
1

臺大管理論叢 2018/12
第 28 卷 第 3 期 1-24
DOI:10.6226/NTUMR.201812_28(3).0003

應用隱性回饋機制支援語意基礎之個人化文件
推薦

Use of Implicit User Feedback to Support Semantics-Based 
Personalized Document Recommendation

摘 要

為協助網路使用者從大量文件中取得所需的資訊，文件推薦系統已成為必要的支援
工具。本研究設計與評估以隱性回饋為基礎的概念擴展文件推薦技術 (ICE)，其採
用隱性觀察與使用者瀏覽行為分析，來克服擷取使用者回饋的困難，並加以利用領
域本體論與擴散促動模式，擴展已知的偏好文件中的概念，以推薦合適的文件給使
用者。此研究利用實驗室實驗法來評估 ICE系統與另外三個指標系統的差異，包括：
顯性回饋為基礎的概念擴展文件推薦技術 (ECE)、關鍵字基礎技術、及隨機推薦系
統。實驗結果顯示 ICE績效顯著優於隨機推薦及關鍵字推薦，與ECE雖無顯著差異，
但是預期 ICE能降低使用者的心力耗費。整體而言，此研究結果提供改善文件推薦
系統品質之實務意涵。

【關鍵字】 文件推薦系統、隱性回饋機制、擴散促動模式、語意網絡、概念擴展
Abstract
The development of the Internet and digitized documents has made it possible for data and 
information to be easily transferred, exchanged and shared online. However, for Internet 
users , this easy access to information also carries the risk of information overload. 
Document recommender systems are becoming an indispensable tool, helping Internet 
users effectively retrieve the information they need from the millions of documents 
available online. In this study, we design and evaluate an Implicit-feedback-based 
Concept-Expansion (ICE) document recommendation technique to address the difficulties 
inherent in acquiring relevant feedback. The ICE technique determines a focal user’s 
preferred documents by implicitly observing and analyzing his or her browsing behavior 
in order to make appropriate document recommendations. Using a domain concept 
heterarchy (e.g., domain ontology) and employing the Spreading Activation Model 
(SAM), the ICE technique expands the concepts existing in the preferred documents. 
Documents with a greater number of related and/or expanded concepts are then considered 
to be potentially appealing to the focal user and are recommended as such. A laboratory 
experiment was conducted to compare the system performance of the ICE technique with 
that of three benchmark document recommendation techniques: Explicit-feedback-based 
Concept-Expansion (ECE), keyword-based, and random. The results of the experiment 
show that the ICE approach proposed by this study is more effective than random or 
keyword-based document recommender systems. Although there is no significant 
performance difference between ICE and ECE, the ICE technique is expected to cost less 
in terms of user effort. Overall, the findings of this study provide some interesting 
implications for improving the quality of document recommender systems.
【Keywords】 document recommender system, implicit user feedback, spreading activation 

model, semantic network, concept-expansion
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1. Introduction
The advancement of information and network technology has facilitated the transfer, 

exchange and sharing of information on the Internet. However, for Internet users, the sheer 
volume of readily available information carries the risk of information overload. Previous 
research has suggested personalized recommender systems as a promising approach to 
simultaneously alleviate information overload and enhance user satisfaction (Liang, Lai, 
and Ku, 2006). To effectively provide appropriate, personalized information that appeals 
to their target users, many online stores have developed recommender systems that 
analyze important product attributes and customer characteristics (e.g., demographics, 
behaviors, or preferences) (Wang and Benbasat, 2007; Wei, Chen, Yang, and Yang, 2010; 
Xiao and Benbasat, 2007; Yang, Tang, Wong, and Wei, 2010). A typical recommender 
system makes personalized recommendations based on the target user’s profile and/or 
preferences. Amazon.com is famous for offering recommendation services by analyzing 
customers’ characteristics and preferences (e.g., purchased and rated items) across various 
products (Linden, Smith, and York, 2003). Along with sellers of physical products, many 
content providers have also equipped their websites with personalized content 
recommendation services for their readers. A good example of this approach is 
ScienceDirect1, a full-text scientific database offering journal articles and book chapters, 
which implemented a recommender system that automatically recommends articles that 
are related to the reader’s searches for specific articles. CiteULike2 is a personalized 
digital library website that helps academics share, store and organize the academic papers 
they are reading, and provides article recommendations by analyzing users’ preference 
folders. 

Content-based filtering and collaborative filtering are two prevalent and promising 
approaches by which recommender systems can generate recommendations. (Lee, Hu, 
Cheng, and Hsieh, 2012; Liang, Yang, Chen, and Ku, 2008). The content-based approach 
recommends products or services that might align with the focal user’s known 
preferences, while the collaborative filtering approach makes recommendations in 
accordance with the choices of other users who share similar interests with the focal user. 
Although the content-based approach is considered to be more effective in locating textual 

1 http://www.sciencedirect.com/
2 http://www.citeulike.org/
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documents that are relevant to a topic (Mooney and Roy, 2000), it does not take the 
semantic meanings of documents into consideration when making recommendations 
(Lops, de Gemmis, and Semeraro, 2011). To address the need for effective document 
recommendations, Du, Li, and King (2009) proposed a semantic-based approach, which 
does take such meanings into consideration and recommends semantically relevant 
documents on the basis of a semantic network. Liang et al. (2008) also proposed a 
semantic-expansion approach to document recommendation, using a semantic network 
and employing the spreading activation model in order to expand users’ preference 
profiles.

Though the semantic-based and semantic-expansion approaches have proven 
effective in recommending documents, the time cost and a heavy dependency on user-
provided relevancy feedback may put semantic-based document recommender systems at 
a practical disadvantage. Privacy concerns and the extra effort required to fill out a 
questionnaire increase the difficulty of acquiring user preference feedback. (Lee and 
Cranage, 2011; Li, 2014; Wu, Huang, Yen, and Popova, 2012). Besides, users’ preferences 
may change over time. Users may be constantly asked to interact with the recommender 
systems in order to keep their preference profiles up to date. Therefore, the means by 
which to seamlessly and effortlessly update users’ preference profiles has become a 
critical issue for content providers attempting to provide appropriate personalized 
document recommendations.

