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Abstract

The process of selecting Web services from a large
number of potential services available on the Web is a
challenging task for users engaged in Web service
composition. This work is devoted to resolving this issue
by suggesting Web services to the user. Our suggestion
algorithm ranks all the available services for the user
based on the semantic annotations of a service's inputs,
outputs and functionality, as well as pre-conditions and
effects, if available. This paper presents multiple
algorithms for making suggestions during Web service
composition. These algorithms extend traditional Web
service discovery algorithms; in particular, they include
new techniques for ranking the effectiveness of data
mediation.

Keywords: Ranking-based suggestion, Path ranking,
Web service composition, Data mediation, Similarity
measures, SAWSDL/WSDL-S

1. Introduction

Web service composition techniques provide means
for combining Web services to form workflows or
processes to perform complex tasks. Many researchers [1,
2] have worked on aiding users in composing such
processes. Our previous work [3, 4] focused on making it
easier for less sophisticated users to compose a process
using existing Web services.

Given a design canvas containing a partially completed
workflow design, plugging in the next Web service and
connecting it to the existing services can become quite
difficult. Users need help not only in resolving the
heterogeneities of messages exchanged between Web
services, but also in selecting suitable services from
among the large number of available candidate services
on the Web.

In this paper, we present algorithms for suggesting the
most suitable services to aid users composing Web
services. Our basic algorithm makes the suggestion under
the assumption that there is one particular service that
needs to be plugged in. Upon a user's request, our
suggestion algorithm makes recommendations about
which services to insert into a partially completed
workflow design, between the relevant workflow prefix

and suffix. An extension to this algorithm allows a chain
of services to be plugged into the current process when
one service does not suffice. To support the suggestion
algorithms, a few supporting functions were also either
developed or upgraded, including those for data mediation
and ontological concept similarity.

Our suggestion algorithms calculate the ranking scores
based on data mediation, service functionality and formal
specification. Both functionality and data mediation
algorithms require a similarity measure algorithm to
compare ontological concepts specified using, for
example, the Web Ontology Language (OWL) and
annotated using the Semantic Annotations for WSDL
(SAWSDL) [5, 6] standard. This similarity measure
algorithm generates a score by semantically comparing
two ontological concepts. We chose to use the W3C
SAWSDL standard for semantic Web service, because it
provides a simple and effective way to add semantics to
existing Web Service Description Language (WSDL) files.

The rest of this paper is organized as follows. In
Section 2, the data mediation algorithm is discussed.
Section 3 presents the service suggestion algorithms.
Similarity measures, adopted from our prior work on
discovery, are briefly described in Section 4. Section 5
covers the related work on assisting user composing Web
services. The conclusions and future work are given in
Section 6.

2. Data mediation

As discussed by several researchers, many
compositions fail due to services having differing syntax
and data structures (or more generally data
heterogeneities) [7]. There have been some efforts [8] to
reduce these failures by utilizing data mediation. We
argue in this paper that data mediation should certainly be
taken into account in ranking candidate services.

We implemented a data mediation algorithm that is
called the path ranking-based bi-directional data
mediation algorithm. Bi-directional means that it
combines our previous work on bottom-up [3] and top-
down [7, 9] data mediation. Path ranking is included,
because we rank every path in the input/output messages
to find the best match between messages according to
their semantic annotations. Another feature of our data
mediation algorithm is that we consider the output



messages of not only the directly preceding service
operation, but also the indirectly preceding service
operations, as well as the global input.

2.1. Data path ranking

As an essential part of our data mediation algorithm,
the PATH-RANK function finds the best matching output
path for one path of the input message. We use a tree to
represent an input/output message of a Web service's
operation. For example, Figure 1 shows the tree
representing the output message of the getOrtholog
operation of the ortholog Web service. The root of the
tree is the <message> node in the SAWSDL file, which
is the node getOrthologResponse. The leaves of the tree,
outl and out2, are called bottom nodes. A data path is
defined as an array of nodes from any bottom node to the
root node. In Figure 1, there are two paths: {N4, N3 Ny,
N} and {Ns, N3 Nj Ni}.
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These mappings will then be used to facilitate adding the
new service to the process. For example, in a Business
Process Execution Language (BPEL) process, these
matched paths can be easily turned into XML Path
Language (XPath) expressions and used in the
<assign> elements of the BPEL process.

