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Abstract

The work presented here is part of a research
project to develop decision-support software
for case managers in the Kentucky social wel-
fare system. Welfare case managers help
their clients plan participation in activities
such as volunteer work, job readiness pro-
grams, substance abuse counselling, or study
in high school or college, for example. The
case manager’s advice is guided by her per-
ception of how different client characteristics,
as well as the client’s history prior to and
within the program, may affect the client’s
probability of success in the proposed activi-
ties.

This paper focuses on knowledge transfer
from welfare domain experts to formal rep-
resentation of the welfare domain. In the
process of modelling decision-making in the
Kentucky welfare system, we have elicited in-
fluence diagrams from multiple welfare case
managers. We have developed a distinctive
elicitation procedure and influence diagram
format, which we refer to as a “bowtie ac-
tion fragment”. We present the format, the
procedure, and a discussion of methods for
combining influence diagrams from multiple
experts into one consistent and size-bounded
diagram.

1 Introduction

Stochastic planning with Markov Decision Processes
(MDPs) has been a productive research area recently
(space limitations prohibit a comprehensive survey.)
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While planning with MDPs is tractable, tractability
requires explicit instantiation of all states, which is
infeasible for large complex planning problems. Dy-
namic Bayes Networks (DBNs) can be used for fac-
tored representation of MDPs. DBNs are small in size,
but exact planning algorithms become intractable [9].
Good heuristics, however, make planning with DBNs
attractive even when the planning problems are large.

In [3] we have discussed the problem of decision-
theoretic planning with uncertainty and constraints.
The problem involves four key components: (a) an
agent called “advisor” is charged with suggesting a
plan of future activities for another agent, called “ad-
visee”; (b) the advisee’s goals are based on successful
completion of activities, and success in completing an
activity stochastically depends on personal character-
istics, as well as on successful completion of certain
prior activities; (c) proposed plans must satisfy exist-
ing constraints; (d) proposed plans must respect, as
much as possible, the advisee’s preferences.

The work of case managers with welfare-to-work
clients is an application of decision-theoretic planning
with uncertainty and constraints. The Welfare-to-
Work scenario, the subject of this paper, considers the
advising done by welfare case managers to their clients.
Since the implementation of welfare reform in 1996, ne-
oliberal policies have reshaped the welfare system from
one in which cash grants were the primary vehicle of
assistance, to one in which the primary tool for assist-
ing welfare clients has taken the form of social services
such as employment training, counselling, or educa-
tional services. This shift in policy has translated into
a significant increase in case manager work load and
responsibility. In addition to processing applications,
payments and other paperwork for a nearly unman-
ageable case load, case managers are expected to act
as advisors and information brokers, informing their
clients about the myriad support services available.
Without adequate information support, however, case
managers often find it difficult to serve their clients



well. Thus the welfare domain presents a significant
opportunity for the application of decision theoretic
planning.

Welfare-to-work case managers1 provide advice and
place participants (called “clients”) in training, coun-
selling, educational or work programs designed to
make the client employable, and, eventually, employed.
Case mangers also control access to payment for basic
necessities such as housing, food, health care, child-
care, and transportation. However, these programs
must be consistent with the client’s abilities and locally
available programs. Case manager advice is therefore
guided by: federal and state welfare policies which
specify what the client must do to stay eligible for
benefits; the availability of local service programs, the
case manager’s assessment of the client’s goals, pref-
erences, abilities, skills, and limitations; and the case
manager’s perception of how these characteristics and
past performance in KTAP activities may affect the
probability of the client’s success in the proposed ac-
tivities.

In this paper we describe our work on building the
Welfare-to-Work domain model for the purpose of de-
cision support planning. The domain model consists
of several components: (a) the stochastic model of
client performance in KTAP-supported activities, (b)
the model of a client, (c) the rules and constraints that
apply to the program and (d) the means for express-
ing client goals and preferences. Our present study
concentrates on the first two components. Here, we
describe:

• Our approach to building stochastic models for plan-
ning (Section 2).
• The process of elicitation we have employed in work-
ing with the KTAP case managers to obtain their opin-
ions about the model components (Section 3).
• The methods we employed to combine the expertise
of different case managers in order to produce a single
unified model (Section 4).
• The results of a study of these methods (Section 5).

