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Abstract It is known that annotating entities in un-
structured and semi-structured datasets by their con-
cepts improves the effectiveness of answering queries
over these datasets. Ideally, one would like to annotate
entities of all relevant concepts in a dataset. However,
it takes substantial time and computational resources
to annotate concepts in large datasets, and an organi-
zation may have sufficient resources to annotate only a
subset of relevant concepts. Clearly, it would like to an-
notate a subset of concepts that provides the most effec-
tive answers to queries over the dataset. We propose a
formal framework that quantifies the amount by which
annotating entities of concepts from a taxonomy in a
dataset improves the effectiveness of answering queries
over the dataset. Because the problem is NP-hard, we
propose efficient approximation and pseudo-polynomial
time algorithms for several cases of the problem. Our
extensive empirical studies validate our framework and
show accuracy and efficiency of our algorithms.
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<article>
Granular conjunctivitis causes pain in the outer
surface or cornea.
</article>
<article>
Stye may lead to pain on the eyelids.
</article>
<article>
GAS caused infections cause pain in tissues.
</article>

Fig. 1 Medical article excerpts

1 Introduction

Taxonomies provide shared understandings of concepts
in domains of interests [1]. In particular, they facilitate
query answering over unstructured and semi-structured
datasets in these domains. For example, assume that
a user likes to find information about types of pains
caused by Trachoma over excerpts of the medical arti-
cles in Figure 1. In the absence of any structured data,
she may explore this dataset using inherently ambigu-
ous keyword queries and submit query Qi:Trachoma
pain. Unfortunately, the article about Trachoma in Fig-
ure 1 refers to this infection by its other name, Granu-
lar conjunctivitis. Because all articles contain the term
pain, the query interface may return all articles, two of
which do not have any information about Trachoma.
Given a taxonomy, we can annotate entities in an
unstructured dataset by their concepts in the taxon-
omy. Users may also learn the taxonomy and use its
concepts in their queries. Figure 2 depicts fragments
of the Medical Subject Heading (MeSH) taxonomy, in
which nodes denote concepts and edges show subclass
relationships [39]. Figure 3 shows the medical article
excerpts in Figure 1 whose entities are annotated by
their concepts from MeSH taxonomy. Now, our user
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Infections <article>
<Eye-Infections>Granular conjunctivitis</Eye-
Eye-Tnfections Skin-Infections Bone-Infections Infections™> causes pain in the outer surface or
cornea. ...
Bacterial Erusipel </article>
. L. TYsipelas .
Congunctivitis Hordeolum Periostitise <article> . )
Spondylitis$ <Eye-Infections>Stye < /Eye-Infections> may
Neonatorum Trachoma lead to pain on the eyelids. ...

Fig. 2 Fragments of MeSH taxonomy

<article>

<Trachoma>>Granular conjunctivitis</Trachoma>
causes pain in the outer surface or cornea. ...
</article>

<article>

<Hordeolum>Stye< /Hordeolum>> may lead to pain
pain on the eyelids. ...

</article>

<article>

<Ecthyma>>GAS caused infections</Ecthyma>
cause pain in tissues.

</article>

Fig. 3 Annotated medical article excerpts

may mention the concept Trachoma in her query and
query interface will return only the articles that contain
entities from this concept.

Organizations often use available taxonomies to an-
notate their datasets so that more users can effectively
search and explore their data. For example, the U.S.
National Library of Medicine annotates the articles in
MEDLINE/PubMED using concepts in MeSH taxon-
omy [34, 39]. Researchers have used the ProBase taxon-
omy to extract concepts from Web data [27]. The NIH
funded Gene Ontology Consortium (geneontology.org)
encourages researchers to annotate their datasets using
a standard taxonomy so their datasets become more
accessible to other researchers. We have been recently
asked by some botanists to annotate a collection on
plant biology by the concepts in Plant Ontology (plan-
tontology.org). Organizations also use taxonomies to ex-
tract entities in general domains. For example, research-
ers have used ProBase taxonomy to extract concepts in
general domains from Web data [27, 55]. Also, Google
and Bing ask organizations to annotate their Web doc-
uments by concepts in Schema.org taxonomy, which is
developed for datasets in general domains.

Ideally, one would like to annotate all relevant con-
cepts in a given taxonomy from a data set to answer
all queries effectively. However, an organization has to
spend significant amounts of time, financial and com-
putational resources, and manual labor to accurately
extract entities of a concept in a large data set [3, 11,
24, 28, 30, 31, 48, 50]. The organization usually has to
develop or obtain a complex program called a concept
annotator to annotate instances of a concept from a

</article>
<article>

<Skin-Infections>GAS caused infections< /Skin-
Infections™> cause pain in tissues. ...
</article>

Fig. 4 Medical article excerpts annotated with more general
concepts

collection of documents [37]. It is not uncommon for an
annotator to have thousands of manually written pro-
gramming rules, which takes a great deal of resources
to write and debug [37]. One may also use machine
learning algorithms to develop an extractor for a con-
cept to avoid hand-tuned programming rules. In this
approach, developers have to find a set of relevant fea-
tures for the learning algorithm. As the specifications of
relevant features mot usually clear, developers have to
find the relevant features through trial and error over
numerous iterations, which takes a great deal of time
and effort [2, 3]. Moreover, developers have to also cre-
ate training data, which require additional time and
manual labor. It is more resource-intensive to develop
annotators for concepts in specific domains, such as bi-
ology, as it requires expensive communication between
domain experts and developers. Current studies indi-
cate that these communications are not often successful
and developers themselves have to go through the data
to find the relevant features in these domains [3]. As
most concept annotators perform complex text analy-
sis, it may take them days to process a large dataset
and produce an annotated collection [28, 31, 48]. Since
concept annotators may not be sometimes sufficiently
accurate, domain experts have to review and revise the
results of the annotations [34]. It is estimated that an-
notating each article in MEDLINE /PubMED collection
using concepts in MeSH taxonomy costs about $9.4 [34].

Because the structure and content of underlying data-
sets evolve over time, annotators should be regularly
rewritten and repaired. Many annotators need to be
rewritten in average almost every two months [24]. Re-
cent studies show that many concept annotators need
to be rewritten in average about every two months [24].
Thus, enterprises often have to repeat the resource-
intensive steps of developing a concept annotator to
maintain an up-to-date annotated data set.

Because the financial or computational resources of
an organization are limited, it may not be able to afford
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to develop and maintain annotators for all concepts in
a taxonomy. Also, many users may need an annotated
data set quickly and cannot wait days for an (updated)
annotated collection [48]. For example, a reporter who
pursues some breaking news and an epidemiologist that
follows the pattern of a new potential pandemic on the
Web and social media need relevant answers to their
queries fast. They may not want to wait for organiza-
tions to (re-)write and (re-)deploy the annotators for all
concepts in their domains of interests. Hence, an orga-
nization may be able to afford to annotate only a subset
of concepts in a taxonomy. Similarly, many users may
not have the time to learn all concepts in a large taxon-
omy and may prefer to learn and use a relatively small
subset of the taxonomy in their queries. For example, an
enterprise may annotate entities in Figure 1 with only
concepts Eye-Infection and Skin-Infection from MeSH
taxonomy and get the collection in Figure 4.

Intuitively, a query interface may provide less ef-
fective answers to queries over the dataset in Figure 4
than the one in Figure 3. Assume that a user wants to
find information about the type of pain associated with
Trachoma. She may mention the concept Eye-Infection
in her query. The query interface may return the ar-
ticles about Trachoma and the one about Hordeolum.
Nevertheless, the annotation in Figure 4 still helps the
query interface not to return the non-relevant article
about the skin infection. Clearly, we would like to se-
lect a subset of concepts whose required time and/or
resources for annotation do not exceed our budget and
most improves the effectiveness of answering queries.

Currently, concept annotation experts use their in-

tuitions to discover cost-effective conceptual designs from

taxonomies. Because most taxonomies contain hundreds
of concepts [49], this approach does not scale for real-
world applications. We call this problem CosT-EFFEC-
TIVE CONCEPTUAL DESIGN (CECD) and make the fol-
lowing contributions.

— We develop a framework that quantifies the amount
of improvement in the effectiveness of answering que-
ries by annotating the dataset by a subset of con-
cepts from a taxonomy in Section 2. We also for-
mally define the CECD problem over tree-shaped
taxonomies in Section 2.

— As the CECD problem is NP-hard, we propose an
efficient approximation algorithm for it in Section 3.
We also propose an exact algorithm for the problem
with pseudo-polynomial running time in Section 4.

— Annotating the ancestor(s) of a concept in a tree
taxonomy may reduce the cost of extracting that
concept. We propose an exact pseudo-polynomial
time algorithm for CECD for this case in Section 5.

Table 1 Summary of notions and symbols.

Notions/Symbols Definitions

root concept (of a taxonomy)

finite set of concepts

set of subclass relations of concepts in C:
(C,D) € Riff D is a subclass of C
taxonomy X = (R,C,R)

query workload

query with concept C and set of terms T
budget

non-empty subset of C \ {R}

1 (C,T)

TOLX A

design S over X

part(C) partition of concept C (refer to Definition 1)
part(S) set of part(C) for all C € S
free(S) subset of leaf concepts in X’ that do not
belong in any partition in part(S)
d(C) frequency of C: a fraction of documents in
a dataset that contain entities of concept C
u(C) popularity of C: a fraction of queries
whose concepts is C
w(C) cost of annotation of C: w : C — RT
QU(S) queriability of design S (refer to Definition 2)

— We investigate the problem of CECD for queries
that refer to multiple concepts over an unorganized
set of concepts and show that it has an efficient ap-
proximation algorithm in Section 6. We extend this
algorithm to solve CECD for queries with multiple
concepts over tree taxonomies.

— We explore CECD over taxonomies that are di-
rected acyclic graphs and prove that given generally
accepted hypotheses, the problem does not have any
approximation algorithm with reasonably small ap-
proximation ratio. We show that these results hold
even for some restricted cases of the problem, such
as the case where all concepts are equally costly.

— We evaluate the accuracy of our framework and ef-
fectiveness of efficiency of our algorithms using a
large real-world dataset, real-world taxonomies, and
samples of a real-world query workload in Section 8.

2 Cost-Effective Conceptual Design

In this section, we formally define the problem of cost-
effective conceptual design over taxonomies. Table 1
contains a summary of notions and symbols that are
defined in this section and used throughout the paper.

2.1 Basic Definitions

Similar to previous works, we do not rigorously define
the notion of named entity [1]. We define a named entity
(entity for short) as a unique name in some (possibly
infinite) domain. A concept is a set of entities , i.e.,
its instances. We identify each concept with a unique
name. Some examples of concepts are person and coun-
try. An entity of concept person is Albert Einstein and
an entity of concept country is Jordan. Concept C is a
subclass of concept D if and only if we have C' C D.
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In this case, we call D a superclass of C. For example,
person is a superclass of scientist. If an entity belongs
to a concept C, it will belong to all its superclass’s.

A taxonomy organizes concepts in a domain of inter-
est [1]. We first investigate the properties of tree-shaped
taxonomies and later in Section 7, we will explore the
taxonomies that are directed acyclic graphs. Formally,
we define tazonomy X = (R,C,R) as a rooted tree,
with a root concept R, a vertex set C and an edge set
R. C is a finite set of concepts. For C, D € C, we have
(C,D) € R if and only if D is a subclass of C. Every
concept in C that is not a superclass of any other con-
cept in C is a leaf concept. The leaf concepts are leaf
nodes in taxonomy X. For instance, concepts Trachoma
and Hordeolum are leaf concepts in Figure 2. Let ch(C)
denote the children of concept C. For the sake of sim-
plicity, we assume that Upc.n(cyD = C for all concepts
C in a taxonomy.

Each dataset is a set of documents. Dataset DS is in
the domain of taxonomy & if and only if some entities
of concepts in X appear in some documents in D.S.
For instance, the set of documents in Figure 1 is in the
domain of the taxonomy shown in Figure 2. An entity
in X may appear in several documents in a dataset.
For brevity, we refer to the occurrences of entities of a
concept in a dataset as the occurrences of the concept
in the dataset.

A query g over DS is a pair (C,T'), where C' € C and
T is a set of terms. Some example queries are (person,
{Michael Jordan}) or (location, {Jordan}). This type of
queries has been widely used to search and explore an-
notated datasets [8, 13, 41]. Empirical studies on real
world query logs indicate that the majority of entity
centric queries refer to a single entity [44]. We first con-
sider queries that refer to a single entity and extend
our model to support queries with multiple concepts in
Section 6.

2.2 Conceptual Design

A conceptual design S over taxonomy X = (R,C,R)
is a non-empty subset of C \ {R}. For brevity, we re-
fer to conceptual design as design. A design divides the
set of leaf nodes in C into some partitions. As shown
in Section 1, annotating a concept may help answer-
ing queries whose entities belong to the descendants of
that concept. Consider again the fragment of MeSH
taxonomy shown in Figure 2. Assume a user wants to
find information about the types of pain associated with
Trachoma over a dataset and submits query (Trachoma,
{pain}) to the query interface. Suppose we have anno-
tated the dataset with the concept in the design {Eye-
Infections}. Because the articles about Trachoma are

within the ones annotated by Eye-Infections, the query
interface may return only articles annotated with Eye-
Infections to the user. This annotation helps the query
interface not to return the non-relevant articles about
skin or bone infections. We say that Trachoma is in the
partition of Eye-Infections. Now, suppose we annotate
the dataset with the concepts in the design {Bacterial
Conjunctivitis, Eye-Infections}. The articles annotated
by Eye-Infections and not annotated by Bacterial Con-
junctivitis do not contain any information about the
concept Trachoma. Hence, the query interface may re-
turn only articles annotated with Bacterial Conjunc-
tivitis in the response of the query (Trachoma, {pain}).
Due to the annotation of Bacterial Conjunctivitis, an-
notating FEye-Infections does not help answering que-
ries with concept Trachoma. Thus, Trachoma is in the
partition of Bacterial Conjunctivitis for this design. We
formally define the partition of a concept in a design as
follows.

