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Abstract. Reviews and review based rankings are widely used in re-
commendation systems to provide potential customers quality informa-
tion about selected products. During the last years, many researchers
have shown that these reviews are neither objective nor do they repre-
sent real quality values. Even established ranking methods designed to
fix this problem have been shown to be unreliable. In this work, user gen-
erated content of fora, weblogs and similar trustworthy social networks
is proposed as an alternative data source. It is shown how this data can
be used to calculate a satisfaction and relevance measure for different
product features to provide potential customers reliable quality infor-
mation. The method is evaluated in the automotive domain using J.D.
Power’s established Initial Quality Study to ensure providing meaningful
quality-related data.
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1 Introduction

During the last 10 years, the e-commerce sector has shown that online shopping
portals have a great growth potential which has not even been stopped by the
economic crisis. Nevertheless, in a highly competitive environment it is simply
not enough to offer product catalogs only. Today, potential customers expect
more comfort: In addition to high quality product information they want to be
guided through the large number of possible products. Recommendation systems
have been successfully used by many different e-commerce portals to suggest
relevant products by providing product rankings or experience reviews of other
customers [1, 2].

There are different types of systems to convert browsers into buyers, improve
cross-selling or enforce customer loyalty [1]. Reviews and review based rankings
are the most widely used recommendation system which is supposed to provide
relevant quality information based on the experience of other customers. Recent
work has shown that this simple and widely used method does not reflect real
quality values [3, 4] and that even different rating methods (e.g. amazon’s “help-
ful” ratings) cannot assure quality relevant reviews [5, 6]. Nevertheless, 78% of
Internet users rely on recommendations from consumers and 61% trust customer
opinions posted online [7].
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In this work, a new recommendation system is presented that is designed to
provide reliable and quality relevant product information. Instead of relying on a
small number of locally available and possibly manipulated data, it utilizes user
generated content in Internet fora, web-logs and other social networks. The very
large amount of mostly unbiased comments (section 2) is used to provide the
customer a satisfaction and relevance measure on different abstraction levels.
The proposed system provides these measures for the complete life-cycle of a
selected product and is also able to analyze quality changes over time by selecting
different time slots. This is a very important information for long-run products
like cars or hotels.

2 User Generated Content as Recommendation Source

In most community systems, review based recommendation systems are realized
using free-text fields in addition to star-ratings. While shop owners can increase
their revenue offering comment functionality [4, 8], customers are able to read
product experience of other customers [3]. This win-win situation leads to a
highly accepted recommendation system that is realized in nearly every online
shop system and thus comments are becoming an accepted form of cultural
expression [3].

Unfortunately, customer reviews are not objective at all. Recent work has
shown that most of the reviews posted in online markets are bimodal [9]: they
are either allotted an extremely high rating or an extremely low rating. The
additional available average numerical star-rating does not convey a lot of in-
formation in this situation so that the users have to read free-text comments.
It has been shown that most of these comments are positively biased. In some
situations, they are misused for advertisement, promotion and communication
issues or they are simply duplicated [3]. A measure is needed to distinguish high
quality reviews from low quality reviews. Different shopping systems (e.g. ama-
zon.com) have introduced a peer-reviewed measure, in which each customer can
specify if a review was helpful. It has been shown that these assessments are
influenced by a number of factors [5, 6]. Nevertheless, studies have used these
votes to train ranking models [10], which in consequence reflect this bias. Dif-
ferent approaches try to solve this problem by using extractable meta data like
objectivity, subjectivity and readability to create an objective quality measure
8, 5].

Previously mentioned methods do not take time into account, so that it is
not possible to identify quality problems over time: The review based recom-
mendation systems assume that there are no quality changes. This is surely not
correct for products which are sold for a long time like cars or hotels. Addition-
ally, these methods require a product to have reviews. New or low-traffic items
do not have such reviews so that customers may prefer other products. Shop
owners and product manufacturers can counteract this by adding some baits
but there are also paid or manipulated comments [3]. This not-recommended
method undermines trust and thus harms the long-term reliability.



