part of an expert system based on Bayesian belief systems in sec-
tion 6. In section 7, a thought experiment based on sampled data from participants are pre-
sented to explain critical parts of the idea followed by a more abstract perspective of validation
in section 8. Discussion covering conjectures and speculation is found in section 9 followed by
the related work in section 10 as well as conclusions in section 11 (that is also covering contri-
butions and future work).
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A: B: C: D: E: F: G: Sum Normlized Rank index

A: studying 0 4 3 3 2 3 2 17 0.61 3

B: excersizing 1 0 2 3 4 2 2 14 0.44 1

C: relaxing 2 3 0 4 4 4 3 20 0.78 4

D: handling finances 2 2 1 0 3 3 3 14 0.44 1

E: planning activities 3 1 1 2 0 1 2 10 0.22 0

F: socializing 2 3 1 2 4 0 2 14 0.44 1

G: self-entertainment (so-
cial media, computer games
etc.)

3 3 2 2 3 3 0 16 0.56 2

Table 1: Sample of student ranking of tasks (or subtasks thereof) for their opinion of their
ability to perform these tasks (or subtasks)

2 Definitions

In this section, basic mathematical definitions are provided.

2.1 Basics

Let τ represent a task of activity performed by an individual represented by i. Let B be the
set of basic tasks, let C be the set of critical tasks, let D be the set of disturbing tasks and let
T = B ∪ C ∪ D be all tasks such that B ∩ C = ∅ ∧ B ∩ D = ∅ ∧ C ∩ D = ∅.

Temporal Motivational Theory The facets of the tasks addressed in this report are based
on the temporal motivation theory [9, 8]. The facets are Ê for expectation, V̂ for value and D̂
for delays in obtaining a reward. Let Ê(i, τ) represent the expectation of an individual i to be

able to perform task τ . Let V̂(i, τ) represent the value for an individual i to perform task τ .

Let Γ̂ (i, τ) represent the the individuals sensitivity to perform task. Finally, let D̂(i, τ) be the
delay until a reward is received, the (1) expresses the utility (or motivation) of an individual i
performing a task τ .

∀i, τ

(
Û(i, τ) =

Ê(i, τ)V̂(i, τ)

Γ̂ (i, τ)D̂(i, τ)

)
(1)

The utility to perform a task is increased if individuals expect themselves to be able to per-
form the task, if they see any value in the task, if they are not sensitive to performing the task
and if the delay to the reward is not too far away in the future. The dividend represents the
rational aspect of human reasoning, whereas the divisor represents the irrational aspect of hu-
man nature.

Facet details Let F̂ be the set of all facets of tasks that are of interest to temporal motiva-
tional theory, i.e., F̂ = {Ê, V̂, Γ̂ , D̂} representing expectation, value, sensitivity and (delay to)

reward. Further, let X̂m(i, τ) be m of facet X̂ of τ for i. Let, MX̂ be the set of metrics asso-

ciated with X̂ such that there is a variable X̂m for each m ∈ MX̂ (e.g., there is most likely a

Êopinion representing the opinion of the expectation, but the set of metrics depends on the ex-
perts).
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Operator details The operator x C y is employed in boolean expressions to result in true if
and only if x is ranked lower than y. Similarly, x B y is true if and only if x is ranked higher
than y. It is applied to facet/metric aspects of tasks (e.g., X̂m(τ) implies the rank of τ in facet

X̂ with respect to the metric m). If X̂m(τ) C X̂m(τ ′) is true if and only if τ is of lower rank

compared to τ ′ with respect to he metric m in facet X̂. When applied to classes of tasks, it is
used to label type of relations (e.g., X̂mB CD implies {X̂m(τB) C X̂m(τD)|τB ∈ B ∧ τD ∈ D}).