Definition 1 Let S be a design over taxonomy X =
(R,C,R), and let C € S. The partition of C, denoted
as part(C), is a maximal subset of leaf nodes in C such
that, for all D € part(C), we have either D = C or C
is the lowest ancestor of D in S.

We denote a set of all partitions induced by all concepts
in a design S as part(S).

Example 1 Consider the taxonomy described in Fig-
ure 5. Let the design S; be { Eye-Infections, Skin-Infec-
tions}. The lowest ancestor in S; of Neonatorum, Tra-
choma and Hordeolum is Eye-Infections, and the lowest
ancestor in Sy of Ecthyma and Erysipelas is Skin-In-
fections. Hence, we have that part(Eye-Infections) =
{Neonatorum, Trachoma, Hordeolum} and part(Skin-
Infection) = {Ecthyma, Erysipelas}.

Example 2 Consider the taxonomy described in Fig-
ure 6. Let the design Sy be {Eye-Infections, Bacterial
Conjunctivitis}. The lowest ancestor in Sy of Neonato-
rum and Trachoma is Bacterial Conjunctivitis, and the
lowest ancestor in Sy of Hordeolum is Eye-Infections.
Hence, we have that part(Bacterial Conjunctivitis) =
{Neonatorum, Trachoma} and part(Eye-Infections) =
{Hordelum}.

For each design S, the set of leaf concepts that do
not belong to any partition are called free concepts and
denoted as free(S). These concepts neither belong to
S nor are descendant of any concept in S.

Ezample 8 Consider the design S; = {Eye-Infections,
Skin-Infections} over the taxonomy described in Fig-
ure 5. The free concepts of Sy, free(Sy), are {Perio-
stitis, Spondylitis} as they do not belong to any parti-
tion of Sj.
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Bone-Infections

Fcthyma e Erysipelas b

{Pe sostitis

Bacterial
Conjunctim’t

Hordeolum

eonaforum
Trachoma

Fig. 5 The concepts in red, Eye-Infections and Skin-Infec-
tions, denote the design. The blue curves denote the par-
titions created after annotating the design, and the dashed
curved shows the free concepts of the selected design.

Infections

Eye-Infections Skin-Infections@_ Bone-Infections

| Erysipelas
YEcthyma
Perjostitis

Bacterial

Conjunctivitis Hordeolum

eona§orum
Trachoma

Fig. 6 The concepts in red, Eye-Infections and Bacterial
Conjunctivitis, denote the design. The blue curves denote the
partitions created after annotating the design, and the dashed
curved shows the free concepts of the selected design.

Ezample 4 Consider the design Sy = {Eye-Infections,
Infections} over the taxonomy described in Figure 6.
The free concepts of Ss, free(Ss), are {Spondylitis,
Periostitis, Ecthyma, Erysipelas}.

Let DS be a dataset in the domain of taxonomy X
= (R,C,R) and S be a design over X. S is the design
of dataset DS if and only if for each concept C € S, all
occurrences of concepts in the partition of C' are anno-
tated by C. In this case, we say DS is an instance of S.
For example, consider the design 7 = { Fye-Infections,
Skin-Infections} over the taxonomy in Figure 2. The
dataset in Figure 4 is an instance of 7 as all instances
of concepts Trachoma and Hordeolum that belong to
the partition of Eye-Infections, are annotated by Eye-
Infections and all instances of concepts FEcthyma and
Erysipelas that are in the partition of Skin-Infections,
are annotated by Skin-Infections in the dataset.

Intuitively, different designs may improve the ef-
fectiveness of answering queries differently. Consider a
dataset in the domain of the taxonomy in Figure 5 in
which almost all queries seek information about skin
infections. If the query interface uses the design {Eye-
Infections, Skin-Infections}, it can process queries that
are about skin infection only over the documents that
contain information about skin infections. But, if the
query interface uses the design { Eye-Infections, Bacte-
rial Conjunctivitis}, it has to process queries about skin
infections over all documents in the dataset; many of
which do not contain any information about skin infec-

Spondylitis

tions. Hence, the query interface may return more non-
relevant answers for most queries than the case where
it uses {Eye-Infections, Skin-Infections}. Moreover, as
explained in Section 1, a design with more specific con-
cepts, e.g., leafs in the taxonomy, helps the query inter-

Spondylitiface to pinpoint the relevant documents more effectively

than the designs with more general concepts. Because
annotating documents and instances of different con-
cepts may take different amounts of time and/or finan-
cial and computational resources, each design may have
a distinct cost. Hence, finding the most effective design
becomes an optimization problem that seeks the design
that improves the effectiveness of answering queries the
most and satisfies certain cost constraints. To formalize
this problem, we first precisely quantify the amount by
which. a design improves the effectiveness of answering
queries in Section 2.3. Then, in Section 2.4, we present
a cost model for building and maintain annotations for
a design and formally state the problem of finding the
most effective design.

2.3 Design Queriability

Let Q be a set of queries over dataset DS. Given design
S over taxonomy X = (R,C,R), we would like to mea-
sure the degree by which S improves the effectiveness
of answering queries in Q over DS. The value of this
function should be larger for the designs that help the
query interface to answer a larger number of queries
in Q more effectively. Let the query interface return k
candidate answers for query @ in Q over the unanno-
tated dataset. The effectiveness of the returned list of
answers is usually measured using standard metrics of
precision and recall [35]. The precision of the returned
list of answers is the fraction of relevant answers for
Q@ in the returned list. The recall of a returned list of
answers is the ratio of the returned relevant answers to
the number of total relevant answers for () in the data-
set. It has been shown that most information needs over
annotated data sources are precision-oriented [13, 16].
Hence, we measure the effectiveness of the returned an-
swers using precision-oriented metrics. More precisely,
we use the standard metric of precision at k (pQk for
short), which is the precision of the top-k answers, to
measure the ranking quality of the query result [35]. If
a design helps the query interface to replace some non-
relevant answers with relevant ones in the returned list
for query @, it improves the precision of @ in the top
k returned answers. Hence, we estimate the amount by
which a design increases the fraction of relevant answers
in the top k returned answers for Q.

Let Q : (C,T) be a query in Q such that C be-
longs to the partition of P € §. The query interface
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may consider only the documents that contain infor-
mation about entities annotated by P to answer (). For
instance, consider query Q1 = (Trachoma, {pain}) over
the dataset in Figure 4 whose design is { Eye-Infections,
Skin-Infections}. The query interface may examine only
the entities annotated by Eye-Infections in this dataset
to answer 1. Thus, the query interface will avoid non-
relevant results that otherwise may have been placed
in the top k answers for ). The query interface may
further rank these answers according to a ranking func-
tion, such as the traditional TF-IDF scoring methods
[35]. Our model is orthogonal to the ranking scheme of
the candidate answers.

Nevertheless, only a fraction of documents with enti-
ties annotated by concept P contain information about
entities in C. For instance, to answer query (Trachoma,
{pain}) over the dataset in Figure 4, the query interface
has to examine all documents that contain instances of
concept Eye-Infections. Some documents in this set do
not have any entity of concept Trachoma. We like to
estimate the fraction of the results for @ : (C,T) that
contains entities of concept C. Given all other condi-
tions are the same, the larger this fraction is, the more
likely it is that the query interface delivers more rele-
vant answers in the top k results for Q.

Let d(C) denote the fraction of documents that con-
tain entities of concept C in dataset D.S. More precisely,
d(C) is the number of documents that contain entities
of C'in DS divided by the total number of documents
in DS. We call d(C) the frequency of C over DS. Let
d(P) be the total frequency of concepts in the partition
of P, i.e., d(P) =} cepars(p) A(C). The fraction of the
documents that contain information about entities in C
amongst those that contain information of concept P
%. For example, assume that the mentions to en-
tities of concept Trachoma appear more frequently in
dataset DS than the ones of concept Hordeolum. Also,
assume that we annotate only Eye-Infections in D.S.
Given query (Hordeolum, {pain}), it is more likely for
articles about Trachoma to appear in the top k answers
than the ones about Hordeolum. That is, for each con-
cept C € part(P), the contribution of C' in improv-
ing the precision of answering queries with concepts
C is %. Hence, the total contribution of partition
P in improx;i(lé% the precision of answering queries is

ECEpart(P) d(P)-

We call the fraction of queries in Q whose concept is
C the popularity of C'in Q. Let ug be the function that
maps concept C to its popularity in Q. When Q is clear
from the context, we simply use u instead of ug. As-
sume that design S&; and S, equally improve the values
of precision for queries of all concepts except for Cy, Cy
€ C. Also, let the precision of C; be improved more by

S1 than by Ss. Similarly, assume that the precision of
(Y is increased more by Sy than by S;. Given all other
conditions are the same, if we have u(Cy) > u(Cs), we
have that S; improves the total precision of queries in
Q more than S;. Hence, we should take into account
the popularities of concepts to compute the amount of
improvement achieved by a design over Q. Therefore,
we modify the formula to estimate the contribution of
partition P in improving precision of answering queries
in Qas Y cepare(p) %. Given all other conditions
are the same, the larger this value is, the more likely it
is that the query interface will achieve a larger precision
in top k answers over queries in Q.

Annotators may make mistakes in identifying the
correct concepts of entities in a collection [37]. An an-
notator may recognize some instances of concepts that
are not P as ones in P. For example, the annotator
of concept person may identify Lincoln, the movie, as
a person. The accuracy of annotating concept P over
DS is the number of correct annotations of P divided
by the number of all annotations of P in DS. We de-
note the accuracy of annotating concept P over DS as
prpg(P). When DS is clear from the context, we show
prpg(P) as pr(P). Hence, we refine our estimate to
> Cepart(P) % pr(P).

So far, we have estimated the relative improvement
gained by S for queries whose concepts belong to some
partitions in S. Consider query @ : (C,T) such that C
does not belong to any partition in S, i.e., C is a free
concept. The query interface has to examine all docu-
ments in the dataset to answer ). Thus, the fraction
of returned answers for @ that contains some instance
of C is d(C). The more instances of C' appear in the
dataset DS, the more likely it is that the returned an-
swers to () refer to entities in C. Hence, it is more likely
that they contain some relevant answers for ). Using a
similar argument as the one used for non-free concepts,
the total contribution of the free concepts of design S is
> Cetreo(s) WC)d(C). We define the function that esti-
mates the relative improvement in the value of precision
in the top k answers for all concepts as follows.

Definition 2 The queriability of design S from taxon-
omy X over dataset DS and query workload Q is

QU(S) =

>, X

PeS Cepart(P)

u(C) d(C) pr(P)
a(P) +C€§e(s) w(C)d(C)

Similar to other optimization problems in data man-
agement, such as query optimization [23], the complete
information about the parameters of the objective func-
tion, i.e. frequencies and popularities of concepts, may
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not be available at the design-time. Nevertheless, our
empirical results in Section 8 indicate that one can ef-
fectively estimate these parameters using a small sam-
ple of the full dataset. For instance, we show that the
frequencies of concepts over a dataset of more than a
million documents can be effectively estimated using
a sample of about four hundred documents. A more
principled approach to parameter estimation is an in-
teresting subject for future work.

2.4 Cost-Effective Conceptual Design Problem

We have reviewed the literature on concept annotation
and information extraction and talked to the experts to
build a reasonable and general cost model for concept
annotation. The types of costs for creating annotated
datasets vary based on the methodology used for de-
veloping concept annotators. One may categorize the
available methodologies to rule-based methods and ap-
proaches based on machine-learning techniques [9, 11,
15, 15, 17, 18, 33, 37, 45]. In rule-based annotation, de-
velopers write a set of rules for each concept to detect
and extract its instances in a dataset [10, 21, 47]. Rule-
based approach is the dominating method in commer-
cial information and entity extraction systems [12, 25].
This is mainly attributed to the fact that rules are ef-
fective, interpretable, and easier to customize by non-
experts than the methods based on machine learning
[25]. Furthermore, rules-based systems perform better
than state-of-the-art machine learning methods in some
specialized domains [26, 40].

If one adapts a machine-learning approach to an-
notate the entities of a concept, he has to provide a
set of training examples for the concept, which may
be costly and time-consuming [25]. This stage is par-
ticularly resource-intensive in specific domains, such as
medicine. Researchers have proposed the idea of dis-
tant supervision to reduce the overhead of providing
training data for concept extraction [38]. However, dis-
tant supervision typically requires knowledge-bases in
the domain of extraction with instances of the extracted
concepts which is not always available, particularly in
a specific domain such as biology. One may also gen-
erate training data for a concept by coding how the
concept appears in the unstructured dataset in a pro-
gramming language [42]. This method, however, needs
a domain expert to learn a programming language and
code her knowledge in a piece of program. Furthermore,
the developer has to distinguish and select relevant fea-
tures for each concept because many or all concepts
may share some general features. For example, concept
annotators may use the surrounding words of entities
in text documents as features for all concepts. However,

developers have to also engineer considerable number of
features specific to each concept [29, 46]. For example,
an informative feature for zip-code is that its instances
have 5 digits, and a helpful feature for person is that its
entities start with a capital letter. These features may
be given to a classifier [29] or a probabilistic graphical
model [54] or coded as first order logic formulas in a
Markov Logic Network [46]. After developing the con-
cept annotator, domain experts may review and evalu-
ate the annotation of each concept [34, 39]. This process
may repeat multiple times to generate accurate anno-
tations of the concept. As most underlying datasets fre-
quently evolve, the aforementioned steps have to be re-
done after a while for each concept in both approaches
[22, 24].