Social Networks as Data Source for Recommendation Systems 3

In the following section, a new recommendation system is proposed that is
able to fix these vulnerabilities. Instead of relying only on locally available com-
ments that are possibly manipulated to increase sales, the algorithm takes user
generated content of fora, weblogs and other social networks into account. Cur-
rently, there are more than 475 million active Internet users in the world. More
than 38% want to start their own web-log and 34% of blog authors are writing
their opinions on products and brands [11]. It is assumed that this data is not
as biased as product reviews because there are no ulterior financial motives.
Nevertheless, the data source has to be selected carefully. During the last years,
especially weblogs have attracted attention due to paid content which is why in
the USA the Federal Trade Commission FTC regulates weblogs in their use of
paid content with the beginning of December 1st, 2009'. An analysis of 1,196
discussions in Internet fora has shown however, that most of these discussions are
focused on topics the customer needs help or advice (fig. 1). These discussions
provide a lot of quality information. A carefully selected data source of Inter-
net fora and trustworthy weblogs is the base for the proposed recommendation
system. It is not recommended to track “the whole” Internet.
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Fig. 1. Abstract topic analysis on 1, 196 entries of the automotive forum benzworld.org.
Nearly 50% of the posts are dealing with technical or conceptual problems in which
the author needs some advice. 25% of the entries are not dealing with any car at all
and can be disregarded for quality analysis.

3 Social Network Analysis

In the following, the workflow of the proposed recommendation system is dis-
cussed in detail. It is assumed that user generated content of weblogs, fora or
other social networks is already downloaded by specialized web crawlers that
only store relevant user generated content additional to author names and post-
ing time [12]. Advertisement, navigation and other page structure elements are
already filtered out.

! http:/ /www.ftc.gov/0s/2009/10/091005endorsementguidesfnnotice. pdf
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3.1 Data Analysis

In contrast to product reviews, user generated content in social networks is
not focused on quality or satisfaction reports nor is it supposed to be analyzed
automatically. While there is some structured information in product reviews
(e.g. star ratings or pro and contra lists) the discussed user postings are com-
pletely unstructured. The text neither contains a special field that defines the
discussed product features nor does it provide a defined field for the customer’s
satisfaction. It is for the algorithms to introduce this structure. This is done
by data cleaning, natural language processing and information extraction algo-
rithms. The schematic of the proposed workflow can be seen in figure 2. The
recommendation system itself is designed to be independent of used data ana-
lysis algorithms. This is why different approaches are discussed and the used
algorithms for the realized prototype (section 4) are presented in the following
subsections.

Pre-processing First of all, in a multilingual approach the language of the text
has to be identified to load special language dependent resources and algorithms
at downstream steps. This is done using a n-gram classification [13]. After to-
kenization using regular expressions, the content information is enriched with
part-of-speech tagging applying the TreeTagger algorithm [14].

Contrary to texts typically used for research issues, user contributions in
weblogs, fora and similar systems are of poor quality, containing a lot of abbre-
viations, misspellings, dialect words, community specific nicknames and syntax
(e.g. @nickname: ...) so that some cleaning steps are necessary. Tokens which in-
fluence analysis negatively — such as stop words, abbreviations, (nick-) names,
e-mail addresses and URLs which can be disregarded in downstream analysis
steps — are annotated using simple word lists. Misspelled and dialect words
are fixed in English comments [15, 16]. In other languages this step is not done
because tests have shown that a correction will cause more errors?. Finally redun-
dant text doublets caused by quotations are annotated comparing word n-grams
to detect similar text fragments across postings in a discussion thread.

Topic Detection In recent years, different researchers have focused aspect-
based opinion mining to capture reviewers’ opinions toward different product
aspects (e.g. [17, 18, 19, 20]). Product feature extraction and categorization is
surely the most difficult task in this process. Next to different statistical ap-
proaches using co-occurrences, association rules [17], PMI [18] and probability
based algorithms [19] have been proposed to handle this difficult task. Synonym
treatment is suggested by means of ontologies similar to Wordnet [17, 18] or by
using fuzzy string matches [5].