In this study, we propose an Implicit-feedback-based Concept-Expansion document 
recommendation (hereinafter abbreviated as ICE) technique to address the difficulties 
inherent in acquiring relevance feedback. Our proposed ICE technique is intended to 
estimate a focal user’s document preferences via observing and analyzing his or her 
browsing behavior implicitly in order to recommend appropriate documents. Using a 
domain concept heterarchy (e.g., domain ontology) and employing the Spreading 
Activation Model (SAM), the ICE technique expands the concepts existing in the 
preferred documents. Documents that involve a greater number of related and/or expanded 
concepts are considered to have potential appeal and will be recommended to the focal 
user.

The remainder of this paper is organized as follows. We briefly review some related 
works in Section 2. In Section 3, we describe the design of our proposed ICE technique. 
This is followed by Section 4, in which we discuss the experimental evaluation results and 
analyses. Section 5 presents our conclusion.
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2. Literature Review
2.1 Semantic-Based Document Recommender System

In response to the fierce competition in B-to-C (Business-to-Consumer) e-commerce, 
many online stores have devoted themselves to providing personalized services such as 
effective product recommendations. Joining retailers of physical products, many content 
providers have also equipped their websites to provide personalized content 
recommendation services to their readers, recommending relevant books, news, websites, 
or academic articles. For example, udn.com3 recommends related news and hot news 
while the user reads the currently displayed news article. ScienceDirect recommends 
articles related to the specific search result selected by the user. A recommender system 
makes recommendations by sifting through a vast collection of products or services to 
identify those that appear relevant or interesting to focal customers. Content-based 
filtering and collaborative filtering are two promising recommendation approaches (Lee et 
al., 2012; Liang et al., 2008). The content-based filtering approach has been widely used 
in textual document recommendations (Cheng and Hu, 2007), because it assumes that 
there are important associations among documents which can be analyzed, measured and 
compared according to their respective content attribute values (Alspector, Kolcz, and 
Karunanithi, 1998; Liang et al., 2006).

Traditional content-based document recommendation approach views keywords as 
important features, and recommend documents that share similar keyword features with 
the focal user’s preferred documents. However, this approach is unable to capture the 
semantics of user interests, and suffers from synonymy and polysemy problems (Lops et 
al., 2011). Based on keyword matching, a relevant document can be overlooked because 
of a synonym, while polysemy may cause an irrelevant document to be recommended. 
The semantic-based approach was developed to address the limitations of the content-
based recommendation approach (Middleton, Roure, and Shadbolt, 2009). The semantic-
based approach expands the semantic meanings of keywords based on a semantic 
network. Instead of matching keywords, this approach measures the semantic similarity 
between documents, and recommends documents that share similar semantical meanings 
with documents preferred by the focal user. Liang et al. (2008) also proposed a semantic-
expanding approach to personalized document recommendations and showed its 

3 http://udn.com
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advantages over keyword-based systems. Their approach adopts the spreading activation 
model (SAM) to expand the array of concepts that are semantically relevant to the focal 
user’s preferred documents. Based on the semantic linking technique, Xu, Wei, Luo, Liu, 
Mei, Hu, and Chen (2015) developed “Knowle,” an online news management system. The 
Knowle system comprises three layers (concepts, resources and events), and is devoted to 
organizing and discovering online news. The core elements to the Knowle system are the 
news events that link to each other through their semantic relations on the Web (Xu et al., 
2015). Cantador, Castells, and Bellog (2011) proposed a three-fold knowledge 
representation based on a semantic preference spreading mechanism to overcome two 
main challenges of recommender systems: cold-start and sparsity.

2.2 Implicit Elicitation
A user-centered recommender system is not only equipped with an effective 

recommendation algorithm, but also takes the user experience into account (McNee, 
Riedl, and Konstan, 2006; Pu, Chen, and Hu, 2012). Hence, enhancing the user experience 
is an important user interface design issue for recommender systems. From the 
information system architecture perspective, a recommender system is composed of three 
units: input, process and output. The function of the input unit is to acquire and record 
users’ profiles, browsing behaviors, and preferences. These personal data are manipulated 
by the process unit to predict a particular user’s preference for items that this user has 
never seen or bought, and to make appropriate personalized recommendations. The output 
unit presents the recommendations and helps users make decisions. The purpose of our 
study is to elicit implicit user feedback to enhance the user’s experience on a semantic-
based recommender system. Thus, we focus our discussion on the user preference 
elicitation mechanism.

The techniques of user preference elicitation can be classified as either explicit or 
implicit (Pommeranz, Broekens, Wiggers, Brinkman, and Jonker, 2012). Explicit 
elicitation requires the user to explicitly evaluate items in order to build the user profile, 
while implicit elicitation implicitly observes and analyzes the user’s activities to generate 
the user profile. Explicit elicitation requires more user effort in the form of active 
responses, e.g., completing a questionnaire, providing opinions such as ratings or 
comments, or indicating the degree to which something is liked or disliked. Besides, 
privacy concerns make users hesitant to provide personal information (Knijnenburg and 
Kobsa, 2013; Lee and Cranage, 2011). In contrast, implicit feedback requires no user 
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action. User preferences are gathered from streaming data including the click log, viewing 
times and browsing paths. Since explicit elicitation requires deliberate user action, it is 
considered to be less hospitable and more costly than implicit elicitation. Prior research 
has also suggested that these two elicitation techniques perform about the same in user-
based collaborative filter recommender systems (Jawaheer, Szomszor, and Kostkova, 
2010).