Hence, given taxonomy X = (R,C,R) and data-
set DS, one may assign a real number to each concept
C' € C that reflects the amount of resources required to
annotate and maintain the annotations of C'in DS. Let
function w : C — R* map each concept C € C to a real
number that reflects the cost of annotating C' in DS.
Developers also create and maintain some preprocessing
modules to tokenize the input documents and separate
the (potential) named entities from other tokens, e.g.,
adjectives, in both rule-based method and the meth-
ods based on machine learning techniques. This cost is
generally independent of the number of extracted con-
cepts and can be viewed as a fixed cost for annotating
a dataset. This model assumes that annotating certain
concepts does not affect the cost and accuracies of anno-
tating other concepts. We later relax this restriction in
Section 5 and consider some dependencies between the
costs of concepts in the taxonomy. Nevertheless, it usu-
ally takes significant amount of resources to develop and
maintain a concept annotator even after pairing it with
other annotators. Thus, it is still of interest to solve the
problem where there is no dependency between costs
of different concepts. The organization may predict the
costs of development, deployment and maintenance of
annotation programs using available methods for pre-
dicting costs of software development and maintenance
[7].

The cost of annotating a dataset under design S is
the sum of the costs the concepts in S. Budget B is
a positive real number that represents the amount of
available resources for annotating the dataset. We de-
fine CosT-EFFECTIVE CONCEPTUAL DESIGN problem
(CECD) as follows.

Problem 1 Given taxonomy X, dataset DS in the do-
main of X, query workload Q@ and budget B, find de-
sign § over X that has the maximum queriability and

S cesw(C) < B.
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B — 1 blue concepts

B green leaf concepts
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Fig. 7 An example to analyze algorithms that ignore the
tree structure.

Unfortunately, the CECD problem cannot be solved in
polynomial time in terms of input size unless P = NP.

Theorem 1 The problem of CECD is NP-hard.

Because the approximation algorithms proposed in
[50] do not consider the superclass/subclass relation-
ships between concepts, they do not effectively solve
the CECD problem for tree taxonomies. In particu-
lar, these algorithms generally choose designs with more
popular concepts, i.e., concepts with larger u(.) values.
Because each node has generally more u(.) value than
its descendant concepts in the input taxonomy, these
algorithms spend the budget on picking concepts in
higher levels, while it may worth including concepts in
lower levels of the taxonomy in the design. Our empiri-
cal studies in Section 8.3 confirm that these algorithms
do not generally find accurate solutions to CECD over
tree taxonomies. We also show that the algorithms in
[50] have a worst-case approximation ratio of O(|C|) for
the problem, which is a significantly inaccurate approx-
imation even for taxonomies with a modest number of
concepts, as follows.

Consider the taxonomy shown in Figure 7 where
each green leaf concept Cy has w(C,) = 1, u(Cy) =
(14 €)v and d(Cy) = p. For each red leaf concept C,,
w(Cy) = B+ 1, u(C,) = Bv and d(C,) = 2zp. For
the orange leaf concept Cy, w(C,) = 1, u(C,) = v and
d(C,) = p. v and p are constants such that ). u(C)
=Y cecc d(C) = 1. For each non-root black concept C,
w(C) = B and for each blue concept Cy, w(Cp) = 1.
Assume that the total available budget is B. The op-
timal solution of any algorithm that ignores the tree
structure and works only with leaf concepts, is to pick
exactly the green leaf nodes, which delivers the queri-
ability of almost B(1 + €)v. Now, assume that an al-
gorithm considers both leaf and non-leaf concepts but
not their relationships. For instance, the approximate
popularity maximization (APM) algorithm in [50] se-
lects concepts C' with the largest Z((g)) values. APM
picks exactly B green leaf concepts in our example and
returns queriability of almost B(1 + €)v. However, we

input : a taxonomy X = (R,C,R)
output: a conceptual design

s01ljevel < 0 and solyax < O
for i =0 to h do
for each concept C' in distance ¢ from the root do
‘ Cli) «— Cliju{C}
end
for each leaf concept C in distance less than ¢
from the root do
‘ Cli) «— Cliju{C}
end
9 sol; < approximate solution over C[i];
10 S0ljevel < max(soljevel, S01;);
11 end
12 Cmax < the leaf concept with the largest u value;
13 solmax — U(Cmax) + Zcefree(c u(C)d(C);

14 return the best of soljevel and solpyax;

Algorithm 1: LEVEL-WISE algorithm.

QRN

®

max )

can achieve the queriability of almost B%v by picking
all blue and orange concepts. The gap between optimal
solution and any solution returned by an APM algo-
rithm is B, which is 5-|C|. It is an ineffective solution
for taxonomies with modest numbers of concepts.

3 Approximation Algorithm

We propose an approximation algorithm called
LEVEL-WISE algorithm to solve the problem of CECD
using a greedy approach. It returns a design whose con-
cepts are all from a same level of the input taxonomy.
Our algorithm finds the design with maximum queri-
ability for each level using the APM algorithm pro-
posed in [50], which find the cost-effective subset of
concepts over a set of concepts. Our algorithm eventu-
ally delivers the design with largest queriability across
all levels in the taxonomy. Algorithm 1 illustrates the
LEVEL-WISE algorithm.

Precisely, let C[i] be the set of all concepts of level
iin X = (R,C,R). For any concept E € CJi], we de-
fine its popularity w;(E) to be the total popularity of
its descendant leaves in X'. LEVEL-WISE algorithm calls
the APM algorithm to find the cost-effective subset of
concepts for every C[i]. It provides APM with the pop-
ularities and costs of concept in C[i]. LEVEL-WISE al-
gorithm then compares various selected designs across
C[i]s and keeps the answer with maximum queriabil-
ity, denoted as soljeve1. The algorithm also computes
the queriability delivered by picking only the leaf node
with maximum popularity in X called soly.x. The al-
gorithm returns the solution with largest queriability
amongst S0ljever and solpax. The APM algorithm runs
in O(|C|log |C|), where |C| is the size of its input set of
concepts. Thus, the time complexity of the LEVEL-WISE
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algorithm is O(h|C|log|C|) over taxonomy X = (R,C,
R), where h is the number of levels in X. If the tax-
onomy is not balanced, the popularities of all concepts
of level i may not sum up to 1. Hence, the algorithm
does not consider leaf concepts that are not descendant
of any concept in C[i]. To resolve this problem, when
running APM algorithm over C[i], we consider leaf con-
cepts that are not descendant of any concept of level ¢
as members of C[i] (lines 6-8 in Algorithm 1).

Sometimes, it may be easier to use and manage
designs whose concepts are not subclass/superclass of
each other. We call such a design a disjoint design. One
may restrict the feasible solutions in the CECD prob-
lem to disjoint designs. Our empirical results in Sec-
tion 8 show that this strategy returns effective designs
when the available budget is relatively small. We call
this case of CECD, disjoint CECD. Recent empirical
results suggest that the distribution of concept frequen-
cies over a large collection generally follows a power law
distribution [55]. We show that the LEVEL-WISE algo-
rithm has a bounded and reasonably small worst-case
approximation ratio for CECD with disjoint solution
given that the distribution of concept frequencies fol-
lows a power law distribution.

Lemma 1 Let Chax be the leaf concept in tazonomy
X = (R,C,R) with mazimum u value and let assume
that distribution of u over leaf concepts follows a power
law distribution. For every schema S of X, QU (free(S))
< 2u(Crmax) log [C|.

Theorem 2 Let X = (R,C,R) be a tazonomy with
height h and the minimum accuracy of pr,;, = mincec
pr(C). The LEVEL-WISE algorithm is a O(h;lroig_lcl)-ap—
prozimation for the CECD problem with disjoint solu-
tion on X and budget B given that the distribution of

frequencies in C follows a power law distribution.

Because concept annotation algorithms are reasonably
accurate, pr, ;. is generally close to one [11, 20, 37].

4 Exact Algorithm

This section describes an exact pseudo-polynomial time
dynamic programming algorithm for the CECD over
taxonomy X = (R,C, R). We assume that u(C), d(C),
and w(C') are positive integers for each C' € C. In Sec-
tion 8, we show that the algorithm can handle real val-
ues with scaling techniques at the expense of reporting
near optimal solution instead of an optimal one. We
refer to the second part of the queriability in Defini-
tion 2 as free partition. Given a concept C € X, the
subtree rooted at C' in X is denoted as X, and the set

of the children of C in X is denoted as child(C). Let
Q[C, B, N] denote the maximum queriability over all
designs in X such that the amount of queriability that
these designs obtain from their free parts are exactly N,
and they are selected by spending at most B units of
the budget. Our algorithm computes Q[C, B, N]| for all
C € X, all integers 0 < B < Biota1 and all integers
0 < N < Niota1, where Niota1 = aneaf(c) u(C)d(C)
and leaf(C) is the set leaf nodes in C. Our algorithm re-
tUrns Maxo< N < Nyem (@R Btota1, N] + V) where R is
the root of X and Biota1 is the total budget. We try all
possible queriabilities that one can obtain from the free
part in X and NV, to find out the maximum queriability
over all designs in X',

For a non-leaf concept C, we obtain a recursive de-
scription for Q[C, B, N] according to the value of @ for
the children of C. We consider the following two cases
for C:

C is in the optimal design: If C' belongs to the
optimal design in X, we have N = 0. This is because
if C is picked, every concept in X belongs to a non-
free partition in the selected design. In this case, we
spend w(C') of the budget to annotate C' and the left-
over budget BL = B — w(C) should be assigned to the
child(C'). Our algorithm tries all possible ways of as-
signing the leftover budget among the children of C.
If C is selected, the total queriability obtained at C
can be divided into the total non-free queriability of
its children and the queriability of the partition of C.
Consider the leaf nodes in X that belong to the free
partitions in the subtrees rooted at the children of C. If
C is selected, these nodes will be in the partition of C.
Thus, the queriability of the partition of C is the total
free queriability of the children of C' times pr(C)/d(C).
Our algorithm tries all possible total free queriabilities
for the children of C' as well as all possible assignment
of this free queriability to the set child(C). Thus, we
obtain the following recursion. We use @); to indicate
the inclusion of C' in the solution.

Q:[C,B,N] = %%(( >~ Qlcn, B(Ch), N(ch)]

Ch€child(C)

r(C
+ pd((c)) Z N (Ch)).
Ch€child(C)

B includes all possible assignments of BL units of the
budget to the children of C, and A includes all pos-
sible assignments of at most Niopa1 queriability to the
children of C. If N # 0, we set Q7[C, B, N] = —o0 to
indicate the infeasibility of a the case.

C is not in the optimal design. In this case,
we want to obtain exactly IV units of free queriability,
while we maximize the total queriability. Our algorithm
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tries all possible ways of assigning this NV units into the
children of C. Since C' is not picked, the entire budget
B can be spent on the subtrees rooted at the children of
C. Hence, our algorithm tries all possible assignments
of this B units of the budget among the children of C.
Thus, we obtain the following recursions. We use Qg
to indicate the exclusion of C' from the solution.

Qp[C.B,N]=max

" Chechild(C)

Q[Ch,B(Ch),N(Ch)]

B includes all possible assignments of B units of budget
among the children of C, and A includes all possible
assignments of exactly N unit of benefit from the que-
riability of free partitions among the children of C.

Our algorithm considers both cases above and re-
turns the maximum queriability that can be obtained
by either including or excluding C' from the optimal
solution:

Q[C, B, N] = max(Q;[C, B, N],Qg[C, B, N]).

The leaf concepts are the base cases for our recur-
sion. Let C' be a leaf concept, and suppose that we
want to optimize Q[C, B, N]. If N = 0, we must select
C. Otherwise, we cannot select C. Thus, there are two
cases to consider:

N #£0: If N =u(C)d(C), we set Q[C, B, N] = 0. Oth-
erwise, we set Q[C, B, N] to —oc.

N =0:If B > w(C), we set Q[C, B, N] = pr(C)u(C).
Otherwise, we set Q[C, B, N] to —o0.

This completes the explanation of our recursive al-
gorithm. We turn this recursive algorithm into a dy-
namic programming to avoid redundant computations.
To this end, we build a |C| X Biotal X Neota: table, and fill
it according to our recursions. The running time of such
a dynamic programming would be O(|C|Biotal Ntota1) -
Tee11, where Teep1 is the maximum time required to
compute the value of a single cell disregarding recur-
sive calls. T..11 exponentially depends on the maxi-
mum degree of concepts in the taxonomy. Hence, as
detailed below, we further optimize the running time of
the algorithm by adding a preprocessing step to mod-
ify our input taxonomy to a binary tree (i.e. the max-
imum number of children of each concept is two). As-
suming that our input taxonomy is a binary tree, for
each Q[C, B, N], we have O(Biota1) ways of dividing
B and O(Niota1) ways of dividing the expected free
queriability between the children of C. So, Tie11 =
O(Btotathotal)- Let D = ZCeleaf(C) d(C’) and U =
ZCeleaf(C) u(C). By Cauchy-Schwartz inequality, we
have Nyota1 < UD. We conclude that the running time
iS O(|C|(Btota1Ntotal)2) - O(|C|(Btota1UD)2)-

Transforming a taxonomy into binary tax-
onomies. We explain how to transform an arbitrary

C

i1
12

1 12 13 14 3 14

Fig. 8 Transforming an input taxonomy. Dummy nodes are
in blue squares.

taxonomy to a binary taxonomy. Let C' be a non-leaf
concept in X. We replace the induced subtree of C' U
child(C') with a full binary tree X/, whose root is C
and whose leaves are child(C) as shown in Figure 8.
Some internal nodes of X/, do not correspond to any
node in X. We refer to such internal nodes as dummy
nodes, and set their cost to Biota1 + 1 to make sure
that our algorithm does not include them in the output
design.

Applying the aforementioned transformation to all
nodes of X, we obtain a binary taxonomy X’ = (R, (’,
R’). The number of nodes in C’ is at most twice the
number of nodes in C. Therefore, we can find the opti-
mal design for X’ in the same asymptotic running time,
O(|C|(Bgota1UD)?). Since this transformation does not
change the subset of leaf concepts in the subtree rooted
in any internal node, any internal node in X corre-
sponds to a solution in X’ with the same cost and que-
riability. Since dummy nodes are too costly, they do not
introduce any new solution.

Theorem 3 There is an exact algorithm to solve the
CECD problem over tazonomy X = (R,C, R) with bud-
get Biosa1 in O(|C| B2, U?D?).