Contrary to the discussed approaches, the proposed recommendation system
is not designed to focus on product features but on topics generally. The candi-
date list of potential topics has to be extracted of completely unstructured user

2 In German, for example, it is possible to combine different single words to a new one,
which to our knowledge cannot be reliably handled by current available algorithms.
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comments. The usage of semistructured information [20] is not possible due to
missing data structures. Different rule based approaches have shown an aver-
age precision between 79% and 89% on usually uniformly formulated phrases
[17]. These performances cannot be assumed in unstructured content found in
weblogs or fora because there are many different comment structures available.
Schierle and Trabold proposed to realize a taxonomy based approach [21]: To
label each comment with related topics, the terminology of a product domain
is organized in a taxonomy providing the possibility to store multi-lingual syn-
onyms for each concept. The special taxonomy structure makes it possible to
disambiguate different concepts having the same word associated to them re-
garding part-of-speech and context. Using simple token matching algorithms,
each user comment can be labeled with corresponding terminology terms. This
approach ensures high precision which is very important for a recommendation
system to gain customers’ trust. Thanks to the large amount of available data
it is possible to prefer precision while maintaining sufficient data points. The
taxonomy structure itself summarizes different concepts to topics. In the follow-
ing, these topics are called “product features” because it is not important if the
analysis focuses on specific features or abstract topics.

To ensure adequate recall values and to cover different terms used by cus-
tomers, this taxonomy can be extended using semi-supervised terminology ex-
traction algorithms presented in previously mentioned publications. This ap-
proach causes of course more human effort. Low precision results, however, would
undermine user trust because of wrong topic classification. In addition, off-topic
discussions are excluded in the product analysis using this method.

Sentiment Analysis Next to the topics the users are talking about, it is im-
portant to know in which mood they are talking. Recent work dealing with user
reviews has used already classified pro and contra information provided by the
users themselves [17, 20]. Scaffidi et al. suggest to use the additional used star
rating assuming that this average rating represents user satisfaction for men-
tioned product features [19]. This was already disproved by Kano et al. [22] who
have recognized that product features satisfy a customer in varying degrees. Lex-
icon based approaches have been introduced to assign sentiment values to words
causing emotions [23, 24, 25]. This simple technique is not adequate for most
real world scenarios because the intended sentiment depends not only on single
words but on the context. Different machine learning approaches have been pro-
posed to take this into account (e.g. [26, 27]). Dave et al. have shown that these
methods perform well on whole reviews but not on sentences [27] so that it is
not possible to extract topic related sentiment information.

The proposed analysis algorithm uses an approach similar to the algorithm
used for topic detection: A sentiment lexicon is represented as a taxonomy, en-
riched with context information in which a given sentiment value is valid. Each
concept appearance in user generated content is annotated with the correspond-
ing sentiment value € [—1;1]. To take relational information into account, each
sentiment word is assigned to the feature annotation located next to it.
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3.2 User Driven SWOT Analysis

The proposed recommendation system is supposed to provide an abstract view
to all user comments that are dealing with specific products and product fea-
tures. To provide customer related information about product specific strengths
and weaknesses, opportunities and threats (SWOT), two different measures are
calculated:

1. First a satisfaction index is calculated to estimate the overall quality esti-
mation for each feature y; and product ;.

2. Additionally, a relevance index is calculated to provide information on how
relevant the product feature is in customers’ point of view.

Satisfaction Calculation Intuitively, one might assume that satisfaction is
the ratio of the number of positive to negative comments. But this presupposes
to have a balanced lexicon and a balanced language. Both conditions are very
unlikely. That is why the system defines neutral satisfaction for a feature y; as
ratio of positive f(y;) and negative f~(y;) comments for all products. The sat-
isfaction index s(y;, z;) for a given product z; is based on the number of positive
posts concerning a product-feature combination f*(y;,z;) and the number of
negative posts f~ (v, ;).
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A potential customer can compare the satisfaction value of different products
Z1,...,%, on feature level y;: A higher satisfaction value s € [—1; 1] for product
x; and feature y; implies higher satisfaction compared to other products with

feature y;.