2 A Bayes Net Model for Advising
Applications

2.1 Basics

A Markov Decision Process (MDP) is defined as a 4-
tuple (S, A,R, P ) where S is a set of states; A is a set
of actions; R is a reward function R : S 7→ R, such
that R(s) represents the reward obtained by the agent
in state s; and P is a transition model where Pa(s′ | s)

1For instance those working in the Kentucky Temporary
Assistance Program (KTAP), the “experts” in this study.

represents the probability of going from state s to state
s′ with action a [6]. In factored MDPs, the set of
states is described by a set of random variables. This
results in a large and inefficient matrix representation
of transition probabilities. The transitions and reward
function are captured concisely by dynamic Bayesian
networks (DBNs) [2]. The transition graph of a DBN is
a two layered directed acyclic graph whose nodes are
{X1, X2, . . . , Xm, X ′

1, X
′
2, . . . , X

′
m} where Xi denotes

the random variable Xi at time t and X ′
i denotes the

random variable Xi at time t + 1. Figure 1 represents
the DBN model for the action “Volunteer Placement
(VOP)”. In this action, the client participates in vol-
unteer work relevant to the client’s job goals.
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Figure 1: DBN model for the action “Volunteer Place-
ment”.

Qualitative probabilistic networks(QPNs) are qualita-
tive abstractions of their quantitative counterparts. A
QPN is defined as a pair G = (V , Q), where V is the
set of variables or nodes in the graph and Q is the set of
qualitative influences [10]. Qualitative influences de-
fine the sign of direct influence between two variables
and correspond to an arc in a belief network [4].

Definition (qualitative influence) [4]:A random
variable a positively influences a random variable c,
written S+(a, c), iff for all values a1 > a2, c0, and x,
which is the set of all c’s predecessors other than a,
P(c ≥ c0 | a1x) ≥ P(c ≥ c0 | a2x). This definition ex-
presses the fact that increasing the value of a, makes
higher values of c more probable. Negative qualita-
tive influence, S−, and zero qualitative influence, S0,
are defined analogously by substituting ≥ by ≤ and
= respectively. If a qualitative property is not “+”,
“-”, or 0 then it is represented as “?” by default (non-
monotonic or unknown relation) [4]. Specifying signs
is known to require considerably less effort from do-



main experts than specifying numbers [4].

2.2 The Bowtie Model

In this section we describe the bowtie models we have
elected to elicit, and explain how we arrived to the
specific shape of the models.

Let D = 〈d1, . . . dm〉 be a list of fluents we call client
characteristics (Figure 3). Each fluent di takes values
from a finite ordinal domain2 dom(di) = Di. A client
state is a vector s = (s1, . . . , sm), where si ∈ Di∪{⊥}.
If si = ⊥ for some 1 ≤ i ≤ m, we say that the value
of client characteristic di is undefined or unknown in
state s.

A plan for a client is a mapping from client states
into collections of actions. The list A = {A1, . . . , An}
forms the universe of actions, and a plan π is a map-
ping D1 ∪ {⊥} × . . . × Dm ∪ {⊥} −→ 2A. To prop-
erly construct plans, we must identify the influences of
client characteristics on actions. We model these in-
fluences stochastically. That is, we believe that client
performance in a specific action depends stochastically
on client characteristics, or, in other words, values
of client characteristics can be used as predictors for
client performance in a specific action.

We use a representation model we call a bowtie action
fragment instead of DBN representations of factored
MDPs. A bowtie model for an action A is a tuple
BA = 〈I ∪O∪{sA}, EI ∪EO, w, inf〉, where I and O
are subsets of D called inputs and outputs respectively,
and sA is a node we call a success node of action A,
together form the set of nodes for the bowtie model;
EI = {(x, sA)|x ∈ I} and EO = {(sA, y)|y ∈ O} are
the edges of the model; w : EI → R is input weight
function and inf : EO → {+,−, 0, ?} is the output
influence function.

There are two key reasons why bowtie models are used
here instead of DBNs. First, in advising scenarios,
each action has a specific result (a success/failure or
taking in, etc.) associated with it. This result is not
part of the list of input client characteristics but it is
part of the problem domain. In particular, information
about it must be maintained throughout the process.
We represent the success of an action using a special
success node in our graphical models. The domain of
each success node is determined by the action itself.
It can be binary: success/failure, but it can also have
more values, e.g., a GPA from {less than 2.0, between
2.0 and 3.0, between 3.0 and 4.0, 4.0} in case of action
“High School”.

2The specific properties of the domains are not neces-
sary for the study described in this paper. However, they
are used later in building the model.