Propositional state variables In the Bayesian networks, propositional state variables are
employed that, in this paper, are assumed to either be low (l) or high (h) in case studies and
examples. The symbols U, E, V, D and R are propositional state variables used to represent
the joint distribution of probabilities over the whole set of tasks such that U represents Û for
all tasks τ for an individual i, E represents Ê etc. In a similar vein, Xm represent X̂m. The R
reflects the joint distribution of relational aspects between different facets in F̂ for critical tasks
for an individual.

3 Bayesian Networks

A Bayesian network is a directed acyclic graph where nodes represent propositional variables
of interest and the links represent causal dependencies among these variables [4]. Let Bayesian
networks B = (V,D), where V is a set of propositional variables and D is a set of pairs (v1, v2)
such that ∀v1, v2(v1 ∈ V ∧v2 ∈ V ∧(v1, v2) ∈ D → causes(v1, v2)). That is, a pair in (v1, v2) ∈ D
means that v1 causes v2, where v1 is referred to as the parent and v2 is referred to as the child.
Further, ∀v1, v2, . . . , vn(v1, v2, . . . vn−1, vn ⊆ V ∧ (v1, v2) ∈ D ∧ (v2, v3) ∈ D ∧ . . . ∧ (vn−1, vn) ∈
D → (vn, v1) /∈ D), that is, the graph is acyclic. In this paper, c, p, q, r are used as indexes for
variables such that 1 ≤ c, p, q, r,≤ |V |, where c refers to child nodes, p for parent nodes and
q, r for arbitrary nodes. The variable n is used to denote the final index in a series such that
n = |V |.

Each variable can have 1 or more states, where mq represents the number of states of node
q such that Sq = {sq1, sq2, . . . , sqmq} are all states that vq can be associated with. The pair
(vq, sqi) means that variable vq = sqi where 1 ≤ i ≤ mq. An association between a variable and
a state is called a configuration and the configuration of the set of parents variables is called
parental configuration. Let Pc be the set of parental variables of variable c, then
∀V1, V2, vc..v11, v12, . . . v1m(V1, V2 ∈ 2V ∧ vc ∈ V1 ∧ vc ∈ V2 ∧ V1 6= V2 ∧ |V1| ≥ |V2| ∧
v11, v12, . . . , v1m ∈ V1 ∧ {(v11, vc), (v12, vc), . . . (v1m, vc)} ⊆ D =⇒ Pc = {v11, v12, . . . , v1m})

Let P̂c refer to parental configurations of variable c such that P̂c = {(v, s)|v ∈ Pc ∧ s ∈
{sij |1 ≤ i ≤ |V | ∧ vi ∈ V ∧ v = vi ∧ 1 ≤ j ≤ ki}} where (v, s) means v = s in that configuration.

The probability of the joint distribution of a variable vi is based on the product of the
ancestors of vi in the Bayesian Network. That is, P (vi, v1, v2, . . . , vn) =

∏n
i=1 P (vi|Pi). To

be able to compute this, each child node is associated with a conditional probability table
that contains probabilities contributed for each state of the child for each state of each par-
ent node. In this paper, cscispj denotes the probabillity for state sci of child node vc for state
spj of parent vp ∈ Pc. The conditional probability table Cc contains all possibilities, that is,
Cc = {cscispj |1 ≤ i ≤ kc ∧ vp ∈ Pc ∧ 1 ≤ j ≤ kp}.

4 Generic Method for Building Bayesian Belief Networks

Das [2], presented the following method for building Bayesian Belief Networks:
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1. Identify evidence (parent node) for a hypothesis (child node).
2. Specify a compatible conditional probability table Ĉc for child node vc where Ĉc ⊂ Cc

and the child and its parents has the same number and types of states (i.e., ∀c, i(1 ≤ c ≤
|V | ∧ vc ∈ V ∧ 1 ≤ i ≤ |V | ∧ vi ∈ Pc =⇒ Sc = Si)).

