APPENDIX
A. Pseudo Code of WISE

Algorithm 1 Keyword Search on Workflow Hierarchies

keywordSearch(keyword[n], indexes)

1: fori=1tondo

2:  matches[i] = word2NID(keyword[i])

3: roots[r] = find MW Hs(matches) [40]

4: matchGroup[r] = grouping(matches,roots)

5: fori=1tordo

6:  result[i] = genMV (roots[i], matchgroupli], indexes)
grouping (matches[n][p], roots[r])

1: mergedList[m] = merge-sort matches[n][p] into a sorted list
2:4=45=1

3: matchgroupli] = ; foralll i r

4: whilei randj mdo
5:  ifancestor or self(roots[i], mergedList[j]) then
6: matchgroupli] = matchgroupli] [ mergedlist[j]
7:

8:

o+
else if matchgroup[i]! = ; then
9: i++
10:  else
11: j++

genMV (root, matchgroup[g], indexes)

1: en=root;ecm =1;mov = ;

2: FEdgeHash = a hash table initialized as empty

3: while cn 6=null and matchgroup[cm] 6=null do

4:  if cn = matchgroup[cm] then

5: if ancestor(cn, matchgroup[cm + 1]) then

6: {cn is a match node and has descendant matches}

7. cm + +

8: continue

9: else

10: {cn is a match node and has no descendant match}

11: outputnode(muv, cn, Edge Hash)

12: cn = en’s next node in NI D order, which is not a descen-

dant of cn

13:  elseif ancestor(cn, matchgroup[cm]) then

14: {cn is not a keyword match and has descendant matches }

15: cn = cn’s first child

16:  else

17: {cn is not a keyword match and has no descendant match}

18: outputnode(mv, cn, Edge Hash)

19: cn = cen’s next node in N 1D order, which is not a descendant
of cn

20: return mwv
outputnode(muv, cn, EdgeHash)
1: add cn into mv
2: for each edge entry eid(incoming/outgoing,d) 2 LAL(cn) do

3:  if there is an entry (eid, u) in the Edge Hash then
4: {u is the other endpoint of eid that has been output}
5: add an edge from u to cn (or from cn to %) into mwv with data
item d
6: else
7: insert an entry (eid, cn) into EdgeHash
B. Proof of Theorem 4.1

We adopt the Indexed Lookup Eager Algorithm [40] to compute
minimal workflow hierarchies. In the following, we prove that a
query result QR = (V; E) generated by Algorithm 1 is the min-
imal view of a minimal workflow hierarchy that contains all key-
word matches which do not have descendant matches.

First, we prove that QR is a view of H(R; Q), i.e., it satisfies
the three conditions of view in Section 2.

1. Yu € H, if u € QR, then none of U’s children is output in

QR according to Algorithm 1 (recall that after we output a
node cn, we move to the next node that is not a descendant-
or-self of cn). Therefore, QR satisfies condition 1 in Defini-
tion 3.2.

2. Yu, uis aleaf of H and u € QR, according to Algorithm 1,
during the depth-first traversal of H, u must have an ancestor
u® which is visited and output in QR (recall that we do not
output a node if and only if it is expanded, or an ancestor node
is output). In other word, u®is a node and has no descendant
matching keywords. Therefore, QR satisfies condition 2 in
Definition 3.2.

3. Yu;v € V, according to Algorithm 1, there is an edge from
u to v, (u;v;d), if and only if the ID of the edge (e.g., &) is
recorded in both LAL (u) and LAL (V). According to the de-
sign of leaf adjacency list, this happens if and only if there is
an edge (u% v% d) between a descendant u®of U and a descen-
dant v° of v labeled e;. Therefore, an edge (u;v; d) between
U and Vv is output in the view if and only if there exists an edge
(u%v%d) between u® and v°. Thus QR satisfies condition 3
in Definition 3.2.

Next we prove that QR contains all keyword matches in the min-
imal workflow hierarchy that have no descendant keyword match.
For any keyword match node m, each of m’s ancestors will be vis-
ited and expanded during the traversal of the minimal workflow hi-
erarchy, as it has a descendant match. Therefore, m will be visited
and output, as all children of an expanded node will be visited.

At last we prove that QR generated by Algorithm 1 is minimal,
i.e., it has the smallest number of nodes among all views of H
that contain all keyword matches. Suppose there is another view
of H, QR® = (V% E® which has a smaller number of nodes than
QR and contains all keywords. Since both views are from the same
workflow hierarchy, there must be at least one composite node u’in
H which is expanded in QR but not in QR% i.e., Ju € V and u® €
\% 0, such that U is a descendant of u°. According to Algorithm 1, u®
is expanded in QR only if it has descendant keyword matches. But
since u’is output but not expanded in QR®, none of its descendants
can be output, thus QR can not contain all the keyword matches
of H, which is a contradiction. Therefore, QR is the minimal view
of H, and is a qualified query result.

A minimal workflow hierarchy has exactly one minimal view for
a query. Thus Algorithm 1 finds exactly the set of query results.