PATH-RANK ({P4, Py, ..., P}, Po)
/I Py is one path on the input message of the candidate
operation
I {P4, P,, ..., P,} is a set of existing paths that will be
compared to Py
foriin {1,2,...,n} do
Si = COMPARE-2-PATHS (P;, Po)
end
k =arg-max{Si, S, ..., Sn}
return < Sy, Py >
/I Sy is the matching score between Py and Pg, Pyis the
best matching path to Py

Figure 2. PATH-RANK function

COMPARE-2-PATHS (P;, Po)
/I P; and P, are the two paths to be compared

{AL Ay, ... Aj..., Ap} = semantic annotations of all
nodes of Py
{Wy, W,, ..., W} = weights of all nodes of P,

{A'1, A, ... A ..., A’} = semantic annotations of all
nodes of P;
L =min{m, z}
return ¥j_, CS(A/, A)) * W,
11 CS(A', A;) is the ontological concept similarity score
of A; and A'; (see section 4)
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Figure 1. A tree representing the
output message of a Web service

The pseudo-code for the PATH-RANK function is
shown in Figure 2. It is used to rank all the paths of all
outputs of all operations in current process to match a
path in the input message of the candidate operation. By
applying the PATH-RANK function to all the paths of the
input message, the mappings from the output messages to
the input message are established. Note, for a tree with n
nodes, the number of full paths is less than n. Input/output
message mappings between multiple Web services are
based on the semantic annotations in the SAWSDL files.

Figure 3. COMPARE-2-PATHS function

The PATH-RANK function works by iteratively
invoking the COMPARE-2-PATHS function. The
COMPARE-2-PATHS function calculates the matching
score between two given paths based on their semantic
annotations. For example, we can compare the input path
Po to output path P, (shown in Figure 4) using the
COMPARE-2-PATHS function. The function starts from
the bottom nodes of the two paths. It invokes the
ontological Concept Similarity (CS) algorithm (see
section 4) to calculate the similarity score of the two
ontological concepts annotating the messages in the
WSDL file. A weight is assigned to each node on the path
of the input message of the candidate operation. The
weights increase going down the tree, i.e., Wi,; =a * Wi,

™. W; = 1, mis the height of the tree, (e.g.,a=0.5,m=
2, then W; = 0.67, W, = 0.33), but can be trained by
machine learning algorithms. The overall matching score
for the two paths is then calculated as the weighted sum
of the concept similarity scores for each pair of nodes
along the two paths.




Figure 4 shows an example of how the path ranking
function finds the best matching path from an output
message for path P, of the input message. Thus, the input
message of a candidate service can be fed by the output
message of the best matching operation in the current
process. Suppose an operation’s output message has four
paths: P; = {N7, N3, N1}, P,={Ne, N3, N1}, Ps = {N5, N,
N} and P, = {N4 N, N;}, while the candidate
operation’s input message has two paths: Py - {No, Ng}
and the unlabeled path {No, Ng}. The highest score
between path Pqand every path of the output message is
selected to be the final score. Therefore, the best matching
path for path Py is path P, and the matching score is 1. The
matching score can vary from 0 to 1. Since it is the
matching score for one path, after calculating the scores
for all paths of the input, the weighted sum of them will
be the data mediation score of the candidate operation that
is one component of the ranking score for the candidate
operation (see Section 3 for details).
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SCORE (P, Pg) = CS (ID, Name) * W, + CS (Student, Teacher) * Wy
=0.1*0.67+0.2*0.33=0.133
SCORE (P3, Py) = CS (Name, Name) * W, + CS (Student, Teacher) * Ws
=1*0.67+0.2*0.33=0.703
SCORE (P;, Pg) = CS (Name, Name) * W, + CS (Teacher, Teacher) * Wg
=1*0.67+1*0.33=1
SCORE (P4, P) = CS (Email, Name) * Wy + CS (Teacher, Teacher) * W
=0.1*0.67 +1*0.33 =0.397
SCORE(P,) = MAX {SCORE (P4, Py), SCORE (P, P;), SCORE (P;, Po), SCORE
(P4, Po)} = SCORE (P2, Po) =1

Figure 4. An example of path ranking
2.2. Bi-directional approach

This paper presents a data mediation approach that
includes the features of our two previous data mediation
approaches, the top-down [7, 9] and bottom-up [3]
approaches. Thus, our approach is called a bi-directional
approach.