In Ĉc one vp ∈ Pc represents the compatible probabilities unadjusted for relative strength

so that Ĉc = {ĉscispj |1 ≤ i ≤ kc ∧ 1 ≤ j ≤ kc}. Das [2] use the notation P (vc =

sc|{Comp(vp = sp)}) to specify the conditional probability in Ĉc of vc being in sc when
vp is in sp. To obtain the missing parts of Cc, wi is assigned a value for all vi ∈ Pc such
that

∑
1≤i≤|V |∧vi∈Pc

wi = 1. The assignment of wi is done when the conditional probabil-

ity tables are computed as follows by using the weighted sum algorithm [2]: ∀c, p(1 ≤ c ≤
|V | ∧ vc ∈ V ∧ 1 ≤ p ≤ |V | ∧ vp ∈ Pc =⇒ ∀i, j(1 ≤ i ≤ |Sc| ∧ 1 ≤ j ≤ |Sc| =⇒ cscispj =∑|Sp|
k=1 wk ĉscispk)).

5 Problem definition

The aim of this work is to provide an extension of Das work to enable a more mechanized
process for building Bayesian expert systems so that domain experts can build their own ex-
pert systems. The motivation is that even though Das work simplifies the process of building
Bayesian expert systems, it still require a lot of craftsmanship to develop these networks by
asking the right questions. Given a more limited context constrained by, for example, a theory
such as temporal motivational theory, it is conjectured that the process can be more mecha-
nized and still understandable by a domain experts since we are addressing high validity do-
mains. The objectives are as follows:

1. To propose a method for obtaining conditional probability tables for a Bayesian network
that evaluates the risks as lack of motivation according to the temporal motivation theory
based on the classes of tasks that has been introduced: critical, base and disturbance tasks.
This should be an extension of Das work.

2. To validate the approach by a case study as well as an existing framework.

The hypothesis is that the proposed method can in a more mechanized way obtain conditional
probability tables that are easy to validate as well as possible to build by less computer-literate
domain experts.

6 Proposed Method for Bayesian Belief Networks for Evaluating
Risks based on Temporal Motivation Theory

In Fig. 1, a schematic Bayesian belief network based on an interpretation of risks concerning
utility based on the temporal motivational theory is depicted. In contrast to Das [2], it has
more than one level. The child U is the risk for the motivation. The X represent the facets and
the Xm are metrics of different facets. The metric nodes are parents to each child representing
facets. Note that each metric has replicated parents, since a task can be less important in one
facet and metric and more important in another facet and metric. The risks associated with
different ranking of tasks is captured in the parent named R (categorizing relational aspects
between facets, where these relational aspect can be that a task is higher ranked in one facet
and metric and less ranked in another facet and metric). The parents of R are different rela-
tional aspects of facets for critical tasks (e.g., if the ranking of a critical task is low in value,
but high in expectations to complete it, then it constitutes a risk).
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Fig. 1: Part of schematic Bayesian Belief Network (hierarchical noisy or) based on Das [2] and
temporal motivational theory [8]

The schematic method for obtaining the conditional probability tables based on Das [2] is
as follows:

1. Define metrics for each facet
2. Classify tasks according critical, base and disturbance classes
3. For each facet of the temporal motivational theory

(a) For each metric
i. Obtain relative weights for the relation between classes of tasks: critical/base (wX̂mCCB),

critical/disturbance (wX̂mCCD) and base/disturbance (wX̂mBCD).
ii. Compute the total weight for all valid facet/metric combination wX̂m

= wX̂mCCB|C||B|+
wX̂mCCD||C||D|+ wX̂mBCD|B||D|.

iii. Compute the relative weight of each pair of tasks of different classes such that
∀τ1, τ2((τ1 ∈ C ∧ τ2 ∈ B =⇒ wX̂mτ1τ2

= wX̂mCCB/wX̂m
) ∨ (τ1 ∈ C ∧ τ2 ∈ D =⇒

wX̂mτ1τ2
= wX̂mCCD/wX̂m

) ∨ (τ1 ∈ B ∧ τ2 ∈ D =⇒ wX̂mτ1τ2
= wX̂mBCD/wX̂m

))
iv. Use these relative weights in Das [2] algorithm to compute the conditional proba-

bility table for a risk associated with the metrics associated with facets. That is,
compute CX̂m

via specifying ĈX̂m
and using the weights (see section 4).

