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Combing Linear Regression Algorithm with Random Forest
Algorithm to Predict Numbers of Restaurant Customers
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Abstract:The application of data mining technology in the catering industry has a certain social value.Based on the

prediction of the customer flow in the catering infidustry,restaurants can prepare meals for customers accordingly,which

improves not only the customer experience of dining,but also the quality of service as well as more efficient operation of

the catering industry.By studying linear regression algorithm and random forest algorithm theory,this paper puts forward the

idea of combining linear regression algorithm with random forest algorithm,and applies it to the prediction of the numbers

of customers return visits in restaurants,and proves the rationality and feasibility of the idea through experiments.Compared

with linear regression algorithm with randem forest algorithm,the accuracy of the combined algorithm is increased by about

3.004% and 2.022% respectively.Better prediction results have been obtained than most of the previous research,which

provides a new way of thinking for the application of data mining technology in the catering industry.
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Tab.1 Property record after preprocessing

air_store_id,is_true, visit_date, visitors,day_of_week,is_holiday, prev_
day_is_holiday,next_day_is_holiday,air_genre_name,air_area_
name, latitude,longitude
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Tab.2 Characteristics after the feature engineering

air_store_id,is_true,visit_date,day_of_week,iS_holiday,prev_
day_is_holiday,next_day_is_holiday,air_genre_name,air_area_
name, latitude, longitude,is_outliters, visitors_log,is_weekend, day_of_
month, Day_of_week, vc_fewm_mean, vc_fewm_std, vc_log_fewm_mean, vc_
log_fewm_std, vc_day_of_week_fewm_mean, vc_day_of_week_fewm_fewm_
std, ve_log_day_of_week_fewm_mean, vc_logeday_of _week_fewm_fewm_
std,vc_isholiday_fewm_mean......
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Tab.3 Data input of the model

air_store_id is_true visit_date day_of_week ......
air_00a91d42b08b08d9 False 2016—07-01 Friday — ......
air_00a91d42b08b08d9 False 2016—07—02  Saturday  ......
air_00a91d42b08h08d9 False 2016—07—-03  Sunday ......
air_00a91d42b08b08d9 False 2016—07—04 Monday  ......
air_00a91d42b08b08d9 False 2016—07—05 Tuesday  ......
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Tab.4 Data output of the model

Id visitors
air_00a91d42b08b08d9_2017—04—-23 2.706023
air_00a91d42b08H08d9_2017—04—24 10.433438
air_00a91d42b08b08d9_2017—04—-25 14.114471
air_00a91d42b08b08d9_2017—04—-26 18.580581
air_00a91d42b08b08d9_2017—-04—27 14.807312
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Fig.6 Prediction error rate contrast diagram
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