5 CECD with Cost Dependency

The cost of extracting a concept may vary if its ances-
tors in the taxonomy have been already annotated. For
example, if the instances of person have been already
annotated in a collection, the extractor of artist will
examine only a subset of the collection that are anno-
tated by concept person, which may result in a faster
extraction. Also, the extractors for artist and person
may share some annotation rules and/or features. We
generalize the CECD problem so that the cost of anno-
tating a concept in a taxonomy may change depending
on whether its ancestors in the taxonomy are part of the
design. One may think of more complex cost functions
that represent dependencies between arbitrary concepts
in the taxonomy. However, it requires a space and time
exponential in terms of the number of concepts in the
taxonomy to express and estimate such functions. One
may reduce the amount of space and effort to store and
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estimate the cost values by enforcing some restrictions.
On the other hand, finding such restrictions requires ex-
tensive empirical studies and more space than a single
paper and is a subject of future work.

Assume that multiple ancestors of a concept C in X
= (R,C,R) are in the selected design. The annotator
of C' may examine only the documents annotated by
the closest ancestor of C' in the design. Moreover, the
closest ancestor of C' may share more annotation rules
/features with C' than other ancestors of C. Hence, we
consider only the dependency between cost of C' and
its closest selected ancestor in X'. More formally, for
each concept C, let anc(C) be a positive integer value
indicating the number of edges between C' and its clos-
est ancestor in the design. We redefine the cost w as
a real-valued function over pairs of concepts and pos-
itive integer values. The total cost of design S over X
is )~ w(C,anc(C)). We define the problem of CECD
with cost dependency exactly the same as Problem 1,
by only replacing its cost function with the redefined
cost function. Because CECD is a special instance of
the problem of CECD with cost dependency, CECD
with cost dependency is also NP-hard.

We extend the dynamic programming algorithm in
Section 4 to design a pseudo-polynomial time algorithm
for CECD with cost dependency. As before, we assume
that the values of functions u, d and w are positive inte-
gers. We define X¢ and leaf() the same way that they
are defined in Section 4. Let Q[C, B, N, anc]| denote the
maximum queriability we can obtain constraint to bud-
get B from the partitions in X¢ such that the que-
riability of the free parts is N and anc indicates the
closest selected ancestor of C in the design. The al-
gorithm computes values of @ for all budgets up to
total budget Biota1 and all free queriability N up to
Niotal = 2 cerear(c) W(C)d(C) and returns

max

0< N< Nogear (Q[R, Biota1, N, 1] + N)

where R is the root of X and Biotay is the total budget.
Note that for the root node, R, the exact value of anc
does not matter because R has no ancestor. We use
the technique in Section 4 to transform the taxonomy
to a binary tree. We extend the recursive formulas in
Section 4 for Q[C, B, N, anc] in the following two cases.
@ and Qg are defined similar to the ones in Section 4.
C is in the optimal design.

Qr[C, B, N,anc] =
max( Y Q[Ch,B(Ch),N'(Ch),1]
" Chechild(C)
pr(C)
+d(C) > N(ch).

Ch€child(C)

B includes all possible assignments of B — w(C, anc)
units of the budget, and N includes all possible assign-
ments of at most N free queriability between children
of C. Because concept C' is in the optimal design, it
resets the value of anc to 1 for its children.

C is not in the optimal design. If C is not a
dummy node:

QE|C, B, N,anc] =
max > Q[Ch,B(Ch),N(Ch),anc + 1]

Checnila(C)

Since C' is not selected, it updates and transfers the
information about its closest selected ancestor to its
children. If C' is a dummy node:

QE|C,B,N,anc| =

Py

Ché€child(C)

Q[Ch, B(Ch),N'(Ch), anc]

The dummy nodes are not selected and do not change
the value of anc. In these formulas, B includes all possi-
ble assignments of B units of the budget and A includes
all possible assignments of exactly IV free queriability
between children of C'.

The leaf concepts make the base cases for our recur-
sion and their equations are similar to the bases cases
in Section 4. Because the information about the closest
selected ancestor of a leaf node is available in @, the
algorithm can compute the cost of leaf node.

Let L be the height of X. To compute the running
time of this algorithm, we need to give an upper bound
on the number of cells in @) and the time required to
compute the value for each cell. The time to compute a
single cell in @ is exponential in terms of the maximum
degree of the taxonomy, which is 2 after transforming
X to a binary tree. Because we have N < UD, and the
maximum value of anc is L, the time for computing all
cells in Q will be O(|C|(ByotarUD)?L). Generally, L for
most real-world taxonomy is considerably smaller than
IC| and closer to O(log |C]).

6 Queries With Multiple Concepts

In this section, we propose fast algorithms for the prob-
lem of CECD where queries may refer to multiple con-
cepts. We call this problem, MULTIPLE-CONCEPT CECD
(MC-CECD).

6.1 MC-CECD Over a Set of Concepts

We assume that each query refers to at most two differ-
ent concepts. The choice of two is only for the sake of



12

Chodpathumwan and Vakilian et al.

simplicity and our algorithm extends to any fixed num-
ber of concepts. We also assume that the annotation
each (leaf) concept over a dataset is independent of the
annotation of any other (leaf) concept in the dataset to
simplify our analysis. Our empirical studies in Section 8
indicate that generally this assumption does not signif-
icantly reduce the accuracy of our models and algo-
rithms. Let QU,,(S) be the queriability of S from a set
of concepts C over queries with exactly n concepts. The
queriability of S for queries with one concept, QU1 (S),
is Y oes w(C)pr(C) + Zcefree(s) u(C)d(C) [50]. Next, we
compute QU (S). Assume that query ¢ refers to entities
of concepts C and Cs. The query interface should select
the answers to ¢ from the set of documents that con-
tain instances of both concepts. If the instances of both
concepts are annotated in the dataset, the query inter-
face will correctly identify such documents. If only C}
is annotated, the query interface will return documents
annotated as C7, of which only about d(C5) may con-
tain the desired answers. If none of these concepts are
annotated, the query interface has to explore all docu-
ments in the collection of which only about d(C; N Cy)
may have the desired answers. We have:

Z u(Cy N Cy)pr(Ch)pr(Cs)

Ccies
CoeS

>

Ccies
CoEfree(S)

>

Cq Efree(S)
CqEtree(S)

QU2(S) =

Cl M CQ (CQ)I)I‘(Cl)

u(Cy N Cy)d(Cy N Co)

The total queriability of S, QU (S), is QU1 (S)+QUx(S).
In MC-CECD, given a set of concepts C, dataset DS in
the domain of C and budget B, we like to find design S
over C such that ). . w(C) < B and S has the max-
imum queriability. We reduce MC-CECD to CECD
over a set of concepts by considering instances in which
u(C; N Cy) = 0 for all C;, C;. Hence, MC-CECD over
a set of concepts is NP-hard.

Our algorithm for MC-CECD is based on the al-
gorithm of SET UNION KNAPSACK (SU-KNAPSACK)
problem [5]. In SU-KNAPSACK, we have a collection of
elements & = {ey,...,e,}, each with a positive weight
denoted by w(e;). Furthermore, we have a collection of
items T = {i1,...,4m} such that each item is a subset
of £. Each item ¢ has profit p(i). Given budget B, the
goal of SU-KNAPSACK(E,T) is to find a set of items
Zso1 such that the total cost of the elements in Zg,
Zeeuzgz w(e), is not more than B, and the total profit
of Zyo1, Siiezsol p(i), is maximized. The algorithm pro-
posed in [5] starts with all possible pair of items as its
initial set. Then, for each set, it goes through several

iterations and at each iteration picks an item ¢ from

the remaining items with the maximum value of 2 ,(8),

where w'(i) = Y ¢, fr”;ge()e) and freq(e) denotes the
number of occurrences of element e in items of Z. The
iterations will be performed until the budget is used up.
The algorithm keeps the solution with maximum bene-
fit amongst all constructed solutions. Then, it compares
this solution with the solution that has only the item
with maximum profit and returns the one with the max-
imum profit amongst them.

Consider an instance of MC-CECD over concepts
{C4,...,C,} with budget B. To solve this instance, we
make an instance M of SU-KNAPSACK as follows. Let
C4, ..., C,, be the input set of elements such that w(C;)
is the annotation cost of concept C;. We define the input
items to be all subsets of {Cy,...,C,} of size at most
two (including empty set). The profit of each item is:

p(®) =Y u(C)d(C)

CcecC
+ > u(CiNCy)d(CrNCy)
Cq1,C2€eC
p({Ci}) = u(Cy)(pr(Ci) — d(CY))
+ Z u(C; N C)(d(C)pr(C;) — d(C N Cy))

cecC
p({C:, C;}) = u(C: 1 Cy)pr(C)pr(C))
+ u(C’Z N C’j)d(C’l N OJ)
—u(C; N Cy)d(Ci)pr(C;)
—u(Ci N Cy)pr(Ci)d(C;y)

The item corresponding to the empty set has cost zero
and is picked by every solution for M. Because anno-
tators work better than a random selection, for each
concept C, pr(C) > d(C) |37]. Hence, the profits of
items in M are positive.

Theorem 4 There exists a (1—1/e%ﬂ)—approa;imation
algorithm for MC-CECD instances in which each con-
cept queried with at most k different other concepts.

6.2 MC-CECD Over Tree Taxonomies

Given design S over tree taxonomy X = (C, R, R), we
denote the queriability of S for queries with exactly
one concept and exactly two concepts by QU;(S) and
QU (S), respectively. Definition 2 computes QU1 (S)
over X. Next, we compute the value of QU>(S). Let
query ¢ refers to entities of concepts C; and Cs. Sim-
ilar to computing QU3 (S) over set of concepts, there
are four cases to consider. First, if C; and Cs both
belong to the same partition P in S, the query in-
terface may examine only the documents annotated
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with P to find answers for q. The documents that con- thing

tain instances of both C; and C5 contain relevant an- organization
swers to q. Hence, the query interface will find the de-

sired answers to ¢ with the probability of UCINC2) 1p movie theaterd hospita NGO

the second case, C; and C3 belong to diffedr(gn)t par-
titions P; and P, in S, respectively. The query in-
terface should search the documents annotated under
both P; and P,, which are d(P; N P2) portion of the
collection. Because the desired answers should contain
instances of both concepts, the query interface finds
the desired answers to g with probability of %.
Now, assume that only one of Cy or Cs, e.g., C1, is
in a partition P of S. The query interface may search
the documents that contain annotations of P. Because
the desired answers are documents with instances of
both C; and Cs, the query interface may return the
desired answer with the probability of %. Fi-
nally, if neither C7 nor C5 are in any partition, i.e.,
they both belong to free(S), the query interface will
search the whole collection and may find the desired
answer in d(C1NC?y) portion of the collection. We have:

QU2(S) =

> 2

PeS Cepart(P)
Ca€part(P)

u(C1 N Cy) d(C1 N Cy)
d(P)

pr(P)

U(Cl N Cg)d(cl n 02)

PY Y MOnCHONC), g,
P1€S Cyepart(P) 1 2
P2€5 Cycpart(Ps)

PeS Cyepart(P) d(P)
Ca€efree(S)
+ ) uw(CiNCy)d(CyNCy)

C1Efree(S)
Cy€free(S)

Let QU(S) denote the queriability of S over queries
with at most two concepts, i.e., QU(S) = QU;(S) +
QUy(S). We define the problem of MC-CECD over
tree taxonomies similar to Problem 1 with the new for-
mula for QU(S). Since CECD over tree taxonomies is
NP-hard, MC-CECD is NP-hard (consider instances
with U(CZ N CJ) =0 for all Ci7 CJ)

We extend the LEVEL-WISE algorithm for the prob-
lem of MC-CECD over tree taxonomy. To this end, we
combine the LEVEL-WISE algorithm and the algorithm
for SU-KNAPSACK described in Section 6.1. Consider
a level r of the tree taxonomy and let C7,---,C} be
the concepts of level r. We compute the profits as de-
fined in Section 6.1 for all subsets of size at most two
(including the empty set) of the concepts in level 7.
Then, we find the solution with maximum queriability

local business airline

Fig. 9 Fragments of schema.org taxonomy.

in level r using the approximation algorithm of SU-
KNAPSACK. Our algorithm returns the solution with
the maximum queriability over all levels of the tax-
onomy. The running time of the presented heuristic is
O(|C]2L) ~ O(|C|?log|C|) where L is the height of the
tree taxonomy.

7 Cost-Effective Design for DAG Taxonomies
7.1 Directed Acyclic Graph Taxonomies

Many taxonomies are in form of directed acyclic graphs
(DAGs). Figure 9 shows fragments of schema.org tax-
onomy. Some concepts in this taxonomy are included in
multiple superclasses. For example, a hospital is both a
place and an organization. Therefore, a tree structure
is not able to represent these relationships.

Formally, a directed acyclic graph taxonomy X =
(R,C,R) (DAG tazonomy for short), is a DAG, with
vertex set C, edge set R and root R where C is a set of
concepts, (D,C) € R if and only if D,C € C and C'is
a subclass of D. The root concept R € X’ is a concept
without superclass. A concept C' € C is a leaf concept
if and only if it has no subclass in X. The definitions
of child, ancestor and descendant over tree taxonomies
naturally extends to DAGs.

7.2 Design Queriability

Design S over DAG taxonomy X = (R,C,R) is a non-
empty subset of C\ {R}. Because of the richer structure
of DAG taxonomies, designs over DAG taxonomies may
improve the effectiveness of answering queries in more
ways than the ones over tree taxonomies. For example,
let dataset DS be in the domain of DAG taxonomy in
Figure 9, and S; = {place, organization} be a design
over this taxonomy. Because concept hospital is a sub-
class of both place and organization, its entities in D.S
are annotated by both these concepts. By examining
the entities that are annotated by both place and or-
ganization, the query interface is able to identify the
instances of hospital in DS. Generally, the query in-
terface may pinpoint instances of some concepts in the
dataset by considering the intersections of multiple con-
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cepts in a design over a DAG taxonomy. Hence, subsets
of a design may create partitions in a DAG taxonomy.