The top-down approach mainly utilizes the
liftingSchemaMapping and  loweringSchemaMapping
annotations on the root node to map two messages in a
top-down manner. The liftingSchemaMapping annotation
is used to map XML schema to ontology, while the
loweringSchemaMapping annotation is used to map
ontology to XML schema. Our bi-directional data
mediation approach can handle these annotations as well.
However, our approach does not force one to provide
these types of annotations on the root node. If any node in

a message has one of these types of annotations, our pre-
processing program will process the transformation
specification (e.g., EXtensible Stylesheet Language
Transformations (XSLT) file) indicated by the
annotations. The mappings to the ontological concepts
from the annotated node and all the nodes under the
annotated node are then returned. These concepts can then
be used in the path ranking function. Therefore, our
approach lowers the requirements for the semantic
annotations of Web services and increases the usability.

The bottom-up approach compares the
modelReference annotations of the bottom nodes and then
tracks the path in a bottom-up manner. Our approach
retrieves the paths too; moreover, our approach takes into
consideration the annotations of all the nodes on a path.
This will result in a more accurate matching, since the
nodes on the path will also help in resolving the
heterogeneities.

2.3. Consider indirect preceding operations

Another unique feature of our algorithm is that it
considers not only the directly preceding operations but
also the indirectly preceding operations of the newly
added operation. The pseudo-code for our DATA-
MEDIATION algorithm is given in Figure 5. It first
finds all the output messages of the preceding operations
as well as the global input message to the overall process.
Next, all the paths of these messages are compared with
every path of the input message of the new operation. It
invokes the PATH-RANK function iteratively to find the
best matches to the paths of the input message of the
candidate operation.

DATA-MEDIATION (CP, Iy)
/I CP is the current process
/'l is the input message of the operation to be added
/I PATHS (s) is a function to retrieve all paths of
messages inside set s
{04, Oy, ..., On}= OUTPUT-MESSAGES (CP)
lo= GLOBAL-INPUT-MESSAGE (CP)

{Pl, Pz, ee Pn} = PATHS ({lo} V] {Ol, 02, Cees Om})
{Pxy, PX,, ..., Px} = PATHS ({I,})
for Px; in {Pxq, PX,, ..., Px} do

<P/, S;> = PATH-RANK ({P;, P,, ..., P.}, Px)
end
return <{P{, P,, ... , P}, {S1, S, ..., S>
/I best matching paths to I, are {P,', P5, ..., P/} and

their related scores are {Sy, S,, ..., St}

Figure 5. DATA-MEDIATION algorithm

Figure 6 shows a current process consisting of two
Web service operations, which are connected as follows:
OP; — OP,. OP; is the candidate operation to be added.
OP3 may take inputs from OP;, OP, and the global inputs.




Our data mediation algorithm is able to handle this case
by considering outputs of all preceding operations and the
global inputs. Other data mediation solutions, such as our
previous top-down and bottom-up approaches are not able
to deal with this situation.
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Figure 6. OP3 takes inputs from not

only OP2 but also OP1 and global inputs.

3. Algorithms for suggesting services
3.1. Basic service suggestion algorithm

Our hasic service suggestion algorithm ranks available
Web services and suggests several top ranked services to
the users. The ranking score is calculated based on the
following three aspects: data mediation, service
functionality and formal specification (pre-condition and
effects). Users can ask the system to make suggestions as
to which services to connect after, before or in the middle
of the current process. They are referred to as forward,
backward and bi-directional suggestions.