To overcome the shortcomings of explicit elicitation, implicit elicitation has recently 
been adopted to reduce user effort and enhance the interactive experience. For example, 
PRemiSE, a novel personalized news recommendation framework, considers the opinions 
of potential social experts to make recommendations for the focal user (Lin, Xie, Li, and 
Li, 2014). The opinions of potential influencers on virtual social networks are used as 
auxiliary resources for recommendations. Lin et al. (2014) combined the semantic 
meanings of news stories and the structure of implicit user feedback to generate news 
story recommendations. To address the problem of data sparsity, Zhang, Wang, and Yi 
(2014) proposed the innovative Adaptive Recommendation Algorithm (ARA) approach, 
based on a small-world implicit trust network. Yu, Ma, Hsu, and Han (2014) applied an 
entity recommender system to make personalized movie recommendations based on user 
click logs, which can be easily collected from a widely used commercial search engine, 
eliminating the need for users to respond to a questionnaire. Bauer and Nanopoulos (2014) 
proposed a quantitative implicit customer feedback mechanism based on users’ sale and 
play records to support a recommender system using matrix factorization. The results of 
an experimental evaluation based on three real world datasets suggest the effectiveness of 
their approach. Overall, the implicit feedback technique has notable advantages over the 
explicit feedback approach in that it allows for the creation of objective user profiles 
without extra user effort, and its performance is comparable with that of the explicit 
feedback approach.

3. Design of The Implicit-Feedback-Based Concept-Expansion 
Document Recommendation (ICE) Technique

To address the inherent difficulties in acquiring user preference feedback, this study 
proposes the ICE technique which analyzes browsing behavior to identify documents in 
which the focal user may be interested. We also adopt the Spreading Activation Model 
(SAM) to discover concepts relevant to the users’ preferred documents in order to enhance 
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document recommendation effectiveness and improve the user experience. The spreading 
activation model comprises a spreading activation network and an activation spreading 
mechanism. The spreading activation network is similar to the semantic network which is 
made up of a set of nodes and links. A node in the network represents a concept, and a link 
represents the semantic relationship between two concepts (Crestani, 1997). The 
activation spreading mechanism is a diffusion process among nodes, and is controlled by 
two actions: pulse spreading and a termination check. A pulse continuously spreads from 
one node to the surrounding nodes controlled by input and output value adjustments which 
constrain the spreading range and spreading weight. The termination check is used to 
verify whether the conditions for termination have been met (Liang et al., 2008).

As shown in Figure 1, the overall process of the ICE technique is accomplished in 
three phases: user preference assessment, document concept expansion, and document 
recommendation. The purpose of the user preference assessment phase is to identify the 
documents of interest by considering both the time the focal user spent browsing the 
documents and the user’s preliminary feedback regarding document preferences. The 
document concept expansion phase is to expand the concepts existing in the documents of 
interest by the spreading activation model. In the document recommendation phase, each 
document is evaluated, and the top-k documents that involve more concepts relevant to the 
focal user’s interests are recommended. We model these phases of the ICE technique as 
follows:

Figure 1 Overall Process of the ICE Technique

Targeted User's
Preference Profile

Targeted User's
Browsing Behavior

Domain Concept
Heterarchy

Documents with
Known Concepts

User Preference
Assessment

Document Concept
Expansion

Document
Recommendation
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3.1 User Preference Assessment
ICE technique identifies the documents that may interest a focal user by analyzing 

the user’s browsing behavior; that is, the time spent browsing through documents may 
reveal the user’s interests. Previous research has indicated that users can be roughly 
classified into two groups according to the length of time they spend on documents of 
interest (Parsons, Ralph, and Gallagher, 2004; White, Jose, and Ruthven, 2006). One 
group spends more time on documents which interest them, while the other group spends 
less time on the same documents (perhaps because they are familiar with a certain kind of 
document). Therefore, the focal user’s browsing style must be determined before the ICE-
based system can make the first recommendation. Specifically, the ICE requires both the 
preliminary preference feedback and the time spent on browsing documents to determine 
the user’s browsing style. The algorithm first selects six documents from among the 
documents browsed by the user: the three that garnered the longest average browsing time, 
and the three that garnered the shortest average browsing time. Average browsing time is 
defined as the time the user spent browsing a document (in seconds) divided by the length 
of the document (in words). Subsequently, the average interest ratings of the three 
documents with the longest average browsing time and the three with the shortest average 
browsing time are calculated and compared. If the former is larger than the latter, the 
target user is classified as a “slow reader”; otherwise, the target user is classified as a 
“quick reader.”

Table 1 shows an example of a user’s preference feedback and the time spent 
browsing the documents. Apparently, the average interest rating of the three documents 
with the shortest average browsing time is (7+4+5)/3 = 5.33, larger than the rating 
achieved by the three documents with the longest average browsing time ((3+5+5)/3 = 
4.33). As a result, the system classifies the user as a quick reader. Once the browsing style 
is determined, the ICE technique can identify the documents of interest from the focal 
user’s browsed documents so as to expand the relevant concepts. The top-k documents 
which obtained the longest average browsing time are used to determine the preferences 
of slow readers. Conversely, the top-k documents that garnered the shortest average 
browsing time were used to determine the preferences of quick readers.
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Table 1 Example of a User’s Preference Feedback and Time Spent on Documents

Document ID Interest Rating
Length of 

Document (words)
Time Spent on 

Document (seconds)
Average Browsing 

Time (seconds)

1 3* 116 173 1.491380

2 5* 113 97 0.858407

3 5* 79 66 0.835443

4 4 88 52 0.590909

5 2 223 119 0.533632

6 2 156 81 0.519231

7 3 98 50 0.510204

8 7★ 87 42 0.482759

9 4★ 113 38 0.336283

10 5★ 123 26 0.211382

Note: *The interest rating of the three documents with the longest average browsing time
     ★The interest rating of the three documents with the shortest average browsing time

3.2 Document Concept Expansion
In this study, we assume that the concepts within each individual document are 

readily available. As the documents of interest to the focal user are identified, the ICE 
technique seeks to discover relevant concepts by expanding the concepts that already exist 
in these documents. Specifically, the ICE technique adopts the spreading activation model 
to expand concepts on the basis of a domain concept heterarchy. As shown in Figure 2, the 
domain concept heterarchy is composed of a set of nodes and links. Each node represents 
a concept, and each link represents the relationship between two concepts. A directed link 
indicates an is-a relationship that implies an inheritance relationship between the two 
concepts (e.g., “1.1 Memory Structures” is a sub-concept of “1. Hardware”), while an 
undirected link shows a non-is-a relationship that implies a simple association between the 
two concepts (e.g., “1.1.2 Design Styles” is associated with “1.2.1 Design Styles”).
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To spread the concepts of interest, the ICE technique employs the generalization, 
specialization, and relevance expansion strategies. Generalization expansion is the 
activation of the generalized concepts of the focal concept (e.g., activating the concept of 
“Hardware” from that of “Memory Structure”). Specialization expansion is the activation 
of the specialized concepts of the focal concept (i.e., activating the concept of “Memory 
Structure” from that of “Hardware”). Relevance expansion is the activation of the 
concepts that maintain a non-is-a relationship with the focal concept. Each expansion 
strategy is assigned a weight between 0 and 1 to simulate the decreasing interest of the 
expanded relevant concepts. In this study, we set the generalization, specialization, and 
relevance expansion weights at 0.7, 0.4, and 0.5, respectively.

