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Abstract In this paper, we proposed an SNS review analysis method based on deep learning for user
tendency. The existing SNS review analysis method has a problem that does not reflect a variety of
opinions on various interests because most are processed based on the highest weight. To solve this
problem, the proposed method is to extract the user’s personal tendency from the SNS review for food.
It performs classification using the YOLOv3 model, and after performing a sentiment analysis through
the BiLSTM model, it extracts various personal tendencies through a set algorithm. Experiments showed
that the performance of Top-1 accuracy 88.61% and Top-5 90.13% for the YOLOv3 model, and 90.99%
accuracy for the BiLSTM model. Also, it was shown that diversity of the individual tendencies in the
SNS review classification through the heat map. In the future, it is expected to extract personal

tendencies from various fields and be used for customized service or marketing.
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Fig. 1. Process of opinion mining using LSTM
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Fig. 2. Comparing object detections based on time and
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Table 1. Collected food categories

No Category
1 Bibimbap
2 Bibimguksu
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Table 2. Text categories and search keywords

No Category Search Keyword

1 ot TS gEs GRRZE -
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Table 3. The number of selected image data

Category Number of Category Number of
Data Data
Bibimbap 107 Donkkas 289
Bibimguksu 396 Galbijjim 300
Bulgogi 339 Kimchijjigae 573
Carobrnara 221
Curry 172 Yukhoe 164
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Fig. 4. Darknet-53 architecture
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Algorithm Extractinglnterest(A,B)
input elment A is top1 image category
array B is top3 text categories

output array result is user tendency

1. result — [ ]
2. for i — 0 to len(B)
C « combination of B and i
result — result + {A+C}
end for

3. return result

Fig. 6. Pseudo—code of the algorithm
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Table 4. Experiment environment

oS Windows 10 Home

CPU Intel i7-8550U

RAM 16GB

GPU NVDIA GTX 1050
Storage SSD 256GB
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Table 5. The number of training data and test data in
YOLOvV3 , BiLSTM model

Train Data Set

Test Data Set

YOLOV3 Model 42,300 4,700

BiLSTM Model 109,734 12,193
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