The second reason for using the bowtie model is that
all information about individual action fragments in
our study is elicited from the experts, the case man-
agers, whose goals and objectives are tied directly to
helping a client succeed in a given action. Each small
success is seen by case managers as having a profound
positive impact on the client’s state, and therefore,
ability to succeed in future actions. During our elic-
itation process we have determined that the bowtie
model makes sense to the case managers since the ac-
tion in the welfare system mediates the transformation
between two client states. In Section 3 we describe the
elicitation process in more detail.

Informally, the bowtie model consists of a set of input
nodes linked to a central action success node. The
success node, in return, is linked to the set of output
nodes. The bowtie model is similar to the QPN model
except that in the bowtie model, ‘weight’ is associated
with each of the influence factors.
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Figure 2: Bowtie model for the action fragment “Vol-
unteer Placement (VOP)” and the actual influence di-
agram it represents.

The bowtie model makes a convenient picture of the
action fragments. However, some influences in the
fragment are not explicitly represented. In particu-
lar, each output node in an action fragment is influ-
enced by two nodes: the action success node and the
node representing the value of this characteristic prior
to the action being taken. The first influence is repre-
sented explicitly in the bowtie diagram, but the sec-
ond is implicit. Figure 2 shows an example of a bowtie



model for the action fragment “Volunteer Placement
(VOP)”, and the actual influence diagram represented
by this fragment. In the actual diagram, each output
node has two parents. In this case, we needed to add
a node representing a client’s income prior to taking
the action.

3 Elicitation of Model

Table 1: The list of 15 elicited actions.

The elicitation of case manager knowledge was done
in three stages: (i) a manual pilot study, (ii) design
and implementation of elicitation software, and (iii)
software-directed elicitation. We briefly outline these
stages below.

First, our team of social scientists conducted a pilot
study to test our elicitation methodology. In the pi-
lot study, welfare case managers were asked to free
list client characteristics which would affect the client’s
likelihood of success in the action “Get GED”, which
includes attending preparatory classes and eventually
taking the General Education Development (GED)
test.3

Work−related characteristics

Literacy
Math Literacy
English fluency

High−School Diploma
GED

Years of Schooling

Reasons for Leaving School

Vocational/Associate Degree
Vocational/Associate Hours

College Hours
College Degree

Learning Disabilities
Physical Disabilities

Depression

Anger Management
Substance Abuse

Domestic Violence
Peer/Family Support

Criminal Record Personal Hygiene

Confidence
Maturity
Commitment

Interests
Goals

Skills
Aptitude

Work−readiness

Current Employment
Previous Employment
Length of Employment

Education−Related Characteristics Personal Characteristics

Figure 3: Client characteristics used in the experi-
ments.

The nearly 200 characteristics free-listed as affect-
ing the client’s likelihood of success in the action

3We have elicited a total of 16 actions from case man-
agers. Out of these, “Get GED” was used in the pilot study
as a “training example” and then excluded from further
elicitation procedures. The remaining 15 actions, shown in
Table 1 were used in the remainder of the study.

“Get GED” were then evaluated and ranked by small
groups. The five client characteristics cited by case
managers as most important were weighted, thus form-
ing the input structure of the bowtie model for the
“Get GED” action fragment. The list of client char-
acteristics generated in the pilot study and extracted
from previous expert interviews were then merged into
a more manageable list of approximately 50 variables.
These variables, in turn, we loosely categorized as
education-related, work-related and personal charac-
teristics. Within each category, we have tentatively
outlined subcategories. The list of most often consid-
ered characteristics and their classification into cate-
gories and subcategories is shown in Figure 3. The
elicitation methodology was verified and the experi-
ment was replicated for the additional fifteen actions
in which a welfare client can participate (Table 1). A
High Level Elicitor (HELL), the special-purpose elic-
itation software developed by our team for eliciting
bowtie action fragments, was utilized to replicate this
methodology.

The High Level Elicitor was designed to obtain bowtie
fragments by eliciting the input of 18 participating
case managers. Each manager was assigned 5 of the
15 actions from Table 1. For each of their five ac-
tions, they were asked to complete a three-step pro-
cess. First, they were asked to pick, from a list of
approximately 50, the five characteristics which were
most important for success in the given action (Figure
4). Second, upon selecting the five most important
characteristics for a given action, case managers were
then asked to assign a weight to each characteristic so
we could determine the relative importance of the five
selected characteristics.4 Finally, output nodes were
elicited for each action. Experts were asked to indicate
which of the client characteristics were most likely to
change positively or negatively as the result of success-
ful completion of the assigned action. Thus for exam-
ple, experts reported that, upon successful completion
of Volunteer Placement (VOP), the client would expe-
rience an improvement in Aptitude and Goals.

