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EDITORIAL

This second issue in Volume 16 of the Computer Science and Information Systems
journal consists of nine regular articles and extended versions of five papers selected
from the 8th International Conference on Web Intelligence, Mining and Semantics
(WIMS) which was held in Novi Sad, Serbia, on June 25-27, 2018. As is customary, we
gratefully acknowledge all the hard work and enthusiasm of our authors and reviewers,
without whom the current issue would not have been possible.

Before turning to the contents of the issue, we have the pleasure of announcing the
new impact factors of ComSIS. The new two-year impact factor for 2018 is 0.620,
while the five-year impact factor is 0.742.

The regular article section begins with “Majority Vote Feature Selection Algorithm
in Software Fault Prediction” where Emin Borandag et al. tackle the problem of
identification and location of defects in software projects by isolating the most
influential software metrics using various feature rankers. It experimentally is shown
that employing most significant metrics as features enhances defect prediction, i.e.
classification performance of multiple machine-learning algorithms.

Jiawei Li et al., in “Goal-oriented Dependency Analysis for Service Identification,”
explore the important aspect of service-oriented architecture systems — service
identification. The article considers dependency analysis in the business process
management domain, applying a dependency tree featuring the relationships among
requirements. The dependency relations are analyzed to create business processes via
scenarios comprising requirements and process fragments.

The article “Intelligent Query Processing in P2P Networks: Semantic Issues and
Routing Algorithms,” by AL Nicolini et al. surveys and discusses the major algorithms
for query routing in unstructured P2P networks in which semantic aspects (e.g.
provenance, nodes’ history, topic similarity, etc.) play a major role. A general
comparative analysis is included, associated with a taxonomy of P2P networks based on
their degree of decentralization and the different approaches adopted to exploit the
available semantic aspects.

“Dimension Reduction and Classification of Hyperspectral Images based on Neural
Network Sensitivity Analysis and Multi-instance Learning,” authored by Hui Liu et al.,
addresses two issues regarding hyperspectral image classification: high dimensionality
and identification of objects as either a “different body with the same spectrum” or
“same body with a different spectrum,” making it difficult to maintain the correct
correspondence between ground objects and samples. In this respect, the proposed
method combines neural network sensitivity analysis with a multi-instance learning
algorithm based on a support vector machine to achieve dimension reduction and
accurate classification for hyperspectral images.



In “Density-Based Clustering with Constraints,” Piotr Lasek and Jarek Gryz present
extensions of classical density-based clustering algorithms, NBC and DBSCAN,
allowing specification of instance constraints. Knowledge about anticipated groups can
be applied by specifying the so-called must-link and cannot-link relationships between
objects or points. Experiments show that instance constraints improve clustering quality
with negligible computational overhead related to constraint processing.

Mathias Longo et al., in their article “Reducing energy usage in resource-intensive
Java-based scientific applications via micro-benchmark based code refactorings,”
examine energy efficiency in Java-based high-performance computing for scientific
applications. They revisit a catalog of Java primitives commonly used in scientific
programming, or micro-benchmarks, to identify energy-friendly versions of the same
primitive. The micro-benchmarks are then applied to classical scientific application
kernels and machine learning algorithms. Evaluation shows significant reductions of
energy usage at both the micro-benchmark and application levels.

“Product Reputation Mining: Bring Informative Review Summaries to Producers and
Consumers,” authored by Zhehua Piao et al. proposes a novel product reputation mining
approach based on three points of view: word, sentence, and aspect levels. Aggregating
the three scores, the reputation tendency and preferred intensity are measures, and top-k
informative review documents about the product are selected. Their experiments show
that the method produces more helpful results than the existing lexicon-based approach.

In their article entitled “A Tripartite-Graph Based Recommendation Framework for
Price-Comparison Services,” Sang-Chul Lee et al. present a novel application of
recommending items to users in price-comparison services. First, it is examined why
existing recommendation methods cannot be directly applied to price-comparison
services, and then three recommendation strategies are proposed, tailored to price-
comparison services: (1) using click-log data to identify users’ preferences, (2) grouping
similar items together as a user’s area of interest, and (3) exploiting the category
hierarchy and keyword information of items.

To finalize the regular article section, “Logical Filter Approach for Early Stage
Cyber-Attack Detection,” by Vacius Jusas et al. considers the problem of early detection
of long-lasting cyber attacks, where detailed monitoring of network and system
parameters is required to be able to accurately identify the early stages of the attack. The
article proposes to consider an attack chain consisting of nine stages, proposing a
method to detect early-stage cyber attacks based on attack-chain analysis using
hardware implementation of logical filters. Experimental evidence supports the
possibility to detect attacks in the early stages.

Editor-in-Chief
Mirjana Ivanovi¢

Managing Editor
Milo$ Radovanovié



GUEST EDITORIAL

Special Section on Web Intelligence, Mining and Semantics

We have the pleasure to introduce the special section of the Computer Science and
Information Systems journal focused on Web Intelligence, Mining and Semantics.

This special section brings to the reader new research results in the areas of Web
Intelligence, Mining and Semantics, with special focus on the synergies between
intelligent methods on one side and applications on the other side. We hope that the
papers selected for inclusion in this special section will be a valuable resource for
researchers and practitioners working in these contemporary research areas.

This special section includes extended versions of selected papers from the 8th
International Conference on Web Intelligence, Mining and Semantics (WIMS) held on
June 25-27, 2018 in Novi Sad, Serbia. There were 51 submissions to the conference
from 30 countries. From the list of accepted papers, 5 papers with high review scores
were selected and invited to be extended and submitted to this special section. Finally,
after two peer-review rounds, all of them were carefully revised, extended, and
improved, and judged acceptable for publication in this special section.

Starting this section is the article “On Approximate k-Nearest Neighbor Searches
Based on the Earth Mover’s Distance for Efficient Content-Based Multimedia
Information Retrieval” by Min-Hee Jang et al., which tackles the problem of too high
computational complexity of Earth Mover’s Distance (EMD) for multimedia
applications by proposing an approximate k-nearest neighbor (k-NN) search method
based on EMD. The method relies on the M-tree index structure and post-processing,
achieving significant improvement in computational performance with small errors.

The question “How Much Topological Structure Is Preserved by Graph
Embeddings?” posed in their article by

Xin Liu et al. is investigated from four aspects: (1) How well the graph can be
reconstructed based on the embeddings, (2) The divergence of the original link
distribution and the embedding-derived distribution, (3) The consistency of
communities discovered from the graph and embeddings, and (4) To what extent can
embeddings be employed to facilitate link prediction. It is shown that it is insufficient to
rely on the embeddings to reconstruct the original graph, to discover communities, and
to predict links at a high precision, meaning that embeddings created by the state-of-the-
art approaches can only preserve part of the topological structure.

“Outlier Detection in Graphs: A Study on the Impact of Multiple Graph Models” by
Guilherme Oliveira Campos et al. studies the impact of the graph model on outlier
detection performance and the gains that may be achieved by using multiple graph
models and combining the results. It is shown that assessing the similarity between
graphs may be a guidance to determine effective combinations, as less similar graphs
are complementary with respect to outlier information they provide and lead to better
outlier detection.



iv

Drazen Brdjanin et al., in “Automated Two-phase Business Model-driven Synthesis
of Conceptual Database Models” present an approach to automated two-phase business
process model-driven synthesis of conceptual database models, based on the
introduction of a domain specific language (DSL) as an intermediate layer between
different source notations and the target notation, which splits the synthesis into two
phases: (1) automatic extraction of specific concepts from the source model and their
DSL-based representation, and (2) automated generation of the target model based on
the DSL-based representation of the extracted concepts.

Finally, in “Lexicon Based Chinese Language Sentiment Analysis Method,” Jinyan
Chen et al. propose a method to identify sentiment in Chinese social media posts, tested
on posts sent by visitors of the Great Barrier Reef on the most popular Chinese social
media platform Sina Weibo. The article elaborates on the process of capturing weibo
posts, describes lexicon construction, and develops and explains the algorithm for
sentiment calculation.

We gratefully acknowledge all the hard work and enthusiasm of authors and
reviewers, without whom the special section would not have been possible.

Guest editors

Yannis Manolopoulos,
Open University of Cyprus, Cyprus

Mirjana Ivanovic,
University of Novi Sad, Serbia

Rajendra Akerkar,
Western Norway Research Institute, Norway
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A Tripartite-Graph Based Recommendation Framework
for Price-Comparison Services*

Sang-Chul Lee!, Sang-Wook Kim?, Sunju Park?, and Dong-Kyu Chae!

! Department of Computer and Software
Hanyang University, Republic of Korea
{korly, wook, kyu899} @hanyang.ac.kr

2 School of Business
Yonsei University, Republic of Korea
boxenju@yonsei.ac.kr

Abstract. The recommender systems help users who are going through numerous
items (e.g., movies or music) presented in online shops by capturing each user’s
preferences on items and suggesting a set of personalized items that s/he is likely to
prefer [8]]. They have been extensively studied in the academic society and widely
utilized in many online shops [33]]. However, to the best of our knowledge, recom-
mending items to users in price-comparison services has not been studied extensively
yet, which could attract a great deal of attention from shoppers these days due to its
capability to save users’ time who want to purchase items with the lowest price [31]].
In this paper, we examine why existing recommendation methods cannot be directly
applied to price-comparison services, and propose three recommendation strategies
that are tailored to price-comparison services: (1) using click-log data to identify
users’ preferences, (2) grouping similar items together as a user’s area of interest,
and (3) exploiting the category hierarchy and keyword information of items. We
implement these strategies into a unified recommendation framework based on a
tripartite graph. Through our extensive experiments using real-world data obtained
from Naver shopping, one of the largest price-comparison services in Korea, the
proposed framework improved recommendation accuracy up to 87% in terms of
precision and 129% in terms of recall, compared to the most competitive baseline.

Keywords: recommendation systems, price-comparison services, random walk with
restart.

1. Introduction

Most online shoppers are price sensitive. Since the price of an item may differ from one
site to another, the shopper who is looking for a bargain has to visit many shopping sites to
compare prices. To save the users’ efforts, major portals, such as Googleﬂ Yahooﬂ Binﬂ
and Navelﬂ provide a price-comparison service.The price-comparison service is useful
to the users who know exactly what they are looking for. The user who only has a vague

* Corresponding author: Sang-Wook Kim (wook @hanyang.ac.kr)
3 Google shopping, http://shopping.google.com

4 Yahoo! shopping, http://shopping.yahoo.com

3 bing shopping, http:/shopping.bing.com

6 Naver shopping, http://shopping.naver.com
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idea about the item of his interest, on the other hand, still needs to go through numerous
items presented by the price-comparison service to narrow their search. A recommendation
system [1121,34,38,46], if provided in conjunction with the price-comparison service, can
aid the user in the process of finding preferable item(s).

When a price-comparison site adopts the traditional recommendation systems, it may
face several difficulties. If the price-comparison site does not keep record of users’ explicit
feedbacks [28),30] such as item ratings and purchasing history, it cannot directly utilize
the recommendation systems with them. The price-comparison site often suffers from
gathering users’ explicit feedbacks because it does not sell items but provide link to each
shopping mall selling the items. Therefore, we can consider using implicit feedbacks such
as click log and search log [[19].

The recommendation systems based on implicit feedback, however, cannot produce
high-quality recommendation because of the following two distinct characteristics of the
price-comparison service. First, the same item may be regarded as different in online
shopping, since online shopping sites often use different titles for the same item. This
makes it difficult to differentiate whether two users have clicked or searched the same
item or different items. Thus, the recommendation system with implicit feedbacks may
not be able to correctly compute the similarity [[17,[24}/56] between users’ preferences.
Second, most users utilize the price-comparison service without log-in, and thus the
price-comparison service provider cannot collect enough data about the user’s history
on clicked or searched items. In this situation, the existing recommendation systems
suffer from the cold-start problem [1,/26,!43,46], one of the well-known problems of
recommendation systems. Because two cold-start users have few items in common, their
preferences cannot be compared. If most users are regarded as cold-start users, as in
price-comparison services, the recommendation system with implicit feedbacks would
produce low-quality recommendation.

In this paper, we propose the strategies for improving the quality of recommendation
at price-comparison service sites. First, we use log data for recommendation. Click log is
used to identify user’s preference and search log is used to filter out previously searched
items from recommendation. Second, we group similar items together, and the grouped
items are used as a unit of user’s preference. Using this strategy, we not only avoid the
problem of the same item being regarded as different, but also effectively alleviate the data-
sparsity problem. Third, we use similarities between groups to reinforce a user’ preference
represented by the groups. Since the user tends to prefer the items in the groups similar to
the groups that have the items preferred in the past, this strategy can mitigate the cold-start
problem.

To adopt the proposed strategies, we need to capture the relationships (1) between
users and similar-item groups and (2) between groups. In this paper, we propose a rec-
ommendation framework based on a tripartite graph. The proposed framework constructs
a graph with nodes corresponding to users, similar-item groups, and groups’ features,
and links corresponding to the relationships between users and similar-item groups and
those between groups and groups’ features. Random walk with restart (RWR) [41]] on the
tripartite graph finds the groups a user is likely to prefer. Then, our framework recommends
a set of items to the user from the selected groups.

Through extensive experiments with real-world data, we have verified the superiority
of the performance of the proposed framework by comparing it to existing recommendation
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methods. We note the following. First, the quality of recommendation of the proposed
framework is improved when each additional recommendation strategy is adopted. Second,
the recall and the precision of the proposed framework are superior to the existing methods
for randomly selected users. Third, the recall and the precision of the proposed framework
are also superior to the existing methods for cold-start users. Finally, the user study validates
that the proposed framework provides more meaningful recommendations than the existing
methods.

The rest of this the paper is organized as follows. Section 2 reviews existing recom-
mendation methods. Section 3 discusses the motivation for a new recommendation system
for price-comparison services and proposes three recommendation strategies and the rec-
ommendation framework. Section 4 examines the performance of the proposed framework
through extensive experiments. Section 5 summarizes and concludes the paper.

2. Related Work

This section briefly reviews several categories of existing recommender systems, including
(1) traditional collaborative filtering, (2) group recommendation, (3) implicit feedback
based recommendation, and (4) graph-based recommendation using Random Walk with
Restart.

The collaborative-filtering approach recommends the items that the users with the tastes
and interests similar to the target user liked in the past. The collaborative-filtering approach
can be further classified into user-based [6,9,231[27./29,44,/47]], item-based [22,[37,/45]],
and graph-based [|11}13}35}/40}52,/55]] methods. The collaborative-filtering method suffers
the cold-start problem, because the taste and interest of a new user can rarely be identified.
It also cannot recommend new items which have not yet accrued a sufficient number of
ratings.

Recently, several group-recommendation approaches have been proposed [2}3}5].
The main goal of these approaches is to maximize the total satisfaction of a target group
rather than a single user. Since most of them are based on collaborative filtering while
employing some aggregation methods, they also suffer from the inherent shortcomings of
collaborative filtering, such as data sparsity and cold-start problems.

Since the above approaches rely on explicit user feedbacks, recommendation is not
possible when user-ratings are unavailable. In comparison, some recommendation methods,
in particular for web personalization, use ‘implicit’ click log data or search history data
instead of ‘explicit’ user-ratings [4}/7,{12}14}/19}32,/36,42./49,/50L54}/57]. These methods
infer the user’s preference from the items clicked by the user. They regard the clicks on
items as an indirect indication of the user’s preference on these items. These approaches
could make users free from the burden of providing explicit ratings on items. Also, we do
not care whether the ratings are trustable or not [39]]. In many cases, however, the quality
of recommendation could be unsatisfactory because clicks on items do not always indicate
users’ preferences [42].

Another research line that are relevant to our work is the Random Walk with Restart
(RWR). It computes the proximity between a target node and the rest of nodes [41].
The proximity is defined as the probability of staying at each node when random walk
through links is performed from a given node with restart. The RWR has been successfully
applied to diverse application areas. In the field of recommendation systems, it is known to
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provide high accuracy and also known to be useful in the case of analyzing heterogeneous
relationships [27,40]]. Like collaborative filtering, we assume that the user would prefer
the items clicked by the other users who have clicked on many items clicked by him. Also,
the user would prefer the items whose features are similar to those of the items clicked
by him. If users, items, item-features, and the relationships among them are modeled as a
graph, the RWR can be used to find out the proximity of a user to another users, items, and
item-features by reaching each node starting from him. The user would like a user, item or
item-feature close to him on the graph even he has never seen before. Thus, we use the
proximity to recommend items.

Until now, we have summarized various technologies on recommender systems. How-
ever, to the best of our knowledge, there have not been any recommender systems that target
the users in price-comparison services. We notice that the following two papers are the
most relevant to our research: Lee et al. [31]] detected fraudulent users in price-comparison
services by analyzing their click logs from the viewpoint of several aspects such as the
number of clicks on a single item, a click interval, and a diurnal activity pattern; Gupta
et al. [16]] performed comprehensive study of analyzing user behaviors and uncovering
meaningful characteristics, €.g., “a user’s purchase is highly correlated with the time spent
on the site and the search queries s/he wrote before coming on the website”. However,
these studies do not provide a working algorithm for recommendation; to the extent of
our knowledge, our work is the first one to study a recommender system that works in
price-comparison services.

3. Proposed Approach

In this section, we first point out, via preliminary experiments, the problems of using
existing implicit-feedback based recommendation methods that infer a user’s preference
from every single item evaluated or clicked by the user [4}|14,|19]. Then, we present
our proposed recommendation framework that successfully remedies the problems and
recommends plausible items to users in price-comparison services.