Relevance Calculation Different product features are discussed with varying
frequency. A feature the customer has to deal with every day is more critical
in case of misbehavior than a feature used more rarely. A user driven recom-
mendation system has to take this issue into account and thus has to provide a
relevance measure. Recent work has used absolute counts [17]. The analysis of
user comments has shown however that it is important to be aware of different
frequencies of occurrence for different products: On the one side product A is
much more mentioned than product B because A is a mainstream product. On
the other side a non-mainstream product C' can be mentioned even more fre-
quently because the manufacturer was able to motivate users of social networks
to talk about its products (e.g. Apple).
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The relevance of a given feature y; for product x; is the probability p(y;|x;)
that depends on the frequency f of both features relative to the product itself:

The formula measures the probability that other users publish comments
about feature y; while dealing with product x;. Thus it provides information
about how relevant feature y; is depending on product z;. It is not necessary to
care about different product frequencies any more.

4 Evaluation

4.1 Prototype Implementation

The proposed recommendation system has been realized as a prototype in the
automotive domain. It tracks 20 automotive Internet fora and 103 weblogs. In
sum, the analysis system has downloaded 13 million German and English user
comments. The taxonomy for topic detection contains 2,081 automotive-related
multilingual concepts (e.g. components, service terms) with 5,392 synonyms.
These terms have been extracted from different automotive lexica in addition to
cooccurrences found in real fora data. The sentiment lexicon was created based
on [28] in addition to English translations. User comments are preprocessed
using the OASIS Unstructured Information Management Architecture (UIMA)
[29, 30]. All analysis results are stored in a Lucene data index for fast data access
so that incremental data updates are possible (fig. 2).
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Fig. 2. Prototype architecture for the proposed recommendation system: The pro-
totype tracks different Internet fora and weblogs and analyzes the downloaded data
(section 3.1). The extracted information is stored in a Lucene data index for fast access
and incremental updates, which is used by the frontend for the SWOT analysis (section
3.2).

The frontend, the customer interacts with, is a Rich Internet Application
(RIA) based on GWT?. The user can drag products and product features to

3 http://code.google.com/webtoolkit/
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an analysis table in which the system automatically calculates all necessary fre-
quencies using Lucene search queries. The recommendation system additionally
classifies each satisfaction value to five different groups based on empirically de-
termined borders. Each class is represented by one of five different arrows in
order to give a quick quality impression (figure 3).

(a) satisfaction analysis (b) time analysis

Fig. 3. Prototype use case: A potential customer wants to compare customer satis-
faction for three different car models. After selecting features relevant to the user, the
prototype calculates the satisfaction and the relevance index (a). Each product-feature
combination can be analyzed over time (b).

Next to the abstract overview, the user can analyze the satisfaction and
relevance indices over time to see quality changes during the last months and
years. The user is able to list the corresponding comments to get linked to the
original web pages.

4.2 Evaluation Results

In order to assess whether the proposed system performs a useful product ad-
vice, two different questions are analyzed. First, it has to be ensured, that there
is enough data available to generate statistically relevant statements. Using the
taxonomy structure, the average number of postings for manufacturers, prod-
ucts, product models and product features at different levels of detail can be
quantified. The analysis shows that there is a large number of comments avail-
able for manufacturers and products (fig. 4 (a)). The sales designation instead
can be found in an insufficient number. This is caused by the fact that sales des-
ignations in the automotive domain are specifying different product variations
which in most cases are not subject of a problem description. Model names and
internal model series are well mentioned. Product features on the other side are
discussed in varying frequency: While feature comments are numerous for more
abstract features (fig. 4 (b)) special ones are rarely mentioned. In this situation,
the taxonomy approach does not fit. The user is neither mentioning a feature
nor a synonym. To improve the system quality on detail level, it would be ad-
ditionally necessary to link symptoms to all relevant product features, which on
the other side would decrease data precision.
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Fig. 4. Coverage analysis: There is a large number of comments (y axis) available
for manufacturers, models and internal model series. Sales designation instead is less
useful due to small reliability (a). The discovery of product features depends on the
hierarchical level (b). Very specific components are not mentioned in reliable number.