The case managers’ answers were collected and stored
for further processing. In the next section we discuss
the methods used to combine the action fragments
elicited from different experts.

4 Fusion

Using the procedure described in Section 3 we obtained
multiple action fragments for each of the 15 actions.
The next step was to produce for each activity a sin-
gle action fragment, that incorporated the expertise of
multiple case managers. The challenge we faced was to

4Scale of 1 to 4 was used.



Figure 4: Step 1 of the elicitation process for the action
fragment “Volunteer Placement (VOP)”.

restrict the number of input nodes in order to keep the
number of parent nodes of the success (central) node to
a minimum and to incorporate maximum information
provided by the experts in the final action fragment.
We observed that the more parents the success node
had, the harder it was to construct the conditional
probability table (CPT), and the less reliable such a
CPT became. Because of this, we restricted the size of
the set of input nodes in a bowtie action fragment to
five. We now, address the problem of selecting the ap-
propriate five client characteristics from a significantly
larger pool provided by multiple experts.

More formally, we are solving the following problem.
Given an action A and a set {B1

A, . . .Bk
A} of bowtie

action fragments for A, we need to construct a single
bowtie action fragment B∗A which has the following
properties: (i) the number of parents of the action
success node is no more than five5 and (ii) as much
information from {B1

A, . . .Bk
A} as possible is used. We

call this the action fragment fusion problem.

We consider two ways of reducing the number of input
nodes in the bowtie model. First, we consider node re-
moval, i.e., straightforward pruning of the set of input
nodes. Our second operation, merge is more complex.
A merge of two or more input nodes replaces them in
the bowtie model with a single node. Optionally, the
replaced nodes may be left in the model as parents of
the new node. Schematically, the operations of node
removal and merge are shown in Figure 5.

Node removal. Decisions on which nodes are re-
moved can be made in different ways. For each in-
put node x, we construct the vector of mentions:
mn = (mn

1 , . . . , mn
k ), mn

i = 1 if n ∈ I for Bi
A, other-

5In our work, action fragments Bi
A had up to five input

nodes as well.

Node removal Node merge

Figure 5: Operations of node removal and node merge.

wise, mn
i = 0. We also construct the vector of weights:

wn = (wn
1 , . . . , wn

k ), wn
i = 0 if mn

i = 0, otherwise
wn

i = w((n, sA)) for the w from Bi
A. Finally, we con-

sider the vector of expert experiences E = (e1, . . . , ek),
where ei is some measure of experience assigned to ex-
pert i (the source of the fragment Bi

A). To simplify
notation, we let N = {n1, n2, . . . , nm} denote the com-
plete set of input nodes specified by k experts for an
action fragment.

All node removal operations considered here work as
follows. The combined list of input nodes is ordered
according to some ordering criteria. The top five nodes
in this ordering are retained, all others removed. We
have 10 methods to order the nodes, described in Ta-
ble 3. The measures used for the different ordering
methods are described in Table 2.

Measure Expression

no. of mentions (nom)
∑k

j=1
(mni

j )

total importance (timp)
∑k

j=1
(wni

j )

experience-based wt. (we)
∑k

j=1
(wni

j ∗ ej)/
∑k

j=1
ej

relative expertise (re)
∑k

j=1
(ej ∗mni

j )/
∑k

j=1
ej

Table 2: Measures used for the ordering methods.

Method Primary sort Secondary sort

S1 nom timp
S2 timp nom
S3 nom we
S4 we nom
S5 re timp
S6 timp re
S7 re we
S8 we re
S9 nom * timp -
S10 we * nom -

Table 3: The 10 Ordering methods.

Node Merge. Two or more client characteristics
can be merged into a single node if two conditions are
satisfied:
1. Proximity: the characteristics are similar in their
meaning.
2. Use: the pattern of mentions of the characteristics
by the experts allows us to hypothesize that they can
be merged.