3.1. Motivation

Figure 1 represents the price-comparison process at Google Product Search. The user
searches items with keyword ‘iPhoneS5,” receives a list of items whose description contains
the keyword, and clicks on some of the items on the list to obtain more detailed information
or to purchase them. Search and click reveal the user’s preference indirectly, and click, in
particular, provides a stronger evidence of his preference between the two. Figures 1 (a)
and (b) show search log and click log, respectively. From Figure 1 (b), we infer that the
user prefers black iPhone 5 to white iPhone5 or iPhone4.

For preliminary experiments, we collected the log data for eight-month periods from
Naver shopping, one of the biggest price-comparison sites in Korea. The log contained
about 10,000 sampled users and 310,000 items which are clicked at least once by the sam-
pled users. We selected 100 users randomly as target users and produced recommendations
for them using a user-based collaborative filtering (user-CF) [45]], an item-based collabora-
tive filtering (item-CF) [45]], and a graph-based recommendation system (rwr-CF) [15]],
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Fig. 1. An example of the price-comparison process.

Table 1. An example of the recommendations of the items identical to the previous history

[ ] user-CF

item-CF

rwr-CF

safari-style jacket

safari-style jacket

safari-style jacket

other jacket other jacket safari-style jacket
safari-style jacket safari-style jacket
safari-style jacket| padding jacket safari-style jacket

1
2
3|safari-style jacket
4
5

padding jacket

safari-style jacket

safari-style jacket

eras

Categories clicked by the target user in the past: safari-style jack-
ets, alpaca wool overcoats, shoulder strap bags, kettles, digital cam-|

respectively. Note that we used the number of clicks on each item as a surrogate for an

item rating.

We find two problems from recommendations for the hundred users obtained by the
three methods, and the Tables 1 and 2 are their examples, respectively. Table 1 shows
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Table 2. An example of irrelevant recommendation or no recommendation
l [user-CF [item-CF rwr-CF ‘
1/2GB USB memory stick - -
2 |off shoulder knit - -
3|character printed T-shirt - -
4
5

backpack - -
backpack - -
Categories clicked by the target user in the past: sofas, tables,
sheet papers

that all three methods recommend the items almost identical to the ones the target user
has searched or clicked in the past. Further investigation reveals that the target user in
Table 1 has a history of clicking items related to fashion and electronics. Table 2 shows
that user-based collaborative filtering recommends the items completely irrelevant to the
target user’s interest, while the other two methods cannot recommend any items. This
phenomenon frequently occurs to cold-start users.

The experiments reveal three potential problems in the existing recommendation
methods when applied to price-comparison services: (1) almost identical items are rec-
ommended, (2) irrelevant items are recommended, or (3) no item is recommended. These
problems happen because of two reasons. First, online shopping malls often describe
the same items with slightly different titles, which are regarded as different items by the
price-comparison service. As a result, instead of recommending diverse items, the price-
comparison service would recommend nearly identical items. Second, because the user is
not required to login to use the price-comparison service, the user log keeps the record of
the activities during his short session time only. If the record of the target user is limited,
the existing methods cannot find users similar to the target user and thus recommend
irrelevant items or no item. Note that these problems are unavoidable in recommendation
for the price-comparison service. In the following, we propose the strategies to alleviate
these two problems.

3.2. Strategies for Recommendation

To provide high-quality recommendation to the user, we propose three strategies for the
recommendation systems in price-comparison services. The first strategy is to use log data
not only for identifying users’ preferences but also for filtering out some items from a
recommendation. Generally, the log data is only used for identifying users’ preferences.
Similarly, we identify the user’s preference using clicked items and the number of clicks
on them. In addition, we use search log for filtering out the items that are already searched
when recommending items to the user.

Although the first strategy may improve the quality of recommendation, the recom-
mendation system with this strategy is still plagued with the problem that the same items
may be regarded as different items. The second strategy is to group similar items and
use the similar-item group as the unit of user’s preference. In traditional collaborative
filtering, two users are considered similar if at least one item preferred by each user is
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the same. If an individual item is used as the unit of user’s preference, the same item is
frequently regarded as different in online shopping, and as a result, the similarity between
users’ preferences may be inaccurately computed. For instance, suppose that item ¢ is
listed as ¢4 and 7 p in a price-comparison service, and two users have clicked on i 4 and i,
respectively. Although they practically have similar preference, they would be considered
to have different preferences. The second strategy groups similar items using clustering
method and uses the similar-item group as the unit of user’s preference. We call the
group an interest-field.

To solve the cold-start problem, we propose the third strategy of securing additional
interest-fields by utilizing similarities between interest-fields. As most users utilize the
price-comparison service without log-in, their preferences contain only a small number of
interest-fields, which would produce low-quality recommendation, as shown in Table 2.
We collect additional interest-fields by including interest-fields similar to those preferred
by the user in the past. The similarity of two interest-fields can be measured by the
similarity of the descriptions of items in them and/or the closeness of the items in the
category hierarchy. Here, the descriptions of items and the categories to which items
belong are called the features of interest-fields. If we utilize the similarities between
interest-fields to secure more interest-fields, the recommendation system would produce
higher-quality recommendation even to the cold-start users. We use the three strategies
to find the interest-fields that the target user may prefer. After finding the interest-fields,
we should recommend individual items from the interest-fields. In the next section, we
explain how to practically adopt the three strategies and how to select the individual items
in detail.

3.3. The Recommendation Framework

Our recommendation framework consists of four steps, as shown in Figure 2. The first
three steps are performed offline, and the last is done online at the time of item search.
At Step 1, the framework groups a set of similar items together. At Step 2, it constructs
a tripartite graph using the relationships among users, items, and item-features. At Step
3, it identifies the user’s preference on items by performing the RWR on the tripartite
graph. Note that these three steps can be performed beforehand. At Step 4, the framework
recommends a set of items based on the preferences identified in Step 3 in response to the
user search.

For Step 1, we use the lowest level in the category hierarchy as the item group, and
call it an ‘interest-field.” We believe it is more practical and economical to use the category
hierarchy which has been already well-organized by portals than employing some clustering
methods, such as k-means.

For Step 2, we have developed a tripartite-graph based recommendation framework.
The graph consists of three types of nodes: users, interest-fields, and features. The user
node is the user who has clicked at least one item. The interest-field node is a group of
identical or similar items. The feature node is either the keyword in the item descriptions
or the name of a higher-level category.

There exist two types of links. The link between the user node and the interest-field
node indicates that the user has clicked some items in the interest-field. The link between

7 Classification by domain experts can also be used.
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[ User nodes ] [ IriterERtfield ] [ Feature nodes]
: nodes |

Step 1: Item grouping

[ User nodes ][ Inter:(ejztégeld

] [ Feature nodes

S

Step 3: RWR execution

Step 4: Top-k recommendation

Fig. 2. The detail steps in the proposed framework.

the interest-field node and the feature node captures the fact that the item in the interest-
field is described by the keyword represented by the feature node or belongs to the higher
category represented by the feature node. Figure 3 represents the tripartite graph of the
proposed framework. How to assign the weight of these types of links is explained in detail

in the next section.
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Fig. 3. The tripartite graph used in the proposed framework.

For Step 3, our framework employs Random Walk with Restart (RWR). Equation 1
describes the RWR process. In Equation 1, matrix A is the adjacency matrix representing
the tripartite graph. The size of the matrix is the number of all nodes by the number of all
nodes, and each cell represents the weight of each link. There exists no link between two
nodes of the same type and its value is 0. The vector R; is the proximity vector of the user
where each element is the proximity value of the node on the graph at the i-th step. The
initial proximity vector R is set 1 for the node corresponding to the target user, otherwise
set 0. The vector E is the restart vector and set as the same as the initial proximity vector
Ry. The restart vector is needed to recursively restart from the target user node. The first
part of Equation 1 is the random walk to each node in a graph from the target user node,
and the second part represents the restart from the target user node. The probability «
between two parts of RWR is normally set as 0.85 /citeKon09, Onu09. RWR is recursively
computed until the vector R; converges.

Ry = aAR; + (1 — a)E (1)

Because of the large size of adjacency matrix A, it is infeasible to directly compute
RWR at runtime. For instant online recommendation, the framework pre-computes the
proximity vectors R represented users’ preferences for all users using the fast RWR [48].
Equation 1 represents the ‘converged’ proximity vector R. In order to compute R, Equation
1 is transformed into Equation 2. In Fast RWR, the proximity vectors of all users are
computed without recursion if the inverse matrix of (I — acA) is known in advance. Since
the inversion of a large matrix is difficult to compute, we use the technique of partitioning
the original graph with Metis and combining the inversions of small matrices [25]

R=(1-a)I-aA)'E )
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Using the proximity vector R, the framework selects the interest-fields with high
proximity values. Even though the proximity value of an interest-field is high, if the user
has already clicked on several items in that interest-field, he would not want to see more
items from it. The framework filters out the interest-fields that have received more than a
pre-set number of clicks before recommending individual items.

For Step 4, we suggest the following criteria. First, the item that has been clicked or
searched is filtered out from recommendation. Exclusion of these items is justified because
either the target user has already seen the detailed information of clicked items or he
has ignored the items searched but not clicked on purpose. Second, the popularity and/or
recentness of items should be considered. The popularity of an item is captured in the total
number of clicks it has received, and its recentness is found by the release date. Different
price-comparison service providers may use different policies in using the popularity and
recentness criteria. For instance, if the provider considers popularity more important, it
may recommend an item with a higher number of clicks. On the other hand, if the provider
considers recentness more important, it may recommend an item with more recent release
date, which can alleviate the latency problem.

Next, we examine the time complexity of each step in order to understand our frame-
work in the performance perspective. In step (1), for having a set of similar items grouped
together, we just employ the category hierarchy, which has already been organized by
domain experts. So, the time complexity of this step is O(1). In step (2), the time complexity
of constructing a tripartite graph is O(e), where e indicates the number of edges in a graph.
In step (3), the time complexity of performing RWR on a tripartite graph is again O(e).
In step (4), for top-k recommendation, we need to sort all the interest fields according to
their RWR scores. Thus, its time complexity is O(I log I), where [ indicates the number
of interest fields.

3.4. Link Weights

The weight of a link captures the degree of either how much a user prefers an interest-field
or how closely related an interest-field and a feature are. Figure 4 shows an example of two
types of links connected to a single interest-field node. Here, the feature node is classified
into two types: category feature node and keyword feature node.

The number of clicks from user a to interest-field x is used as the weight of link
L(ugq,%,). The link is weighted according to the number of clicks. Unlike the relationship
between a user and an interest node, there is little evidence how important a link between an
interest-field and a feature node is. In the case of the category feature node, the framework
assigns different weights for different levels in category hierarchy. For example, Naver
Shopping categorizes an item into four levels. Each interest field (i.e., the lowest-level
category) is connected to three upper-level category feature nodes, and the weights of those
links are set by parameters s, m, and [, where s, m, and [ are small, medium, and large
levels of product category hierarchy, respectively. On the other hand, since it is difficult to
determine which keywords are more important to an interest-field, the same weights are
assigned for the links between an interest-field and the keyword feature nodes.

Even with the weights assigned, we still face the problem of determining which type
of link is more important. Suppose that user u; clicks 10 times on interest-fields ¢; and
i1 has 3 keywords. That is, w(L(u1,41)) is 10, and w(L(iy, f4))is 1/3. We still need to
determine the relative ratio of these two links.
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Fig. 4. An example of the weight of links centering an interest-field.

The framework is designed to control the relative importance of two types of links,
L(u,1) and L(4, f), using parameters « and f. Equation 5 represents the ratio between two
links. In Equation 5, U,, is the set of users who have clicked items in interest-field =, and
F, is the set of the features of interest-field z. When u : f equals to 1:0, the framework
is the same as the graph-based collaborative filtering method. When u:f is close to 0:1,
the framework is similar to the content-based recommendation method. In this regard, the
framework is one of the hybrid methods.

Zuanw w(L(ta, iz)) - Zfber w(L(ig, fo)) =u: f 3)

The relative ratio between category feature nodes and keyword feature nodes is deter-
mined in a similar way, using parameters ¢ and k. Equation 6 represents the ratio between
the link from an interest-field node to a category feature node and the link from an interest-
field node to a keyword feature node. In Equation 6, F'C,, is a set of the category feature
nodes of interest-field node x, and F'K,, is a set of the keyword feature nodes of x.

Zfachw w(L(iz, fa)) : ZfbeFKm w(L(ig, fo)) = c: k (4)

4. Evaluation

In this section, we demonstrate through various experiments that our proposed framework
is superior to the existing methods, such as user-based collaborative filtering (user-CF) [6],
item-based collaborative filtering (item-CF) [45]], user-based one class collaborative fil-
tering (user-OCCF), item-based one class collaborative filtering (item-OCCF) [42] and
graph-based recommendation (RWR) [15]]. Actually, we found more algorithms in the
context of hybrid recommendation (e.g., Collaborative Topic Regression (CTR) [51]], Col-
laborative Deep Learning (CDL) [53]], and SVDfeature [10]) in the literature. However, we
could not include them as our baselines since they cannot be directly applied to our content



344 Sang-Chul Lee et al.

data (i.e., the hierarchy of product categories and the keywords in the item descriptions),
and their extension to fit our data is non-trivial and extremely difficult; we leave this task
for our future work.

4.1. Experimental Setup

For experiments, we used the search and click log data of Naver Shopping. Each data point
in the search log is composed of the user, the search keywords, and the list of searched
items. Each data point in the click log is composed of the user and the list of clicked items.
The search log consists of 10,000 users and 9,099,698 items, and the click log consists of
9,997 users and 310,841 items. Since we do not have any login information about users, we
regard each session, created when a user visits the shopping mall site, as an identical user.
As shown in Figure 5, Naver shopping classifies items into four-level category hierarchy:
large, medium, small, and detail category levels. Each level consists of 19, 231, 1461, and
4282 categories, respectively.
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Fig. 5. The Product Category Hierarchy of Naver Shopping.

Before comparing the performance of our framework against other existing methods,
we performed two sets of experiments. The first set of experiments was to determine the
parameters for the proposed framework (experiment 1). The second set of experiments
was self-evaluation, analyzing the performance of the proposed framework by successively
adding the second and the third strategies (experiment 2). The performance-comparison
experiments with other methods were performed with general users (experiment 3) and
cold-start users (experiment 4). We also conducted a user study (experiment 5).

For self-evaluation (experiments 1 and 2) and experiment 3, we randomly selected 100
users among those with the history of clicks on more than 5 detail categories. For each
user, a subset of detail categories clicked was randomly selected and used as a test set:
1 category for the users with clicks to 5 to 10 categories, 2 categories for the users with
clicks to 10 to 20 categories, and 3 categories for the users with clicks to more than 20
categories. The test set was excluded from the training data set. The evaluation was based
on whether a recommendation method was able to recommend the detail categories in the
test set. Each recommendation method was evaluated at the small category level as well.
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That is, we also evaluated whether the recommendation methods can recommend the detail
categories that are the siblings of the ones in the test set.

For experiment 4, we could not evaluate recommendations for real cold-start users
because most of them were anonymous users without log-in. Even if some of them were
not anonymous users, we still could not find out profiles of them because of privacy issues.
So, we generated cold-start users from 706 users who had originally clicked 30 to 80
categories. For each user, five randomly-selected categories were used as a training set and
the rest were used as a test set. In addition to the two evaluations mentioned above, we
also investigated whether the increase in the number of categories the users had clicked
had an impact on the quality of recommendation.

We used three metrics: recall, precision, and coverage, as defined below [18]. The
correct-answer items are defined as the items in the test set. Recall is the ratio of recom-
mended correct-answer items to all correct-answer items. Precision is the percentage of
recommended correct-answer items to all recommended items. Finally, the coverage is
the percentage of users who received recommendation. The coverage metric is used in
experiment 4 only, where many cases with no recommendation are reported.

[{correct—answer items} N {recommended items}|

recall = 5
[{correct — answer items}| ®
recision — [{correct—answer items} N {recommended items}| ©
g B [{recommended items}|
target jved th dati
coverage = # of target users received the recommendation @

the number of target users

For experiment 5, we conducted a user study with seven volunteers. Ideally, real users
should be judging the quality of the items recommended by each method. It is difficult,
however, to identify real users because of the privacy issue for gathering user profiles.
Instead, each volunteer manually selected top five users or a single user similar to himself,
and evaluated whether the recommendations were useful or not.

4.2. Experimental Results

Experiment 1: Parameter settings for Naver Shopping In this section, we conducted a set of
experiments to determine the optimal parameter values for Naver Shopping. The proposed
framework should set the weight-ratio parameters: v : f for two types of relationships
between users and interest-fields and between interest-fields and features, ¢ : k to handle
the importance of links to two types of features, and s : m : [ to reflect the levels of the
category hierarchy. Table 3 shows the parameter values tried in the experiments. In Table 3,
the boldfaced and underlined numbers are the default values for the respective parameters.
For example, when we tried out different settings for u : f, we fixed the values of ¢ : k
and s : m : [ to2:1 and 1:1:1, respectively.