3.1.1 Forward suggestions

As shown in Figure 7, the forward suggestion is to
recommend a Web service operation (OP,) to be placed
after the current process (CP). The forward suggestion
ranking score (S) is calculated using the formula below,
where Wy, Wy and W, are the weights for data
mediation, functionality and formal specifications,
respectively. Initially, Wyn = Ws, = Wy, = 1/3, but can be
trained by machine learning algorithms.

S = Wiym * Sgm + Wiy * S + Wpe * Spe
where Wy + Wi, + W =1

N CP A
Figure 7. Forward suggestion

The Sy, score is calculated based on the functionality
of the Web services. In particular, for each operation of a
Web service, its functionality is specified using an
ontological concept C;. This concept is found using the
modelReference provided with the <operation> tagin
the SAWSDL file. If the user provides a desired
functionality C4 for the operation to be added, it will be
compared to the functionality annotation C; for each
candidate operation. The comparison uses the algorithm
presented in Section 4 to calculate the functionality
ranking score, i.e., S; = CS (C; Cy). For example,
CS(MultipleSequenceAlignment, SequenceAligment)

would score highly. If the user does not provide a desired
functionality, the Sy, score will be set to zero.

The Syn score is calculated based on the data
mediation algorithm. A higher score means the input
message of the candidate operation receives better
matches. The pseudo-code for calculating the
FORWARD-DATA-MEDIATION-SCORE is shown in
Figure 8. It utilizes the DATA-MEDIATION algorithm
to retrieve the scores for all the paths of the input message
of the candidate operation. The weighted sum of the
scores for all paths will give the Sy, score. We set the
weight of each path to 1/(number of paths), which
indicates the percentage that each path contributes to the
whole message.

In comparing the similarity of the annotations of the
input and the output messages, the data mediation score is
analogous to a Web service discovery score [10] that is
used to rank services when discovering Web services.
However, a typical discovery algorithm [10] only
compares the annotations of the message node, e.g., N;
and Ng in Figure 4. Our data mediation algorithm
traverses through the whole tree of an input/output
message, which provides richer and more complete
information for the input/output. This results in a more
accurate matching score.

FORWARD-DATA-MEDIATION-SCORE (CP, 1)

/I CP is the current process

I 1, is the input message of the candidate operation to
be added after CP

t=|PATHS ({ Ik }) |

{S1, Sy, ..., S} = DATA-MEDIATION (CP, 1,)

Wi =1

return Sgn=Yi_; W, = S;

I1{S1, S, ..., S;} are scores for all paths of I,

/I W; is the weight of path i of I

Figure 8. FORWARD-DATA-
MEDIATION-SCORE algorithm

The S, score is calculated based on a formal
specification, which includes pre-conditions, effects,
initial state and goal state. These annotations require the
use of WSDL-S [6], which extends SAWSDL. In the
automatic Web service composition literature, logic-based
languages are used to specify pre-conditions and effects
as well as describe states of a process/workflow. This
allows planning algorithms to be utilized to build
complete process specifications. We are doing a similar
thing here, but only for a small portion of the overall
design. It is well-known that the complexity trade-off is a
challenge to deal with (i.e., low complexity logic leads to
efficient reasoning, but limited expressivity).

For the more difficult problem of automatic
composition, our prior work [11] extended the GraphPlan
[12] algorithm and utilized tri-state propositional logic
and description logic. In our current work which is less




dependent on using a planner, we intend to allow more
expressive pre-conditions and effects by using the Rule
Interchange Format (RIF) [13] and a rule engine such as
Prova [14] or OpenRules [15].

To calculate the score based on a formal specification,
a rule engine is used to do the logic reasoning. The formal
specification score Sy, has two parts, the condition score
S¢ and the state score Ss. Their weights are W, and W,
respectively. Initially, W, = W, = 1/2, but can be trained
by machine learning algorithms.

Spe= W * S+ W, * S

The condition score (S.) is decided by whether the
current state (st) entails * the pre-condition of the
candidate operation pre(OP,). The current state (st) is
maintained for the current process. A candidate operation
(OP,) will be connected to the last operation (OP) of the
current process.