The following three parameters are essential to the process of concept expansion: 
activation value, spreading distance, and spreading threshold. The activation value is the 
interest score of a concept, which is initially set to 0. The spreading distance and the 
spreading threshold are related to the stopping condition of concept expansion. The 
spreading distance is the maximum step by which the focal concept can spread, and the 
spreading threshold is the minimum activation value by which a concept can be further 
expanded. The expansion process terminates as all expanded concepts reach the maximum 
spreading step or all their activation values are less than the spreading threshold. In this 
study, we set the spreading distance and the spreading threshold to 2 and 0, respectively. 

Figure 2 Example of Domain Concept Heterarchy

1. Hardware

1.1
Memory Structures

1.1.1
Semiconductor 

Memories

1.1.2.1
Primary Memory

1.2
Logic Design

1.2.2
Design Aids

Non-is-a relationship

Is-a relationship

1.1.2
Design Styles

1.2.1
Design Styles
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The expansion of concept “1.1.2 Design Styles” can be used as an example. Assume that 
the initial activation values (i.e., the interest level of the concept as rated by the focal user) 
of concepts “1.1.2 Design Styles” and “1.2.1 Design Styles” are 4 and 6, respectively. The 
concepts expanded at different spreading distances are shown in Table 2, along with their 
respective activation values. Concepts whose activation values are higher than the 
spreading threshold are used for assessing documents that are to be recommended at the 
document recommendation phase.

Table 2 Example of Expansion of Concept “1.1.2 Design Styles”
Spreading Distance Expanded Concept Activation Value

1

1.1 Memory Structures (0) 0+4×0.7 = 2.8

1.1.2.1 Primary memory (0) 0+4×0.4 = 1.6

1.2.1 Design Styles (6)* 6+4×0.5 = 8

2

1. Hardware (0) 0+2.8×0.7 = 1.96

1.1.1 Semiconductor Memories (0) 0+2.8×0.4 = 1.12

1.2 Logic Design (0) 0+8×0.7 = 5.6

Note: *The number in parentheses represents the initial activation value of the concept.

3.3 Document Recommendation
On the basis of the original concepts and the array of expanded concepts, the ICE 

technique evaluates all the documents and recommends those that may appeal to the focal 
user. Specifically, the ICE technique calculates the “interest score” for each document by 
summing up the activation values of the concepts existing within it. For example, assume 
that a document contains the “1.2.1 Design Styles,” “1.1.2 Design Aids,” and “1.1.2.1 
Primary memory” concepts. As shown in Table 2, the activation values of these concepts 
are 8, 0, and 1.6, respectively. The document, as a result, obtains an interest score of 
8+0+1.6 = 9.6. Finally, the top-n documents that achieve the highest interest scores are 
recommended to the focal user.

4. Experimental Evaluation Results
A laboratory experiment was conducted to compare the system performance of ICE 

with three benchmark techniques: Explicit-feedback-based Concept-Expansion (ECE), 
keyword-based, and random-based document recommendation. An experimental online 
periodical database was designed to provide four kinds of recommendation services. The 
ACM Computing Classification System (CCS) was employed as a domain-specific 
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ontology to facilitate concept-level document representation, and 528 papers served as the 
pool from which recommendations would be made. To control the influence of website 
design, the same user interface was used for each treatment.

We employed a mixed design experiment to evaluate the performance of the ICE 
technique, including one between factor (recommendation technique) and one repeated 
measure factor (recommendation stage). The experiment has four treatments: ICE and the 
three benchmark comparison techniques (ECE, keyword-based and random-based). While 
ECE and ICE employ the same document recommendation approach, ECE gathers users’ 
interests via explicit ratings provided by the users. Hence, if the input information differs 
between ICE and ECE, the recommendation results are also different, even though the 
processing is the same. The keyword-based technique recommends documents to users by 
comparing keywords pertaining to the users’ three favorite documents with keywords 
pertaining to the documents that have not yet been recommended (Liang et al. 2008). The 
higher the number of matching keywords that pertain to an unread document, the higher 
the interest score assigned to that document. The random-based technique recommends 
documents via random sampling of the documents that have not yet been recommended. 
Hence, the random-based technique is not a personalized recommendation system. In 
order to enhance the recommendation quality of the experimental recommendation 
systems, ten documents are recommended to each subject at each different stage during 
the experiment. The experimental procedures are explained in detail in Section 4.2.

4.1 Measurements of System Performance
This study measures system performance based on the user’s preference for the 

recommended documents and the user’s perception of the quality of the recommendations. 
Recommendation quality was measured using three items adapted from the literature (Doll 
and Torkzadeh, 1988) and one item developed by our study. System interface quality was 
carefully controlled, since any variation might affect users’ perception of the 
recommendation quality. The perceived quality of the system interface was also measured 
to determine whether users’ perceptions of the UI quality were consistent among the four 
treatments. Hence, we adopted three items related to system interface quality from a 
previous study (Doll and Torkzadeh, 1988) and developed one new item to measure 
system interface quality. All items were measured using Likert scales ranging from 1 
(strongly disagree) to 5 (strongly agree). All items are shown in Table 3.
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Table 3 Measures of Recommendation Quality and System Interface Quality
Construct Item

Recommendation 
Quality

(1). Does the system recommend the precise papers you are interested? 

(2). Do the recommended papers meet your interest?

(3). Does the system provide sufficient recommendation information?

(4). Is the recommendation service provided by this system useful?

System Interface 
Quality

(1). Is the operating procedure unambiguous?