In each experiment, the number of recommended categories was either 10 or 20, and
the recommendation was given at the detail level or at the small level. The accuracy of
recommendation was measured by recall and precision. Tables 4, 5, and 6 show the accuracy
of the recommendation with different parameter settings. The highlighted parameter value
shows the highest accuracy. Because an answer set for each user consists of one to
three categories, the precision is at most 0.3 where 10 detail-level interest-fields are
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Table 3. Parameter settings

l Parameters [ Values
u: f 1:4,1:3,1:2, 1:1, 2:1, 3:1, 4:1
c:k 1:0, 3:1, 2:1, 1:1, 1:2, 1:3, 0:1
s:m: 1 |1:1:1, 3:2:1, 5:3:1, 4:2:1, 9:3:1

recommended for the user who has three categories as his answer set. The maximum
precision can be lower than 0.3 since most users have clicked less than 20 categories.
As shown, the best parameter setting for Naver Shopping is found tobe v : f =1 : 1,
c:k=2:1,ands:m:l=1:1:1.The only exceptions are the cases where 20 detail-
level interest-fields are recommended. In practice, most providers want to recommend
far less than 10 items, and thus this exception should not pose any real problem. Also,
the best accuracy is obtained when the ratio of ¢ and k is 2:1 in Table 5. The relative
importance of the category compared to keywords is because the category is organized
well by domain experts, while the keyword is formulated by normal users, not experts. In
the following experiments, the best parameter values, v : f =1:1,¢c: k= 2:1, and
s:m:l=1:1:1,areused.

Table 4. The accuracy of recommendation while changing w : f
(10 interest-fields, 20 interest-fields)

level Accuracy (detail level) Accuracy (small level)
w: f | Precision [ Recall Precision [ Recall
1:4 ]0.018, 0.014/0.107, 0.172]0.035, 0.021{0.207, 0.247
1:3 ]0.014, 0.010{0.088, 0.132]0.025, 0.018]0.165, 0.227
1:2 10.013,0.011(0.093, 0.158/0.031, 0.020/0.205, 0.253
1:1 ]0.022, 0.012{0.142, 0.157|0.037, 0.022{0.238, 0.277
2:1 ]0.017,0.011{0.098, 0.127{0.029, 0.019{0.183, 0.230
3:1 ]0.012, 0.007{0.085, 0.090|0.022, 0.017]0.145, 0.208
4:1 10.010, 0.008|0.072, 0.103]0.023, 0.0180.160, 0.237

Experiment 2: Self-evaluation In this section, we demonstrate the improvement in accuracy
by applying the second and the third recommendation strategies successively to the first
strategy of using log data (i.e., implicit-feedback based recommendationﬂ

In the first set of experiments, we compared the recommendation method using user &
item bipartite graph, and the one using user & interest-field bipartite graph. The former is
the default method, while the latter utilizes the second strategy that adopts the concept of
interest-fields to the existing graph-based method. Since the former recommends items

8 Since Naver shopping does not collect the user’s explicit feedback such as the item ratings, the first strategy of
using log data is set as the default strategy.
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Table 5. The accuracy of recommendation while changing c : k
(10 interest-fields, 20 interest-fields)

level | Accuracy (detail level) | Accuracy (small level)
c:k Precision [ Recall Precision [ Recall
1:0 ]0.018, 0.012]0.125, 0.150|0.032, 0.020|0.202, 0.247
3:1 ]0.015, 0.009{0.093, 0.100{0.031, 0.021]0.183, 0.258
2:1 10.022, 0.012{0.142, 0.157(0.037, 0.022|0.238, 0.277
1:1 (0.019,0.012(0.113, 0.133(0.029, 0.018{0.180, 0.218
1:2 ]0.015,0.010{0.103, 0.132{0.023, 0.018|0.147, 0.213
1:3 ]0.016, 0.010{0.105, 0.127{0.028, 0.020{0.172, 0.228
0:1 ]0.015,0.009{0.100, 0.113{0.023, 0.019|0.143, 0.223

Table 6. The accuracy of recommendation while changing s : m : [
(10 interest-fields, 20 interest-fields)

level

Accuracy (detail level)

Accuracy (small level)

s:m:l

Precision [

Recall

Precision [

Recall

1:1:1

0.022, 0.012

0.142, 0.157

0.037, 0.022

0.238, 0.277

3:2:1

0.015, 0.011

0.093, 0.130

0.028, 0.019

0.170, 0.237

5:3:1

0.012, 0.010

0.080, 0.120

0.022, 0.016

0.135,0.177

4:2:1

0.021, 0.013

0.135, 0.170

0.033, 0.022

0.208, 0.257

9:3:1

0.013, 0.009

0.083,0.112

0.026, 0.017

0.157, 0.157

while the latter recommends interest-fields, we used the lowest-level categories that con-
taining the items recommended by the former for comparison. Table 7 shows the recall
and precision with 10 or 20 recommendations by two methods. The results show that the
second strategy performed better and confirm our claim that using interest-fields is more
advantageous to identify user’s preference than using items.

Table 7. The accuracy comparison when applying the second strategy: (a) user & item
bipartite and (b) user & interest-field bipartite
(10 interest-fields, 20 interest-fields)

level | Accuracy (detail level) | Accuracy (small level)
Graphs Precision [ Recall Precision [ Recall
(a) 0.008, 0.057, 0.017, 0.090,
0.006 0.080 0.013 0.128
(b) 0.011, 0.083, 0.019, 0.132,
0.007 0.103 0.014 0.182

In the second set of experiments, we compared the graph-based method with user &
interest-field bipartite graph and the one that uses the features of interest-fields. The former
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is based on the second strategy, while the latter utilizes the third recommendation strategy
in addition. Three cases with different features were analyzed: using category-hierarchy
only, using keyword only, and using both category hierarchy and keyword. As shown in
Table 8, the method with both category hierarchy and keyword information exhibited the
highest accuracy. Compared to the methods using a single feature, the method using both
category hierarchy and keyword information can secure more interest-fields that are not
clicked but are likely to be preferred by a user. In the following experiments, we use the
graph-based method with a tripartite graph using both features.

Table 8. The accuracy comparison when applying the third recommendation strategy: (a)
User & interest-field bipartite, (b) tripartite (category hierarchy), (c) tripartite (search
keyword) and (d) tripartite (both)

(10 interest-fields, 20 interest-fields)

level | Accuracy (detail level) | Accuracy (small level)
Graphg Precision [ Recall Precision [ Recall
(a) 0.011, 0.083, 0.019, 0.132,
0.007 0.103 0.014 0.182
(b) 0.018, 0.125, 0.032, 0.202,
0.012 0.150 0.020 0.247
() 0.015, 0.100, 0.023, 0.143,
0.009 0.113 0.019 0.223
(d) 0.022, 0.142, 0.037, 0.238,
0.012 0.157 0.022 0.277

Experiment 3: Cases with general users In this set of experiments, we compared the
performance of the proposed framework with three existing methods (rwr-CF, user-CF,
item-CF, user-OCCEF, item-OCCEF) for general warm-start users. Since the existing methods
recommend items, for fair comparison, we let the existing methods recommend items until
the number of distinct interest-fields reaches 10 or 20.

Table 9 shows the results of the recall and precision of each method with different
category-levels for evaluation. It is observed that the proposed framework performed better
than the existing methods in terms of accuracy. Since the accuracy of user-OCCF at the
detail category level is too low, the results of user-OCCEF at the detail level are not reported
in Table 9. At the detail category level, the proposed framework improved precision by
77% to 150%, recall by 54% to 119%, and F-measure by 134% to 223% over the existing
methods when 10 interest-fields were recommended, and improved precision by 19% to
90%, recall by 5% to 68%, and F-measure by 74% to 89% when 20 interest-fields were
recommended. At the small category level, the proposed framework improved 18% to 87%
of precision, 48% to 129% of recall, and 69% to 92% of F-measure when 10 interest-fields
were recommended, and improved 0% to 48% of precision, 27% to 87% of recall, and
29% to 51% when 20 interest-fields were recommended.

These improvements come from two factors. First, interest-fields have an advantage
over individual items when identifying user’s preference. While the existing methods
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do not classify two users as similar if they have never clicked identical items but have
clicked similar items, they are regarded similar when interest-fields are used as the unit
of recommendation. Second, the use of the features of interest-fields makes it possible
to recommend interest-fields, even if a target user has clicked a very small number of
items. While the existing methods provide the user with irrelevant recommendation or no
recommendation, using the features of interest-fields, the proposed framework can secure
more interest-fields that have not been clicked by the user but have the features similar to
the interest-fields that he is already interested in.

Table 9. The accuracy comparisons between our approach and the existing methods
(10 interest-fields, 20 interest-fields)

level Accuracy (detail level) Accuracy (small level)

Methods Precision \ Recall \ F-measure Precision \ Recall \ F-measure
Our approach | 0.022, 0.012 | 0.142, 0.157 | 0.038, 0.022 | 0.037, 0.022 | 0.238, 0.277 |0.064, 0.0340
rwr-CF 0.009, 0.006 | 0.066, 0.093 [0.016,0.0120| 0.020, 0.015 | 0.104, 0.148 | 0.033, 0.026
user-CF 0.012, 0.010 | 0.092, 0.150 | 0.012,0.012 | 0.032,0.022 | 0.162,0.219 | 0.038, 0.026
item-CF 0.009, 0.007 | 0.065,0.108 | 0.012,0.013 | 0.023, 0.017 | 0.120, 0.191 | 0.038, 0.031
user-OCCF -, - -, - -, - 0.002, 0.001 | 0.002, 0.003 | 0.003, 0.003
item-OCCF | 0.000, 0.000 | 0.004, 0.007 | 0.001, 0.001 | 0.002, 0.001 | 0.017,0.028 | 0.003, 0.003

Experiment 4: Cases with cold-start users In this set of experiments, we compared the
performance of the proposed framework with rwr-CF, user-CF, item-CF methods for
cold-start users. Note that all OCCF based method perform too low accuracy to show in
the figures. So, we decide to exclude them in this section. Figure 6 shows the change in
accuracy with the increase in the number of interest-fields clicked by each target user.
In Figures 6 (a), (b), and (c), the x axis represents the number of the detail categories
clicked by each target user, and the y axis represents the precision and recall with 10
recommendations. The proposed framework improved precision by 46% to 79%, recall by
30% to 70%, and F-measure by 35% to 74% over user-CF that showed the best performance
among the existing methods. Note that the accuracy of the proposed framework dropped
slightly when the number of clicked interest-fields increased from 15 to 20. We conjecture
that the cold-start user turns into a general user by that time, so there is little improvement
in accuracy even if he clicks more interest-fields.

At the detail category level, the proposed framework improved precision by 77%
to 150%, recall by 54% to 119%, and F-measure by 134% to 223% over the existing
methods when 10 interest-fields were recommended, and improved precision by 19% to
90%, recall by 5% to 68%, and F-measure by 74% to 89% when 20 interest-fields were
recommended. At the small category level, the proposed framework improved 18% to 87%
of precision, 48% to 129% of recall, and 69% to 92% of F-measure when 10 interest-fields
were recommended, and improved 0% to 48% of precision, 27% to 87% of recall, and
29% to 51% when 20 interest-fields were recommended.

Figure 7 shows the result of the coverage, i.e., how many users received the recommen-
dation by each method. The proposed framework provided all users with recommendation;
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Fig. 6. The accuracy comparison of the recommendations for cold-start users.

while the existing methods were not able to produce recommendation for 25 to 35% of
users when they clicked on 5 detail categories. We note that both user-CF and rwr-CF had
similar coverage of users. The users who had received recommendation by each method
overlapped significantly. All existing methods were getting close to 100% of the cover-
age with the increase in the number of detail categories. It is important to produce the
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recommendation for cold-start users, and thus the proposed method is more suitable for
price-comparison services.
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Fig. 7. The coverage comparison of the recommendations for cold-start user.

Experiment 5: The user study In this final set of experiments, we conducted user studies by
asking seven volunteers to evaluate the effectiveness of recommendations obtained from
six methods (our approach, user-CF, item-CF, rwr-CF, popularity-based recommendation,
and random recommendation). Each volunteer went through 100 users who were randomly
selected in experiment 3 examined their clicked detail categories, and selected five users
who were most similar to himself. Then, he evaluated the recommendations by six different
methods for these five users. He gave binary scores to the interest fields recommended by
six methods, indicating whether each recommendation was useful for him or not.

Table 10 presents the result of the effectiveness with top five similar users. The
boldfaced number in a gray cell represents the method each volunteer selected as the
best. Four out of seven volunteers evaluated that the quality of the recommendation by
the proposed framework was the best. The average and the trimmed average scores of
the proposed framework are higher than the others. Here, the trimmed average means the
average while excluding the highest and the lowest scores. Table 11 summarizes the result
of the effectiveness of the recommendation methods with the user most similar to each
volunteer. The result is similar to that of Table 10.

Note that in real world the price-comparison service provider tends to recommend
popular interest-fields which have been clicked many times by many users and these rec-
ommendations is evaluated as satisfactory. We expect an improvement in user satisfaction
when applying the proposed strategies to price-comparison services.

5. Conclusions and Further Study

The price-comparison service provides the user with an aggregation of item-price informa-
tion from various shopping malls, but the user still has to navigate a myriad of products
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Table 10. The effectiveness with top five similar users

l [ Ours [ user-CF [ item-CF [ rwr-CF [ Popular [ Random ‘

0.50| 0.35 043 | 0.29 | 0.40 0.10
0.76| 0.65 055 | 049 | 0.50 0.40
0.14| 0.16 0.09 | 0.09 | 0.00 0.10
0.50| 0.64 0.71 0.37 | 1.00 0.90
0.50| 0.36 021 | 0.24 | 0.30 0.20
0.66| 0.50 043 | 0.30 | 0.30 0.10
0.78| 0.81 0.67 | 038 | 1.00 0.30
Avgl0.55| 0.50 044 | 031 | 0.50 0.30

NN N B W —

Table 11. The effectiveness with the most similar user

l [ Ours [ user-CF [ item-CF [ rwr-CF [ Popular [ Random ‘

0.60| 0.00 043 | 0.00 | 0.40 0.10
0.60| 0.60 0.50 | 0.20 | 0.50 0.40
0.20| 0.00 0.00 | 0.14 | 0.00 0.10
0.60| 0.60 075 | 0.20 | 1.00 0.90
0.90| 0.57 0.17 | 0.00 | 0.30 0.20
0.50| 0.60 0.75 | 040 | 0.30 0.10
0.90| 1.00 1.00 | 0.40 | 1.00 0.30
Avg|0.61| 0.48 051 | 0.19 | 0.50 0.30

NN N B W —

to figure out the exact item he is interested in. A personalized recommendation would
aid the user to find out what he really wants, which would in turn promote the sales. It
is, however, difficult to apply the existing recommendation methods to price-comparison
services, because most methods require rating information and suffer from the cold-start
and latency problems.

This paper has proposed three recommendation strategies to alleviate the problems

with existing methods in price-comparison services. The main contributions of our paper
can be summarized as follows:

1.

2.

Through our preliminary experiments, we have shown that existing recommendation
methods provide quite low accuracy when they applied to click log data.

We have identified the characteristics of price-comparison services that cause low
recommendation accuracy.

In order to increase the recommendation accuracy in price-comparison service sites,
we have proposed three recommendation strategies as follows. First, we use click-log
data to identify users’ preferences. Second, we have similar items grouped together as
user’s area of interest when capturing users’ preferences. Third, by exploiting category
hierarchy and keyword information of items, we identify the relationships among
user’s areas of interest.

We have developed a unified framework that reflects the relationships between users
and similar-item groups and also between groups in recommendation by using the
notion of random walk with restart.
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5. We have verified the effectiveness of our framework throughout extensive experiments.

The proposed framework improved maximum of 87% in precision and 129% in recall
for regular users, and 184% in precision and 173% in for cold-start users over the existing
methods. We have also verified the effectiveness of the recommendation via user studies.

Our proposed framework can be applied to a variety of applications in addition to price-
comparison services. They include personalized web page ranking, click-through-based
item recommendation, and recommendation in online shopping environment where the
problem of one class collaborative filtering may occur. There are several interesting direc-
tions for further study. We are currently in the process of incorporating keyword synonyms
with feature nodes. By exploiting the notion of synonyms, we expect to increase the data
density, thereby achieving higher recommendation accuracy. Also, we are considering to
employ the notion of uninteresting items, which are those items unrated but identified as
uninteresting to a user, in the one class collaborative filtering problem [20]. We expect it
would improve the recommendation accuracy more significantly.
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Abstract. Product reputation mining systems can help customers make their buy-
ing decision about a product of interest. In addition, it will be helpful to investigate
the preferences of recently released products made by enterprises. Unlike the con-
ventional manual survey, it will give us quick survey results on a low cost budget. In
this article, we propose a novel product reputation mining approach based on three
dimensional points of view that are word, sentence, and aspect—levels. Given a target
product, the aspect—level method assigns the sentences of a review document to the
desired aspects. The sentence—level method is a graph-based model for quantifying
the importance of sentences. The word—level method computes both importance and
sentiment orientation of words. Aggregating these scores, the proposed approach
measures the reputation tendency and preferred intensity and selects top-k infor-
mative review documents about the product. To validate the proposed method, we
experimented with review documents relevant with K5 in Kia motors. Our experi-
mental results show that our method is more helpful than the existing lexicon—based
approach in the empirical and statistical studies.