Definition 3 Let S be a design over the DAG taxon-

omy X = (R,C,R), and let C € C be a leaf concept.

An ancestor A of C' in S is C’s direct ancestor if and

only if one of the followings hold.

- A=C.

— For each D € S, if D is an ancestor of C then D is
not a descendant of A.

The full-ancestor-set of C' is the set of all its direct
ancestors.

Example 5 Consider a DAG taxonomy shown in Fig-
ure 9. The set {place, organization} is the full-ances-
tor-set of the concept hospital in design S = {place,
organization}, and the set {local business, place} is the
full-ancestor-set of the concept hospital in design S =
{organization, local business, place} over the taxonomy
in Figure 9.

Definition 4 Given design S over the DAG taxonomy
X = (R,C,R), the partition of a set of concepts D C S
is a set of leaf concepts £ C C such that for every leaf
concept L € L, D is the full-ancestor-set of L.

Ezample 6 Let S; = {organization, place} be a design
over the DAG taxonomy shown in Figure 9. The con-
cept hospital belongs to the partition of {organization,
place} in S;. However, it does not belong to the parti-
tion of {place} because {place} is not the full-ancestor-
set of hospital.

The definitions of functions part and free over tree
taxonomies naturally extend to DAG taxonomies. We
define the frequency of partition P, denoted by d(P),
as the frequency of the intersection of concepts in its
root. Using a similar analysis to the one in Section 2.3,

we define the queriability of design S over DAG taxon-
u(C)d(C)
omy X = (R7C7R) as ZPEall—parts(S) Z:Cepd(iP) +

2 Cetree(s) W(C)d(C) where the function all-parts(S)
returns the collection of all full-ancestor-sets of S in X.

7.3 Hardness of CECD over DAG Taxonomies

We define the CECD problem over DAG taxonomies
similar to the CECD over tree taxonomies. Following
from the NP-hardness results for CECD problem over
tree taxonomy, CECD problem over DAG taxonomies
is NP-hard. We prove that finding an approximation
algorithm with a reasonably small bound on its ap-
proximation ratio for the problem CECD over DAG
taxonomies is significantly hard. Unfortunately, this is

true even for the special cases where concepts in the
taxonomy have equal costs or the desired design is dis-
joint. More precisely, we show that the CECD problem
over a DAG taxonomy generalizes a hard problem in the
approximation algorithms literature: DENSEST-k-SUB-
GRAPH. Given a graph G = (V, E), in the DENSEST-
k-SUBGRAPH problem, the goal is to compute a subset
U € V of size k that maximizes the number of edges
in the induced subgraph of U. It is known that, unless
P = NP, no polynomial time approximation scheme,
i.e.,, PTAS, exists to compute the densest subgraph [32].
Also, there are strong evidences that DENSEST-k-SUB-
GRAPH does not admit any approximation guarantee
better than polylogarithmic factor [4, 6]. Recently, it
has been shown that, assuming exponential time hy-
pothesis (ETH), there is no polynomial time algorithm
that approximates DENSEST-k-SUBGRAPH within a fac-
tor of n!/(egloen)® [36] The following theorem shows
that approximating the k-densest subgraph reduces to
approximating CECD.

Theorem 5 An «-approximation algorithm for the
CECD problem over DAG taxonomy with m concepts
implies that there is an algorithm for the DENSEST-k-
SUBGRAPH problem on G = (V, E) with n vertices that
returns a O(«)-approzimate solution.

Because the concepts in the instance of CECD in
the proof of Theorem 5 have equal costs and its opti-
mal solution is disjoint, i.e., there is no directed path
between any two of concepts in the design, the hard-
ness results of Theorem 5 is true for the special cases
of CECD over DAG taxonomies where the concepts
are equally costly and the problem has disjoint optimal
solution.

The following corollaries result from Theorem 5.

Corollary 1 If NP ¢ N.oBPTIME(2"), there is
no polynomial time approximation scheme, PTAS, for
CECD over DAG tazonomies.

Corollary 2 Assuming Fxponential Time Hypothesis
(ETH), the problem of CECD over DAG tazonomies
does not admit an approximation guarantee better than

nl/(log logn)® .

8 Experiments

8.1 Experiment Setting

8.1.1 Taxonomies and datasets

Taxonomies: We have extracted eight taxonomies from
YAGO ontology version 2008-w40-2 [49] to validate our



Cost-Effective Conceptual Design Using Taxonomies

15

Table 2 The sizes and heights of taxonomies and the sizes of corresponding datasets and query workloads.

Taxonomy | T1 | T2 | T3 T4 | T5 | T6 T7 | T8
#Concept | 10 17 17 28 63 185 279 2269
#Height 2 2 3 7 6 8 8 9
#Documents | 68982 | 267653 | 88479 | 1470661 | 1470661 | 1470661 | 1470661 | 1470661
#queries | 648 256 146 4219 4888 4728 5216 11156

model and evaluate effectiveness and efficiency of our
proposed algorithms. YAGO organizes its concepts us-
ing subclass relationships in a DAG with a single root.
We have created the breath-first tree of YAGO and
randomly selected the concepts from the tree for our
taxonomies. To validate our model, we have to com-
pute and compare the effectiveness of answering que-
ries using every feasible design over a taxonomy. Thus,
we need tree taxonomies with relatively small number
of concepts for our validation experiments. We have
extracted three tree taxonomies with relatively small
numbers of nodes, called T1, T2 and T3, to use in our
validation experiments. The selected concepts for T1,
T2 and T3 are from level 3 to 6 of the full YAGO tree
which has a total of 9 levels. We have further picked
five other tree taxonomies with larger numbers of con-
cepts, denoted as T4, T5, T6, T7 and T8. The concepts
for T4 and T5 are selected from level 3 to 6 of the full
YAGO tree. The concepts for T6 and T7 are randomly
selected from levels 2 to 9 of the full YAGO tree. T8
contains all concepts from the original YAGO taxon-
omy that appear at least once in our dataset, which is
the collection of English Wikipedia articles. We use all
tree taxonomies to evaluate the effectiveness and effi-
ciency of our proposed algorithms. Table 2 shows the
properties of these taxonomies.

Datasets: We have used the collection of English Wiki-

pedia articles from the Wikipedia dump (dumps.wikimedia

.org) of October 8, 2008 that is annotated by concepts
from YAGO ontology in our experiments [49]. This col-
lection originally contains 2,666,190 articles of which
1,470,661 articles are annotated by at least a concept
from YAGO ontology. For each taxonomy in our set of
taxonomies, we have extracted a subset of the original
Wikipedia collection where each document contains at
least a mention to an entity of a concept in the taxon-
omy. We use each dataset in the experiments over its
corresponding taxonomy. Table 2 shows the properties
of these eight datasets. The annotation accuracies of
the concepts in selected taxonomies over these datasets
are between 0.8 and 0.95.

8.1.2 Query Workload

We use a subset of Bing (bing.com) query log whose
relevant answers are Wikipedia articles [14]. The rele-

vant answers for each query in this query workload have
been determined using the click-through information by
eliminating noisy clicks. Each query contains between
one to six keywords and has between one to two rele-
vant answers with most queries having one relevant an-
swer. Because the query log does not have the concepts
behind its queries, we adapt an automatic approach to
find the leaf concept from the taxonomy associated with
each query. We label each query by the concept of the
matching instance in its relevant answer(s). Then, we
select queries labeled with a single concept. Using this
method, we create a query workload per each of our
datasets. It is well known that the effectiveness of an-
swering some queries may not be improved by annotat-
ing the dataset [44]. For instance, all candidate answers
for a query may contain mentions to the entities of the
query concept. To reasonably evaluate our algorithms,
we have ignored the queries whose rankings remain the
same over the unannotated version and the version of
the dataset where all concepts in the taxonomy are an-
notated. Table 2 shows the information about our query
workloads.

We estimate the popularities of concepts for each
taxonomy by sampling a small subset of randomly se-
lected queries from their corresponding query work-
loads. We compute the popularity of each concept us-
ing estimation error rate of 5% under the 95% confi-
dence level. The number of sampled queries are between
100 and 500 for each taxonomy. Because some con-
cepts in a taxonomy may not appear in its query work-
load, we smooth the popularity of a concept C, u(C),
using the Bayesian m-estimate method [35]: 4(C)

P(CIQW)+mp p - ili
G PCIaW) where P(C|QW) is the probability that

C occurs in the query workload QW and p denotes the
prior probability. We set the value of the smoothing pa-
rameter, m, to 1 and use a uniform distribution for all
the prior probabilities.

8.1.8 Query Interface

We index our datasets using Lucene (lucene.apache.org)
Given a query, we rank its candidate answers using
BM25 ranking formula, which is shown to be more effec-
tive than other similar document ranking methods [35].
Then, we apply the information about the concepts in
the query and documents to return the answers whose
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matching instances have the same concept as the con-
cept of the query. If the concept in the query has not
been annotated in the collection, the query interface
returns the list of documents ranked by BM25 method
without any modification. We have implemented our
query interface and algorithms in Java 1.7 and per-
formed our experiments on a Linux server with 100 GB
of main memory and two quad core processors.

8.1.4 Effectiveness Metric

Because all queries in our query workloads have one or
two relevant answers, we measure the ranking quality
of answering queries over a dataset using mean recipro-
cal rank (MRR) [35]. MRR is an inverse of the rank of
the first relevant answer in the returned list of answers.
MRR is used to measure the effectiveness of results for
queries that have a small number of relevant answers
[35]. Since most queries in our query workload have a
single relevant answer, MRR is an appropriate metric
to measure the effectiveness of their results. We mea-
sure the statistical significance of our results using the
paired-t-test at a significant level of 0.05. We also re-
port the precision at top 3 answers for our results in the
longer version of this paper [51]. Generally, the results
of MRR and precision at top 3 follow similar trends.

8.1.5 Cost Models

We use three models for generating costs of concept an-
notation. First, we assign a randomly generated cost to
each concept in a taxonomy. The results reported for
this model are averaged over 5 sets of random cost as-
signments per budget. We call this model random cost
model. Second, when there is not any reliable estima-
tion available for the cost of annotating concepts, an
organization may assume that all concepts are equally
costly. Hence, in our second cost model, we assume that
all concepts in the input taxonomy have equal cost. We
name this model uniform cost model. These two cost
models have also been used to model the costs of large-
scale data curation [19, 43, 50]. Lastly, the cost anno-
tating instances of a concept may depend on how fre-
quent the instances of the concept appear in the data-
set. Hence, in our third cost model called frequency-
based cost model, we set that a cost of annotating a
concept ¢ to d(c)/ > s 1ear ().  We use a range of
budgets between 0 and 1 with a step size of 0.1 where
1 means sufficient budget to annotate all leaf concepts
in a taxonomy and 0 means no budget is available.

8.2 Validating Queriability Function

Oracle: Given a fixed budget, Oracle enumerates all
feasible designs over the input taxonomy. Given an ef-
fectiveness metric, such as MRR, for each design, it
computes the average the effectiveness metric for all
queries in the query workload over the dataset anno-
tated by the design. It then returns the design with
maximum value of the average effectiveness metric.

Popularity Maximization (PM): Following the tra-

ditional approach towards conceptual design for databases,

one may select concepts in a design that are more im-
portant for users [23]. Hence, we implement an algo-
rithm, called PM, that enumerates all feasible designs,
such as S, in a taxonomy and returns the one with the
maximum value of }° . s> ce, u(C)pr(p). This
design contains the concepts that are more frequently
queried by users and also annotated more accurately.
Queriability Maximization (QM): QM enumerates
all feasible designs over the input taxonomy and returns
the one with the maximum queriability as computed in
Section 2.3.

Because we would like to explore how accurately
PM and QM predict the amount of improvement in
the effectiveness of answering queries by a design, we
assume that these algorithms have complete informa-
tion about the popularities and frequencies of concepts.
Since Oracle, PM and QM algorithms enumerate all fea-
sible designs, it is not possible to run them over large
taxonomies. Hence, we run these algorithms over small
taxonomies, i.e. T1, T2 and T3.

Table 3 illustrates the average MRR achieved by Or-
acle, QM and PM over taxonomies T1, T2 and T3 for
various budgets. We do not report the values of aver-
age MRR for budgets greater than 0.7 for T1 and T2
and 0.6 for T3 because all algorithms are equally ef-
fective. The values of MRR show at budget 0.0 is the
one achieved by BM25 ranking without annotating any
concept in the datasets. We note that there is no im-
provement in average MRR over taxonomy T1 for bud-
get 0.1 under uniform cost because each concept in the
taxonomy costs more than 0.1.