We address each issue in turn. We considered client
characteristics to be similar if they share the same
category and subcategory in the classification scheme
of Figure 3. In order to merge nodes, it is not enough
to simply discover that similar client characteristics
had been used by experts. One must pay attention
to how these characteristics had been used. In this
paper we consider one such pattern of use, which we
call disjoint use. A set of similar client characteristics
exhibits the pattern of disjoint use if at most 20% of
experts who mention one of these nodes, mention more
than one. That is, the vast majority of experts uses
only one of the similar characteristics as the influence
on the action success node.

If such pattern is observed, we can hypothesize that
experts were considering the same latent characteristic
(the category that these nodes belong to), but selected
different characteristics to serve as the representative.
An example of such use is the case of an action A where
three experts indicate that Disability has an important
influence on it, while two experts state that Learning
Disability has an important influence.

In this work we use a straightforward algorithm that
scans the input action fragments and searches for the
patterns of disjoint use for each group of similar nodes.
If it succeeds, it replaces the group of similar nodes
with a node representing their supercategory as the
parent of the action success node. The original nodes
then become the parents of the new node. The vector
of mentions for the new node is constructed as the dis-
junction of the vectors of mentions for its parent nodes.
The weights are averaged: the weight assigned to the
new node by an expert is the average of the weights
assigned to the parent nodes (for the disjoint use pat-
tern, only few experts will have mentioned more than
one parent). After all possible mergers are performed,
we use one of the methods S1–S10 to determine the
top five input nodes.

Coverage. The different fragments for a particular
action obtained from merging and sorting are vali-
dated against the average coverage measure. The cov-
erage measure (CC) is evaluated for every expert (for
a particular action). Coverage for expert j is CCj =∑n

i=1(m
ni
j ∗ wni)/

∑n
i=1(w

ni
j ). The average coverage

ACC is then computed as ACC =
(∑k

j=1 CCj

)
/k.

For a given action fragment the average coverage is
calculated for each method by taking the average of
the coverage criteria of all experts that elicited the
given action fragment. High average coverage for a
given action fragment means most of the important, or
highly weighted, input nodes elicited from the experts
for that action fragment are incorporated into the final

fused model.

If we use only the ordering criteria for choosing the
top x nodes for the final model representing the action
fragment, we run into the problem of throwing out a
lot of client characteristics (input nodes) elicited by
experts. This reduces the average coverage for each
action fragment. With merging, we are able to increase
coverage.

5 Experiments

We have applied the fusion methods discussed in Sec-
tion 4 to the action fragments for 15 actions (Table
1) elicited from the case managers. We looked at two
groups of fusion methods: using only sorting and node
removal, and using node merge with subsequent sort-
ing and node removal. We now outline the results ob-
tained. For each action fragment we used all ten meth-
ods S1–S10 to sort the input nodes obtained from all
experts, and select the top five. In the second run, we
first used the merging criterion described in Section 4
to merge some of the nodes and reweigh the edges, and
then used the same ten sorting methods.

For each of the two runs (which we refer to as “sort
only” and “merge+sort”), all ten methods agreed on
the top five input nodes for nine actions (the actual
list of nine actions was somewhat different for each
run). In the sort-only run, the remaining six actions
were split in half: for three, we observed two differ-
ent fragments, while for the remaining three, three
different fragments were generated. In the merge+sort
run, all six remaining actions yielded two fragments
each. In all our experiments that yielded more than
one fragment, the fragments differed by exactly one in-
put node.

Figure 6 shows the four fragments generated for the
action “Vocational Rehabilitation (RHB)” by sorting-
only (top pair) and merging+sorting (bottom pair)
methods. As seen from the picture, the top three in-
puts (Commitment, Literacy Level and Goals) remain
intact in all four fragments. All sorting-only meth-
ods also agree on the fourth input, Learning Disabil-
ities. The difference comes at the fifth input, where
some methods favor Disabilities and others, Aptitude.
Merge+sort methods generate immediate savings of
one slot by merging together Learning Disabilities and
Disabilities. In addition, in some merge+sort meth-
ods, Aptitude loses to the combo node obtained by
merging Domestic Violence and Peer/Family Support.

Figures 7 and 8 show the correspondence between dif-
ferent methods and the fragments produced by them
for each action. For each action, boxes of the same
shade for two methods mean that the methods pro-



Figure 6: Fragments generated for the action “Voca-
tional Rehabilitation (RHB)”.

duced the same fragment. We note that expert expe-
rience, when used, had the highest chance of altering
the list of top five inputs. In particular, on four out
of six actions with multiple fragments returned, meth-
ods S1, S2, based solely on weights and frequency of
mention produced different output than methods S3,
S4, S5, S7, S8, which included, among their sort-
ing criteria, measures weighted by expert experience.
When merge+sort is considered, S4, S7, S8 produce
the second fragment in all six observed cases, while
S5 produces it in five cases and S3 in three cases. In
addition, method S10 diverged from S1, S2 on its
output in four cases. In general we see a fairly stable
picture. Methods that did not take experience into ac-
count tended to have the highest chance of providing
different sets of five input nodes than those that did
use experience vectors.