(b) For each metric in each facet:
i. Obtain relative weights between metrics of that facet wX̂←m
ii. Compute the total weight wX̂ =

∑
m∈MX̂

wX̂←m
iii. Use the relative weights wX̂←m/wX̂ as relative weights for computing the CX̂ via

ĈX̂ (see section 4).
4. For the relational aspect category R

(a) For each critical task:

i. Consider each pair of facets X̂, X̂′ ∈ F̂. For each such facet, consider the metrics of
each such that m ∈MX̂ and m′ ∈MX̂′ and (X̂ 6= X̂′ ∧m = m′)∨ (X̂ = X̂′ ∧m 6= m′).
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ii. For each relation (C or B) between facets, obtain the weight wX̂mBX̂′
m′

and wX̂mCX̂′
m′

iii. Compute the total weight wR =
∑

X̂m,X̂′
m′

wX̂mBX̂′
m′

+ wX̂mCX̂′
m′

iv. Use the relative weight wX̂mBX̂′
m′
/wR and wX̂mCX̂′

m′
/wR to obtain CR via ĈR (see

section 4).
5. At the utility level U

(a) For each child node (i.e, each facet and then relational aspect category child R)
i. Obtain relative weights between utility and facet relations wU←X̂ as well as
ii. Compute the total weight wU = wU←R +

∑
X̂ wU←X̂

iii. Use the relative weights wU←X̂/wU and wU←R/wU to compute the CU via ĈU (see
section 4).

6. Obtain reference symptoms, states or evidence that something is critical (e.g., that a par-
ticular critical task is ranked less than a disturbance task or that a particular set of distur-
bance tasks are ranked higher than the critical tasks)

7. By simulating all possible evidence, obtain minimum and maximum joint probabilities of
the child Û. Derive meaningful patterns (e.g., the threshold for the aforementioned critical
task being less ranked is equivalent to any four evidence or any two evidence + one evi-
dence associated with critical tasks). If these are acceptable to the expert, then proceed. If
not, then readjust the weights.

6.1 The rationale behind choice of structure and method

The main strategy is to follow Das approach, but to provide more structure. The division of
utility into the facets expectation, value and delay follows from the temporal motivational the-
ory. The division into different kinds of metrics for each facet follows from the fact that each
facet can be measured in different ways. Further, it can be important to measure the same
thing in different ways. For example, the opinion of the value of performing a task can differ
from the actual amount of resources someone spends on performing the task; if this is the case,
then there are risks associated with the faulty belief. The division into classes of tasks rather
than tasks themselves follows from the same idea that Das has to cluster things together. In
this case, it is a matter of reducing the number of questions that must be answered b the ex-
pert.

The relational aspect category, is added to handle the fact that something may be consid-
ered important in a facet and metric such as value opinion, but there is no matching reward
for performing the task. The emphasis here is on critical tasks only, since these are considered
to be important. Further, all combinations of relations between facet/metric combinations are
addressed. The reason is that there is no criteria that is as simple as if the task is critical or
not.

7 Case study

Assume that the following tasks are considered in a survey (same as in the introductory exam-
ple in section 1.1) with a different perspective of classification:

1. critical tasks:
(a) plan
(b) handle private finances

2. base tasks:
(a) study (attend to classes, do assignments, do homework)
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(b) keep in touch with friends and relatives
(c) exercise
(d) relax

3. disturbance tasks
(a) entertain yourself

The collected metrics for each perspective in the temporal motivation theory are specified
in table 2. For example, for all facets estimates are collected, whereas for resources spent is
only addressed from a value perspective.