S = {1 if st E pre(OPR,)

< o otherwise

After a candidate operation is connected to the process,

the current state (st) will change to a new state (st'). The

new state (st') is determined by applying the effects of the

candidate operation effect(OP,) to the current state (st).
apply (effect (OPy), st) — st'

The state score (S;) is decided by how well the
candidate operation (OP,) will help toward reaching the
goal state (stg). In our future work, we will be exploring
two ways to measure the distance from a given state to the
goal state. The first approach uses a planner to determine
the number of steps required to get to the goal state. The
second, which can be thought of as a heuristic, involves
computing a distance metric, i.e., S= Distance (st', stg).

3.1.2. Backward suggestion

A backward suggestion is used to recommend a service
operation (OP,) to be placed before the current process
(CP) as shown in Figure 9. The backward suggestion
ranking score (S) is similarly calculated based on three
parts as the forward suggestion. However, there are some
differences in calculating each part.

cP
Figure 9. Backward suggestion

The data mediation score for a backward suggestion
(Figure 10) is based on how well the input message (I) of
the first operation (OP;) of the current process (CP) is
matched by the output message of the candidate operation
(OP,).

! http://en.wikipedia.org/wiki/Math_symbol
entail, A E B means the sentence A entails the sentence B, that is
in every model in which Ais true, B is also true.

The functionality score (Sy,) is calculated in the same
way as for the forward suggestion.

BACKWARD-DATA-MEDIATION-SCORE(CP, OP,)
/I CP is the current process
/I OPy is the candidate operation that will be added
before the current process
I = INPUT-MESSAGE( FIRST-OPERATION(CP))
t=|PATHS ({ I })|
{S1,' S5, ..., S} = DATA-MEDIATION (OPy, I)
Wi =1i
return Sgn=Yf_; W; * S;
I1{S1, Sy, ..., St} are scores for all paths of |
/I W is the weight of path i of |

Figure 10. BACKWARD-DATA-
MEDIATION-SCORE algorithm

Compared to the forward suggestion score algorithm,
the formal specification score (Sg) still comes from two
parts, the condition score (S.) and the state score (Ss).
However, the difference for the condition score (S,) is that
it is decided by whether the new state (st') after the
execution of the candidate operation (OP,) entails the pre-
condition of the first operation (OP,) in the current
process. Instead of the current state, it applies the effects
of the candidate operation to a state (st) that is picked
among all possible states that can be applied to OP, and
as close as possible to the initial state (st;,). If st = st,,
then OPy s the first operation in the new process,

apply (effect (OPy), st) — st'

S = {1 if st' = pre(OP;)

[ .
0 otherwise
The difference for the state score (S;) is that it is the

distance between initial state (st;,) and the state st.
Ss= D (st;p, st)

3.1.3. Bi-directional suggestion

Figure 11 shows that the bi-directional suggestion is
to recommend a service (OP,) to place between two
operations (OP;, OP,) in the current process or more
generally a workflow prefix and suffix. Its suggestion
score calculation also includes three parts: the data

mediation  (Sqm), functionality (Sp) and  formal

specification (Sp) scores.

‘ \ OP, ‘ ------ | oP, ‘ CcP ‘ OP: ‘ ‘ oP, |
|,(«='(;,;.x !

Figure 11. Bi-directional suggestion

As shown in Figure 12, the data mediation score
algorithm for the bi-directional suggestions invokes both
the forward and the backward data mediation score




algorithms. The final score is the average of the two
scores.

The functionality score (Ss,) is computed the same way
as the other two types of suggestions.

BIDIRECTION-DATA-MEDIATION-SCORE (CP, OP,,

OP,, OPR,)

/[ CP is the current process

/I OPy s the candidate operation to be added between OP;
and OP, in CP

CP, = the sub-process including OP; and all operations
before OP;

CP, = the sub-process including OP, and all operations
after OP,

Iy = INPUT-MESSAGE(OP,)

return Sy, = (FORWARD-DATA-MEDIATION-SCORE

(CPy, 1) + BACKWARD-DATA-MEDIATION-SCORE

(CP,, OP,)) /2

Figure 12. BIDIRECTION-DATA-
MEDIATION-SCORE algorithm

The formal specification score (S,e) is derived from
only one part, the condition score (S¢). Figure 13 shows a
simplified view of a BPEL process. Focusing on the state
variables, which are typically assigned from receive and
invoke messages, the pre-conditions of OP, will be
satisfied if state st; entail pre (OPy). Similarly, the pre-
conditions of OP, will be satisfied if the application of the
effect (OP,) to state st; entails pre (OP,).