Keywords: product reputation mining, opinion mining, sentiment analysis, senti-
ment lexicon construction

1. Introduction

Data analysis strategies and technologies are widely used in the recent marketing research
area. In order to investigate the preferences of recently released products, enterprises need
a state—of—the—art strategy to accurately grasp the public’s taste for the product by auto-
matically collecting and analyzing various types of data on the Web. In the manual survey,
if company executives want to know how consumers think of their brand—new product, the
employees in the marketing department will conduct a survey via email and phone. How-
ever, the recent survey response rate is low because modern people do not have enough
time to response sincerely to the questionnaire and recent consumers are mainly interested
in customized products. Unlike this conventional process, product reputation systems that
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collect various online data and predict the accurate survey results can provide quick re-
sults on a low cost budget. Meanwhile, potential customers may save their time in making
their buying decision if they are served by product reputation mining systems. Until now,
to purchase a brand-new product like Hyundai Sonata, a customer is likely to spend a lot
of time in gathering helpful information on the Web. He/she first attempts to search for
Hyundai Sonata and carefully go over relevant web pages one by one. Even though he/she
strives to figure out which model is better, it is difficult to take the clear point due to a
lot of information and advertising. As above, the product reputation mining systems can
provide many benefits to both producers and consumers.
In this section, we briefly define the product reputation mining system as:

— In the first problem, given a product of interest, it automatically measures the reputa-
tion tendency (sentiment orientation — positive or negative) and level (the intensity of
the sentiment orientation) of various aspects (e.g., price, design, and service) of the
product. We assume that all aspects of the target product are given in advance.

— In the second problem, for each aspect of the product, it selects the top—k documents
including the most informative reviews in the corpus of review documents. We as-
sume that all review documents irrelevant with the target product are already filtered
out before this problem. In addition, we will carefully define how informative a re-
view document is in the next section.

Through the proposed product reputation mining system, both companies and cus-
tomers can easily know the public’s preference (as positive or negative) and the preferred
intensity (Level 1 ~ 5) of a product. They can also know the detailed points with respect
to each aspect of the product. For the details, please see Section 3.

To address the product reputation mining problem, in this work, we propose a novel
three-dimensional reputation mining approach that consists of aspect, sentence, and word—
level methods.

As shown in Figure[I] the aspect-level method is the aspect classification model based
on SVM, Random Forest, and FNN to assign the sentences of review documents to the
desired aspects. The sentence—level method is a graph-based model for quantifying the
importance of each sentence in review documents. The word—level method computes the
importance of a word and measures the sentiment score of the word based on Korean
sentiment lexicon. Finally, aggregating the scores of the aspect, sentence, and word—level
methods, our method measures the reputation tendency and level in each aspect of the
target product. In addition, all review documents in each aspect are rearranged by the
aggregated scores and then top-k review documents with the highest aggregated scores
are selected as the informative documents.

Our experimental results show that the accuracy of the aspect-level method is at least
0.852. In the existing lexicon—based approach, Fj—scores of the positive and negative
sentences are 0.678 and 0.688, while those are 0.758 and 0.795 in the proposed method.
These results mean that the proposed method improves about 12% and 5% in the positive
and negative sentences. In our case study for K5 in Kia motors, we observed top-k reviews
retrieved by the proposed method and finally concluded that most of the review documents
are informative. We will discuss the experimental results In Section 4 and conducted a
user study for the results retrieved by the proposed method and performed statistical tests.
Through the significance tests, it turns out that our method is statistically better than the
existing method.
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The newof Kia K5 is so[amazing

The natural black color of K5 is too twinkle for me

— /N

|

[ The price is in view of its famous
[ I can't afford such expensive car

Wi

Fig. 1. Aspect, Sentence, and Word-level based product reputation mining approach

The contributions of our work are as follows:

— To address the product reputation mining problem, we propose a novel three—dimensional
reputation mining approach that consists of aspect, sentence, and word-level meth-
ods. We show the detailed algorithms of (1) measuring the reputation tendency and
level about a target product and (2) selecting top-k informative review documents.
These results will help customers make their buying decision and companies get to
know the public’s preference about the product in detail. We also constructed an elab-
orate Korean sentiment lexicon to determine the sentiment orientation of words.

— Our experimental results show that the proposed method is effective to address the
product reputation mining problem. Compared to the existing lexicon—based approach,
it improves up to 12% F';— score. In addition, our statistical verification shows that the
proposed method will be helpful for both company employees and customers. Con-
sequently, these results indicate that it is beneficial to develop a web—based system
based on the proposed method of aggregating three dimensional sentiment scores.

— According to our intensive literature survey, the key point of our method is to quantify
the reputation of the product based on three dimensions (i.e., aspect, sentence, and
word-levels). To the best of our knowledge, this is the first study to tackle the product
reputation mining problem.

The remainder of this article is organized as follows: In[section 2] we introduce previ-
ous main machine learning and lexicon—based approaches related to this work. In partic-
ular, we discuss the novelty of our method, in addition to the difference between previous
studies and our work. In we deal with the formal problem definition. Then,
we describe our product reputation mining approach in detail in Next, we ex-
plain the experimental set-up and discuss the experimental results in Section 5. Finally,
we conclude our work and mention the future research direction in Section 6.
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2. Literature Review

In 2000, Resnick et al. presetned several challenging issues and solution overview of
product reputation systems that collect, distribute, and aggregate feedback about past con-
sumers’ behaviour so that these systems help people make their buying decision based on
public history of particular sellers. By showing real cases of eBay’s auction site, Bizrate’s
survey forum, and iExchange’s product review site, the authors also stated main require-
ments of the product reputation systems. In particular, they focused on gathering reliable
feedback in the reputation systems. For the detail, please see [[18]].

In 2008, Hwang and Ko proposed a Korean sentiment analysis method of labelling a
document to either positive or negative and of classifying a sentence to either subjective
or objective [9]]. In the method, the authors made a Korean sentiment lexicon in which
a Korean word is translated to the corresponding English word to obtain the polarity of
the word. In addition, the sentiment analysis method classifies documents and sentences
based on Support Vector Machines (SVM). However, their method does not consider as-
pects that are recently considered to be important in the product reputation mining prob-
lem.

Given a particular product, Jin and Ho presented a machine learning technique based
on lexicalized Hidden Markov Models (HMMs) [10]. Specifically, their method extracts
subjective sentences related to the target product from review documents and then labels
each sentence to either positive or negative class. In particular, they trained the lexical-
ized HMMs with linguistic features including part-of-speech, phrases’ internal formation
patterns, and contextual clues surrounding words and phrases. Applying such linguistic
features to HMM is different from previous approaches that address the product reputa-
tion mining problem. However, there is still room to improve the accuracy of the existing
methods and to identify more informative review documents than the entire documents.
Our proposed method shows the better result of correctly classifying the sentiment orien-
tation of a target product based on aggregating the reputation scores measured by aspect,
sentence, and word—level algorithms. For the detail, please refer to the experimental result
section.

Steinberger et al. proposed a new approach that semi-automatically creates senti-
ment dictionaries in several languages [21]. They first made sentiment dictionaries for
two source languages and then automatically translated them to the third languages in
which a word is likely to be similar to that of the source languages. Through the third
languages, the target dictionaries can be more corrected and further extended. In the ex-
periment, they validated such a triangulation hypothesis by comparing triangulated lists
to non—triangulated machine—translated word lists.

Khose and Dakhode proposed a product reputation analysis system that consists of
five steps [12]. In the first step, review documents are collected and pre-processed for the
next step. After target and opinion words are extracted, an object relation graph is formed
by detecting the relation between them. In the third step, the weight of a node called con-
fidence is computed based on a simple random walk model. In addition, to determine the
sentiment scores of the target word and its opinion words, they used SentiWordNet that
is a popular sentiment lexicon in opinion mining area. Each target word is represented as
a vector of the target word’s confidence and the sentiment scores of the opinion words
associated with the target word. The reputation score of the target word is finally calcu-
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lated as the product of the summation of the vectors related to the target word. Unlike our
method, they consider only the reputation score of a target product in word—level.

In 2016, rather than classifying the porality (i.e., positive or negative) of words, Canales
et al proposed a bootstrapping method that labels an emotional corpus automatically [4].
Based on NRC Word—Emotion Association Lexicon, they created the seed set and then
expended the initial seed by means of similarity metrics. Furthermore, to distinguish be-
tween emotion categories in a fine—grained lexicon with 28 emotion categories, the au-
thors in [26] proposed an approach of labelling primary and secondary words to one of
emotion categories, where the primary words are used for detecting synonyms or other
semantic words associated with each category, while the secondary words are used to
mine the contextual relation between words. However, these methods focus mainly on
constructing a fine-grained emotion lexicon which is considerably different from the pro-
duction reputation mining problem that we present in this article. In addition, Ko pre-
sented a general method for creating an emotional word dictionary containing a semantic
weight matrix and a semantic classification matrix [13]]. Based on clustering synonymous
relations and frequencies, he showed the detailed process of collecting a classification and
weight matrix that can be used as the ontology and linked data of emotion.

Meanwhile, detecting emotion from text documents is a non-trivial task because of
the limitation of human annotation. To tackle this problem, the authors in [25]] utilized
emoji as self—annotation of twitter users’ emotional status. They believed that emoji is a
good emotion indicator presenting a faithful representation of a user’s emotional status
but their approach is too limited to use other text documents rather than tweet mentions.

Sentiment analysis is generally categorized to two groups. One is machine learning
approach and the other is lexicon-based approach. Although the lexicon-based approach
has been used in wide applications, it does not work well to determine the sentiment ori-
entation of tweets. This is because each tweet document is limited to only 140 characters
and its sentences are not written according to the grammar. [19] presented SentiCircles, a
lexicon-based approach for Twitters, that is based on the co-occurrence patterns of words
in different tweet documents to update the prior degree and polarity in sentiment lexicons
accordingly.

To improve the accuracy of the machine learning approach, Long Short Term Mem-
ory (LSTM) as one of Recurrent Neural Networks (RNN) deep learning models is widely
used to classify a text document to either positive or negative class. LSTM is trained with
a large number of training set containing a large number of pairs of the text document and
sentiment polarity manually annotated by human experts. Then, given a text document in
the test set, LSTM automatically determines the sentiment orientation of the text docu-
ment. Teng et al. proposed a hybrid approach that is the trade-off between the context-
sensitive method using LSTM and the lexicon-based method using the list of sentiment
words [22]. This approach is not one of the product reputation mining algorithms but
an advanced method for improving the conventional sentiment document classification
methods. Similarly, [23]] presented a hybrid approach that measures numerical numbers
in multiple dimensions (i.e., valence-arousal space) by extracting/abstracting the local-
ity information within each sentence based on Convolutional Neural Networks (CNN)
and updating the context weights by means of long—distance dependency cross sentences
based on LSTM.
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Nowadays, online travel forums and social network sites are popular for sharing travel
information. Review summaries for hotels automatically generated from many reviews
in the sites can help travelers choose their preferred hotel during the trip. For (opinion)
mining from online review documents about a target hotel, Hu et al. proposed a sum-
marization method that finds top—k sentences using k—medoids clustering algorithm that
removes sentences irrelevant with the target hotel [8]. They also proposed additional fea-
ture set that includes author reliability, review time, review usefulness, and conflicting
opinions which are not considered in the previous review summarization methods. Al-
though Hu et al.’s method is similar to our proposed method in that it selects top—k rele-
vant sentences from review documents, there are main differences between them. While
Hu’s method first clusters text documents by contexutal information and then selects only
top—k relevant sentences, our method computes the reputation score of a target product
using word, sentence, and aspect—level methods and identifies top—k relevant but yet in-
formative sentences. In addition, we make use of various learning models such as SVM,
Random Forest, and even deep neural networks, whereas Hu’s method is based on only
k-medoids clustering method.

3. Problem definition

Table 1. An example of the first solution method

Aspect Reputation tendency Reputation level
Design Positiveness Level 2
Performance Positiveness Level 3
Price Negativeness Level 1
Quality Positiveness Level 5
Service Positiveness Level 5

In this section, we define the product reputation mining problem as two sub-problems.
In the first problem, given a product of interest as input (e.g., a particular car e like K5
made by Hyundai and KIA motors), the goal of the product reputation mining method
is to automatically measure the reputation tendency and level per aspect. For instance,
design, performance, price, quality, and service may be the main aspects that many con-
sumers often consider importantly when they are about to purchase their brand-new car.
Table [T] shows the outcome of the product reputation mining method. Let us assume that
design, performance, price, quality, and service are given in advance as the main aspects
of evaluating general vehicles. Actually several domain experts recommended the five
aspects to us. For each aspect, the product reputation mining method will label the repu-
tation tendency to either positiveness or negativeness. The reputation level indicates the
intensity of the reputation tendency. In our context, there are five levels in positiveness,
neutrality, and five levels in negativeness. The five levels are specified to Level 1 ~ Level
5. The strongest positiveness (negativeness) is Level 5, while the weakest positiveness
(negativeness) is Level 1.
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Next, to tackle the second problem, the product reputation mining method finds top—&
documents including both relevant and informative reviews in the corpus. The top—k doc-
uments seldom contain meaningless advertisement and exaggeration, spam/fake reviews,
and even text content which is not directly related to e. Here are two examples that we
collected in the most popular web site with many reviews regarding vehicles in Korea.
The following document is considered to be both relevant and informative.

Title: Kia’s next-generation K5 does not change but actually changed everything
Author: Charisma4097

The interior was completely obscured and difficult to identify, but the overall shape could be guessed. Once the change
is expected to be quite large. Unlike the existing design that surrounds the driver’s seat, it is likely to change to a
horizontal feeling that stretches from the driver’s seat to the next seat. The door design is completely different from
that of the existing K5. Steeply raised buttons and knobs are flat. Sheets are very similar to those in the new Sonata.
It is characterized by large and wide, with the middle vertical line. However, I am not sure that I will use this sheet
similar to the new Sonata.

On the other hand, the following document shows the typical document that does not
help consumers at all.

Title: Someone who takes the new K5, What about the breaks?
Author: Mr. Oral

While I am getting ready to change from SMS5 to K5, I wonder if there are too much talk about the bad breaks. I also
wonder what K5 Turbo JBL sound is like. Once I heard from Mark Levinson audio in Lexus, it was so cool.

In practice, the sentiment analysis is the most important step in the product reputation
mining problem. The sentiment analysis is generally categorized to two approaches [16].
One is the machine learning approach and the other is the lexicon—based approach that is
also divided to dictionary—based and corpus—based approaches. Nowadays, even though
main deep learning models such as CNN and RNN used for sentiment analysis have
shown better results, the lexicon—based approach is still important. In a particular do-
main, the accuracy of the lexicon—based approach is much higher than machine learning
approaches. Thus, sentiment analysis based on sentiment lexicons has been widely used
in practical applications. In addition, the lexicon—based approach has no need for com-
plex environment setting like GPU or long pre—training time before the learning model is
used [1]]. More importantly, for greater accuracy, the existing deep learning models need
large—scale training data set. In fact, it is non—trivial to obtain the large—scale training
data because human annotators need to label the classes manually. To avoid this prob-
lem, state—of—the—art researches are being carried out to pseudo—generate the large—scale
training data using sentiment lexicons. Due to these reasons, the lexicon—based approach
is still the important methodology in sentiment analysis. In this study, we focus only on
the improvement of the existing lexicon—based approaches [7].

4. Main Proposal

To address the product reputation mining problem, we first consider the three dimensional
coordinate system in which z-axis, y-axis, and z-axis indicate the aspect matching score,
sentence importance score, and word sentiment score of a product of interest, respectively.
In our problem, given a particular product, the three various scores are first measured by
our proposed aspect classification method, sentence weight estimation method, and word
sentiment scoring method, and then are aggregated to its total sentiment score.
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Now we briefly summarize the key concept of the proposed three methods — the as-
pect classification method, sentence weight estimation method, and word sentiment scor-
ing method. We will also describe the detailed algorithms in the following subsections.
In our aspect classification method, we assume that five aspects of cars such as design,
performance, price, quality, and service are given in advance. The aspects were manually
decided by several experts in the automobile domain. Given a review document as input,
it is divided to a set of sentences. Each sentence is automatically classified to one of the
five aspects.

° //@\
O
O

Classifiers

Fig. 2. Diagram of our aspect matching method

Figure 2| shows the diagram of the proposed aspect matching method and the detailed
algorithm is depicted in Algorithm 1. The train set is a set of pairs like (sentence, one
of five aspects (i.e., price, performance, design, service, and quality)) that is stored as a
list of nodes, each of which contains a sentence and an aspect, in the main and secondary
storage. To train a learning model and to conduct the test step, we use Support Vector Ma-
chine (SVM)[5], Random Forest[3]], and Feed-forward Neural Network (FNN)[15]. SVM
was the best classification method before deep learning models are employed actively.
Random Forest often provides high accuracy because it is the best ensemble method.
Unlike the conventional classification methods, it is known that FNN works effectively
because of the deep neural network with multi hidden layers when we attempt to cope
with the non-linear classification problem. Since each model has its pros and cons, the
three learning models are used to assign sentences to the desired aspects.