Ensuring the topics of analysis can be found in the proposed data source, the
resulting product ratings have been compared to survey results of J.D. Power’s
“Initial Quality Study” IQS. This study is based on a 228-question battery de-
signed to provide manufacturers with information to facilitate identifying prob-
lems. Using J.D. Power’s quality index, it is possible to compare the system
output to a well established quality measure. This is done by comparing 36 dif-
ferent cars of 10 different manufacturers in 2008. For each selected model, there
are more than 400 user comments available so that each result is statistically
reliable.

Due to different categorization methods, both measures are compared on
the most abstract level. IQS distinguishes three different ratings: Initial Quality,
Performance & Design and Predicted Reliability. Each one measures the quality
relative to other cars in the market. The three parts are merged to one global
car rating € [1;5]. The proposed recommendation system distinguishes different
features defined by the taxonomy structure. A comparable concept is the most
abstract topic: component, which consists of all other product features.

The calculated correlation coefficient of both measures is 0.46. Thus, there
is no perfect match between J.D. Power’s IQS survey and the satisfaction index
proposed in this work. Nevertheless there is some correlation. Due to different
measure intervals, the significance of correlation can not be calculated directly.
Therefore, the proposed satisfaction index € [—1;1] is rescaled to J.D. Power’s
measure interval € [1;5] using a simple linear regression, which does not affect
correlation.

s2(ys, x5) = 3.66 * s(y;, x;) + 3.31 (3)

The correlation of both measures would be significant if the expected differ-
ence is 0. Using a t-test*, Hy (1o = 0) could not be rejected and thus, there is
no evidence that there is a systematic difference. To minimize the Type II error,

4 Both measures are normally distributed, which is ensured using the Shapiro-Wilk
Normality Test
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the t-test is calculated for other possible differences (table 1). The root mean
squared error of both measures is 0.65.

Hy t two-tailed p-value|interpretation

po =0 —0.015 |0.988 not rejectable

o = 0.25||—1.833 |0.073 rejectable for « = 10%
o = 0.5 ||—3.650 |0.001 rejectable for o = 1%
po=1 ||—7.284 [2.4%107° rejectable

o =2 —14.554[2 x 1071 rejectable

Table 1. t-test for significance calculation

There are some reasons for expecting small differences between J.D. Power’s
IQS and the proposed measure (e.g. ambiguities, irony, sarcasm, ... ). The main
reason is that J.D. Power uses a questionnaire while the proposed recommen-
dation system only collects unrequested user feedback which not only contains
information about hard problem facts but also soft facts (e.g. service quality).
These customer expectations are implicitly available in the Internet data which
makes the data biased compared to J.D. Power’s 1QS. This fact changed the
overall result, however, only moderately so that the proposed recommendation
system tends to similar statements regarding the well established J.D. Power’s
Initial Quality Study.

5 Conclusion

Shopping systems can significantly increase the sales volume by providing prod-
uct reviews created by other customers. Although it has been shown by different
researchers that these reviews are not reliable in terms of product quality, po-
tential customers trust in these comments. It is anticipated that this issue will
decrease the long-term usage of the currently widely used recommendation sys-
tem. In this work, an alternative data source is presented: social networks. Using
different text mining techniques, user generated content of Internet fora, web-
logs and other trustworthy social networks can be utilized to provide customers
a mostly unbiased aspect-oriented satisfaction overview. Next to different ab-
straction levels, a potential customer can analyze quality changes over time.
The applicability has been shown in the automotive domain.

The analysis method does not depend on the proposed natural language
processing algorithms, so that the recommendation system can benefit from
future research in the area of topic detection and sentiment analysis. Especially
topic relevant algorithms could improve the recommendation system on product
detail level.
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