Figure 7: The figure shows which of the sorting meth-
ods yielded which fragments for each action.

Table 4 describes the average coverage for all frag-

Figure 8: The figure shows which of the merge+sort
methods yielded which fragments for each action.

ments and actions. Numbers in boldface (for the
merge+sort run) correspond to action fragments where
a merge operation was used. We note, first, for 11
out of 15 actions, more than one action fragment was
generated during both sorting and merging+sorting
runs. Only four actions yield the same fragment for
all twenty methods. Second, the merge operation for
the pattern of disjoint mention tends to raise average
coverage score, sometimes by as much as 10%.

Based on expert opinion, 12 out of the 16 fragments
that applied the merge criterion were considered in-
valid (INV). In the case of actions ABE and LIT that
are heavily centered on learning, the expert opinion
did not agree on the merger of Disabilities and Learn-
ing Disabilities. In contrast this merge was consid-
ered valid for the actions VOP, JST, GJS, VOC and
RHB that are not centered on learning. Expert opin-
ion also disagreed with the merger of Commitment,
Maturity, and Confidence, which made the fragments
for actions VOP and GJS invalid. Finally, the merger
of Aptitude and Skills that made the fragments for ac-
tions JRA, VOC, ESL, and JSE were aksi invalidated.
However, the merger of College Degree and College
Hours, Previous Employment and Current Employ-
ment were considered valid for actions JSE and OJT
respectively. The first fragment for action RHB was
considered invalid due to the merger of Domestic Vio-
lence and Peer/Family Support.

6 Related Work

There has been extensive research done in aggregating
beliefs from different experts/sources of information to
form models. Maynard-Zhang and Lehmann [8] pro-
vide a representation based on the class of modular,
transitive relations for collective beliefs. They define
an operator that combines belief states of informant



Action sort-only merge+sort
Frag1 Frag2 Frag3 Frag1 Frag 2

COM 0.72 - - 0.72 -
ABE 0.63 - - 0.67 -

(INV)
COL 0.67 - - 0.67 -
CCO 0.67 - - 0.67 -
LIT 0.65 - - 0.73 -

(INV)
VOP 0.56 - - 0.6 0.58

(INV) (INV)
JRA 0.63 - - 0.65 0.64

(INV)
GJS 0.524 0.535 0.52 0.56 0.57

(INV) (INV)
JST 0.647 0.642 - 0.675 -
VOC 0.508 0.497 0.45 0.59 -

(INV)
ESL 0.571 - - 0.573 -

(INV)
RHB 0.54 0.53 - 0.66 0.62

(INV)
OJT 0.56 0.55 - 0.58 0.57
JSE 0.45 0.43 0.37 0.54 0.48

(INV) (INV)
HSC 0.623 - - 0.623 -

Table 4: Average coverage for different combined frag-
ments for each action.

sources preordered by credibility. In [5], the expert
opinions are aggregated using weighted aggregation
whereas [1] describes methods of scoring and aggregat-
ing expert opinions. Laskey and Mahoney [7] present
a knowledge representation framework that represents
knowledge as network fragments in the knowledge
base. Their framework provides for representation
of asymmetric independence and canonical intercausal
interaction (combination methods in nodes) that is
used for combining different network fragments to form
problem-specific models.

7 Conclusions

In this paper, we presented the bowtie model and a dis-
tinctive elicitation procedure to build stochastic mod-
els for planning in the welfare domain. Our results
shed some light both on the data elicited from the
experts as well as the fusion methods we developed.
In particular, we observe significant consistency in the
output of different methods for same action fragments.
Most of the input nodes are preserved from method to
method. This, in our view, is due to the consistency
with which experts responded to our model-building
efforts. We also note that the use of merging methods
has often led to reasonable fragments with improved
coverage. The remaining steps of our model-building
process will be: (i) elicitation/construction of CPTs
for success nodes, and (ii) combination of different ac-

tion fragments into a single network by merging and
combining their output nodes.
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