JKSCI

SH27 BE Y B5t =27

Journal of The Korea Society of Computer and Information

Vol. 28 No. 6, pp. 63-69, June 2023

https://doi.org/10.9708/jksci.2023.28.06.063

Efficient Filtering of Noise

Reviews Using Supervised Learning

in Social Big Data Analysis

Hyeon Gyu Kim*

*Associate Professor, Div. of Computer Science and Engineering, Sahmyook University, Seoul, Korea

[Abstract]

Social reviews collected through the search API may include a large number of reviews unrelated to
a given search term, and these reviews are referred to as noise reviews because they may lead to
distorted analysis results. In this paper, we discuss supervised learning algorithms to conduct filtering of
the noise reviews efficiently, and compare their performance through experiments. About 20,000 reviews
collected for tourist attractions in the Ulsan metropolitan city were used for the experiments, and LSTM
and BERT, which are known to provide high accuracy in text processing, were adopted for training
and testing the reviews. As a result, BERT provided better accuracy than LSTM, where fl-scores of
the two algorithms were 90.1% and 95.2%, respectively. On the other hand, in terms of execution time,
LSTM was about 5 times faster than BERT. The result shows that, in the noise review filtering, BERT
can be used more properly when accuracy is important, whereas LSTM can be used more properly

when performance is important or computation resources are insufficient.
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I. Introduction
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III. Algorithms for Review Filtering
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IV. Experimental Results
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Table 1. Number of tourist attractions and their
reviews for each district of the Ulsan metroporitan city

Namgu| Dongu | Bukgu | Ulju |Joongu| Total

# of places 7 9 10 8 11 45

# of reviews| 3,844 | 3,968 | 4,003 | 4,697 | 4,326 | 20,838
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Table 2. Ratio of the noise and normal reviews
collected for the tourist attractions in Table 1

Namgu| Dongu | Bukgu | Ulju |Joongu| Total

# of noise

. 2,740
reviews

2,798 | 2,804 | 3,597 | 3,062 | 15,029

# of normal
reviews

Ratio of the
noise reviews

1,104 | 1,170 | 1.199 | 1,100 | 1,264 | 5,809

71.3% | 70.5% | 70.1% | 76.6% | 70.8% | 72.1%
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pEG, if Lb/2]), <n < b (1)
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Table 3. Number of the tourist attractions included

in group G, for each district of the Ulsan
metropolitan city
Namgu | Dongu | Bukgu | Ulju |[Joongu| Total
Gioo 0 0 0 1 0 1
Gaso 0 1 1 1 2 5
Gsoo 2 1 1 0 1 5
Giooo 5 7 8 6 8 34
Total 7 9 10 8 11 45
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Namgu [ Dongu | Bukgu Ulju |Joongu| Avg.
Gioo - - - 0.857 - 0.857
Goso - 0.923 | 0.885 0.5 0.821 | 0.79
Gsoo | 0.889 | 0.923 | 0.909 - 0.894 | 0.901
Gioo | 0.926 | 0.917 | 0.933 | 0.913 | 0.907 | 0.919
Avg. | 0.915 | 0.919 | 0.926 | 0.846 | 0.89 | 0.901

Fig. 1. Average values of fl1—scores shown in LSTM for
the tourist attractions of group Gb in each district of the
Ulsan metropolitan city

Namgu | Dongu | Bukgu Ulju |Joongu| Avg.
Gioo - - - 0.833 - 0.833
Goso - 1 0.967 1 0.935 | 0.967
Gsoo | 0.956 | 0.98 | 0.971 - 0.959 | 0.968
Gioo | 0.944 | 0.959 | 0.963 | 0.944 | 0.939 | 0.951
Avg. | 0.948 | 0.966 | 0.964 | 0.936 | 0.94 | 0.952

Fig. 2. Average values of fl1—scores shown in BERT for
the tourist attractions of group Gb in each district of the
Ulsan metropolitan city
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Fig. 3. Average execution time of LSTM and BERT for
the tourist attractions of group G, in each district of
the Ulsan metropolitan city

V. Conclusion and Future Work
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