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ABSTRACT

The models for this experiment to compare performance were Time Series Analysis, which
consists of Autoregressive Integrated Moving Average (ARIMA) and Holt-Winters Method, and
the six-model ensemble of Machine Learning techniques, namely-Generalized Linear Model, Deep
Learning, Decision Tree, Random Forest, Gradient Boosted Trees, and Support Vector Machines.
A model showing ultimate accuracy could be applied to forecast future datasets. In this experiment,
two datasets were utilized for analysis and building models: data on the daily of the highest selling
product categories and data on the daily best-selling product items in store. The product quantity was
predicted in the next 1 to 3 days, considering 7 to 14 days of the historical data. Furthermore, the new
features were established as the external variables, namely-weekdays, weekends, and week of month.
The performance comparison between the models was based on the lowest Mean Absolute Percentage

Error (MAPE), which is the main criteria, Mean Absolute Error (MAE), and Root Mean Square Error



(RMSE). The results showed the lowest MAPE, MAE, and RMSE ranged from 14.90% to 33.10%,

21.74 t0 50.72, and 30.36 to 61.56, respectively.

Gradient Boosted Trees, one of the models of Machine Learning techniques, showed
ultimately accurate results in this experiment that could be applied to forecast future datasets and be

considered as the best demand forecasting technique for predicting product demand in retail.

Keywords: Demand Forecasting, Time Series Analysis, Machine Learning, Gradient Boosted Trees
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MAPE MAE RMSE | MAPE | MAE RMSE

Time Series | ARIMA 24.56 | 52.85 | 52.85 | 52.80 | 31.98 | 31.98

Analysis Holt-Winters 27.66 | 59.37 | 59.37 | 60.77 | 35.59 | 35.59

Generalized Linear Model | 21.40 | 55.77 | 71.69 | 39.80 | 45.29 | 66.53

Deep Learning 20.10 | 52.93 | 66.58 | 39.50 | 43.72 | 61.43
Machine Decision Tree 18.30 | 48.09 | 63.33 | 34.10 | 38.10 | 56.63
Learning Random Forest 17.90 | 45.78 | 58.15 | 36.20 | 39.53 | 59.52

Gradient Boosted Trees 16.60 | 43.54 | 56.32 | 32.70 | 33.15 | 47.17

Support Vector Machine 18.70 | 48.22 | 62.69 | 36.50 | 40.78 | 64.45
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MAPE | MAE | RMSE | MAPE | MAE | RMSE

Generalized Linear Model | 16.10 | 40.63 | 52.65 | 27.00 | 24.35 | 36.78

Deep Learning 17.90 | 39.47 | 50.01 | 30.60 | 26.16 | 39.31

Machine Decision Tree 18.30 | 46.63 | 64.63 | 28.50 | 25.30 | 36.77
Learning Random Forest 15.60 | 39.63 | 52.56 | 31.70 | 29.20 | 40.57
Gradient Boosted Trees 14.90 | 36.03 | 46.13 | 27.30 | 22.98 | 33.74

Support Vector Machine 15.80 | 36.59 | 47.04 | 28.20 | 24.54 | 37.56
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MAPE | MAE | RMSE | MAPE | MAE | RMSE

Generalized Linear Model | 16.10 | 40.63 | 52.65 | 27.00 | 24.35 | 36.78

Deep Learning 17.40 | 39.11 | 49.31 | 31.60 | 26.52 | 39.30

Machine Decision Tree 16.40 | 41.20 | 56.91 | 29.00 | 28.13 | 43.67
Learning Random Forest 16.00 | 39.92 | 53.20 | 32.60 | 29.92 | 40.95
Gradient Boosted Trees 15.00 | 36.68 | 48.43 | 27.20 | 24.04 | 35.54

Support Vector Machine 15.80 | 36.42 | 46.89 | 26.70 | 24.20 | 36.76
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