Subsequently, to identify important sentences in a review document, we propose a
graph-based model for estimating sentence weight values. After the review document is
segmented to a set of sentences, each sentence is represented as a vertex in a graph G.
The link weight between two nodes n; and ns is the similarity value sim() between the
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Algorithm 1 Aspect Matching Method

Require: The whole review data set about a given product DS;
Ensure: Several sub corpus with the corresponding to the labels;

1: Use classifiers to classify sentences in DS:

2: if sentences € classifier 1 then

3:  Align sentences to sub corpus about label 1;
4: else

5 Send to classifier about label 2 to be classified;
6 if sentences € classifier 2 then
7: Align sentences to sub corpus about label 2;
8: else
9: Send to classifier about label 3;
. L.
11: if sentences € classifier n then
12: Align sentences to sub corpus about label n;
13: else
14: These sentences are irrelevant;
15: end if
16: ...
17: end if
18: end if

sentences corresponding to n1 and ns. If sim(ny,ns) < 6 (a certain threshold value), the
link between n; and n4 is removed in G. To measure the connection strength between n;
and no, our method is to compute the probability value to reach no from n; via random
walks over GG, where for each step, random walkers visit neighbouring nodes with a certain
probability. This graph-based method is based on the underlying assumption that more
important sentences are likely to receive more links from other sentences. We will discuss
the similarity and graph-based probability equations in Section.1]

Next, in word-level, we focus on both importance and sentiment orientation of words
in a review document. To quantify the importance of a word, we use Term Frequency /
Inverse Document Frequency (TF/IDF) that is widely used in the information retrieval
community. Through TF/IDF metric, a word w is considered to be important if w appears
many times in a document, while w seldom appears in the entire corpus. To compute the
sentiment degree value of w, we constructed a sentiment lexicon for Korean language
with assistance from Korean linguists. As illustrated in Figure 3] the Korean sentiment
lexicon consists of the list of positive and negative words, incrementer and decrementer,
flip words, and conjunction words. Based on the sentiment lexicon, we propose a word—
level sentiment scoring method that computes the final score by merging the TF/IDF and
sentiment scores of w. For the detail, we will discuss the detailed algorithm in Section@

Finally, after the above three methods are performed, each sentence is assigned to
(word--level score, sentence--importance score) called sentence rep-
utation score (v). For each aspect a, the total score vy, of all positive sentences related to a
are calculated. In the same way, the total score v,, of all negative sentences related to a are
calculated as well. Then, the reputation tendency and level are approximated based on v,
and v,,. Furthermore, the document reputation score v, is computed by Elevi, where k&
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—;( Positive)—( Happy )—b( Active word whose sentiment value is 1
—b(NegaliveH Sad )—»( Passive word whose Sentiment value is -1
%ncrementer)—( More )—b( Word strengthening the sentiment value
—A—Q)uremenu)—( Less )—'( Word weakening the sentiment value
—b( Flip )—( Not )—'( Word flipping the polarity of sentiment value
)—( But )—»( Word flipping the polarity of part of sentence

Sentiment
Dictionary

N N A N N S N A

—b((onjunction

Fig. 3. A Korean sentiment lexicon

is the number of sentences in the document. In the final step, all review documents in the
corpus are rearranged by v,y and then top-k review documents are chosen as informative
ones.

Suppose that n is the number of sentences in the collection of reviews as input. Be-
cause we propose a FNN-based aspect matching model and compare it to the existing
learning models such as SVM and Random Forest, we focus merely on computing the
time complexity of FNN. Please refer to Table 3 in the paper. According to the table,
each word of the sentence is converted to a 100-dimensional word embedding vector. If
each sentence is composed of ten words, the dimension number of the input vector is
1,000. If the number of words is below ten, we put zero values to empty dimensions (as
a padding approach). We develop the FNN model with five hidden layers (HI, ..., HS)
that contain 1,000, 800, 600, 400, and 200 units, respectively. The input layers has 1,000
units and the output layer has 5 units (# of aspects). The number of the weight parameters
between the input layer and H1 is 1,000%1,000 and the number of biases between them is
1,000. Similarly, the number of the weight parameters between H1 and H2 is 1,000x800
and the number of biases between them is 800. As a result, the total number of param-
eters is (1,000+1,000+1,000) + (1,000x800+800) + (800x«600+600) + (600+x400+400) +
(400%200+200) + (200%5+5) = 2,604,005. This means that at least 2,604,005 memory
spaces are required in both train and test sets. Since FNN model finds optimal parameters
through forward and backward propagation, the time complexity is dominant to the num-
ber of computing the parameters between the input layer and H1. In other words, in case
of the number of units in the input layer is n, it takes O(n x n + n) = O(n?).

4.1. Aspect Classification Models

Sentence Importance Estimation Method In this section, we present the similarity and
graph-based probability equations by which the importance of each sentence in review
documents is quantified. The similarity equation (sim) between two sentences s; and s;
is defined as:
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Hwg|wk € i, wg € 55}
log(|si]) + log(]s;l)

Eq. (18) means that the numerator is the number of the overlapped words between
two sentences and the denominator is the length of the two sentences mainly used to
normalize the similarity score. This proposed similarity measure is reasonable to see how
similar the two sentences are and the meaning of the proposed similarity method is close
to Jaccard similarity measure that is simple but yet high-accurate so is widely used in
real applications. In Eq. (18), |s;| and |s;| are the numbers of words in s; and s; and the
numerator indicates the number of the words appearing in both s; and s;.

To measure the importance of each node in a graph, where a node stands for a sen-
tence, we refer to as:

ey

sim(s;, s;5) =

sim(i, j)

1
V; = (1 - ’Y)E + ’Yz‘jedegree(i) Uj (2)

Ekedegree(i)/\kyﬁjSim(iv k)

Eq. (19) is proposed to identify the global sentiment score of each sentence. It works
based on random walks, where the local sentiment score of a sentence (e.g., X) is propa-
gated to neighbor sentences (e.g., y and z) with its probability values (similarity between
x and y, similarity between x and z). For example, suppose that xs sentiment score is 0.9;
the weight between x and y is 0.7; and the weight between x and z is 0.3. In this case, a
random walker visits to y from x at a probability of 0.7, while it also visits to z from x
at a probability of 0.3. We believe that the equation makes sense to find each sentences
optimal score by considering both the importance and sentiment of all sentences in the
collection. In Eq. (19), 4, j, and k are nodes and degree(i) means a set of the neighbour-
ing nodes of i. n is # of nodes in the graph and + is the weight value of each equation
term. Starting at node i, random walks continue to visit the neighbouring nodes until they
arrive at all nodes in the graph to compute the probability value of ¢ which is denoted by
P(3). The bigger P(%) is, the higher the importance of 7 is. This is, if one node is pointed
by important nodes in the graph, it may also be an important node. In Eq. (19), the first
term % needs because a random walker jumps to another node chosen at random with the
equal probability whenever it meets terminal nodes in the graph. To quantify the weight
of each sentence in a given corpus, the similarity between two sentences is computed and
stored as a square matrix, where each row(column) means a sentence. In addition, the
sentiment scores of all sentences are stored in a vector. The matrix-vector multiplication
is performed iteratively until the values of the vector are converged. Suppose that n is
the number of sentences in the collection of reviews as input. A n by n matrix and a n-
dimensional vector are created, where the matrix contains the similarity values between
two sentences and the vector means the sentiment score of each sentence. The space com-
plexity is O(n? + n) = O(n?). The algorithm is peformed iteratively until there in no
difference between the previous and current values in the vector. If we consider k to be
the average number of iterations, the algorithm does the matrix-vector multiplication by
k times. In each matrix-vector multiplication, the total number of the multiplications is
n*n and the total number of the additions is n-1. For n rows in the matrix, the multipli-
cations and additions are needed so O(n(n * n + (n — 1))) = O(n?®). As a result, the
time complexity is O(k * n3). Algorithm 2 shows the detailed algorithm of quantifying
the importance of sentences.
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Algorithm 2 Sentence-level Method

Require: One sub corpus processed by Algorithm 2: C;
Ensure: Reputation score for each sentence: s7s;

1: Each sentence in the corpus gains a tr by Eq. (19);
2: for sentence in C do

3: Srs =ssc*tr;

4: end for

Word Sentiment Scoring Method This method consists of two terms of the equa-
tion. For each word w, one is to measure the importance of w and the other is to mea-
sure the sentiment score of w. To quantify the importance of w, we use TF/IDF met-
ric, where TF is Term Frequency meaning the frequency of a word within a document.
For example, if a word ‘obama’ appears three times in a document that has 100 words,
TF(‘obama’)= % = 0.03. On the other hand, IDF is Inverse Document Frequency, in-
dicating that a word is more important if it is unique in the corpus. Suppose that we
have 10 million documents in the corpus. If ‘obama’ appears in only 1,000 documents,
then IDF(‘obama’)=1%200:9%-4 A5 a result, TF/IDF(obama)=0.03 x 4=0.12. In this
way, the weight value of each word is quantitatively computed using TF/IDF which is
between 0 and 1. If the weight value of the word is close to 1, then it means that the
word is very important. On the other hand, if the weight value is low, the correspond-
ing word is trivial. Such a word may be ‘a’, ‘the’, ‘in’, and so on. This weight value of

each word captures the importance of the word. Meanwhile, to compute the sentiment

Algorithm 3 Word-level Method

Require: One sub corpus after aspect classification: C;
Ensure: Reputation score for each sentence: ssc;

Each word in the corpus gains a ¢i value by TF/IDF;

1:

2: for sentence in C do

3 def sentence_rs(sentence_tokens, pw, nw, ssc):
4 if not sentence_tokens then

5: return ssc;

6 else

7 cw = sentence_tokens[0];

8 Gain the wss of cw from Rules;

9: SSC = SSc + wss * ti;
10: if nw € Conjunction dictionary then
11: ssc=sscx* (—1);
12: end if
13: return sentence_rs(sentence_token[1:], cw, nw, ssc)
14: end if
15: end for

score of w, we constructed and used our own Korean sentiment lexicon as shown in Fig-
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ure[3] In particular, the sentiment dictionary contains positive and negative words, incre-
menter/decrementer, flip words, and conjunction words. The final word-level score(w) =
TF/IDF(w) x sentiment—score(w). Each sentence is tokenized to words and then is stored
as a list of pairs like (Sentence ID, [word;, words, words, ...]). In addition, HashMap
is used, where the key is (Sentence ID, word;) and the value is (TF/IDF and sentiment
scores of word;). Suppose that n is the number of sentences in the collection of reviews
and each sentence contains m words on average. In the first step, all TF/IDF and sentiment
scores are computed by n*m times. In the second step, Algorithm 3 is performed by nxm
times. Thus, the time complexity is O(n * m). Meanwhile, to store a list that contains
the pairs of (Sentence ID, Words), it needs nxm+n spaces, where n¥m means the total
number of words in sentences and n means the number of the sentences identifiers. We
also need a HashMap, where each key needs 2 for storing a sentence ID and each word,
and each value needs 2 for storing TF/IDF and sentiment scores. Thus, the HashMap
needs O(n * m(2 4+ 2)) = O(n * m) spaces. As a result, the total space complexity is
O((n*m+n)+ (nxm)) = O(n *m). Algorithm 3 describes the detailed procedure.

Estimation of Reputation Tendency and Level As the final result, each sentence is la-

belled to sentence reputation score (v)=(word-—-level score, sentence--importance
score). For each aspect a, the total score v, of all positive sentences related to a are cal-

culated and then the final reputation score is estimated based on m In the same
way, the total score v,, of all positive sentences related to a are also calculated and then
the final reputation score is estimated based on W Finally, the reputation scores
are transformed to the relevant reputation tendency and level based on the index table in

Figure [}

PRR 0< 10%< 20%=< 30%=< 40%< 50%<
Neg Neg Neg Neg Neg
Reputation Level Neutral
Lv.5 Lv.4 Lv.3 Lv.2 Lv.1
PRR 60%> 70%= 80%> 90%> 100%=>
Pos Pos Pos Pos Pos
Reputation Level
Lv.1 Lv.2 Lv.3 Lv.4 Lv.5

Fig. 4. Reputation tendency and level index

To find informative review documents, the document reputation score vy is computed
by Xk ,v;, where k is the number of sentences in the document. In the final step, all
review documents in the corpus are rearranged by vy and then top-k review documents
are chosen as the informative documents.

5. Experimental Validation

5.1. [Experimental Set—up

In the previous section, we described the detailed algorithms of the proposed approach
for computing the reputation tendency and level and selecting top—k informative sen-
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tences about a target product. Now we introduce the process of evaluating the proposed
method, comparing to a straightforward lexicon—based approach as the baseline method
with online reviews about K5 in Kia motors. We collected 1,585 review documents in
Bobaedream, the most popular web sties related to car reviews. In the pre—processing step,
we replaced all words by lower—case letters after removing images, moving pictures, and
advertising texts. Then, we removed stop words [24] in the all documents and converted
derived words to root forms through a stemming software [17]. After the pre—processing
step, we collected 1,562 review sentences. To make the gold standard set (solution set),
four human annotators subjectively labelled the aspect of each sentence to one of five
aspects (design, performance, price, quality, and service) and conflicting sentences are
decided by a majority vote. In the same way, they manually classified all sentences to
a particular sentiment orientation (positive, neutral, and negative). For example, given a
sentence “The front design with Raff is very good,” the sentence orientation is positive
and the aspect label is design. Figure [5]shows the brief characteristics of the data set.

Distribution of experiment data

221
= Price  ® Performance Design Service m Quality m Other

Fig. 5. Distribution of the review documents across five aspects

To select the discriminative features of input vectors, we first computed TF/IDF values
of all words in the data set, and then used top—k words with the highest TF/IDF values as
the feature set. For example, # of the words in the feature set is 1,000. In our repetitive
experiments, we carefully investigated the results of all methods for all possible cases
to find the optimal number of the features in the data set. Finally, after making feature
vectors based on the feature set in the data set, we converted the feature vectors to the
input vectors, which is the input of the models used in our experiment, using a popular
word embedding method such as Word2Vec [20].

We implemented the aspect matching method based on FNN deep learning model in
Python and TensorFlow [6]. The experimental set-up of the method used in our experi-
ments is summarized in Table 2} Through our intensive experiment, we found the optimal
values of the hyper parameters that are suitable in our problem. For the initial values of
weight parameters, we used the truncated normal method [[14]. As an activation function,
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ReLU was used in the entire layers except the output layer in which the activation function
was SoftMax function. We also made use of cross entropy as loss function. To improve
the accuracy of the models, we used dropout and regularization techniques in addition to
Adam optimizer for carrying out backward propagation of errors. After completing the
implementation of the deep learning model, we attempted to find the best dropout and
learning rates. To validate the effectiveness of the aspect matching method, we compared
the results of SVM [11]], Random Forest [2]], and FNN. The number of classes in the data
set is 6. Through cross-validation in the training step, all sentences were divided into five
run sets. Each model had been first trained with the four run sets and then classified each
sentence in the rest set to one of the six aspects. Changing the order of the run sets, we
performed the train and test steps five times, and measured the average accuracy, pre-
cision, recall, and F—score of the models. Each model was in standalone executed in
a high-performance workstation server with Intel Xeon 3.6GHz CPU with eight cores,
24GB RAM, 2TB HDD, and TITAN-X GPU with 3,072 CUDA cores, 12GB RAM, and
7Gbps memory clock.

For the evaluation metric, we used accuracy, precision, recall, F}—score measures that
have been widely used in IR community. To measure the precision and recall values of a
classification model, we first consider a confusion matrix of classes M; ;, where each row
of the confusion matrix represents predicted class, while each column represents actual
class. n is the number of classes. True positive, False positive, and False negative in each
class are represented as Eq. (3).

True positivie, = M, ;
False positivie;, = Y, M; |k # i (3)
False negative, = >, _; My ;|k # i

Based on Eq. (20), the precision, recall, and F}—score (Harmonic mean between pre-
cision and recall) are defined as:

.. o n True positivie;
Precision = Zk:l True positivie, +False positivie;
_ n True positivie;
Recall = Zk:l True positivie, +False negative; (4)
2 x Precision X Recall
{Precision+Recall }

Fj—score =

Table 2. Experimental set—up for the used models

Methods Experimental set-up

Through many experiments, the optimal trade-off value between training error
and margin was selected in each data set

Through Many experiments, the optimal # of trees in the forest & max depth
of the tree were selected in each data set

Batch size=50, Adam optimizer(learning rate=0.01), dropout rate=0.5,

5 hidden layers H1, Ho, H3, H4, and Hs — H, contains 1,000 units; and H»
contains 800 units;5 hidden layers Hi, Ho, Hs, Hs4, and Hs — H; contains
1,000 units; and Hs contains 800 units;

H3 contains 600 units; H4 contains 400 units; Hs contains 200 units

SVM

Random Forest

FNN
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5.2. Experimental Results

Table 3. Accuracy of three aspect matching models based on SVM, Random Forest, and
FNN

Aspect Price|Performance|Design [Service|Quality
FNN 95.7 85.2 939 | 946 | 864
SVM 97.3 73.4 89.6 | 96.1 | 84.1

Random Forest| 96.2 70.6 88.6 | 956 | 842

Result of Aspect Matching Method Table [3| summarizes the average accuracy scores
of the three aspect matching models based on SVM, Random Forest, and FNN. By and
large, the average accuracy values are high for all aspects. For example, the accuracy
of the performance aspect is at least 70.6% in Random Forest. In the price aspect, the
accuracy of SVM is up to 97.3%. In three aspects such as performance, design, and ser-
vice, FNN outperforms both SVM and Random Forest. Interestingly, we observed that
the deep learning model like FNN is better than the conventional learning models such as
SVM and Random Forest in the aspects including many sentences. In contrast, the price
and service aspects have the small number of sentences. In these aspects, SVM is better
than the deep learning model. However, the gap of the accuracies in the different learning
models is not large. In the data set, a relatively large number of sentences are related to the
performance and quality aspects. In general, many sentences in such aspects are often am-
biguous because they may be semantically interpreted to other aspect. Thus, developing
more intelligent aspect matching models is still challenging and there is room to improve
the accuracy of the best learning models.