Perspective Opinion Resource usage Usefulness (Inverted) delay

Expectation X - - -

Value X X - -

Delay - - X X

Table 2: Applicability of metrics in different perspectives

In this case study, consider the CU. Assume that wE = 1, wV = 10, wD = 10 and wR =
10, then the wU = 31. The relative weights are then {1/31, 10/31, 10/31, 10/31} respectively.
Given the compatible configuration is found in Tab. 3, the conditional probability table CU
is found in Tab. 4. The same principle applies to the rest of the nodes. Note, in the proposed
method, the probabilities are not shown to the experts, the case study is an attempt to be a
pedagogical example of the internal workings.

Probability distribution over U s = l s = h

P (U = l|{Comp(X̂ = s)} 0.99 0.01

P (U = h|{Comp(X̂ = s)} 0.01 0.99

Table 3: Compatible parental configuration of U (ĈU) (cf. [2])

After the initial specification, the expert cannot be entirely sure if this configuration is use-
ful. Therefore, it is vital to enable the expert to validate as well as adjust the weights until
they are reasonable. For example, after running the validation the expert may want to adjust
the weights. It is conjectured that it is possible to provide advice to the expert on how to ad-
just the weights depending on if they consider the system to give too many false positives or
false negatives.

8 Validity

Pitchforth et al. [7] provides a framework for validity of Bayesian belief network based on psy-
chometrics and system dynamics [1] which is employed in this paper. Essentially, the validity
framework is divided into (i) nomological validity, (ii) face validity, (iii) content validity, (iv)
concurrent validity, (v) discriminant validity, (vi) predictive validity. By basing this schematic
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E V D R low high

low low low low 0.99 0.01

low low low high 0.673870968 0.326129032

low low high low 0.673870968 0.326129032

low low high high 0.357741935 0.642258065

low high low low 0.673870968 0.326129032

low high low high 0.357741935 0.642258065

low high high low 0.357741935 0.642258065

high low low low 0.958387097 0.041612903

high low low high 0.642258065 0.357741935

high low high low 0.642258065 0.357741935

high low high high 0.326129032 0.673870968

high high low low 0.642258065 0.357741935

high high low high 0.326129032 0.673870968

high high high low 0.326129032 0.673870968

high high high high 0.01 0.99

Table 4: Conditional probability table CU

approach on a theory that has been employed in various studies (cf. [8], nomological, face,
content and predictive validity are addressed to some extent. In particular, the functional as-
pect of the temporal motivational theory is captured in how risks identified between ranking
of tasks in various metrics associated with relevant facets connected to the utility is addressed.
Further, relations between different facets if critical tasks are captured in the relational aspect
variable R.

The approach is conjectured to cover nomological validity, since it is a schematic approach
that can be associated with different task sets in different domains. It is conjectured that there
is face validity, since it follows Das [2] approach and puts the utility as the ultimate child,
where its parents address different well-defined facets of the temporal motivational theory as
well as the relational aspect variable R.

Concerning predictive validity, the structure and the method is conjectured to provide pre-
dictive validity in the sense that it can perform a risk evaluation based on tasks associated
with a context in which it is possible to provide meaningful recommendations based on the
answers of the expert system users. The reason for this conjecture is that the structure and
method allows experts to emphasize details while at the same time see the whole structure.
Essentially, they can change perspective in the structure while reasoning about risks and op-
portunities. Further, the validation process allows them to check if the equivalent evidence in
the form of relation between tasks also are risks or not. Note that it is important to state a
purpose of the risk evaluation, otherwise there is a risk that the expert cannot decide if the
proposed equivalent evidence is equivalent or not. By readjusting weights, reclassifying tasks,
by choosing different metrics, the experts can then work with different configurations of the
schematic Bayesian belief network to try to achieve a useful expert system. It is conjectured
that if experts can perceive useful recommendations based on equivalent evidence, then it is a
useful risk evaluation. Finally, the expert is required to consider all possible combinations al-
beit in reduced format due to the division of tasks into classes.
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9 Discussion

