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Context Prediction Using Right and Wrong Patterns to
Improve Sequential Matching Performance for More
Accurate Dynamic Context-Aware Recommendation®

Ohbyung Kwon**

Developing an aglle recommender system for nomadic users has been regarded as a promising application
in mobile and ubiquitous seffings. To increase the quality of personalized recommendation in terms of accuracy
and elapsed fime, estimating future context of the user in a corect way is highly crucial. Traditionally, time
series analysis and Makovion process have been adopted for such forecasting. However, these methods
are not adequate in predicting context data, only because most of context data are represented as nominal
scale. To resolve these limitations, the dlignment-prediction clgorithm has been suggested for context pre-
diction, especially for future context from the low-level context. Recently, an onfological approach has been
proposed for guided context prediction without context history. However, due 1o variety of context information,
acquiring sufficient confext prediction knowledge a priori is not easy in most of service domains.

Hence, the purpose of this paper is to propose a novel confext prediction methodology, which does
not require a priori knowledge, and to increase accuracy and decrease elapsed fime for service response.
To do so, we have newly developed pattem-based context prediction approach. First of all, a set of individual
rules is derived from each context attribute using context history. Then a pattem consisted of results from
reasoning individual rules, is developed for pattern learning. If at least one context property matches, say
R, then regard the pattermn as right. If the pattern is new, add right pattem, set the value of mismatched
properties = 0, freq = 1 and w(R, 1). Otherwise, increase the frequency of the matched right pattem by
1 and then set w(R freq). After finishing training, if the frequency is greater than a threshold value, then
save the right pattem in knowledge base.

On the other hand, if af least one confext property matches, say W, then regard the patfem as wrong.
If the pattern is new, modify the result into wrong answer, add right pattern, and set frequency to 1 and

*

This research is supported by the Ubiquitous Computing and Network(UCN) Project, Knowledge and
Economy Frontier R&D Program of the Ministry of Knowledge Economy(MKE) in Korea and a result of
subproject UCN 09C1-T2-10M, and also supported by a grant from the Kyung Hee University in 2009.
Professor at College of Business Kyung Hee University

*%



Context Pregiction Using Fight and Wrong Pattems to Improve Sequential Matching Performance for More Accurate Dynamic Context-Aware Recommendation

w(W, 1. Or, increase the matched wrong pattern’s frequency by 1 and then set w(W, freq). Affer finishing
training, if the frequency value is greater than a threshold level, then save the wiong patfem on the knowledge
basis. Then, context prediction is performed with combinatorial rules as follows: first, identify current confext.
Second, find matched pattems from right pattems. If there is no pattern matched., then find a matching
pattem from wrong pattems. if o matching pattem is not found, then choose one context property whose
predictabifity is higher than that of any other properties.

To show the feasibility of the methodology proposed in this paper, we collected actual context history
from the travelers who had visited the largest amusement park in Korea. As a result, 400 context records
were collected in 2009. Then we randomly selected 70% of the records os fraining data. The rest were selected
os tfesting data.

To examine the performance of the methodology, prediction accuracy and elapsed time were chosen
as measures. We compared the performance with case-based reasoning and voting methods. Through a
simulation test, we conclude that our methodology is clearly better than CBR and voting methods in terms
of accurocy and elapsed time. This shows that the methodology is relatively valid and scolable.

As a second round of the experiment, we compared a ful model to a partial model. A full model indicates
that right and wrong patterns are used for reasoning the future context. On the other hand, a partial model
means that the reasoning is performed only with right patterns, which is generally adopted in the legacy
dlignment-prediction method. It fumed out that o full model is better than a partiol model in ferms of the
accuracy while partial model is better when considering elapsed fime.

As a lost experiment, we took into our consideration potential privacy problems that might arise among
the users. To mediate such concem, we excluded such context properties as date of tour and user profiles
such as gender and age. The outcome shows that preserving privacy is endurable.

Confributions of this paper are as follows, First, academically, we have improved sequential matching meth-
ods to predict accuracy and service time by considering individual rules of each context property and leamning
from wrong pattemns. Second, the proposed methed is found fo be quite effective for privacy preserving
applications, which are frequently required by B2C context-aware services; the privacy preserving system
applying the proposed method successfully can diso decrease elapsed time. Hence, the method is very
practical in establishing privacy presenving confext-aware services.

Our future research issues faking info account some limitations in this paper can be summarized os follows.
First, user acceptance or usability wil be fested with actual users in order fo prove the value of the profotype
system. Second, we wil apply the proposed method fo more general application domains ¢s this paper
focused on tourism in amusement park.
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Excluding subjective data 24.47 347 13100.03 960.89

[Voting]

Full context 25.09 431 197326.00 1019.67

Excluding privacy concern data 24.39 3.24 223634.17 9636.51

Excluding subjective data 39.47 5.58 223449.09 9835.57

[Full Model]

Full context 97.89 1.73 8329.86 1587.86

Excluding privacy concern data 98.83 1.62 6471.45 1201.69

Excluding subjective data 98.11 1.30 5665.24 1074.31

[Partial Model]

Full context 73.26 1.40 4649.47 840.65

Excluding privacy concern data 84.18 1.17 3588.53 590.15

Excluding subjective data 73.24 1.73 2932.27 497.03
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