Over all taxonomies and cost models, the designs se-
lected by QM deliver close MRR values to the ones se-
lected by Oracle. There are a few cases where the results
of QM are significantly worse than the results of Oracle.
For instance, consider the results of QM and Oracle for
budget 0.3 over taxonomy T2. In T2, concept writing is
the parent of a leaf concept dramatic composition and a
couple other leaf concepts whose popularities are much
less than that of dramatic composition. QM picks a de-
sign that contains dramatic composition. This design
will deliver the highest values of MRR for queries with
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Table 3 Average MRR for Oracle, PM and QM over T1, T2 and T3. Statistically significant differences between PM and QM
and between Oracle and QM are marked in bold and italic, respectively. B denotes a given budget.

l

Uniform Cost

Random Cost

| Frequency-based Cost

B | Oracle QM PM [ Oracle QM PM [ Oracle QM PM
0.0 0.187
0.1 0.187 0.187 0.187 0.259 0.255 0.239 0.475 0.475 0.475
0.2 0.362 0.362 0.197 0.385 0.384 0.226 0.475 0.475 0.475
0.3 0.415 0.406 0.203 0.424 0.417 0.212 0.475 0.475 0.475
T1 0.4 0.459 0.459 0.227 0.461 0.461 0.262 0.475 0.475 0.475
0.5 0.492 0.492 0.400 0.492 0.492 0.341 0.475 0.475 0.475
0.6 0.501 0.501 0.444 0.501 0.499 0.426 0.475 0.475 0.475
0.7 0.507 0.507 0.497 0.507 0.504 0.476 0.475 0.475 0.475
0.0 0.342
0.1 0.504 0.479 0.504 0.515 0.471 0.432 0.598 0.598 0.598
0.2 0.577 0.543 0.551 0.616 0.586 0.559 0.662 0.662 0.662
0.3 0.641 0.629 0.574 0.677 0.661 0.576 0.677 0.674 0.674
T2 0.4 0.729 0.729 0.586 0.725 0.725 0.616 0.741 0.741 0.741
0.5 0.745 0.745 0.615 0.744 0.742 0.652 0.747 0.747 0.747
0.6 0.751 0.751 0.647 0.754 0.754 0.695 0.748 0.748 0.748
0.7 0.763 0.763 0.759 0.763 0.758 0.732 0.748 0.748 0.748
0.0 0.322
0.1 0.469 0.469 0.453 0.528 0.521 0.514 0.447 0.447 0.447
0.2 0.595 0.594 0.579 0.646 0.629 0.587 0.531 0.531 0.531
0.3 0.680 0.679 0.600 0.714 0.712 0.660 0.594 0.594 0.594
T3 0.4 0.745 0.734 0.685 0.747 0.739 0.711 0.725 0.725 0.725
0.5 0.754 0.754 0.741 0.758 0.757 0.748 0.734 0.734 0.734
0.6 0.760 0.760 0.760 0.760 0.760 0.760 0.734 0.734 0.734

concept dramatic composition, but it does not help im-
proving the values of MRR for queries whose concepts
are other children of writing over the unannotated data-
set. That is, QM picks a relatively less popular concept,
but maximizes the improvement of the effectiveness for
queries with this concept. On the other hand, Oracle
selects writing instead of dramatic composition. Intu-
itively, this design improves the values of MRR for que-
ries with concept dramatic composition less than the
design selected by QM. However, this design will im-
prove the values of MRR. for queries with other child
concepts of writing. For this dataset, selecting writing
helps improving the values of MRR for queries with
concept dramatic composition as equal as selecting dra-
matic composition. Because, the design selected by QM
is not able to improve the effectiveness of answering
queries whose concepts are other children of writing,
QM is less effective than Oracle. We have observed a
similar behavior for other cases when the results of QM
are significantly worse than Oracle. This observation
suggests that if the budget is relatively small, it is some-
times better to annotate rather general concepts.

Oracle, QM and PM are equally effective using fre-
quency-based cost model. Under this cost model, each
leaf concept is less costly than its ancestors. As we have
explained in Section 1, in this situation, every algorithm
chooses leaf concepts. Thus, all algorithms return the
same design for each budget. Furthermore, Oracle, QM
and PM return the same values of average MRR over
T1 for all budgets. The distribution of frequencies in
the leaf concepts of T1 is very skewed in which con-
cept person has frequency of 0.92 and the other 8 leaf
concept have total frequency of 0.1. Using budgets 0.1-

0.9, all algorithms pick 8 out of 9 leaf concepts in T1.
Because the ancestors of person are more costly than
person, none of the algorithms can pick person’s an-
cestors using budgets 0.1-0.9. Therefore, over T1, the
algorithms are equally effective across all test budgets
under frequency-based cost model.

Nevertheless, the results from Table 3 indicate that
QM delivers designs that improve the average MRR, of
answering queries more than those delivered by PM.
Overall, PM annotates more general concepts from the
taxonomy to improve the effectiveness of larger number
of queries. Hence, to answer a query, the query inter-
face often has to examine the documents annotated by
an ancestor of the query concept. As this set of docu-
ments contain many answers whose concepts are differ-
ent from the query concept, the query interface is usu-
ally not able to improve the value of MRR for a query
significantly. QM selects the designs with relatively less
general concepts. Although its designs may not improve
the ranking quality of every query, the designs signif-
icantly improve the ranking quality of queries whose
concepts belong to the selected designs.

8.3 Effectiveness of the Proposed Algorithm

Queriability formula needs the value of the frequency
for each concept in the input taxonomy over the data-
set. However, it is not possible to find the exact fre-
quencies of concepts without annotating the mentions
to their entities in the dataset. Similar to [50], we esti-
mate the concept frequencies by sampling a small sub-
set of randomly selected documents from the dataset.
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Table 4 Average MRR for APM, APM-L, LW and DP.—¢.05 over T1, T2, T3, T4 and T5. Statistically significant difference
between APM and LW, between APM and DP, between DP and LW, between APM-L and LW, and between DP and APM-L
are in italic, bold, underline, apostrophe(’) and star(*), respectively. B denotes a given budget.

| Uniform Cost |

Random Cost |

Frequency-based Cost

B [ APM APM-L TW DP | APM APM-L TW DP | APM APM-L TW DP
0.1 | 0.187 0.187 0.187 0.187 0.239 0.250 0.250 0.255 0.475 0.475 0.475 0.475
0.2 | 0.197 0.220 0.220 0.362* | 0.204 0.318 0.318 0.384 0.475 0.475 0.475 0.475
0.3 | 0.221 0394 0.394 0.406 0.288 0.390 0.390 0.417* | 0.475 0.475 0.475 0475
0.4 | 0.394 0.438 0438 0.459* | 0.357 0.440 0.440 0.460* | 0.475 0.475 0.475 0.475
T1 | 0.5 | 0.438 0.492 0.492 0.492 0.421 0.492 0.492 0.486 0.475 0.475 0.475 0.475
0.6 | 0.492 0.501 0.501 0.492 0.471 0.496 0.496 0.488 0.475 0.475 0.475 0.475
0.7 | 0.501 0.502 0.502 0.493 0.494 0502 0.502 0.494 0.475 0.475 0.475 0.475
0.8 | 0.502 0.507 0.507 0.507 0.502 0.503 0.503 0.502 0.475 0.475 0475 0475
0.9 | 0.507 0.507 0.507 0.507 0.502 0.506 0.506 0.506 0.475 0.475 0.475 0475
0.1 | 0.504 0.479 0.479 0.479 0.481 0.466 0.466 0.476 0.589 0.598 0.589 0.598
0.2 | 0.534 0.566 0.566 0.566 0.564 0.567 0.571' 0.591* | 0.595 0.662 0.662 0.662
0.3 | 0.580 0.629 0.629 0.629 0.607 0.638 0.638 0.652* | 0.667 0.668 0.668 0.671
0.4 | 0.651 0.718 0.718 0.729 0.666 0.686 0.686 0.713* | 0.668 0.741 0.741 0.739
T2 | 05 | 0.673 0.745 0.745 0.734 0.673 0.738* 0.738 0.728 0.703 0.747 0.747 0.747
0.6 | 0.746 0.751 0.751 0.750 0.702 0.747 0.748 0.746 0.709 0.748 0.748 0.748
0.7 | 0.751 0.758 0.758 0.763 0.747 0.755 0.755 0.751 0.747 0.748 0.748 0.748
0.8 | 0.757 0.764 0.764 0.764 0.755 0.760 0.761 0.759 0.748 0.748 0.748 0.748
0.9 | 0.757 0.764 0.764 0.764 0.758 0.763 0.764 0.761 0.748 0.748 0.748 0.756
0.1 | 0.453 0.469 0.469 0.469 0.458 0.475 0.499° 0.524* | 0.407 0.407 0.407 0.447

0.594 0.594 0.545

03 | 0579 0.679 0.679 0.679 0.616 0.682 0.698" 0.701* | 0.577 0577 0.577
0.4 | 0.664 0.734 0.734 0.734 0.648 0.732 0.732 0.734 0.626 0.679 0.679 0.688*
T3 | 05 | 0.719 0.739 0.739 0.739 0.685 0.738 0.738 0.744 0.669 0.734 0.734 0.734
0.6 | 0.737 0.760 0.760 0.760 0.730 0.752 0.752 0.751 0.715 0.734 0.734 0.734
0.7 | 0.758 0.760 0.760 0.760 0.750 0.760 0.760 0.752 0.676 0.739 0.739 0.739
0.8 | 0.760 0.760 0.760 0.760 0.759 0.760 0.760 0.760 0.701 0.739 0.739 0.739
0.9 | 0.760 0.760 0.760 0.760 0.759 0.760 0.760 0.760 0.739 0.749 0.749 0.754
0.1 | 0.343 0.413 0.413 0.413 0.408 0.423 0.439' 0.426 0.344 0344 0.344 0.363*
0.2 | 0.363 0.456 0.456 0.456 0.422 0.457 0.467' 0.462* | 0.364 0.364 0.365 0.394*
0.3 | 0.433 0.491 0.491 0.496* | 0.440 0516 0.518 0.508 0.389 0.395 0.391 0.488*
0.4 | 0.435 0.563* 0.563 0.544 0.441 0540 0.548" 0.547* | 0.525 0.556* 0.556 0.544
T4 | 05 | 0.456 0.573 0.573 0.601* | 0.464 0.587 0.587 0.588 0.544 0.584 0581 0.584
0.6 | 0.480 0.608 0.608 0.612 0.503 0.606 0.606 0.597 0.548 0.609 0.609 0.609
0.7 | 0.547 0.627* 0.627 0.621 0.5639 0.622 0.622 0.621 0.525 0.609 0.609 0.609
0.8 | 0.550 0.628 0.628 0.627 0.556 0.627 0.627 0.627 0.539 0.619 0.619 0.619
0.9 | 0.555 0.629 0.629 0.629 0.563 0.629 0.629 0.629 0.559 0.628 0.628 0.628
0.1 | 0.376 0.442 0.442 0.448 0.431 0.471 0.475" 0.467 0.373 0.374 0.379" 0.379*
0.2 | 0.450 0516 0.516 0.510 0.458 0.540* 0.540 0.528 0.394 0.394 0.409' 0.415*
03 | 0501 0571 0.571 0.571 0.523 0.577 0.580" 0.580* | 0.416 0.545* 0.545 0.461
0.4 | 0.543 0.608* 0.608 0.574 0.561 0.605 0.605 0.600 0.557 0.608 0.608 0.608
T5 | 0.5 | 0.572 0.621* 0.621 0.608 0.581 0.624 0.624 0.617 0.579 0.624 0.624 0.624
0.6 | 0.607 0.638 0.638 0.624 0.608 0.637 0.637 0.625 0.600 0.626 0.625 0.627
0.7 | 0.613 0.647 0.647 0.647 0.621 0.648* 0.648 0.638 0.556 0.648 0.648 0.648
0.8 | 0.633 0.653 0.653 0.651 0.631 0.653 0.653 0.651 0.581 0.652 0.652 0.652
0.9 | 0.642 0.656 0.656 0.656 0.643 0.655 0.655 0.655 0.569 0.655 0.655 0.655

We compute the frequency of each concept using an
estimation error rate of 5% under the 95% confidence
level, which is about 400 documents for all datasets.
We also smooth the sampled frequencies using Bayesian
m-estimates with smoothing parameter of 1 and uni-
form priors. We denote the LEVEL-WISE algorithm as
LW and the dynamic programming algorithm as DP for
brevity. We also compare LW and DP with the APM
algorithm from [50] which finds a design over a set of
concepts. We use all concepts in the taxonomy as a set
of concepts for an input to APM. APM uses a scaling
technique to convert popularities and costs to positive
integers [50]. We set the € value of the scaling for APM
to 0.01. As we have mentioned in Section 3, LW uses
APM to find the optimal design in each level. We set
the scaling factor of APM used by LW to 0.01. We also
perform APM algorithm only over the set of leaf con-
cepts in a taxonomy, and denote it as APM-L.

Since DP also assumes popularity (u), frequency (d)
and cost (w) to be positive integers, we also use scaling
to convert the values of popularity, frequency and cost
of all concept in the input taxonomy to positive inte-
gers [53]. Let umax be the maximum popularity of all
leaf concepts in the taxonomy and e < 1, we scale u(C)
as 4(C) = L%J We use similar techniques to scale
the values of d(C') and w(C). Intuitively, the smaller
the value of ¢ is, the more exact result DP will deliver.
However, DP takes longer to run for smaller values of
€ as the range of U, D and Bieta1 Will become larger.
Since we cannot use a very small value of €, our pre-
liminary results of using this scaling technique shows
that many concepts have u or d values equals to 0 after
scaling. Hence, DP may not explore all feasible designs
and may miss some popular concepts whose d value
are small. Thus, we modify the aforementioned scal-
ing technique by adding a constant value of 1 to both
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@(C) and d(C). This addition ensures that each con-
cept, after the scaling, contributes in the computation
of queriability, and DP will explore all feasible designs.
We set the value of € for DP to 0.05 for the experiments
in this section.

Table 4 shows the values of average MRR for APM,
APM-L, LW and DP over T1, T2, T3, T4 and T5 for all
cost models. Overall, the designs returned by LW and
DP improve the effectiveness of answering queries for all
taxonomies more than the designs returned by APM.
This is because APM does not consider the structural
information of the taxonomy. For instance, consider the
designs returned by APM, DP, and LW over T5 using
uniform cost model. The design of APM includes both
organism and person. The concept organism is a parent
of person and both concepts have almost equally pop-
ular in the query workload. LW and DP use structural
information of the taxonomy when selecting a design,
and thus their selected designs included either organ-
ism or person but not both. LW and DP then spend a
remaining budget on other concepts, and improve the
effective of answering those queries.

Since APM-L returns designs only over leaf concepts
of a taxonomy, as opposed to APM, it does not unnec-
essarily pick a leaf concept and its ancestor(s) in the
same design. Thus, the average MRR values of APM-L
is generally higher than the ones of APM. Hence, they
are more effective than APM.