C. Proof of Theorem 4.2

In Algorithm 1, finding the matches using the inverted index takes
O(M) time, where M is the number of keyword matches. Proce-
dure FindMW Hs adopts the Indexed Lookup Eager Algorithm,
which takes O(Mmin kdlogMmax ) time [40]. The grouping pro-
cedure traverses the roots of the minimal workflow hierarchies and
the keyword match list, whose complexity is bounded by O(M).

genMV scans each minimal workflow hierarchy, but only visits
the ancestor-or-self of the nodes in the minimal views. Since each
non-leaf node in the minimal workflow hierarchy has at least 2 chil-
dren, the total number of nodes visited is no more than 2N. For
each edge in the minimal view, genMV has two operations: insert
it into a hash table when the first endpoint is output, and retrieve it
from the hash table when the second endpoint is output. Thus each
edge takes O(1) time to process. Therefore, the time complexity
of genMV is O(N + E), which is the best possible complexity
as it is equal to the output size. The overall time complexity of the
algorithm is O (Mpin KdlogMmax +M + N + E).



D. Queries for Evaluation

Biology
QB GenBank
QB2 Get Sequence, Filter
QB3 Get Promoters, Align
QB4 Align, Blast, Get Promoters
QBs Filter, Synchronizer
QBs Record Updater, Filter
QB7 Blast, Get Sequence, Merge
QBs Array Merge, Align
QBg Record Updater, Record Disassembler
@QBi1o | Align, Filter, Synchronizer
Geography
QGH SVG Concatenate
QG2 ExtractURL, ExtractShpURL
QG3 ‘WebService, RecoradDisassembler
QG4 ClassifySample, extractAge
QGs ClassifySample, AssertPoint
QGs ClassifyBody, SVG To Polygon Converter
QG Composite Actor, SVG Concatenate
QGs Add Point To SVG, QueryBodyAge
QG Get 2D Point, Record Disassembler, Render Mapler
QG10 | Record Disassembler, SVG To Polygon Converter
Ecology
QF1 Add Grids
QE> GarpPrediction, GarpAlgorithm
QFs Future-Climate-Model, IJMacro
QFE,4 LocationFile, I - DataPoints
QEs Create ASC Maps , Garp Prediction
QFs Calculate Best Rulesets , CV Hull to RasterMask
QFE~ IJMacro, II - EnvLayerSet
QE3g Add Grids , GarpAlgorithm
QFy Future-Climate-Model,ConvexHull, GarpPrediction
QF10 | Create ASC Maps, Add Grids, I - DataPoints
E. Related Work

Keyword Search on Graphs/Trees. Keyword search on relational
data/graph models [20, 19, 30] and on XML data/tree models [11,
26, 28] has been well studied. However, as explained in Section 1,
these techniques are not applicable for searching scientific work-
flows for several reasons. First, a workflow hierarchy is a three
dimensional structure consisting of nested graphs, and thus is more
expressive than graphs/trees. Second, there are two types of edges
in a workflow hierarchy, dataflow edges and expansion edges, where
the latter carry different semantics as the edges in graphs/trees.
Third, while the keyword search results on graphs/trees are sub-
structures extracted from the original data, search results on work-
flow hierarchies often should contain synthesized dataflow edges
that are not explicitly present in the original data, in order to explic-
itly capture the dataflows among nodes matching keywords in the
view. Furthermore, query results of workflow hierarchies should
be self-contained with respect to its composite tasks and expan-
sion edges, which is a unique requirement compared with keyword
search on graphs/trees. We propose novel techniques and algo-
rithms in WISE to address the unique challenges of the problem
of keyword search on workflow hierarchies.
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Workflow Models. WOODSS [31] models scientific workflow de-
signs with multiple abstraction layers in order to facilitate work-
flow composition and reuse. [17] proposes a formal and general
model of data provenance for scientific workflows having multiple
abstraction layers. [13] provides a method for automatically con-
structing views from the bottom layer of a scientific workflow ac-
cording to user specified important tasks. All of them focus on how
to model and construct the hierarchial structures of workflows. On
the other hand, the focus of this paper is effectively retrieving in-
formation from hierarchical workflows and presenting it to the user
according to specified keywords. There is also research on how to
effectively execute a specific type of workflow in various circum-
stances [39, 24, 18, 23]. These are orthogonal problems of defin-
ing query results on workflow hierarchies, as individual execution
methods of a workflow hierarchy do not affect the specification of
views on the workflow hierarchy, hence do not affect the definition
of query results and the algorithms to generate query results.

Querying Workflows. Studies have been performed on query-
ing scientific workflows. One option is to map workflows into
relational/object-oriented databases, or XML, and express the search
using standard database query languages [16]. Recent efforts pro-
pose an integration of scientific workflows and relational databases
[32, 25, 35], which associate each task in a workflow with a rela-
tional table recording the input and output data. However, it can
be difficult for scientific users to search workflows using database
query languages since they need to learn the query languages, com-
plex data schemas as well as complicated mappings between schemas
and workflows. A recent work [12] proposes BPEL, a visualized
query language for business processes, whose interface is similar
to the one for workflow construction.

Kepler [2], Triana [7] and Taverna [6] allow users to search work-
flow tasks using keywords or regular expressions. Individual tasks
that match the input keywords/expressions will be returned, with-
out the dataflow information among the tasks. On the other hand,
myExperiment [4] returns the entire workflow hierarchies contain-
ing the keywords, delivers an overwhelming volume of informa-
tion.

WISE is the first keyword search engine on workflows hierar-
chies, which is desirable for users not familiar with database query
languages, such as scientific users. WISE returns minimal views
(concise) of workflow hierarchies that have unique goals/names
(self-contained) and preserves/synthesizes the dataflows among nodes
matching keywords (informative), so that users can easily under-
stand the relationships of the query keywords in the results. Fur-
thermore, the results generated by WISE satisfy desirable proper-
ties proposed in the literature, including soundness, monotonicity
and consistency.