Sentiment Analysis of the Proposed Method Figure[6]shows the average accuracy, pre-
cision, recall, and Fj—scores of the proposed method, comparing to the baseline method
that is the typical lexicon—based approach in the sentiment analysis. To find the prefer-
ence for a particular product, the baseline approach collects (1) review posts, which are
related to the product, from several product review web sites; (2) extracts sentences in the
collection after the pre—processing step such as stemming and removal of stop words is
performed; (3) classifies the polarity (either positive or negative sense) of each sentence
based on a sentiment lexicon; and (4) estimates the positive and negative ratios of the
product by dividing the total numbers of the positive and negative sentences by the total
number of the sentences in the collection. Furthermore, the baseline approach automati-
cally finds important sentences including the positive and negative meaning to/against the
product.

As a motivated example, given a product like Hyundai Sonata, customers often want
to see the summary note including what positive points are and what negative points are
in the ‘car design’ aspect. They also want to gain more useful information regarding other
aspects such as ‘car quality,” ‘car performance, and ‘car service.” Such an information
will enable customers to make good choice when they attempt to purchase their brand—
new cars. In addition, car makers will be able to figure out the public’s preferences and
positive/negative points for new models on market. In the near future, the weak points of
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the models will be improved by the sentiment analysis. For this, the baseline approach
computes the sentiment score of each sentence and then selects top—k sentences with the
highest positive and negative scores. In the figures, the experimental results show that the
proposed method outperforms the baseline method in all evaluation metrics. For instance,
the average accuracy scores of the baseline method are 75.7% and 68.1% in positive and
negative sentences, while those of the proposed method are 79.9% and 77.9% in positive
and negative sentences. This indicates that the proposed method improves about 5% and
14% accuracies, compared to the baseline method. Similarly, the average Fj—scores of
the baseline method are 67.8% and 68.8% in positive and negative sentences, while those
of the proposed method are 75.8% and 79.5% in positive and negative sentences. This
implies that the proposed method improves about 12% and 16% F}—scores, compared to
the baseline method. The main reason why the proposed method outperforms the baseline
method is that three dimensions (word, sentence, and aspect—levels) are considered to find
the reputation tendency and level. In addition, the proposed word—level method considers
both importance and sentiment orientation of words, while the baseline method focuses
only on measuring the sentiment orientation of words. Another reason is because the
proposed method aggregates additional information about the importance of sentences in
order to determine the reputation tendency and level. Besides, through the aspect matching
method, because most sentences are first categorised to the right aspect, the rest methods
have a little chance to get confused to estimate the sentiment scores of the sentences.

Accuracy Precision
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Fig. 6. Comparison of the proposed method to the existing lexicon—based approach
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Top One Positive Review about “Performance™ Top One Negative Review about “Performance”:
Review Number: 62 Review Number: 70
Document Reputation Score: 0.0090 Document Reputation Score: -0.0130

[0.0021] 22l =452 @D 2 HRNDE @ LD R
[0.0021] F72l ECHUTE Ok FHofot

This car don't have explosive accelerating ability, however, itis very | ofEiCatme

safe

i

A2 BEA Aol 2
I need to drive long distance, they give me a dying car and the
engine is so bad.

[0.0012] 2| = Ko 2LCH 80| SFEI A LICH

Comparing to the original K5, it is much safer. [-0.0003] 160 'FO{OtH 17071% 2F D 170014 LHAS Fof A=
=Zol dyyct

It feels okay if speed is in range from 160 to 170. However, if the
[0.0018] ~E|01® =& 2 M ~ZE2CH 0| ZORSUCH speed is over 170, the car torments me.

The feeling of steering is much better than my car Sport.

[-0.0018] 22/ 1 DE0ilA HFLIE AMIDE 224 SUCH

[0.0003] F=X| H2TA DIFYRIE 2 I 2UHA| o2 ootz And it feels very unstable in the expressway.

It feels not bad when driving through the deceleration strip.

[-0.0008] EEEE E = A% 0iM BHEE B 0T HECZR
1

[0.0003] 12| D O|SHAS 2F= AES AIBH =0 21510 2 | Since the car swings to make me feel nervous naturally,
ST grab the handle.

have to

What's more, I tested the advanced cruise control, it surprisingly
maneuvered well.

[-0.0010] 2f DX DHEZZ0IA KOt F2 Hi=x| & A Zotgr

~ _ Finally, I know why people said so many bad words to K5 when
[0.0022] ZEE 739 K6 B2 T B MFOF 2YUCISo I can driving in the expressway.

draw a conclusion that the combination of turbo of current K5 car
looks very good.

[-0.0009] DOl SHell 22t Lol =55t o] 4% cUlg
[0.0010] LtZ0i 215 =/H K6 {2 Eot2n AUlg However, the car is slightly short of stamina.

If there is one chance, I really want to try the turbo of K5.

[-0.0009] E£47H= HA0| =0 0 H==¢E

Tosca has endurance, but K5 doesn’t have it.

[-0.0001] 22O ASZ2H0l2t AR EG0| B2 AFUSUCE

But, it's not good enough with trip function as its classic model.

Fig. 7. Top—1 positive and negative review documents

A Case Study of Top—k informative review documents For each aspect, both enterprise
executives and customers would like to know the summary of the detailed reviews. If
they go over the review summary, they can know the reasons why customers really like
the product and what inconvenient points exist to be improved. The proposed method
provides top—k documents of the most informative reviews. To validate whether top—k
informative reviews are really useful for producers and consumers, we conducted a case
study of K5 in Kia motors.

The left figure in Figure [/|shows the top-1 document of positive reviews in the aspect
of performance. The identifier of the review document is 62 and the document reputation
score is 0.009 that is the sum of the scores of the six sentences in the document. Each
sentence also shows the reputation score estimated by our proposed method. For instance,
0.0021 is the reputation score of the first sentence — “This car don’t have explosive accel-
erating ability, however, it is very safe.” The top—1 review document contains positive but
yet informative meanings. Similarly, the right figure in Figure |7| shows the top—1 docu-
ment of negative reviews in the same aspect. The top-1 review document contains negative
but yet informative meanings. These results clearly show that the top-1 review documents
are considerably informative. These review documents will help both producers and con-
sumers figure out the detailed pros and cons of the product that they really want to know
in the marketing research.
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A User Study and Statistical Verification To validate the effectiveness of our proposed
method, we first had interviewed with 30 volunteers who had nothing to do with the au-
thors in this article and are willing to respond to this survey. For each aspect, each inter-
viewee took a look at five sentences chosen at random which are related to the reputation
level generated by the proposed method. The interviewee chose one of (i) agree, (ii) dis-
agree, and (iii) N/A to see how much he/she agrees to the results. Figure [§]illustrates the
survey results of the six aspects. Y-axis indicates the ratios of agree, disagree, and N/A
answers from all interviewees. In the figure, it is obvious that the majority of intervie-
wees agreed to the reputation level, especially in the aspects of design, performance, and
service, while it seems that more people disagreed to the reputation level in the quality
aspect.

Aspect PRR Reputation Level Survey Result about Reputation Level
100%
i 90%
Price 49.6% Negative
Level 1 80%
70%
Performan o Positive
e 50.4% Level 1 60%
50%
. iti 40%
Design 63.2% izsz:vg
30%
Neaati 20%
] o egative
Service 20.8% Level 3 10%
0%
. i Price Performance Design Service Quality
Quality | 416% Negative
Level 3 m Agree M Disagree mN/A

Fig. 8. Results of user study

In addition, we conducted additional survey for top—k informative documents of re-
views. In the performance aspect, we prepared top—1 review documents retrieved by the
baseline method and the proposed method and showed them to 30 interviewees who gave
a score in range from 1 to 5 to each selected document to see how informative it is.
We conducted the significance test using IBM-SPSS Statistics 21 and Figure [9] shows
the statistical results. We compared the proposed method to the baseline method. When
the significant level is 0.05, the null hypothesis Hj is no statistical difference between
the two methods and the alternative hypothesis H; is the significant difference between
them. According to our Levene’s test and t—test results, H is accepted, indicating that the
proposed method is statistically different from the baseline method because the p—value
is extremely close to 0 and smaller than the significance level. In addition, the intervie-
wees thought that the proposed method is better because the mean score of the proposed
method is higher than the baseline method.

6. Concluding Remarks and Future Work

In this work, we propose a novel method of determining the reputation tendency and
level and selecting top—k informative review documents about a particular product. This
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Group Statistics

1. Baseline Std.Error
Method N Mean Std.Deviation Mean

2. Proposed method Score 1 30 5.63 1159 212
2 30 7.60 1.163 212

Group Statistics

Levene’s Test for Std.Error
Equality of Variances Mean
95% Confidence Interval of
Sig. (2- Mean Std. Error the Difference
F Sig. t df tailed) Difference | Difference Lower Upper
Score Equal variances
.088 767 | -6.561 58 .000 -1.967 .300 -2.567 -1.367
assumed
Equal variances not
-6.561 | 57.999 .000 -1.967 .300 -2.567 -1.367
assumed

Fig. 9. Statistical test results

product reputation mining approach can help both producers and consumers understand
the product well. Unlike the existing lexicon—based approach, our proposed method is
based on three dimensional points of word—level, sentence—level, and aspect—level views.
In each level, the sentiment orientation of the product is quantified in addition to the
consideration of the importance of words and sentences. In addition, the aspect matching
process can be helpful in measuring the sentiment orientation of the product. To the best
of our knowledge, our method is new, compared to the existing lexicon—based approach.
Our experiment results show the the proposed method outperforms the baseline method
and we also validated the proposed method through user study and statistical verification
tasks.

For our future work, we have a plan to develop a web-based prototype system for the
demonstration. We will also apply our method to other domains like smart phones and
cosmetic products. Finally, we will propose an automatic method of mining main aspects
about a particular product.
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Abstract. Highly mature service-oriented architecture systems have great flexibil-
ity and reusability, and can align business processes and information technologies
with high quality. Service identification plays a key role in this respect. Further, of
the different methods employed, the most popular and preferred is process-oriented
service identification. However, the absence of dependency analysis in the business
process management domain remains a challenge for the quality of future systems.
In this paper, we propose a goal-oriented dependency analysis for service identifica-
tion via business process modeling. In our analysis solution, we apply a dependency
tree featuring the relationships among requirements. The dependency relations are
analyzed to create business processes via scenarios comprising requirements and
process fragments.

Keywords: Service Oriented Computing, Service Identification, Business Process,
Dependency

1. Introduction

Aligning business processes and information technology (IT) is an important strategy
during a company’s development. The results are irreplaceable in the resultant informa-
tion system architecture [2]. To manage this alignment with different IT implementations,
several solutions have been proposed. Service-oriented architectures (SOA) increase ver-
satility and flexibility within a company [54/11/41]. To benefit from SOA, it is essential
to define its governance [25]]. This becomes a benchmark for justifying whether a given
SOA system has achieved its goal. It is nearly impossible to build a perfect SOA system
on the first attempt. Therefore, the maturity level and the current state of the system must
be analyzed. To this end, several methods have been proposed in the literature. For ex-
ample, the Combined SOA Maturity Model provides a 7-level maturity process for SOA
systems [45]]. Similarly, the Independent SOA Maturity Model offers a 5-level process
that provides a pathway for SOA systems to become more flexible and mature [42].

A fundamental requirement for SOA governance when pursuing business—IT align-
ment is fulfilling the need for reusable services in the system [2]]. Achieving the proper
granularity of a specific service has a significant effect on the reusability of the whole
system [17]. As a first and fundamental phase of the management of the SOA’s life-cycle,

* Corresponding author: Wenge Rong
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service identification helps guarantee the business—IT strategy alignment by communicat-
ing business-related issues from an IT perspective [6]. The outcome of this phase influ-
ences not only the alignment between strategies [44], but also the development of future
systems [35].

Currently there are three main strategies used to identify services within SOA: bottom-
up, meet-in-the-middle, and top-down [3]]. The top-down strategy is the most popular and
most widely used [[19]. Of the different kinds of top-down methods, process-driven ser-
vice identification addresses alignment [[L6]. Process-oriented solutions for service identi-
fication capture functional business requirements. However, non-functional requirements
(NFR) are important in business-process modeling, because it provides associated restric-
tions and constraints [1]]. Maintaining the awareness of such dependencies is a challenge,
and is helpful for detecting possible conflicts during the early stages [40]. It is difficult
to develop a good SOA for complex systems when the complex relations between ser-
vices are not fully considered [33]. In these studies, it was argued that, when extracting
services from business processes, non-functional dependencies should also be assigned
importance levels to increase the dependability of identified services.

The degree of dependency between requirements has been proven to have a signifi-
cant impact on future defects [S1]. Moreover, when complexity increases, the number of
system errors increases significantly. If we underestimate the importance of dependency,
it may result in different bottlenecks and blockages in workflows [47]. Moreover, the idea
of services with high adaptability to business changes focuses on managing the depen-
dent relations between business requirements and IT realization [46]. Consequently, it is
important to precisely catalogue the dependency-analysis methods.

To solve the dependency-detection problem, many methods have been proposed. User
requirement notation (URN) was proposed to provide a more powerful process-modeling
language that focuses on dependencies by including goal-dependency management [40]].
The authors argued that three perspectives should be guaranteed to achieve this goal:
process modeling, goal dependency management, and goal/process traceability. It is thus
essential to develop goal-dependency management and goal/process traceability. Whereas
URN is powerful with respect to dependencies, it is difficult to implement because of the
lack of a suitable design pattern. In the literature, business process management nota-
tion (BPMN) is a more user-friendly and popular tool, owing to its graphic presentation
[55143].

Other solutions have been employed to solve this problem by focusing on requirement
dependencies [31]. One dependency-detection solution is goal-oriented requirement engi-
neering, which usually applies a model-oriented thinking process [37]. Another approach
is i*, which is a pure dependency analysis language proposed for all kinds of possible
dependencies [55015]]. In the latest i* model, iStar 2.0, [12]], the language was standard-
ized. As a model language, iStar 2.0 proposed relation types without quantitative values
to evaluation relations.

Several other model-oriented requirements-engineering methods have been proposed.
NFRs are typically more representative of user behavior [36]]. However, the logical re-
lationship to business goals is not included. Therefore, Knowledge Acquisition in Auto-
mated Specification of Software Systems (KAOS) was proposed to solve this problem
[26]]. Both NFR [36] and KAOS [27] tended to increase the quantification and traceability
of the requirements domain during engineering. Alternatively, GoalBPM was an informal
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framework for goal/process traceability [24]]. Unfortunately, this solution was dependent
on an ambiguous definition of effects.

Cooperating with a model-oriented requirement traceability, Cooperative Require-
ments Engineering with Scenarios (CREWS) can easily obtain scenarios pertaining to re-
quirements [48]]. During the development phase of services, business goals and objectives
become performance indicators [39]]. Scenarios can be used to trace service performances
and goal/process traceability.

Dependency analysis has been successful in requirements management, business pro-
cess management, and service identification [28]. In this study, we integrate dependency
with service identification. First, we model the requirements in the form of scenarios in the
requirement-acquisition phase, because the business process is another representation of
requirements [7]. Then, the scenario is translated into process fragments [13]], which be-
come part of the business process. Each fragment represents a candidate service. Finally,
services are grouped per the dependency analysis results. By analyzing the dependency
among process fragments, this method identifies services with respect to the successful
traceability of business goals, and it processes the dependency relation obtained from the
requirement analysis.

Extant dependency analysis methods focus on the graphical representation of depen-
dencies between requirements. One example of dependency analysis is the use of key per-
formance indicators to trace requirements [52]. Another example is iStar 2.0 [12]], which
uses a dependency net for organized dependency. iStar 2.0 proposes different types of de-
pendencies without quantitative evaluation to identify services. To produce a measurable
definition of dependency, we propose a goal-oriented dependency analysis for services
identification.

The rest of the paper is organized as follows. In Section 2, we introduce the back-
ground to service identification and related methods from a process-oriented perspective.
In Section 3, we present details of the proposed method. In Section 4, we evaluate and
discuss our method using a case study. Finally, in Section 5, we conclude the paper and
present possible future work.

2. Related Work

The alignment of a business—IT strategy is important to an organization’s success, con-
sidering the fierce market competition and different solutions presented in the literature
[L8]. As an early attempt to use enterprise architecture, ATIS [3] leveraged the Zach-
mann framework to measure technology alignment [10]. Recently, with the development
of SOA, it was lauded as a feasible method of improving IT governance in the business
domain [9]].

To implement efficient SOA-based applications, one preliminary task is to obtain
proper services [4]. A straightforward idea is to use business entities for service iden-
tification by analyzing the relationships among entities [35]. Every element of a business
is considered a business entity, and those with strong relations are grouped as services.
An example of a business entity is the business process, widely adopted in service identi-
fication as a top-down oriented solution, owing to the similarity between business and IT
processes [SU19].
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Generally, a top-down strategy can have two types of inputs: use cases and business
processes [20422]. Compared to business processes, use cases do not consider tasks that
have the same function as units [5]. Alternatively, business process-oriented service iden-
tification should design proper metrics for coupling and cohesion [49]. This constitutes
the bases for different approaches.

One example of a business process-oriented top-down method was proposed by Kim
et al., who created services by analyzing and grouping different business processes or
workflows with minimum communication between them [21]]. The underlying argument
was that a service should represent a group of tasks. Thus, there should be less communi-
cation to the outside and more centralization. Similarly, Ma et al. classified business pro-
cesses by weighting different SOA characteristics, such that customers obtained a group
of services with balanced characteristics, according to their needs [31]. Because SOA en-
hances the flexibility and reusability of services per its design principal [23]], to balance
the contradictory characteristics, the authors proposed matrix achieved the requirements
of an information system.