(2). Is the information clear?

(3). Is this system user friendly?

(4). Is this system easy to use?

4.2 Sample and Experimental Procedures
A total of 100 volunteers were recruited via e-mail from two universities in Taiwan to 

participate in our experiment. Though all subjects had to select at least one time slot to be 
physically present for the lab experiment, they were allowed to use an online system to 
provide their demographic data and to answer the items related to computer self-efficacy. 
For the lab experiment, each subject was randomly assigned to one of the four treatments 
and was offered a gift as an incentive to complete the experimental task. All subjects 
followed the same procedures for each treatment. Since the users’ interests had to be 
identified before papers could be recommended, the experimental task was made up of 
three stages. In the initial stage (Stage 0), subjects were required to log into the system 
with their personal accounts in order to record a personal interest profile. Based on the 
login accounts, subjects were grouped into one of the four treatments. Next, all subjects 
rated the initial ten abstracts, using a Likert scale ranging from 1 to 7 (from dislike to 
like), and answered a review test to evaluate their English ability. In order to separate the 
experimental stages and to allow the subjects to relax, the subjects were asked to log out 
of the system and watch a five minute film. The purpose of watching the film was to keep 
the subjects in a positive mood, since mood could influence their performance during the 
experiment (Oaksford, Morris, Grainger, and Williams, 1996). Each subject had to rate ten 
papers at each stage, so it was necessary to avoid generating a negative mood and 
inducing user inertia. Thus, each subject was to watch one entertaining film at the end of 
stage 0 and stage 1.

In the next stage (Stage 1), subjects were required to log into the system again. Each 
subject rated the abstracts of the ten papers recommended by each treatment, and indicated 
the perceived degree of recommendation quality, ranging from 1 (low quality) to 5 (high 
quality). After that, they logged out of the system and watched another five minute film. In 
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the final stage (Stage 2), subjects were required to log into the system again. Each subject 
rated the abstracts of another ten recommended papers and indicated the perceived degree 
of recommendation quality and system interface quality, ranging from 1 (low quality) to 5 
(high quality). In the end, 93 subjects successfully completed the experiment. The 
demographics of the 93 subjects and the number and percentage of subjects assigned to 
each treatment are listed in Table 4. Males made up 75.27% of the total sample (Females = 
24.73%), and most subjects were graduate students. All subjects had experience using 
academic electronic databases.

Table 4 Demographics of Subjects

Variable

Frequency (%)

Random-
based

Keyword-
based

ECE ICE Sub-total

Gender
Female 11 (47.83%) 3 (13.64%) 4 (15.38%) 5 (22.73%) 23 (24.73%)

Male 12 (52.17%) 19 (86.36%) 22 (84.62%) 17 (77.27%) 70 (75.27%)

Age

22-23 5 (21.74%) 6 (27.27%) 4 (15.38%) 10 (45.45%) 25 (26.88%)

24-25 13 (56.52%) 13 (59.09%) 16 (61.54%) 9 (40.91%) 51 (54.84%)

26-27 4 (17.39%) 3 (13.64%) 4 (15.38%) 2 (9.09%) 13 (13.98%)

28-29 1 (4.35%) 0 (0.00%) 1 (3.85%) 1 (4.55%) 3 (3.23%)

30-31 0 (0.00%) 0 (0.00%) 1 (3.85%) 0 (0.00%) 1 (1.08%)

Average 
usage time 
of online 
periodical 
database 
per month 
(hours)

< 1 5 (21.74%) 1 (4.55%) 5 (19.23%) 5 (22.73%) 16 (17.20%)

1-2 3 (13.04%) 3 (13.64%) 1 (3.85%) 3 (13.64%) 10 (10.75%)

2-3 7 (30.43%) 8 (36.36%) 10 (38.46%) 7 (31.82%) 32 (34.41%)

3-4 2 (8.7%) 1 (4.55%) 3 (11.54%) 4 (18.18%) 10 (10.75%)

4-5 3 (13.04%) 6 (27.27%) 3 (11.54%) 3 (13.64%) 15 (16.13%)

> 5 3 (13.04%) 3 (13.64%) 4 (15.38%) 0 (0.00%) 10 (10.75%)

Total 23 (100%) 22 (100%) 26 (100%) 22 (100%) 93 (100%)

4.3 Analysis Results
Since all values of Cronbach’s α are higher than 0.8 (computer self-efficacy: 0.839; 

recommendation quality: 0.802; system interface quality: 0.819), the reliability of the 
measurements is acceptable. In order to test whether the system interface quality was 
consistent across all four treatments, the four related items were aggregated into one 
overall system interface quality score. Then an Analysis of Variance (ANOVA) was 
conducted to compare system quality among the four treatments. The result shows no 
significant differences between these four treatments. Hence, we conclude that the 
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experimental system interface was controlled successfully. We also compared three 
subject characteristics among the four treatment groups: English ability, computer self-
efficacy, and average usage time of online periodical databases per month. The results of 
ANOVA analyses indicate no significant differences in measurements of these three 
characteristics among the four treatment groups. This implies that the four subject groups 
are homogeneous.

In addition, document order had no significant effect on either users’ interest 
evaluations or users’ reading time. Hence, the order of the recommended documents is not 
dependent on user preferences. The associations between interest score order and users’ 
rating among the four treatments are illustrated in Figure 3. As the interest score 
decreases, users’ average ratings of the recommended documents also decrease. We argue 
that the limited number of documents in our experimental system is the cause of the 
dramatic decrease in recommendation precision. Hence, we adopted users’ ratings of the 
top five recommended documents in Stages 1 and 2 to evaluate performance differences 
among the four treatments. The average rating in each group in Stages 1 and 2 is shown in 
Table 5.

