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Commodity review sentiment analysis based on Bert-BiLSTM model
XU Peng, LUO Zixun, HUANG Xinkai
(Neusoft Institute Guangdong, Foshan Guangdong 528225, China)

[ Abstract] Commodity reviews provide important decision —making assistance for merchants’ selection and users’ purchase. In
order to obtain the emotional characteristics of commodity reviews and capture more emotional information in sentences, this study
proposes an emotion classification model of commodity reviews. By using Standford sentiment analysis data set and Amazon products
review dat set, the research uses the Bert embedding layer to segment sentences and convert them into word vectors, and then passes
them into the BILSTM model to obtain the attributes and emotional words in the review text. The trained model uses confusion
matrix as the evaluation index, and has a better performance compared with other deep learning models. The trained model is used to
classify and predict the results, so as to analyze the emotion of the results. The results could provide users and merchants with

suggested directions and guided emtions during the process of purchasing goods.
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Fig. 4 Bert Transformer Encoder structure
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Tab. 1 Examples of experimental data
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Perfect red tutu for the price. I baught it as part of my
daughters Halloween costume and it looked great on her.
We bought several tutus at once, and they are got high
reviews. Sturdy and seemingly well-made. The girls have
been wearing them regularly, including out to play, and
the tutus have stood up well. Fits the 3—yr old & the 5—yr
old well. Clearly plenty of room to grow. Only con is that
when the kids pull off the tutus, the waste band gets
twisted, and an adult has to un—tangle. But this is not
difficult.

This was a really cute tutu the only problem is that it was
super short on my 5 yr old daughter. Other than that it
was really adorable

Very cute, shorter than I was expecting, but then again,
I didn't bother to calculate the measurements before
ordering it. It has three layers of tulle, so it’s not as full
as the picture looks if stretched fully, but still a full skirt.
I bought this skirt for my six year—old niece, so I highly
doubt the skirt will ever be stretched to its full capacity on
her. In fact, the skirt stretches pretty far but is also

retractable so it can fit a variety of sizes

This is a great tutu and at a really great price. It doesn’t
look cheap at all. I'm so glad I looked on Amazon and

found such an affordable tutu that isn't made poorly. A++

positive

negative

positive

neutral

positive
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Tab. 2 Comment data preprocessing schematic
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Very cute and perfect for my 6 yr  cute and perfect daughter wore

old daughter. She wore it to a it to party lots of fun
princess birthday party. Lots of fun.
daughter get this  pleased

Christmas Thank much

My 5 year old daughter get this
today for Christmas. She and we
are very pleased with it. Thank you
so much!
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Tab. 4 Comparative test model comparison %
Model Precision Recall F,
Bert 82.37 77.65 81.42
BiLSTM 76.56 75.73 76.29
W2V-SVM 81.34 68.83 74.62
Bert—BiLSTM 85.69 84.21 84.67
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Tab. 5 Samples analysis results
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My 3-year old granddaughter loves it! I also got her a ballerina  posttive granddaughter loves it I got a ballerina for Bitty ~ posttive
costume for her Bitty Baby. Definitely a big hit! Baby Definitely hit
put it in the washer be like a normal kid my daughter got it  negative  daughter got it dirty I took it out it was all  negative
dirty. When i took it out it was all ripped up at the ends. she ripped up she was upset I got rid of it I paid it
was so uppset when i got rid of it for the price i paid I thought would be a little better
it would be a little better
Said they would fit a certain size but when we got them they  neutral they fit a certain size we got them they are a lot  neutral

are a lot smaller then as described
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