Another process-driven method, P2S, analyzes the data being sent between tasks [4].
This is suitable for solving complex processes, where interoperation is realized by group-
ing collaborative tasks. By applying a new definition of business value to determine ser-
vice definitions, P2S provides a solution to combine data analysis and design metrics. By
this definition, business value is a product that is created or treated in one department of
an organization and then transferred to another. At this step, P2S obtains several candidate
services. Then, it uses pre-defined design metrics to group services together. P2S inno-
vatively combines business values and design metrics to calculate services and improve
effectiveness. Moreover, this method has proven to be efficient in decreasing errors.

However, most process-driven methods focus on decomposing business processes.
A lack of analysis of their dependencies and goals leaves us to face another challenge
with respect to quality analysis [52]. In fact, the reliability of SOA systems depends on
the existence of a secure architecture for relation management [[14]. However, such an
information management system would be difficult to analyze [29]. Thus, it is important
to consider the dependency between business processes during service identification.

Identifying dependencies in business processes is recognized as a fundamental chal-
lenge in the literature. One possible solution is to use URN [40]]. Compared to other
popular methods in Table [T, URN has high quality in terms of managing dependencies,
including business-process modeling in the goal-management domain. However, its de-
sign pattern is incomplete for complex situations. To make it suitable for applications.
Three essential parts are necessary [40]]. It needs a graphical business-processing model-
ing language; it needs a goal-oriented method for managing requirements; and it needs a
method to relate requirement engineering results to business processes.

Several methods are employed to manage goal-oriented requirements [50]], their trace-
ability, and their dependencies. Koliadis et al. proposed the GoalBPM framework [24],
which linked BPMN with KAOS [26]]. This framework controls goal satisfaction during
business-process development. Another goal-oriented requirement traceability method is
NFR [36], which goes further in terms of analyzing non-functional requirements and their
relations. By classifying goals at different layers, NFR built a goal-oriented system sim-
ilar to the KAOS model. Instead of focusing on the logical hierarchy among goals, NFR
includes non-functional requirements as soft goals in the dependency tree. Instead of us-
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Table 1. Different modeling languages for dependency management.

BPMN |UML |iStar 2.0/ NFR|URN

Sequenceflow
Roles
Activities
Events
Process Hierarchies
Goal Modeling
Goal Model Evaluation
Goal/Process Traceability

x | | x [« << <<

XXX

X | x x| x|x|<|&

SOOI

X | x| x| x| x|&

ing logic relations, as in KAOS, to analyze dependency relations, the NFR dependency
tree focuses on the relationship between soft and functional goals. Another efficient goal-
oriented method is iStar 2.0 [55112]. Based on the analysis of the dependency relations
among actors, iStar 2.0 forms self-explained modeling languages for tasks in business pro-
cesses, which include not only the dependency among goals but also dependencies among
actors or tasks. At the goal level, iStar 2.0 proposes refinement relationships for goals. See
Table 2] For refinement links, iStar 2.0 defines AND-refinement and OR-refinement re-
lationships. However, it does not propose an evaluation method to measure the degree of
dependency.

Attends
Meeting(p.m)

Meeting
Participant

Meeting
Initiatior
Proposed ISA
Dates(m)

Important
Participant

Attends
Meeting(ip,m)

Fig. 1. iStar 2.0 modeling language example

From the literature, business processes have had a close relationship with requirement
engineering [7]]. Thus, a business process is simply another representation of related and
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Table 2. Links between elements in iStar 2.0 model

Goal Quality Task Resource
Goal | Refinement |Contribution| Refinement NA
Quality [Qualification|Contribution|Qualification|Qualification
Task | Refinement |Contribution| Refinement NA
Resource NA Contribution| NeededBy NA

elicited requirements. To model and verify a business process, we must find a suitable
requirement engineering method [49153]]. Process fragments [[13]] are designed to specify
an action that is needed to compare business processes with itself in order to manage
the overall process. Matching a scenario of requirements to a process fragment helps us
understand the logic inside a business process.

3. Dependency-Aware Service Identification

From the above discussion, business process-oriented service identification is promising
for SOA-based business—IT alignment, and dependencies among processes should be em-
phasized simultaneously. There are many dependency detection and analysis tools in the
literature, and the methods used to employ their ideas for service identification vary. In
this research, we propose a dependency-aware process analysis framework, where we
first employ BPMN to model business processes, because BPMN is a powerful extended
markup language-oriented machine-friendly language. It enables more choices for gate-
ways and special cases and graphical representations of business processes for ease of
understanding [8].

Specifically, we adopted a 3-stage service-identification mechanism for this research.
In the requirement-acquisition phase, we recognize requirements as scenarios using the
popular CREWS—Scenarios for Acquiring and Validating Requirements [48]]. After de-
veloping a library of requirements, we develop a KAOS goal-oriented model [26], as a
goal-dependency study [32]. We match scenarios using process fragments and. We group
service candidates according to the dependency tree, where requirements with dependent
relations located in the same root goal have high affinity.

3.1. Requirement Acquisition

The first task for service identification is to define the dependency between different busi-
ness processes. To analyze the dependency, it is necessary to understand the requirements,
because dependencies give rise to conflicts between requirements. To this end, we define
requirements as follows:

R ={Id,D,S, Sc}. 1

In this dependency-analysis method, a requirement, R, is defined by a unique identi-
fier, Id, which serves to guide the relation between requirements and goals when the
requirement description changes. For ease of understanding, the description information,
D, stored in a unique requirement, should be of a semantic form. It is also possible to
trace back to the source of a requirement. The source, .S, helps the requirement engineer
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review the need for the requirement. The set of scenarios, Sc, included in the definition
of a requirement is a representation of traceability management and dependency analy-
sis. CREWS [48]] is a model-oriented method employed for scenario construction. In this
definition, a unique requirement can have more than one scenario.

After requirements are defined, the next challenge is representing the dependency
among requirements. In this research, we employ the dependency tree per the goal-oriented
requirement engineering principal by combining the logic relation defined in KAOS [26]
and the goal’s level distributions of NFR [36]. A branch in the requirement dependency
tree is defined as follows:

K ={R,Go,Tt, Sr}. 2)

From the definition of a branch, this equation contains information about the requirements
parent and child goals. A branch always points from the leaves to the root. There are two
kinds of branches: “AND” branches and “OR” branches. Both branches signify the logical
relation between sub-goals and goals. The logical relationship between goals helps iden-
tify dependencies between sub goals. The rules are defined in the dependency analysis
section. The satisfaction coefficient of a dependency branch is given by the dependency
relation between the goal and its sub-goal. To obtain the satisfaction level of a goal, we
work from the bottom of the dependency tree. The satisfaction level is classified as “sat-
isfied,” “weak,” or “unsatisfied.” A requirement with all of its scenarios satisfied by the
business process will have the state, “satisfied.” If only some scenarios are satisfied, the
relation is “weak.” Otherwise, the requirement is “unsatisfied.” This satisfaction relation
occurs between the parent goal and a sub-goal, and it can be translated as another form of
dependency for the destination goal.

According to the definition of “scenario” in [48]], we define a scenario as a sequence
of events having one possible pathway through a use case containing some actions.

Sce; = {evy, ...,evp}, 3)

where two types of scenarios are further defined. The execution scenario is designed for
execution. This kind of scenario has a positive effect on the parent goal. A forbidden
scenario is a constraint that should not be executed. Forbidden scenarios have negative
effects on the parent goal. When we wish to control for the greatest satisfaction of one
goal, it is necessary to combine both positive and negative influences of the sub-goals.

In this research, a scenario is formed by events. In [48], an event could specify the
system status before or after an actions resulting in a change. To simplify the comparison
between scenarios and business processes, we use only the information of the changing
state (i.e., event) but not the details of the action needed in the requirements. Therefore,
one event can be defined as a set of data with its new state and the information of the
changing source. Each dataset has a data object, a state of data, and a changing source.

ev = {Dty,..., Dty } “4)

Dt; = {Do, st, sc} 5)

Another kind of event is the condition for execution. This event only exists for a con-
dition flux or a condition gateway. A condition event contains one condition description
line and a chosen condition. With the chosen condition, we can orient the condition with a
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certain condition flux. This kind of event helps us discover complex structures of process
fragments.

ev ={Cdy,...,Cd,} 6)

The last kind of event is of temporal significance: state of system. If we need to locate
a scenario involving the specific state of a system, it can be found in an event. The state
of a system is defined as the need of a company. This kind of event can help to not
only define the significant time points for the system, but also the waiting-time for the
system. The BPMN modeling business process has several special time events requiring
time significance (e.g., interrupted events). Interrupted events make the system wait for a
period before executing the predefined action.

ev = {St1, ..., Stq} @)

In the analysis of the similarity between scenarios and business processes, process
fragments are a part of business processes and can be located as follows.

PF ={Id,T,E,F,A,G,L,A}. ®)

A process fragment is connected to a unique requirement. Therefore, it contains the
requirement identification. Inside a process fragment, information exists to rebuild a busi-
ness process section , including the set of tasks, the set of different kinds of associa-
tions, the set of gateways, the set of lanes, and the set of data. Depending on the type of
BPMN element, each has its own definition, and they differ according to their identifi-
cation. Therefore, we follow the identification of each element. There are two types of
connecting elements: flow and association.

A sequence flow is the basic connecting element in the BPMN language, and it con-
tains information about the source and the target references. A message flow is a special
flow that includes additional information about a message sent in the same direction as
the flow itself. As with the definition of the flow, it uses data association. The difference
between a basic flow and a simple association is whether or not the two connected ele-
ments belong to the same participant. If an association is simple, it connects an internal
task with one outside the current participant. To trace the data information of a task, we
collect information about the data association. A data association has two additional im-
portant variables compared to a basic association: t0Speci fication and DataSet. If data
association is linked to the input data, the i0Speci fication is “input,” and the DataSet
is an inputSet. If the data association is linked to the output data, the i0Speci fication is
“output,” and the DataSet is an outputSet.

For ease of management in data information, the process fragment uses A as a set of
data. Input Data is a data object linked to a data association with s0Speci fication="input.”
Output Data is a data object linked to a data association with i0Speci fication="output.”
An event shows changes in the state of data or information before and after a task. We can
now compare the difference to understand a business fragment. The matching process is
described in the next section.
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3.2. Scenario Matching

The objective of this step is to locate a process fragment linking the scenario of a business
process requirement. A business process, BP, has a similar definition as process fragment,

pf:

BP ={T,E,F,A,G,L,A}. )

A business process should have at least one start event and one end event. Normally,
a business process belongs to a process fragment. However, a process fragment is not al-
ways a business process. To manage the dependency of each business process, we define
a relation-matching matrix, which maps the business process to the satisfied process frag-
ment in a requirement. The satisfaction process-fragment management matrix linked to
the giving business process saves information pertaining to connected requirements. This
matrix is defined as:

This matrix is a 1 x (m + 1) matrix and belongs to a specific business process, where
the result corresponds to the scenarios of one requirement. If the business process satis-
fies the scenario of this requirement, the corresponding pf; equals 1. Otherwise, it is O.
The size of this matrix depends on the number of scenarios processed by the correspond-
ing requirement. The entire management matrix forms the set, M[n]. After searching
for the corresponding requirements and scenario sets for each M;, we have a set of re-
quirements linked to the business process, R[n]. For each chosen R;, we have a set of
process fragments, PF;[m], linked to them. For each R;, we check each scenario, Sce;.
If the sequence of the process is found to match the sequence of events in the scenario,
pfij+1 € M is set to 1. Otherwise, it is set to 0.

Comparing a scenario and business process begins with the first event in Sce;. Ac-
cording to the definition of PF', we can define a 7{F, A, L, A}. The elements belonging
to F' are sequence flows, condition flows, or default flows. Condition flows and default
flows are considered special events. For these, we recognize the condition as informa-
tion inside the data. In other words, when we meet a conditioned gateway, we should
match the condition with the existing data content in an event. Otherwise, a task can only
have one in and one out. Thus, neither the flow pointing to the task nor the flow leaving
the task influences the comparison of scenarios and business processes. If a scenario has
found a matching sequence of tasks, the flows in the business process will be succeeded
by the process fragment. From the definitions of the relation between output data and a
task and its input, we know that all data are linked to a certain task via data association
or another association. Consequently, most comparisons consider the difference between
associations and lanes.

Events normally occur either before or after a task. In this research, we assume that
our process fragment involves a task before an event. However, tasks after the last event
are not considered. First, we determine whether the belonging lane of a task is the same
as the changing source of the event. A task’s belonging lane should be the same as the
changing source of the data post event. When an event has more than one changing source,
this is possible only when the event occurs after a gateway. When an event has only one
changing source for all data, a task can have only one input and one output. Data actions
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generally have four states: create, read, update, and delete [4]]. We group all actions (e.g.,
rewrite, fill up, send, and copy) in the update state, which represents operations performed
on the data. Therefore, given a task, 7, and several flows, F', associations, A, swim lanes
or collapsed pools, L, and some portions of data, D, linked to the tasks, we can determine
the matching method for a satisfied scenario, as shown below.

To match an event with on in a business process, if a start event has a message mission,
the same message should have at least data € ev and data.state =" R’, with the message
being a part of the data. If an end event has a message mission, the same message should
have at least data data € ev and data.state =" U’, with the message being a part of the
data.

It is more difficult to match an event with a task than to match an event with another
event in a business process. The matching rules are proposed depending on the state of
the data. For a data event, if the data state is “C,” (i.e., data is created during this task), we
have

data;.dataObject € T.output. (1

When this piece of data is a message connected to a message association, then this mes-
sage association is directed outwards. Most importantly, an object that is created during a
task should not be found at any time before this task. For a data event with a data state,
“Ur

data;.dataObject € T.input & data;.dataObject € T.output. (12)

When this piece of input data is a message connected to a message association, then this
message association is directed inwards. When this piece of output data is a message
connected to a message association, then this message association is directed outwards.
Because updating is a complex operation on a piece of data, the detailed definition of the
same update action should be defined by the company itself. For a data event with a data
state given as “R,” we get

data;.dataObject € T.input. (13)

For a data event with a data state given as “D,” the data situation should be given as an
“R” state. However, in this case, we should be sure that this object will no longer be used.

When an event is found to match the data states of two tasks, the task in front of the
testing event will be examined if it is in the assumed lane. If so, the task will be a part
of the process fragment. Because we consider the business process for a scenario, we
will have the result of satisfaction. For a scenario where we find a process fragment that
fulfills all scenario events, this scenario is satisfied. Otherwise, it is unsatisfied. To build
a process fragment, we ignore the tasks or gateways between two matched tasks and use
a simple flow for connection. If the matched tasks have a parallel, inclusive, or exclusive
relation between them, the gateway relation should be inherited by the process fragment.
After building the matching-process fragment, we obtain several matching matrices for
the relation between the business process and requirements.

3.3. Service Grouping

In this phase, we already have a business process linked to requirements with a matching
matrix. Because we used the scenario comparison, the location of the requirement should
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group several tasks together, or they may be located inside one task. A matching scenario
forms a candidate service. For candidate services that satisfy the same requirement, we
propose that they be grouped together. If a task is identified as being used by several
requirements, we recommend grouping services per the minimum connection rule with
respect to how loosely coupled they are.

If two process fragments are situated next to one another, we should go through the
requirement dependency-relation tree to minimize the dependent relation between two
services. The dependent requirement will only be analyzed for one generation, which in-
dicates the leaf generation for the requirement. The resulting service dependency relation
is defined as follows:

Rs = {Mo, ..., M} (14)

This is a set of matching matrices for requirements with a satisfaction level of at least
“weak”. The dependency relation is traced back to the dependency tree by the matching
matrix. On each occasion, when a service changes, we trace back to the related require-
ments for verification, and, according to the goal-oriented model, we obtain a list of pos-
sibly impacted services. In the case where there are changes to a specific requirement,
services linked to the requirement can be modified rapidly.

To analyze the dependency, we need a goal-dependency coefficient that has a direct
relation with the dependency tree. Apart from the branch that points to a goal null, each
branch of the dependency tree has a coefficient for the identification of the contribution
of a sub-goal, and each coefficient should be between 0 and 1.

K

Q

K1 K2

(a) Or relation (b) And relation

Fig. 2. Goal relation.

For a goal-dependency relation type, “OR,” as shown in Fig.[2(a)] we define the coef-
ficient of the dependency as a measurable degree to enable us to understand how well the
goal can be satisfied by satisfying the sub-goal. This kind of dependency between parent
goal and sub-goal is the level of satisfaction that is contributed by the child goal to the
satisfaction of the parent goal. The satisfaction dependency is created by the use of the
model for requirement management.

K1, Ko € [07 1] and k1 + ko < 1. (15)
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The dependency relation between the two sub-goals, Gp(Goi1, Go2) = 0. Because we
ignore the other types of dependency, two different sub-goals with the “OR” relation will
not influence one another. Then, the dependency relation between Go and Go; or Gos
should be the same value as the coefficient of dependency:

GD(GOO,Gol) = K1, GD(GOQ,GOQ) = K2. (16)

For a goal-dependency relation type, “AND,” as shown in Fig.[2(b)] the coefficient of
dependency should be as follows:

Kk € [0,1] and k1 X Ky = K. (17)

In the “AND” relation, two sub-goals have a higher dependency on each another than with
the “OR” relation. When we analyze their relations, it is easy to tell if one goal of this type
of relation causes a conflict with the parent goal. Their combined effect should also be
negative to the parent goal. Therefore, for an “AND” relation, two sub-goals should be at
least weakly satisfied for a satisfied goal, Go. Moreover, the dependency relation between
the two sub-goals, Gp(Goy,Gos) = 1, meaning the two sub-goals are not independent
of each other and that they should cooperate for the parent goal.