Figure 3 Users’ Average Evaluation of Recommended Documents
Note: 1. Red line: average scores of ten recommended documents in Stage 2.
          2. Blue line: average scores of ten recommended documents in Stage 1.
          3. Horizontal axis: the sequence of recommended documents in descending order by interest score.
          4. Vertical axis: the user evaluation score (from 1 to 7).
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Table 5 Average Rating of Top Five Recommended Documents
Recommendation Treatment Average Rating Standard Deviation

Stage 1

Random-based 4.4087 0.7323

Keyword-based 4.8364 0.3106

ECE 5.1000 0.7802

ICE 5.1818 0.7974

Stage 2

Random-based 4.7130 0.5683

Keyword-based 5.1364 0.4424

ECE 5.2538 0.8266

ICE 5.3545 0.7169

4.3.1 The Comparison of Four Treatments
We employed mixed model ANOVA to measure rating differences among the four 

treatments (Table 6). The result shows that both recommendation technique and stage have 
significant effects. A post hoc test was conducted to determine the differences among the 
four treatments. As Table 7 shows, the average rating of recommended documents within 
the random-based recommendation technique group is significantly lower than that of the 
other three groups. This finding indicates that the other three recommendation techniques 
(ICE, ECE, and keyword-based) can successfully recommend documents that are related 
to users’ interests.

On the other hand, the average rating of Stage 2 is higher than that of Stage 1. This 
result indicates that subjects had greater interest in the documents recommended in Stage 
2. This study also conducted a t-test to compare subjects’ average perception of 
recommendation quality between Stages 1 and 2. The results show that the average 
perception of recommendation quality in Stage 2 is higher than that of Stage 1 (p < 
0.001). This implies that recommendation quality increases as users continue to use the 
recommender system. Thus, the learning effect is significant for both the recommendation 
system and the subject.
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Table 6 Analysis Results of Mixed Model ANOVA (Four Treatments)
Source Sum of Square df Mean Square F Sig.

Recommendation Technique 13.6706 3 4.5569  6.014 0.0009

Stage 2.5069 1 2.5069 15.872 0.0001

Recommendation Technique 
x Stage

0.2289 3 0.0763  0.483 0.6948

Subjects 67.4369 89 0.7577

Error 14.0567 89 0.1579

Total 97.9000 185

Table 7 Post-Hoc Test between Recommendation Techniques (I-J)
J

I
Random-based Keyword-based ECE

Keyword-based 0.4255*    (0.1836)

ECE 0.6161*** (0.1762) 0.1906 (0.1783)

ICE 0.7073*** (0.1836) 0.2818 (0.1856) 0.0913 (0.1783)

Note: 1. The value in parentheses is the standard deviation.
          2. *p < 0.05, ***p < 0.001

4.3.2 The Comparison of Three Recommendation Techniques
Since all three personalized recommendation techniques (ICE, ECE, and keyword-

based) recommended documents based on the subjects’ top three interest ratings in Stage 
0, the recommendation system’s learning effect was controlled by setting the average 
interest rating score of these three documents as the covariate variable (Top 3 rating). 
Mixed model ANCOVA (Analysis of Covariance) was conducted to test for rating 
differences among these three techniques and recommendation stage. 

As Table 8 shows, the covariate variable is significant (p < 0.001), and the effect of 
the recommendation technique is significant but the effect of the stage is not. The results 
of post hoc testing indicate that the average score of the keyword-based group is 
significantly lower than that of the ICE group (p < 0.05). However, there is no significant 
difference in the average scores of the ECE and ICE treatments. There is also no 
significant interaction effect between recommendation stage and recommendation 
technique. 
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Table 8 Analysis Results of Mixed Model ANCOVA (Three Treatments)
Source Sum of Square df Mean Square F Sig.

Recommendation Technique 15.9161 2 5.3054 8.8936 0.0000

Stage 0.0014 1 0.0014 0.0091 0.9243

Top 3 rating 14.9416 1 14.9416 25.0472 0.0000

Treatment x Stage 0.2096 2 0.0699 0.4395 0.7253

Within-Group 51.945 132

Subjects 42.125 66 0.638

Error 9.820 66 0.149

Total 83.0137 138

Note: The random-based group was excluded.

5. Conclusion
This study proposed an Implicit-feedback-based Concept-Expansion (ICE) document 

recommendation technique to address the limitations inherent in the acquisition of users’ 
preference feedback. The ICE observes and analyzes users’ browsing behaviors implicitly 
to assess their interests, and identifies extra concepts related to the focal user’s document 
interests in order to provide appropriate, personalized document recommendations. The 
results of our empirical evaluation suggest that our proposed ICE outperforms both 
keyword-based and random-based recommendation approaches. Although the 
performance difference between ICE and ECE is not significant, the ICE intrinsically 
requires less user effort than does the ECE. Our evaluation results also match the findings 
of a prior study in that implicit-feedback-based and explicit-feedback-based collaborative 
filtering recommendation techniques were found to perform about the same (Jawaheer et 
al., 2010).

The implications of this study are as follows. First, our proposed ICE technique 
determines the user’s interests based on browsing time rather than preference rating. This 
suggests that users’ interests can most likely be gathered or learned implicitly from their 
browsing behaviors. Content providers can make better recommendations without users’ 
direct feedback, or at least with less explicit feedback, which usually requires constant 
user input and is not easy to collect. In other words, our approach requires less extra effort 
from users, thus enhancing their satisfaction and increasing the value of the firm (Chen, 
Lin, and Tai, 2011). In particular, some explicit-based recommender systems require users 
to provide their preferences by keying in data. However, some disabled people cannot 
easily type in such data, which may stop them from enjoying the benefits of the 
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recommender system. If so, the ICE technique proposed by this study can be adapted to 
support this kind of application. Second, because users tend to browse product information 
before purchasing, the findings of this study can be extended to recommendations of 
physical products as well. Third, our recommendation approach improves the 
effectiveness of keyword advertising. The effectiveness of keyword advertising is usually 
constrained by limitations in the number of related keywords. The ICE approach could 
also be implemented to expand the array of keywords related to the advertisements in 
order to provide more personalized advertisement broadcasting services to enhance the 
attractiveness of advertising (Chou and Lien, 2012).