LW is generally more effective than APM-L. APM-
L and LW chose the same designs over uniform cost
model. In uniform cost model, each leaf concept costs
equal to its ancestor(s), therefore, LW picks only leaf
concepts in its designs. We observe almost the same
trend in the results of the frequency-based cost model.
Since each leaf node in this cost model is less costly
to annotate than its ancestors, as we have explained
in Section 1, LW picks mostly leaf concepts in its de-
signs. Nevertheless, when there is not enough budget
to select some leaf concepts, e.g., budget 0.1 in T5,
LW selects internal nodes. In these cases, APM-L is
not able to include internal nodes to its designs and
delivers significantly lower MRR than LW. The designs
returned by APM-L and LW differ more over random
cost model compared with other cost models, in par-
ticular, for deeper taxonomies, e.g., T3 and T4, and
smaller budgets. Shallow taxonomies, e.g., T1 and T2,
have only two levels of concepts and the given bud-
gets are usually sufficient to select popular concepts in
the leaf level. Hence, both LW and APM-L returns the
same designs. Also, the distribution of popularities in
the leaf concepts for all taxonomies is quite skewed with
a small subset of the leaf concepts being very popular
and the rest having very small degree of popularity in

the query workload. Hence, using a relatively modest
budget, e.g., larger than 0.4, both LW and APM-L can
pick all popular concepts in the leaf level. In other cases,
because LW is able to pick non-leaf concepts, its results
are significantly more effective than the ones of APM-L.

Because DP includes both leaf and non-leaf concepts
in its designs, it is generally more effective than APM-
L. For instance, consider the results of DP and APM-L
over T2 for budget 0.3 using random cost model. In
this taxonomy, concept writing is the parent of both
concepts literary composition and dramatic composi-
tion. APM-L picks literary composition and dramatic
composition while DP picks literary composition and
writing. The design of APM-L can effectively answer
queries about literary composition and dramatic com-
position. The design returned by DP can answer queries
about literary composition effectively and also provide
reasonably effective results for queries about all chil-
dren of writing. Hence, the average MRR values of DP
is higher than the ones of APM-L.

The results shown in Table 4 indicate that the de-
signs returned by DP are more effective than those re-
turned by LW for small budgets and small taxonomies
such as T1, T2 and T3. However, the designs returned
by LW are more effective than those delivered by DP
for moderate to large budgets, e.g., 0.4-0.7. Because
the frequencies and popularities of concepts in most
taxonomies follow a power-law distribution, most of all
concepts have frequency and popularity close to zero.
When a given budget is very small, neither methods
have a sufficient budget to select the concepts with
medium or small frequencies and popularities. However,
over sufficiently large budgets, both algorithms are able
to select some of these concepts. If the DP algorithm
does not use sufficiently small values for e, concepts
with considerably different frequencies and popularities
may end up with equal values of scaled frequencies and
popularities. Since it takes a very long time to run DP
with an € value less than 0.05, one cannot use a suf-
ficiently small value of € to preserve the differences in
popularities and frequencies for all concepts As the DP
algorithm is not able to distinguish these concepts, it
may not be able to find a design with the most queri-
ability. Since we are able to run LW using sufficiently
small scaling factors in its APM component, LW often
returns more effective designs than DP over relatively
large budgets.

Table 5 shows the values of average MRR for APM,
APM-L, and LW over T6, T7, and T8 for all cost mod-
els. The results of budgets greater than 0.6 are omitted
because they are the same as the budget 0.6. We do not
report any result for DP over T6, T7 and T8 because
the algorithm does not terminate for almost all budgets
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Table 5 Average MRR for APM, APM-L and LW over T6 and T8. Statistically significant differences between APM and LW,
between APM and APM-L, and between APM-LW and LW are marked in bold, italic and underline, respectively.

| Uniform Cost |

Random Cost |

Frequency-based Cost

B [ APM APM-L W [ APM APM-L W | APM APM-L LW
0.01 0.235 0.235 0.235 | 0.375 0.291 0.403 | 0.259 0.259 0.259
0.05 0.411 0.474 0.474 | 0412 0.491 0.497 | 0311 0.327 0.327
0.1 0.461 0.564 0.564 | 0.466 0.559 0.563 | 0.333 0.380 0.380
0.2 0.583 0.625 0.625 | 0.589 0.624 0.625 | 0.392 0.397 0.404
T6 | 03 0.627 0.648 0.648 | 0.623 0.647 0.648 | 0.403 0.410 0.417
0.4 0.631 0.652 0.652 | 0.638 0.652 0.652 | 0.418 0.589 0.589
0.5 0.642 0.653 0.653 | 0.642 0.653 0.653 | 0.573 0.626 0.626
0.6 0.646 0.653 0.653 | 0.646 0.653 0.653 | 0.577 0.632 0.632
0.01 0.344 0.380 0.380 | 0.385 0.391 0.406 | 0.286 0.285 0.310
0.05 0.448 0.525 0.525 | 0.451 0.517 0.530 | 0.371 0.403 0.403
0.1 0.545 0.609 0.609 | 0.550 0.612 0.616 | 0.410 0.460 0.460
0.2 0.637 0.669 0.669 | 0.633 0.671 0.671 | 0.464 0.463 0.461
T7 | 03 0.659 0.682 0.682 | 0.667 0.683 0.683 | 0.464 0.602 0.602
0.4 0.677 0.686 0.686 | 0.675 0.686 0.686 | 0.606 0.642 0.642
0.5 0.683 0.686 0.686 | 0.681 0.686 0.686 | 0.609 0.646 0.646
0.6 0.684 0.686 0.686 | 0.684 0.686 0.686 | 0.611 0.662 0.662
0.001 0.357 0.357 0.357 | 0.365 0.334 0.407 | 0.277 0.277 0.277
0.005 | 0.433 0.452 0.452 | 0.462 0.470 0.473 | 0.316 0.336 0.334
0.01 0.537 0.517 0.517 | 0.535 0.535 0.535 | 0.355 0.372 0.379
0.05 0.686 0.707 0.707 | 0.712 0.712 0.712 | 0.479 0.561 0.561
T8 0.1 0.730 0.738 0.738 | 0.738 0.738 0.738 | 0.541 0.598 0.598
0.2 0.740 0.743 0.743 | 0.742 0.742 0.742 | 0.570 0.704 0.704
03 0.742 0.743 0.743 | 0.743 0.743 0.743 | 0.665 0.716 0.716
0.4 0.743 0.743 0.743 | 0.743 0.743 0.743 | 0.680 0.737 0.737
0.5 0.743 0.743 0.743 | 0.743 0.743 0.743 | 0.651 0.737 0.737
0.6 0.743 0.743 0.743 | 0.743 0.743 0.743 | 0.668 0.737 0.737

after several days. Table 5 indicates that the designs re-
turned by LW are generally more effective than the ones
of APM and APM-L. Similar to the experiments over
T1-T5, APM-L and LW return the same designs for uni-
form cost model. Because of a very skewed distribution
of concept popularity in T6, T7 and T8, budgets of 0.4
for T6 and T7, and 0.2 for T8 are sufficient to create a
design that includes all leaf concepts that appear in the
query workloads in random and frequency-based cost
models. Hence, APM, APM-L and LW deliver almost
equally effective designs for relatively large budgets.

To further evaluate and compare the aforementioned

algorithms for relatively small budgets, we evaluate APM,

APM-L and LW using budgets 0.01 and 0.05 for T6, T7
and T8 and budgets 0.001 and 0.005 for T8 as shown in
Table 5. LW is significantly more effective than APM-L
and APM for these budgets. For relatively small bud-
gets, it is more preferable to pick relatively many nodes
in non-leaf levels instead of choosing a rather small
number of leaf concepts. The designs of APM-L con-
tain a small number of leaf concepts and significantly
improve the effectiveness of answering queries of those
concepts. However, the designs of LW contain more con-
cepts, which are the internal nodes in the taxonomy and
improve the effectiveness of answering all queries that
refer to children of the chosen concepts. Hence, the de-
signs of LW improve the effectiveness of many more
queries than the ones of APM-L and APM, therefore,
they deliver larger overall MRR.

Table 6 Average MRR of QM and DPC using different val-
ues of € over T1, T2 and T3. Statistically significant difference
between QM and DPC are marked in bold. B denotes a given
budget.

B ‘ QM ‘ DPCO‘05 DPCOAI DPC0‘2

0.25 | 0.426 0.299 0.364 0.413

T1 0.50 | 0.488 0.464 0.464 0.464
0.75 | 0.507 0.507 0.507 0.507

1 0.507 0.507 0.507 0.507

0.25 | 0.609 0.596 0.594 0.594

To 0.50 | 0.747 0.743 0.742 0.695
0.75 0.763 0.759 0.755 0.750

1 0.764 0.764 0.764 0.764

0.25 | 0.707 0.662 0.655 0.655

T3 0.50 | 0.756 0.747 0.741 0.729
0.75 | 0.760 0.760 0.758 0.749

1 0.760 0.760 0.760 0.760

8.3.1 Dynamic Programming with Cost-Dependency

Table 6 show the values of MRR for Queriability Max-
imization (QM) and dynamic programming algorithm
with cost dependencies (DPC) over T1, T2 and T3 tax-
onomies. The cost for each concept in these taxonomies
has been randomly generated and depends on which an-
cestors of the concept have been selected in the design.
The budgets that cover all leaf nodes in T1, T2 and
T3 are 1, and the budget that cover all nodes are 1.25,
1.1 and 1.1, respectively. QM is a brute force algorithm
that explores all feasible solutions and finds the design
with maximum queriability. Because the space of the
possible solutions for this problem is larger than the
original CECD problem, it takes much longer to run
QM for this problem. Hence, we have covered a smaller
range of budgets in this set of experiments. The results



Cost-Effective Conceptual Design Using Taxonomies

21

Table 7 Average running time (minute) of APM, LW, DP
and DPC.

DP DPC
‘ APM ‘ LW } e = 0.05 0.1 % e=01 0.2
T4 1 1 127 11 151 12
T5 1 1 184 15 778 77
T6 1 1 - - 520
T7 1 1 -
T8 1 1

shown in Table 6 indicate that the smaller the value of
€, the closer the average MRR of the designs returned
by DPC are to the ones delivered by QM.

8.4 Efficiency of Proposed Algorithms

We measure the running times of LW and DP over mod-
erate and large taxonomies, i.e., T4, T5, T6, T7 and
T8, and set the available main memory of Java Virtual
Machine to 64GB. Table 7 shows the average running
times of APM, LW and DP for T4, T5, T6, T7 and
T8 over budgets 0.1 to 0.9. Some results of DP are not
reported because the algorithms did not finish after a
day. Overall, LW is as efficient as APM, and it is more
efficient than DP. Because the size of the table required
in the DP algorithm is substantially large for e = 0.05,
it occupies most of the available main memory. Thus,
the running time of DP is longer than APM and LW.
Therefore, LW scales for large taxonomy and is efficient
for a design-time task. On the other hand, DP has a
reasonable running time for T4 and T5, but it does not
scale for large taxonomy such as T6, T7 and T8.

8.4.1 Dynamic Programming with Cost-Dependency

Table 7 shows the average running times of DPC for
T4, T5, T6, T7 and T8 over budgets 0.25, 0.5, 0.75 and
1 using the scaling factor, ¢, of 0.1 and 0.2. We do not
report the running time of DPC using e = 0.1 for T6, T7
and T8 and DPC using € = 0.2 for T7 and T8 because
the algorithm did not finish after a day. Because DPC
requires a larger table than the one required for DP, the
running time of DPC is longer than that of DP for the
same scaling factor, i.e., e. Hence, we run DPC using
only € values of 0.1 and 0.2. Overall, DPC with ¢ = 0.1
is reasonably efficient to perform a design-time task for
a taxonomy of up to size 70, and DPC with ¢ = 0.2 is
reasonably efficient for a taxonomy of up to size 200.

Table 8 The numbers of queries with multiple concepts with
the minimum, average and maximum numbers of concepts per
query for T4, T5, T6, T7 and T8.

Taxonomy‘ T4‘ T5 ‘ T6 ‘ T7 ‘ T8

#queries | 687 | 1578 | 1403 | 1882 | 2603
minimum F£concepts 2 2 2 2 2
maximum Fconcepts 4 4 5 5 5

average #concepts | 2.2 2.1 2.2 2.2 2.2

8.5 Queries With Multiple Concepts
8.5.1 Validation and Effectiveness

We have selected all queries with multiple concepts
which belong to T1, T2 and T3 from our query work-
load and filtered out the queries whose ranking qual-
ity is not improved by annotating all concepts in the
corresponding taxonomy. This results in 6, 37 and 8
queries over T1, T2 and T3, respectively. The num-
ber of concepts for each query is 2. Because there are
not enough queries with multiple concepts for T1 and
T3, we do not evaluate our models over T1 and T3.
Since the number of queries with one concept over T2
is seven times larger than the number of multiple con-
cepts, we randomly select a subset of queries with one
concept from the original query workload and combine
them with the queries with multiple concepts over T2.
The new query workload contains 106 queries. We run
Oracle, the queriability maximization over queries with
multiple concepts (M QM ), the LEVEL-WISE algorithm
for multiple concepts (M LW), and the LEVEL-WISE al-
gorithm (LW) over the query workload. Oracle is de-
scribed in Section 8.2. MQM enumerates all feasible
designs over the input taxonomy and returns the one
with maximum queriability as computed in Section 6.
Table 9 shows the values of average MRR for Oracle,
MQM, MLW and LW algorithms over T2. MQM gen-
erally returns the designs similar to those of Oracle.
The designs returned by MLW also deliver close aver-
age MRR the ones delivered by MQM in most cases.
Overall, MLW significantly outperforms LW over T2.

We have also evaluated the effectiveness of MLW
and LW over taxonomies T4, T5, T6, T7 and T8. We
have selected all queries with multiple concepts over T4,
T5, T6, T7 and T8 from our query workload. Table 8
shows the numbers of queries with multiple concepts
and the minimum, average and maximum numbers of
concepts per query for T4, T5, T6, T7 and T8. Table 10
shows the values of MRR for MLW and LW algorithms
over T4, T5, T6, T7 and T8. Overall, the designs re-
turned by MLW deliver significantly higher MRR than
the designs selected by LW over all taxonomies.
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Table 9 Average MRR for Oracle, MQM, MLW and LW over T2. Statistically significant difference between MQM and Oracle,
MQM and MLW, and MLW and LW are marked in italic, bold, and underline, respectively. B denotes a given budget.