S = {1 if st; = pre(OP,)and st, & pre (OP,)

¢ 0 otherwise

» 0P, | » 0P, N
1

Receive Invoke « Invoke <« Reply
A

4 < 4
State sty sty sty st;

4
< Invoke < sty |= pre (OP,)
St, = apply (effect (OP,), st;)
St, |= pre (OP;)

Figure 13. States in a BPEL process
4. Similarity measures

Concept Similarity (CS) [16, 17] computes the overall
similarity between two concepts by comparing the
concepts as well as their properties. To measure the
similarity between two concepts, Co playing an output
role and C, playing an input role, from the same ontology
the weighted sum of Concepty, Propertys, and
Syntacticg;, is used.

s = W, x Syntacticg,, + W, * Conceptg,, + W3 x Propertyg,
Wy + W, + W;

Syntacticg;,, computes the syntactic similarity between
the names and descriptions of the two concepts. If no
description is attached with both the services, only name
comparison is used to compute SyntactiCgjn,.

Syntacticgy,
I{ wy * NameMatch(C;, Cy) + ws * DescrMatch(C;, Cp)

Wy + Wg
= 4 Descr[C;],Descr[Cy] #+ @
lNameMatch(C,, Co) otherwise

Here, NameMatch and DescrMatch compute the
similarity between the names and descriptions
respectively, using a string matching algorithm such as
NGram and suffix tree.

Conceptsi, computes the similarity based on the
relative position of the two concepts, A, and Ag in the
ontology. As shown in Figure 14, Case | of a perfect
match would occur if A, and Ao are annotated with
same/equivalent concepts. Since, we are matching input
to output; for any input concept its sub-concept is a better
match than its super-concept. If Ao is a sub-concept of A,
(Case IlI), Concepts, decreases exponentially with the
level of specialization at a decay rate of 1;. When Ag is a
super-concept of A, (Case Ill), Concepts, decreases
exponentially with the level of generalization, but at a
faster rate of 1,. Case IV, when they share a common
ancestor experiences the fastest decay in the Concept
similarity measure. Figure 14 depicts the various
possible relative levels of concepts in an ontology and the
associated decay rates. Here the decay rates are in
increasing order 1; < 1, < A3 and C1 = ancestor,(C2) iff
concept C1 is the ancestor x levels above concept C2 in
the ontology.

Concept,ﬂ‘

o=

¥yl
LI

Figure 14: The relative positions of
annotated concepts and their decay

graphs.
( L G = CO
e, C; = ancestor, (Co)
Conceptgy, = le_lzx' Co = ancestor, (C;)
e~ax, 5 C,| C, = ancestory, (Co)
C. = ancestory, (C))
k X = x1+ X

Given that concept C, has properties P, and concept Co
has properties Po, Propertyg, calculates an overall
similarity measure between P, and Po. The properties can
be matched as one-to-one mappings, using the Hungarian
algorithm [16]. Here, the property similarity Propertysim,
will find a maximal mapping between property sets P, and



Po (see [16]). Also Propertysin, will be penalized with a
penalty for every unmatched property.

Another approach that can be adopted is allowing a
one-to-many mapping from Po to P, to find an optimal
match between the corresponding properties. Iteratively
every property p, in P, will be matched to every property
Po in Po to get an optimal Property ,q..» (p;) for all p, €
P\. This approach is required when one po is allowed to
match to more than one p,, which can be the case for Web
services.

In both scenarios, to compute similarity between
individual properties p, € P, and po € Po Propertysim uses
Propertymach. Propertymach  €xtended from property
similarity propSim as described in [16], compares the two
properties using their syntactic names and descriptions,
ranges, and cardinalities.