Our study has several limitations which suggest directions for future research. First, 
the number of articles activated by different concepts was limited by the number of 
documents in our experimental system. The size of the document collection might be 
considered insufficient since the limited number of recommended documents might lower 
the degree of user satisfaction with the recommendation quality. Thus, a sufficient number 
of documents covering a wider range of concepts may further enhance the coverage of the 
recommendations. Second, the ACM CCS classification adopted in this study may 
constrain the application domain of the ICE technique; that is, it can be applied to the 
recommendation of computer science-related documents only. Hence, how to 
automatically extend or construct the semantic relationships (i.e., concept heterarchy) to 
broaden the application domain of the ICE technique may serve as an important research 
focus in a future study. Furthermore, users’ interests may change over time, so user 
profiles must be updated continuously in order to enhance the performance of the 
recommender system. Since this study adopted a laboratory experiment to learn users’ 
interests, it has a limited ability to test user behavior over the long term. Implementing the 
ICE technique in commercial websites will be a valid means by which to test external 
validity in the future.



應用隱性回饋機制支援語意基礎之個人化文件推薦

20

References
周軒逸與練乃華，2012，當簡訊遇上前導：品牌熟悉度、互動性、個人化、誘因之

好奇效果，臺大管理論叢，23卷 1期：239-268。(Chou, Hsuan-Yi, and 
Lien, Nai-Hwa. 2012. When mobile SMS meets teaser: The curious effects of 
brand familiarity, interactivity, personalization, and incentives. NTU 
Management Review, 23 (1): 239-268.) doi: 10.6226/NTURM2012.APL.R10023

陳妙玲、林楚彬與戴良安，2011，廣告、顧客滿意度與研究發展對企業系統與非系
統風險之效果，臺大管理論叢，21卷 2期：55-80。(Chen, Miao-Ling, Lin, 
Chu-Bin, and Tai, Liang-Ann. 2011. Effects of advertising, customer 
satisfaction, and research and development on a firm’s systematic and 
unsystematic risks. NTU Management Review, 21 (2): 55-80.) doi: 10.6226/
NTURM2011.21.2.55

Alspector, J., Kolcz, A., and Karunanithi, N. 1998. Comparing feature-based and clique-
based user models for movie selection. Paper presented at the third ACM 
conference on Digital libraries, Pittsburgh, PA. doi: 10.1145/276675.276677

Bauer, J., and Nanopoulos, A. 2014. Recommender systems based on quantitative implicit 
customer feedback. Decision Support Systems, 68: 77-88. doi: 10.1016/j.dss. 
2014.09.005

Cantador, I., Castells, P., and Bellog, A. 2011. An enhanced semantic layer for hybrid 
recommender systems: Application to news recommendation. International 
Journal on Semantic Web and Information Systems, 7 (1): 44-78. doi: 10.4018/
jswis.2011010103

Cheng, T. H., and Hu, P. 2007. Content-based recommendations using positive-only 
examples: A single-class learning approach. Paper presented at the sixth 
workshop on e-business, Montreal, Canada.

Crestani, F. 1997. Application of spreading activation techniques in information retrieval. 
Artificial Intelligence Review, 11 (6): 453-482. doi: 10.1023/A:1006569829653

Doll, W. J., and Torkzadeh, G. 1988. The measurement of end-user computing 
satisfaction. MIS Quarterly, 12 (2): 259-274. doi: 10.2307/248851

Du, T. C., Li, F., and King, I. 2009. Managing knowledge on the web: Extracting ontology 
from html web. Decision Support Systems, 47 (4): 319-331. doi: 10.1016/j.dss. 
2009.02.011



21

臺大管理論叢 第28卷第3期

Jawaheer, G., Szomszor, M., and Kostkova, P. 2010. Comparison of implicit and explicit 
feedback from an online music recommendation service. Paper presented at the 
1st International Workshop on Information Heterogeneity and Fusion in 
Recommender Systems, Barcelona, Spain. doi: 10.1145/1869446.1869453

Knijnenburg, B. P., and Kobsa, A. 2013. Making decisions about privacy: Information 
disclosure in context-aware recommender systems. ACM Transactions on 
Interactive Intelligent Systems, 3 (3): 20. doi: 10.1145/2499670

Lee, C. H., and Cranage, D. A. 2011. Personalisation-privacy paradox: The effects of 
personalisation and privacy assurance on customer responses to travel web sites. 
Tourism Management, 32 (5): 987-994. doi:10.1016/j.tourman.2010.08.011

Lee, Y. H., Hu, P. J. H., Cheng, T. H., and Hsieh, Y. F. 2012. A cost-sensitive technique for 
positive-example learning supporting content-based product recommendations 
in B-to-C e-commerce. Decision Support Systems, 53 (1): 245-256. doi: 
10.1016/j.dss.2012.01.018

Li, Y. 2014. The impact of disposition to privacy, website reputation and website 
familiarity on information privacy concerns. Decision Support Systems, 57 (1): 
343-354. doi:10.1016/j.dss.2013.09.018

Liang, T. P., Lai, H. J., and Ku, Y. C. 2006. Personalized content recommendation and user 
satisfaction: Theoretical synthesis and empirical findings. Journal of 
Management Information Systems, 23 (3): 45-70. doi: 10.2753/MIS0742-
1222230303

Liang, T. P., Yang, Y. F., Chen, D. N., and Ku, Y. C. 2008. A semantic-expansion approach 
to personalized knowledge recommendation. Decision Support Systems, 45 (3): 
401-412. doi:10.1016/j.dss.2007.05.004

Lin, C., Xie, R., Li, L., and Li, T. 2014. Personalized news recommendation via implicit 
social experts. Information Sciences, 254: 1-18. doi:10.1016/j.ins.2013.08.034

Linden, G., Smith, B., and York, J. 2003. Amazon.com recommendations: Item-to-item 
collaborative filtering. IEEE Internet Computing, 7 (1): 76-80. doi: 10.1109/
MIC.2003.1167344

Lops, P., de Gemmis, M., and Semeraro, G. 2011. Content-based recommender systems: 
State of the art and trends. In Ricci, F., Rokach, L., Shapira, B., and Kantor, P. 
B. (Eds.), Recommender Systems Handbook: 73-105. New York, NY: Springer 
Science+Business Media LLC. doi: 10.1007/978-0-387-85820-3_3



應用隱性回饋機制支援語意基礎之個人化文件推薦

22

McNee, S. M., Riedl, J., and Konstan, J. A. 2006. Making recommendations better: An 
analytic model for human-recommender interaction. Paper presented at CHI 
2006 Conference on Human Factors in Computing Systems, Montreal, Canada. 
doi: 10.1145/1125451.1125660