To calculate the goal-dependency relation of a given goal, Go,, with another goal,
Go,, when we already have a known Gp(A, B), we have:

Gp(Goy, Go,) = Gp(Goy, A) x Gp(A, B) x Gp(B,Goy). (18)

Given the definition of the dependency equation between goals, we should find the co-
parent for these two goals in the lowest position to obtain their dependency coefficient.
Using the special coefficient calculation equation, we predefine if Gp(Go,Go) = 1. In
other words, one requirement dependent entirely depends on itself, because it shares the
same resources with itself.

Using requirement-dependency equations, we can thus conclude a dependency calcu-
lation equation, as follows, for two identified services:

USIsv G (Gos, Gos
Yy — 0<i<u D( J). (19)

u Xv

In this equation, the dependency between services is calculated by the sum of each of
their requirements. u and v represent the number of requirements belonging to the two
services that are compared.

4. Case Study

To evaluate the service identification method, we performed a case study of the booking
process to validate its capability. The booking process contains a basic hotel booking and
an entertainment service that is an alternative for customers. Each reservation should be
paid for a confirmation of booking. The reservation process is shown in Fig. [3]

To deal with the reservation requirement, the employee of the sales department will
show the customer a detailed table of prices. If the customer is not satisfied with the prices
and decides against reserving a room or a ticket, the process will end. If they continue to
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Client

Company

Hotel system

Ent 1

Fig. 3. Booking Process.

the next step, the customer can select from booking only for rooms, only for tickets, or for
both. After the booking process, the customer will be either satisfied or unsatisfied with
the search result. If they need to look up an alternative, it will be easy to restart from the
beginning. When the booking process is completed, the customers are required to pay a
reservation fare. Afterwards, a booking confirmation will be sent to the customers.

To calculate the dependency between requirements so that we can reuse the results
for obtaining services, we developed a Java-based tool. The first tab of the application is
designed for the information of the business process shown in Fig[4]

4.1. Requirement Acquisition

This booking process is linked to several requirements. We have a list of main require-
ments. The goal-oriented model is built upon the KAOS model proposed in [26]. This
goal-oriented model is built on a tree model with a goal-level definition from an NFR
requirement management tree and a logic relation definition from a KAOS dependency
tree. First, the requirements for this booking process can be derived as follows:

1) R1: Customers want to book hotels or entertainment tickets. 2) R2: Customers want
to view the price table. 3) R3: Customers want to receive booking confirmation feedback
at the end of the booking. 4) R4: The marketing department wants to promote a different
package of tickets to customers. 5) R5: The hotel wants to avoid over-booking. 6) R6: The
financial department wants to collect a reservation fee before the booking process ends. 7)
R7: Customers want to return to review the price table if not satisfied. 8) R8: The financial
department wants to charge booking fee to confirm the booking.

In the tool developed for dependency calculation, we can use requirement manage-
ment windows to insert a new requirement into the tool, as shown in Fig.[5] In this win-
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2] - o X
File Edit
v (& projects [Bmmm] Requirement | Scenario | Process Fragment |
v (& example -
I OneBookingProcess.bpmn Task{[_18] 1 sent Price Table L]
Inputs: [DO_PROCESS_1_3] Basic Info/ [DO_PROCESS_1_4] Price Table/
. . Outputs:
Projects with at 2 Business process information
1east one buSlneSS T:pssg_z?] 2 Analyze clients need:
Outputs: [DO_PROCESS_1_5] Need/
process } v

R
RS

| . . .
‘461‘apiﬂt1‘epresenfaﬁvnﬁfﬂmﬁusmjess process

Fig. 4. Dependency Aware Requirement Analysis Tool.

dow, if we create a requirement without pointing it to a parent goal that is not null, we
create the goal in terms of strategy levels. If there are choices with respect to the parent
goal, a new goal can be chosen from among them. When a goal is connected to its parent
goal with a logic AND, it can choose from a list of possible sub-goals of this parent goal
with logic AND. Because all sub-goals with logic AND are not connected directly to their
parent goal, these choices will influence the dependency analysis process.

Description

Choose Parent

Choose one parent goal and logic relation

Create

Fig. 5. Requirement-management window used to develop new requirements.

After creating requirements, the dependency tree is automatically built. The depen-
dency in this study is equally distributed. In other words, we consider that all requirements
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can fully satisfy their parent goals if satisfied. Then, each sub-goal is equally important
according to its logic relation. We can therefore obtain a requirement table using all the
information inside, as shown in Fig. [f] In the case of modifying the information of one
requirement, we can simply select a row of this table and change the information in the
form below it. The dependency tree of this case study is shown in Fig.[7]

= - o X

File Edit

¥ (& projects [ Business Process | Requi Scenario | Process Fragment |

v (& example
o bpmn |_ New Requirement |
Requirement Parent LogicType | Dependency
Service Booking[15285558. Client Satisfaction[152855. OR 0.3333333333333333
Choose booking services[1.. Service Booking[15285558.. AND
Reservation should be pai. Service Booking[15285558... AND 10
R1[1528555941886] Choose booking services[.. OR
R2[ 702] Client 152855 OR 0.3333333333333333
R3[1528555964214] Choose booking services[.. OR
R4[1528555973165) Choose booking services[.. OR 025
R5[1528555988719] Choose booking services. OR 025
R[ should be pai.. AND
R7[1528556017253] Client Satisfaction[152855. OR 0.3333333333333333
R8[1528556036957] Resenvation should be pai.. AND
Create new requirements and their information

D 1831
Senvice Booking

Confirmation

Parent | Client Satisfaction[1528555843273] 3
v

Logic Relation [or

Manage one requirement

Fig. 6. Requirement-management window for information and editing information.

Reservation
should be paid
for confirmation

Vi

Choose booking
services

Fig. 7. Goal-oriented model.
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Taking requirement R1 as an example, we can derive a requirement and scenarios
by using the method proposed in [48], as shown in Fig. [§] We first study requirement
R1 and obtain a use case with two possible actions taken by clients. Before these two
actions, we can create a “need document. After reading the needs of clients and choosing
rooms or tickets for the client, the price shows up, and the process produces a “booking
confirmation document.

Transporting Transporting  Transporting

need need need
Choose Choose
room room
Choose Choose
ticket ticket
Book and Book and Book and

confirmation confirmation  confirmation

Fig. 8. Scenarios and use case for requirement R1.

Scenario  Events
Scenario I Need(C) - Need(R) & RoomChosen(C) - RoomChosen(R) & Confirmation(C)
Scenario 2 Need(C) - Need(R) & Ent1Chosen(C) - Ent1Chosen(R) & Confirmation(C)
Scenario 3 Need(C) - Need(R) & RoomChosen(C) - Need(R) & Ent1Chosen(C) - Room-
Chosen(R) & Ent1Chosen(R) & Confirmation(C)
Table 3. Scenarios of requirement R1.

According to Table (3| we can use the tab scenario to model the scenario of require-
ment R1 and the other requirements using data events. Otherwise, we can have the list
of other requirements modeled using scenarios shown in Table d] When we apply all the
information related to the scenarios, we obtained in the tool the table shown in Fig. E]

4.2. Scenario Matching

After obtaining scenarios, we can match the process fragment. In the tab, “process frag-
ment, if we apply the “refresh button, we can obtain a simplified version of the pro-
cess fragment according to certain scenarios. With the help of automatic calculation,
we can remodel each process fragment. To continue the analysis, the detailed results
of process fragments are shown in Fig. [T] to [§] in the process fragments section in the
appendix. Therefore, we can have a group of tasks as a candidate service {73, 74, 75,
7¢ } for requirement R1. Similarly, we have {StartEvent, 71, EndFEvent;} for re-
quirement R2, { EndFEventg} for requirement R3, {7, 73,7} for requirement R4, {74,
EndEvents} for requirement RS, {77, 75, T9, 710, EndEvent,} for requirement R6,
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Requirements |Events

R2 BasicInfo(R) - BasicInfo(R) & PriceTable(U)

R3 Confirmation(U)

R4 Need(R) - BasicInfo(R) & Need(R) & SetChosen(C) - SetChosen(R) & Confirmation(C)
RS Need(R) & RoomChosen(C) - "Room: No?”

R6 Confirmation(R) - AcountIlnfo(R) - AccountInfo(U) - Confirmation(U)

R7 “Exist alternative: No? Yes”

R8 Confirmation(C)

Table 4. Scenarios of requirements R2 to R8.

7] - o X
File Edit
¥ (& projects [ Business Process | | Scenaio | Process Fragment |
v (& example
New Scenario
{INeed (C)]}

—>>{[Need (R),, Rooms and Price (C)]}

—>>{[Rooms and Price (R) , Booking Confirmation (C) ]}
{INeed (C)1}

—>>{[Need (R), Tickets and Price (C)]}

—>>{[Tickets and Price (R) , Booking Confirmation (C) ] }
{INeed (C)]}

—>>{[Need (R), Rooms and Price (C)]}

—>>{[Need (R) , Tickets and Price (C)]}
e S ey Ty o wray w va———t

Scenario Requirement | Events
S0 R1[1528556894075] {INeed (C)] }->>{INeed (R) , Rooms
s1 R1[1528556894075] {INeed (C)]}->>{INeed (R) , Tickets a
s2 R1[1528556894075] {INeed (C)]}->>{[Need (R), Rooms
s0 R2[1528556904354] {[Basic Info (R) ] }->>{[Basic Info (R) ,
s0 R3[1528556914938] {[Booking Confirmation (U)]}
50 R4[1528556927370] {INeed (R)] }->>{[Basic nfo (R), Nee.
s0 R5[1528556935482] {INeed (R),, Rooms and Price (C) ]}
s0 R6[1528556943443] {[Booking Confirmation (R)] }->>{[Acc.
s0 R8[1528556989298] {[Booking Confirmation (C)]}

Scenarios with corresponding requirements

Fig. 9. Information about all scenarios.
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{StartEvent, EndEvents} for requirement R7, and {79, EndEvent,} for require-
ment RS.

In order to analyze the relation between two services, we calculated the dependency
relation between them using the modeling tool shown in Fig.[I0] The result is calculated
automatically per the definition of dependency. According to the dependency tree, we can
classify three main services: {StartEvent, 71 }, {12, EndEventy, 73, EndEventa, 4, T5,
EndEvents, 16}, and {17, Ts, T9, T10, EndEvent,}. With this proposition of candidate
services, we can calculate the dependency between any two, and the results are shown in
Table[5] According to the table, three services are relatively independent of each other.

= - o X
File Edit
¥ (& projects [Busmes; Process ] Requirement | Scenario I Pml-'ment]

v (& example

(Refie )
2maizeclentsnees > Refresh to obtain the latest process fragment

- Receive Info

M) 1.288248622s
Output Result
A 1528558... | 1528558... | 1528558... | 1528558... | 1528558... | 1528558... | 1528558... | 1528558... ||
R1[15285... - 0.0 0.0 0.0 0.0 0.25 0.0 0.25
R2[15285.. 0.0 - 0.0 0.0 0.0 0.0 0.0 0.0
R3[15285.. 0.0 0.0 - 0.0 0.0 0.25 0.0 0.25
R4[15285.. 0.0 0.0 0.0 - 0.0 025 0.0 025
R5[15285... 0.0 0.0 0.0 0.0 - 0.25 0.0 0.25
R6[15285... 0.25 0.0 025 025 025 - 0.0 10
R7[15285.. 0.0 0.0 0.0 0.0 0.0 0.0 - 0.0
R8[15285... 0.25 0.0 0.25 0.25 0.25 10 0.0 -

Dependency relation for each requirements

Fig. 10. Dependency relation for services.

Candidate services|Requirements| C1 |C2| C3
Cl Ry, R4, Rs | - | 0]0.17
C2 Ra, R7 0|-]0
C3 R3, Rs, Rg |0.17| 0 | -

Table 5. Dependency between candidate services.
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4.3. Discussion

To evaluate the proposed method, we compared it to other popular methods, as shown in
Table@ The [35]] method was used in an attempt to cluster business entities, but the def-
inition of business entities can change from person to person. Once the business process
changes, the standard of business entities will need to be redefined. The [31]] method was
applied to a workflow. The result can change according to the weight matrix. However,
we should not amend the weight matrix. This matrix will be used for different business
needs and an amendment will cause a big impact. [21] provided another process-driven
method that works by analyzing the Petri net. However, it depends on a rule respecting a
minimum communication between services. When a new communication is established, it
may influence the belonging location of a task. The structure of services may also change.
[4] is the only method that can be tested for our case study. The result shows that R6 is
separated. We determined that the reason was the absence of a connection between tasks
7 and 8 and tasks 9 and 10. Therefore, the business process should have enough details to
enable the calculation.

The goal-oriented dependency analysis in the service-identification method has not
only an advantage in the service-identification phase, but also with respect to the continu-
ity of the life cycle of services. If the business process changes for a short period, all the
other methods must redo the calculation. Because the services identified from our method
are related to specific requirements, it is not expected that there would a significant change
to the structure of services. However, the other method does not guarantee this.

Table 6. Comparison between service-identification methods.

Method Inputs Method Evaluation |Apply to this|For future governance in
case? SOA?

Goal- Business |top-down |[case study|Yes 3 services |Yes. No need to redo

Oriented process in and evalua- the calculation. Services

dependency |BPMN tions are traceable linking to

analysis requirements and they

change only when re-
quirements change.

(4] Business [top-down |case study|Yes 5 services |No. Should redo the cal-
process in and evalua- culation if business pro-
BPMN tions cess changes.

[21] Petri Net  [top-down |case study|No No. Should redo the
and evalua- calculation if Petri net
tion changes.

[31] Workflow [top-down |[case study |No No. Should redo the cal-

culation.

[35] Business  |top-down |[case study|No No. Should redo the cal-

Entities and evalua- culation.
tion

From the dependency relation table shown in Fig. we can also get dependency
calculation results for any two requirements. Depending on the number of requirements
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accumulated in the first step, we will obtain a table of a different size. In this table, we
can also verify the time required to obtain the matching process fragment. We then obtain
the result shown in Table [/} The times taken to obtain all data events are nearly equal,
and the number of events is not expected to change while obtaining results. The searching
method used in this tool causes the only dependency of time based on the size of the
business process.

Table 7. Testing the matching efficiency.

Requirement/Scenario |First data event|Last data event|Entire scenario|Average
Rlscel 0.023131306 50.035481503 5|0.022244722 5| 0.020 s
Rlsce2 0.038197306 s | 0.02403289 s |0.020332213 5| 0.022 s
Rlsce3 0.020299843 s | 0.02483421 s |0.024278812 5| 0.022 s

R2 0.020369713 50.026578955 5|0.023192885 s{ 0.025 s
R3 0.020369713 5 [0.023752625 5|0.027197117 5| 0.022 s
R4 0.020315238 5|0.021352217 5|0.024698419 s| 0.021 s
RS 0.020663793 50.021249191 $|0.020074053 s{ 0.021 s
R6 0.020581293 s {0.024200654 s|0.020899847 s| 0.021 s
R8 0.020717083 50.020313659 5|0.024139469 s| 0.020 s

5. Conclusion and Future Work

We proposed a goal-oriented dependency-analysis method for service-identification by
finding the business requirements in a business process, realizing the dependency relation
of requirements for business processes and services in SOA, and proposing a definition
of dependency among services. As shown in the case study, this method can provide an-
other proposed standard for classifying tasks to services before applying design metrics to
identify services. We considered the definition of cohesion; the loosely coupling of SOA
is closely linked to the requirement. A service that integrates fewer numbers of possible
requirements is more specific. A service will be more independent if it is not required
cooperate with another service serving the same requirement. Therefore, in this study,
we developed a tool to manage requirements and calculate the process fragments. More-
over, with the predefinition of dependency equations, we can easily obtain the dependency
among services.

Because there are still a variety of gateways and events in business processes, process
fragments face more complex business processes with which they should be matched.
Additionally, we plan to study the case where a business process does not fully satisfy
a requirement. For example, if the requirement is difficult to fulfill because of limited
capability, the important part of the scenario will be satisfied and the rest will be ignored.
In this case, it should still be possible to recognize the requirement in a business process.

For future work, service identification will be extended to services with web service
definition language so that the identified services can be discovered. Then, by pairing
business process with IT processes [20], it will possible to develop a service-identification
phase that is more traceable both from requirements and technical perspectives. Further-
more, when applying SOA to the design of Web services, the low frequency with which



Goal-oriented Dependency Analysis for Service Identification ** 401

services are reused is a challenging task [54]]. To decrease the difficulty of finding services,
several solutions have been proposed, for which a complete knowledge warehouse appears
to be a promising solution [38]]. However, it difficult to relocate a particular service from
a large service center [30]. Thus, it would be a large amount of management work for
the service center. In this paper, we proposed to organize different services based on the
requirements management method, because it helps improve the efficiency of managed
changes [34]). Therefore, there is a need for further research to develop linkages between
requirements and the knowledge-based services center.
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Appendix A. Process fragment

The result of process fragments are shown below from Fig.[I]to[8]
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Fig. 2. Requirement R2.

Fig. 3. Requirement R3.

Fig. 4. Requirement R4.

Fig. 5. Requirement R5.

Fig. 6. Requirement R6.
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