Propertymatch
= 3\/(Rangesim * Cardinality,,, * Syntacticgy,)

Propertym.ch Calculates the property similarity based
on the components described next: Ranges, depends on
the data type compatibility when both ranges have
primitive types, on Conceptsi,, when both are concepts,
and is set to zero when one is a concept and the other is a
primitive type. Cardinalitygy favors the case where the
number of values required by the input is the same as or
lesser than that provided by the output. As Propertymaich IS
a geometric mean of the components, exceptionally low
value of any one component lowers the overall
Propertymach by a large amount.

5. Related work

Much research has been done on Web service
composition, including enhanced tool support as well as
automation of process composition. Most of the work
done [18-22] in Web service composition does not focus
on the semantic heterogeneity. Data mediation techniques
can be used to resolve such issues. Some researchers [23]
investigated data mediation as a ontology mapping
problem. For every Web service, they create a service
ontology using OWL-S and then achieve data mediation
by mapping from one such service ontology to another
(WSDL; — serviceOntology; — domainOntology —
serviceOntology, — WSDL,). Our data mediation
approach, however, utilizes SAWSDL to establish a
mapping from WSDL/XSD elements to concepts in
domain ontology (WSDL;—domainOntology—WSDL,).

Many studies [10, 24, 25] focus on the Web service
discovery and ranking utilizing Semantic Web
technologies. However, their service ranking does not aim
to help service composition and when matching the
input/output of a service, they only consider the message
level of the input/output. Our approach goes through the
whole XML schema of the message to match the
input/output, which will result in a more accurate match.

The survey by Schaffner and Meyer [26] points out the
importance of mixed initiative  semi-automatic
composition techniques and reviews the work of [27-29]
on an OWL-S composer, CAT, PASSAT, respectively.
They state that combining human expertise with machine
assistance currently provides a more practical approach
than fully automatic Web service composition. Kim et al.
[28] developed a novel tool for finding errors/
deficiencies in workflow designs and providing written
suggestions for how to fix the problems. The OWL-S
composer [27] uses backward chaining along with
filtering to help the user select the next service/operation
to add to their composition. Although PASSAT [29] is
from another domain, the planning domain, it is relevant
since it promotes interactive planning. A recent paper [30]
uses Case-Based Reasoning (CBR) to make suggestions.

Of the research efforts discussed above, our work is
more similar to CAT. While CAT focuses on finding
deficiencies, our work is more integrated with the overall
design process allowing users at any time to request
suggestions from our design tool. Moreover, our
algorithms consider data mediation issues in detail.

6. Conclusions and future work

As pointed out by several researchers, there is a
growing need for practical and effective techniques for
semi-automatic Web service composition. A critical need
is to develop an approach for making suggestions to aid
users composing services. In order to provide this
capability, we have developed ranking schemes and
suggestion algorithms that will enable a user at various
times during the design process to request
recommendations from our assistive tool, thereby
allowing them to design workflows more quickly and
more reliably.

Our algorithms can make forward, backward and bi-
directional suggestions. The ranking score for suggestions
comes from data mediation, functionality and formal
specification. To support this, we developed a new data
mediation algorithm that extends our previous work on
top-down and bottom-up data mediation. Our data
mediation algorithm ranks all of the paths within the
input/output messages based on their semantic
annotations given in SAWSDL. It has many useful
features: It lowers the semantic annotation requirements
in that it can function without pre-conditions and effects,
without lifting- and lowering-SchemaMappings and even
with missing modelReferences. It further considers the
global inputs and the outputs from all preceding
operations, which allows it to handle more general cases.

Future work includes finishing the formal specification
part of our prototype system, developing a cascaded
service suggestion algorithm for use when a single
suggestion does not suffice, and conducting an evaluation
that compares our various algorithms with each other,



exploring the tradeoff that better suggestions require
greater effort in semantic annotation. Finally, we plan to
implement some of these algorithms in our parent project,
the  Galaxy  (http:/galaxy.psu.edu/)  bioinformatics
integration and workflow system.
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