Middleton, S. E., Roure, D. D., and Shadbolt, N. R. 2009. Ontology-based recommender 
systems. In Staab, S., and Studer, R. (Eds.), Handbook on Ontologies: 779-796. 
Berlin, Heidelberg: Springer-Verlag. doi: 10.1007/978-3-540-92673-3_35

Mooney, R. J., and Roy, L. 2000. Content-based book recommending using learning for 
text categorization. Paper presented at the fifth ACM conference on Digital 
libraries, San Antonio, TX. doi: 10.1145/336597.336662

Oaksford, M., Morris, F., Grainger, B., and Williams, J. M. G. 1996. Mood, reasoning, and 
central executive processes. Journal of Experimental Psychology: Learning, 
Memory, and Cognition, 22 (2): 476-492. doi: 10.1037/0278-7393.22.2.476

Parsons, J., Ralph, P., and Gallagher, K. 2004. Using viewing time to infer user preference 
in recommender systems. Paper presented at the AAAI Workshop in Semantic 
Web Personalization, San Jose, CA.

Pommeranz, A., Broekens, J., Wiggers, P., Brinkman, W.-P., and Jonker, C. M. 2012. 
Designing interfaces for explicit preference elicitation: A user-centered 
investigation of preference representation and elicitation process. User 
Modeling and User-Adapted Interaction, 22 (4-5): 357-397. doi: 10.1007/
s11257-011-9116-6

Pu, P., Chen, L., and Hu, R. 2012. Evaluating recommender systems from the user’s 
perspective: Survey of the state of the art. User Modeling and User-Adapted 
Interaction, 22 (4-5): 317-355. doi: 10.1007/s11257-011-9115-7

Wang, W., and Benbasat, I. 2007. Recommendation agents for electronic commerce: 
Effects of explanation facilities on trusting beliefs. Journal of Management 
Information Systems, 23 (4): 217-246. doi: 10.2753/MIS0742-1222230410

Wei, C. P., Chen, Y. M., Yang, C. S., and Yang, C. C. 2010. Understanding what 
consumers concern: A semantic approach for product feature extraction from 
consumer reviews. Journal of Information Systems and E-Business, 8 (2): 149-
167. doi: 10.1007/s10257-009-0113-9

White, R. W., Jose, J. M., and Ruthven, I. 2006. An implicit feedback approach for 
interactive information retrieval. Information Processing & Management, 42 
(1): 166-190. doi: 10.1016/j.ipm.2004.08.010



23

臺大管理論叢 第28卷第3期

Wu, K. W., Huang, S. Y., Yen, D. C., and Popova, I. 2012. The effect of online privacy 
policy on consumer privacy concern and trust. Computers in Human Behavior, 
28 (3): 889-897. doi:10.1016/j.chb.2011.12.008

Xiao, B., and Benbasat, I. 2007. E-commerce product recommendation agents: Use, 
characteristics, and impact. MIS Quarterly, 31 (1): 137-209.

Xu, Z., Wei, X., Luo, X., Liu, Y., Mei, L., Hu, C., and Chen, L. 2015. Knowle: A semantic 
link network based system for organizing large scale online news events. Future 
Generation Computer Systems, 43-44: 40-50. doi:10.1016/j.future.2014.04.002

Yang, C. C., Tang, X., Wong, Y. C., and Wei, C. P. 2010. Understanding online consumer 
review opinions with sentiment analysis using machine learning. Pacific Asia 
Journal of the Association for Information Systems, 2 (3): 73-89.

Yu, X., Ma, H., Hsu, B. J. P., and Han, J. 2014. On building entity recommender systems 
using user click log and freebase knowledge. Paper presented at the 7th ACM 
international conference on Web search and data mining, New York, NY. doi: 
10.1145/2556195.2556233

Zhang, F., Wang, H., and Yi, H. 2014. An adaptive recommendation method based on 
small-world implicit trust network. Journal of Computers, 9 (3): 618-625. 
doi:10.4304/jcp.9.3.618-625



應用隱性回饋機制支援語意基礎之個人化文件推薦

24

作者簡介
Yi-Cheng Ku 

An Associate Professor of Business Administration at Fu Jen Catholic University in 
Taiwan. He received his Ph.D. in Information Management from National Sun Yat-sen 
University. In 2009-2010, he was a Fulbright visiting scholar at the Scheller College of 
Business, Georgia Institute of Technology. His research interests include recommendation 
systems, information system adoption and diffusion, and service science. His papers have 
appeared in Journal of Management Information Systems (JMIS), Decision Support 
Systems (DSS), Information & Management (I&M), Computers in Human Behavior, 
International Journal of Business, International Journal of Medical Informatics, Journal 
of Electronic Commerce Research, and various conference proceedings.

*Yen-Hsien Lee 
An Associate Professor of Management Information Systems at National Chiayi 

University in Taiwan. In 2005, he received his Ph.D. in Information Management from 
National Sun Yat-Sen University in Taiwan. He was a visiting scholar at David Eccles 
School of Business, University of Utah for the 2002-2003 academic year. He has 
published papers in Journal of Management Information Systems (JMIS), IEEE 
Transactions on Systems, Man and Cybernetics (IEEE SMC), Decision Support Systems 
(DSS), and Journal of the Association for Information Science and Technology (JASIST), 
Artificial Intelligence in Medicine (AIIM), and ACM Transactions on Management 
Information Systems (ACM TMIS). His current research interests include recommender 

systems, information retrieval, text mining, web mining, knowledge discovery, and data 
mining.

Chun-Yi Lin 
A research assistant at National Chung-Shan Institute of Science and Technology in 

Taiwan. She received her Master's degree in Computer Science and Information 
Management from Providence University. Her research interests include ERP system, 
e-commerce and marketing.

* E-mail: yhlee@mail.ncyu.edu.tw
  This work was supported in part by the Ministry of Science and Technology of the Republic of China 

under the grant MOST 103-2410-H-030-087-MY3 and MOST 103-2410-H-415-019-MY3.