One advantage of temporal motivational theory compared to the prospect theory is that it is
simple and applicable to tasks. In contrast, prospect theory [11] deals with how we make deci-
sions, in particular, how our reference affects the decisions as well as if there are gains or losses
etc. This seems to be more limited than temporal motivational theory and might be possible
to use in combination with temporal motivational theory.

One problem that can be encountered in this approach is scalability. Both in the generation
of conditional probability tables as well as the validation, scalability is an issue.

10 Related work

In [10], we did not follow the same structured approach suggested by Das [2]. The outcome of
this approach is, at best, unclear and in the worst case it is counterintuitive. It is conjectured
in this work that the problem is that evidence can be both children and parents in contrast
to this work where evidence is only parents. The problem can be understanding sums of prob-
abilities, which is required when a child node can be evidence. The input dictionary and the
output dictionary is still not considered to be the same, that is, if 0.7 means something in the
input dictionary, then it may mean something else in the output dictionary. It may be possible
to adjust this to some extent by adjusting the compatible parental configuration for each child.

Jeet et al. [3] is one of the few references that is based on Das approach [2]. In contrast to
their ad hoc approach, this approach is schematic and applicable to larger domain than just
software engineering. One advantage of a specific case that Jeet et al. present is the ability to
validate the results. In this work, only a partial validation has so far been performed.

Lemmer and Gossink [6] introduced the recursive noisy or to ameliorate the construction
of conditional probability tables. In contrast to them, this work provides a more specific struc-
ture (based on temporal motivational theory) for a specific purpose (e.g., provide recommenda-
tions based on risk assessment based on the users perspectives of tasks in a particular context)
based on more specific prerequisites (e.g., relations between aspects of tasks are the basis for
evidence). The idea is to provide a better context for the expert whereas Lemmer and Gossink
attempts to make the task of specifying probabilities more tractable. It is conjectured that the
proposed method in this article falls into their synergistic category, that is, no evidence contra-
dicts some other evidence since risks are considered to add up.

11 Conclusions

In this work, we have addressed the problem of ameliorating the process of elicitation, speci-
fication and validation of Bayesian belief networks one step further than in Das original pro-
posal. By providing a structure and a method that allows experts to elicit, specify and validate
their knowledge in a way that is more systematic and force the expert to pit critical constructs
towards each other, it is conjectured that many remaining problems with expert system de-
velopment can be ameliorated. This structure is based on temporal motivational theory and
enables the detection of risks based on how the activities associated with some context are
ranked in various significant facets. These significant facets stem from the temporal motivation
theory and are expectation to be able to perform a task, the value of performing the task and
if there are rewards and how useful the rewards are. Risks can be detected by different rank-
ings in different facets or different metrics. Initial validation of the method has been performed
by considering validity and performing a thought experiment as well as an implementation in a
Java prototype.
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11.1 Contributions

The main contribution of this work is a schematic, systematic and structured approach for de-
veloping Bayesian belief systems of evaluating risks. These risks are judged based on how peo-
ple rank tasks that are important to study within the context that is studied.

11.2 Future work

The most important future work is to validate the approach with real examples and check that
experts agree with the outcomes. Further, to check if it is possible to remove or reduce the role
of the facilitator is something that we are currently considering. Tools are being developed and
are in use for the validation, it is a follow-up of the http://bbnanalysis.sourceforge.net tool
used to simulate and test boolean conditions.

We are currently working on scalability of the validation process so that we can provide
equivalent evidence sets. Another important part is the dialog with the expert, that is, how to
translate the proportions of things into meaningful statements that the experts can understand
and evaluate if they are acceptable or not.
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