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Abstract

The catering industry, as the “never ending gold industry”, has been affected by the development
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of the Internet and the epidemic in recent years, showing the coexistence of “sit-down food” and
“take-out” trend. In order to improve the competitiveness of the catering industry, it is particular-
ly important to accurately grasp the demand tendency of users. In this paper, data analysis was
conducted on the food review data of different catering enterprises, different classification models
were constructed to analyze the emotional tendency of food service reviews, and the model per-
formance and error were evaluated by calculating the accuracy rate, recall rate and F1-Score. The
K-nearest neighbor classification model, LSTM short and short term memory model, BiLSTM mod-
el, and CNN-Multi-BiLSTM model were constructed respectively to classify the emotional tendency.
The results show that the CNN-Multi-BiLSTM model has high accuracy, with the average accuracy
rate, recall rate and F1-Socre reaching 91.5%, 91.35% and 91.45%, respectively. Therefore, the
CNN-Multi-BiLSTM model can be used to evaluate the data of catering service reviews, so that
businesses can more accurately grasp the needs of users, formulate corresponding improvement
strategies and improve their competitiveness.
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Figure 1. K schematic diagram of nearest neighbor
classification model
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Figure 2. Network Structure of LSTM Layer
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Figure 3. Memory Cells
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Figure 4. Forget Gate
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Figure 5. Input Gate
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Figure 6. Output Gate
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Figure 9. Network Structure of Multi-head
attention
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Figure 10. Sentence length and frequency statistics
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Table 1. Example of data format after word segmentation
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Table 2. Label quantity statistics
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T ARUESE I B A, AR Sl P ) AR BRI A L TP B S B [, BN TR ERE
IR PR EZEM ST B E N 100, BAMEFENYEERE N 50, 5 MEIEPEVIGEI S IR EE N
0.005, %) RN AEFERZ TR, AEER Adam fELES, 2hERE N 0.9, weight decay ¥
# 5 0.0001, Batch Size &N 32, M TEMAKELZ L FEOLMG, FIGEAAREIRE R 10 K. L5
7E Linux REEHHAT, S50 528 Python3.9, ¥REE: SJHESE ) Tensorflow2.8, FIH CPU #E4TIIZk, CPU
iZ1T N 17N 8.00GB, 4b#E#$4 AMD Ryzen 5 5625U with Radeon Graphics.
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Precision = ™ (15)
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F1-Score = 2 Prec.ls.lon x Recall (17)
Precision + Recall

3.4, SLIGEER

ASCE SR K S4B KA . LSTM KA 0288 . BILSTM A 84 BL, CNN-BILSTM #4514
J CNN-Multi-BiLSTM AR HEAT P-4, FKE 2R & 4 B CNN-Multi-BiLSTM #7845 I A = it R 2%
TextCNN. GRU LA} Transformer #H47%FHL, AR [FRAIEAL 45 B a0 3. % 4 s,

Table 3. Classification model evaluation
% 3. PR

Target FEHR BlE%E F1-Score VB S

0 0.545 0.538 0.541
K 3E<R 1 0.593 0.600 0.597
Average 0.569 0.569 0.569
0 0.876 0.907 0.891

LSTM 1 0.914 0.885 0.899 204420
Average 0.895 0.896 0.895
0 0.882 0.914 0.898

BiLSTM 1 0.921 0.892 0.906 242116
Average 0.902 0.903 0.902
0 0.921 0.882 0.901

CNN-BIiLSTM 1 0.899 0.933 0.915 237732
Average 0.910 0.908 0.908
0 0.919 0.898 0.909

CNN-Multi-BiLSTM 1 0.911 0.929 0.92 250864
Average 0.915 0.914 0.915

Table 4. Comparative evaluation of models

= 4. HRIXELITE

Target R BRE%R F1-Score NEHSH

0 0.845 0.838 0.841

Text-CNN 1 0.893 0.819 0.854 182229
Average 0.869 0.829 0.848
0 0.910 0.894 0.902

GRU 1 0.903 0.909 0.906 192316
Average 0.907 0.902 0.904
0 0.916 0.903 0.910

Transformer 1 0.907 0.923 0.915 227732
Average 0.912 0.908 0.913
0 0.919 0.898 0.909

CNN-Multi-BiLSTM 1 0.911 0.929 0.920 250864
Average 0.915 0.914 0.915
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