Uniform Cost

Random Cost |

Frequency-based Cost

|
B [ Oracle

MQM MLW [W [ Oracle MQM MIW LW | Oracle MQM MLW [W
01 0.517 0430 0.491 0491 0.577 0.491 0.465 0.454 0.569 0.569 0.569 0.569
0.2 0.593 0.577 0.516 0.523 0.651 0.596 0.569 0.529 0.657 0.657 0.657 0.657
0.3 0.747 0.602 0.600 0.526 0.785 0.657 0.670 0.577 0.758 0.682 0.682 0.682
0.4 0.826 0.796 0.796 0.563 0.826 0.791 0.791 0.618 0.829 0.829 0.829 0.829
0.5 0.850 0.821 0.821 0.576 0.846 0.832 0.832 0.626 0.832 0.832 0.832 0.829
0.6 0.859 0.852 0.852 0.576 0.862 0.837 0.837 0.663 0.832 0.832 0.832 0.832
0.7 0.865 0.865 0.865 0.823 0.862 0.852 0.852 0.768 0.832 0.832 0.832 0.832
0.8 0.865 0.865 0.865 0.832 0.862 0.862 0.862 0.835 0.832 0.832 0.832 0.832
0.9 0.865 0.865 0.865 0.865 0.862 0.862 0.862 0.858 0.861 0.861 0.861 0.832

We have observed less difference between the results
of MLW and LW when the distribution of concept pop-
ularity in the taxonomy is less skewed. This is because,
when the popularity distribution is very skewed, both
algorithms select all or most relatively popular con-
cepts. Hence, they selected designs are almost equally
effective. For example, the distribution of concept fre-
quencies in T6 is considerably more skewed than those
of the concepts in T7, thus, the designs delivered by
MLW and LW over T6 are significantly more different
than the ones these algorithms return over T7.

8.5.2 Efficiency

We measure the average running times of MLW over
moderate and large taxonomies, i.e., T4, T5, T6, T7
and T8, and set the available main memory of the Java
Virtual Machine to 64GB. The average running times
of MLW for T4, T5, T6, T7 and T8 over budgets 0.1 to
0.9 are 3, 3, 4, 4 and 8 minutes, respectively, which are
reasonable for a design-time task.

9 Related Work

Researchers have examined the problem of selecting
cost effective designs from an unorganized set of con-
cepts for annotation [50]. Nevertheless, the concepts in
most real-world domains are maintained in taxonomies
rather than unorganized sets. As the framework pro-
posed in [50] does not consider superclass/subclass re-
lationships between concepts, it cannot measure the
effectiveness gained by designs over taxonomies. Be-
cause taxonomies have richer structures than unorga-
nized sets of concepts, they provide new opportunities
and challenges for finding cost-effective conceptual de-
signs. We show in Section 2.4 that because the algo-
rithms in [50] do not consider the structure of taxon-
omy, they select the designs that provide very ineffec-
tive answers. OQur empirical results over real-world data-
sets in Section 8.3 also indicate that the algorithms in
[50] deliver considerably less effective designs than the

Table 10 Average MRR for MLW and LW over T4, T5, T6,
T7 and T8. Statistically significant differences between MLW
and LW are marked in bold. B denotes a given budget.

| Uniform Cost | Random Cost | Frequency-based Cost
B [ MLW LW [ MLW LW [ MLW LW
0.1 0.334 0.274 0.448 0.368 0.574 0.487
0.2 0.622 0.488 0.638 0.487 0.721 0.629
0.3 0.748 0.509 0.827 0.601 0.770 0.770
0.4 0.873 0.712 0.880 0.712 0.773 0.784
T4 0.5 0.873 0.733 0.887 0.749 0.815 0.799
0.6 0.873 0.833 0.890 0.813 0.845 0.799
0.7 0.901 0.872 0.901 0.868 0.845 0.862
0.8 0.901 0.862 0.912 0.894 0.902 0.872
0.9 0.929 0.930 0.924 0.930 0.900 0.873
0.1 0.466 0.430 0.619 0.466 0.674 0.536
0.2 0.799 0.673 0.803 0.645 0.708 0.695
0.3 0.807 0.810 0.819 0.729 0.719 0.728
0.4 0.826 0.743 0.828 0.784 0.827 0.745
T5 0.5 0.834 0.811 0.833 0.819 0.838 0.773
0.6 0.848 0.848 0.866 0.845 0.852 0.800
0.7 0.883 0.840 0.883 0.840 0.863 0.851
0.8 0.883 0.846 0.883 0.850 0.874 0.856
0.9 0.883 0.869 0.883 0.862 0.883 0.876
0.1 0.794 0.473 0.796 0.545 0.765 0.763
0.2 0.813 0.508 0.840 0.561 0.827 0.777
0.3 0.883 0.667 0.882 0.690 0.853 0.799
0.4 0.884 0.795 0.884 0.810 0.857 0.813
T6 0.5 0.890 0.887 0.890 0.887 0.871 0.820
0.6 0.892 0.920 0.894 0.897 0.888 0.887
0.7 0.901 0.838 0.912 0.833 0.908 0.896
0.8 0.932 0.906 0.932 0.913 0.932 0.903
0.9 0.932 0.906 0.932 0.913 0.939 0.926
0.1 0.764 0.778 0.771 0.778 0.723 0.605
0.2 0.858 0.805 0.856 0.552 0.762 0.717
0.3 0.860 0.848 0.860 0.852 0.779 0.731
0.4 0.872 0.876 0.872 0.876 0.826 0.791
T7 0.5 0.875 0.768 0.876 0.767 0.845 0.846
0.6 0.880 0.867 0.882 0.861 0.855 0.855
0.7 0.889 0.895 0.889 0.895 0.866 0.866
0.8 0.889 0.895 0.889 0.845 0.875 0.874
0.9 0.890 0.896 0.901 0.896 0.895 0.895
0.1 0.882 0.783 0.880 0.793 0.776 0.548
0.2 0.883 0.848 0.890 0.844 0.785 0.511
0.3 0.887 0.848 0.893 0.859 0.791 0.589
0.4 0.889 0.867 0.895 0.876 0.798 0.654
T8 0.5 0.894 0.887 0.896 0.888 0.802 0.736
0.6 0.896 0.896 0.898 0.892 0.846 0.750
0.7 0.896 0.896 0.900 0.892 0.881 0.754
0.8 0.901 0.901 0.901 0.892 0.891 0.894
0.9 0.901 0.901 0.901 0.894 0.900 0.900

ones that take the structure of the taxonomy into ac-
count. Furthermore, the authors in [50] do not consider
the cost dependencies between concepts. They also as-
sume that each query refers to only a single concept.
There is a large body of work on building large-scale
data management systems for annotating and extract-
ing entities and relationships from unstructured data
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sources [17, 31]. In particular, researchers have pro-
posed several techniques to optimize the running time
and/or required computational resources of concept an-
notation programs by processing only a subset of the
underlying collection that is more likely to contain men-
tions to entities of a given concept [30, 31]. Our work
complements these efforts by finding a cost-effective set
of concepts in the design phase rather than a set of
relevant documents in query time. Furthermore, our
framework can handle other types of costs than com-
putational overheads.

We have previously published our preliminary re-
sults on the problem of cost-effective conceptual de-
sign over taxonomies in a short workshop paper [52].
In that paper, we have formally defined the problem
for tree taxonomies and introduced an approximation
algorithm for it. The current submission significantly
extends the previous work in the following directions.
First, we present an exact algorithm to solve the prob-
lem over tree taxonomies. Second, the cost of annotat-
ing a concept may change if the instances of its ances-
tor(s) in the taxonomy have already been annotated.
We propose an exact algorithm for this case of CECD
problem. Third, queries over a dataset often refer to
entities from multiple concepts. We introduce the prob-
lem of CECD in which queries may refer to multiple
concepts and propose efficient algorithms to solve the
problem over both unorganized sets of concepts and tree
taxonomies. Fourth, we formalize and investigate the
problem of CECD over taxonomies that are directed
acyclic graphs. Fifth, the current submission contains
extensive empirical results that validate our formaliza-
tions of the aforementioned variations of the problem
and evaluate the effectiveness and efficiency of our pro-
posed algorithms. Finally, this submission contains the
proofs for our theoretical results in [52].

10 Conclusion

We introduced the problem of cost-effective conceptual
design using taxonomies, where given a taxonomy, one
would like to find a subset of concepts in the taxon-
omy whose total cost does not exceed a given budget
and improves the effectiveness of answering queries the
most. We proved the problem is NP-hard and proposed
efficient approximation algorithms and exact algorithm
with pseudo-polynomial running time for different ver-
sions of the problem over tree taxonomies. We also
proved that it is not possible to find any approximation
algorithm with reasonably small approximation ratio or
pseudo-polynomial time exact algorithm for the prob-
lem when the taxonomy is a directed acyclic graph.
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Appendix

A Proofs

Proof of Theorem 1

Proof The problem of CECD can be reduced to the problem
of choosing a cost-effective design from a set of concepts by
creating a taxonomy X = (R,C,R) where all nodes except
for R are leaf concepts. Since the problem of choosing cost-
effective concepts from a set of concepts is NP-hard [50],
CECD is also NP-hard. O

Proof of Lemma 1
Proof Wehave > u(C)d(C) < u(Cmax) Y.
C Efree(S) C efree(S)

Since the frequencies of leaf concepts in X follow a power-law
distribution, we have that >,  d(C) < 1+log(|leaf(C)|)
C€1leaf (C)
where leaf(C) is the set leaf concepts in C and |leaf(C)| is the
number of such concepts. Since |leaf(C)| < |C|, we have that
QUtree(S) < 3. w(C)d(C) < (1+10g|Cl) u(Cuma) <

Ccfree(S)
2u(Cmax) log [C|. O

Proof of Theorem 2

Proof Let S* be a disjoint design over X with total cost at

most B that maximizes QU function. Let S*[i] be the set of

concepts in S* of level 4, i.e., S*[i] = S* NC[i]. Since S* is a

disjoint design, for all 1 < 4,j < h, part(S*[i]) N part(S*[j])

= 0. Thus, QU(S*) = > QU(S*[i]) + QU(free(S*)).
1<i<h

Next, we consider the twoi)(;ssible cases. First, assume that
Sk QU(S*[i]) > QU(free(S*)). It follows that the LEVEL-
WISE algorithm returns a (Pf—h_)—approximate solution of the
disjoint CECD defined over X.

In the other case in which QU (free(S*)) is larger than
the other term, by Lemma 1, extracting the concept with the
4log(lCDy_ i i

—— )-approximation. These

h+log |C
(o -

proximation. O

maximum u value gives a (

two cases together imply that we have an O

d(C).

Proof of Theorem 4

Proof Construct an instance M of SU-KNAPsSAcK from the
MC-CECD instance as described in the preceding paragraph
of Theorem 4.

For each pair of concepts C;, Cj, the total cost of 7; :=
({Ci},{C;}) is equal to the total cost of Zp := ({Cs},{Cj},
{Ci,Cj}), and all elements have positive profits. If items
{Ci},{C;} are selected in an optimal solution of M, item
{C;,C;} will also be picked. Thus, an optimal solution of
M corresponds to a design S in MC-CECD: Zs = 0 U
UcestCrUUg, c,es{C1,C2}. Furthermore, the profit of

Isis:p(Zs) =p(0)+ X ces PUCH+ ¢, c,es PHCL, C2})
= QU(S). Hence, the algorithm of [5| return a design whose
queribility is at least (1 — 1/e*+1) time the queribility of an
optimal design. O

Proof of Theorem 5

Proof We wuse the following construction to reduce
DensesT-k-SuBGRAPH to CECD problem over DAG. Given
a graph G = (V, E) and a number k, we build an instance of
the CECD over a DAG taxonomy as follows. For each edge
e € E, we introduce a leaf concept a., and for each vertex
v € V, we introduce a leaf concept a, and a non-leaf concept
Sw such that S, is an ancestor of a, and all a. corresponding
to the incident edges of v in G. Further, we set the budget B
to k, the cost of each non-leaf concept to 1, and the cost of
leaf concepts to k + 1. If we select S, and S, in the design
and (u,v) € E, ae will be a singleton partition. We set the
popularities and frequencies of all concepts in the taxonomy
respectively to the same fixed values u and d. Let m be the
number of edges in G and n be the number of vertices in G.
For each partition p € part(S), we set d(p) = 1/8if pis a
singleton edge concept and d(p) = 1 otherwise. (3 is a parame-
ter which we determine later in the proof. Since leaf concepts
are not affordable, there is an optimal design with exactly
k non-leaf concepts. In each design S of size k, the contri-
bution of every leaf concept in a non-singleton edge concept
partition is exactly ud. Let Hs be the set of vertices in G
whose corresponding non-leaf concepts in C are in S. E(Hs)
denotes the set of edges with both endpoints in Hs. It corre-
sponds to the set of edge-concepts of C whose both non-leaf
concepts associated with their endpoints are in S. Let SopT
be the solution of CECD corresponding to an optimal so-
lution of the DENSEST-k-SUBGRAPH. We have QU (SopT) =
ud(B -t +m+n —t) where ¢t denotes the number of edges in
Hs,pr. Let A be an a-approximation algorithm of CECD,
and S4 be the a-approximate design returned by .A. Let
QU(S4) = ud(t'-B+m+n—t") where t’ is the number of edges
whose both endpoint are in S 4. Since A is an a-approxima-
tion algorithm of CECD, t-8+m+n—t < a(t’-B+m+n—t').
Thus, t < t’-a+(m+n)-g—j. Setting 8 = (m+n)(a—1)+1
leads to O(«)-approximation for the DENSEST-k-SUBGRAPH.

O

Proof of Corollary 1

Proof By setting 8 = W + 1 in proof of Theo-
rem 5 and using the hardness result of [32], no polynomial
time approximation scheme algorithm exists for CECD un-
less NP C Ne~oBPTIME(2™"). |

Proof of Corollary 2

Proof It follows from the hardness result of [36] and Theo-
rem 5. O



