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Comparative analysis of three machine learning algorithms in regression application
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[ Abstract] Gradient boosting machine (GBM) is a proven and widely used ensemble learning method. Many successful machine
learning solutions are implemented using XGBoost and its derivative algorithms. This paper briefly introduces the gradient methods
and principles of XGBoost, LightGBM and CatBoost, compares the efficiency of the three methods in regression application through
experiments, and applies the three gradient methods to the fare regression prediction model constructed by Kaggle’s NYC taxi fares
dataset. The implementation indicates that LightGBM is faster and more accurate than CatBoost and XGBoost using variant number
of features and samples.
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Fig. 1 Schematic diagram of level — wise growth and leaf — wise

growth
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Tab. 1 Snapshot of initial dataset

Dropoff longitude  Dropoff latitude

Passenger count Fare amount

RHIE Pickup datetime Pickup longitude Pickup latitude
1 2013-01-29 12:26.00 -73.99 40.74
2 2011-06-09 00:53:00 -73.98 40.72
3 2015-04-19 22.21:12 -73.99 40.75
4 2013-01-05 21:36:00 -73.99 40.74
5 2009-04-21 22.59.27 -73.97 40.75

-73.98 40.76 1 9.0
-73.98 40.73 3 5.7
-74.01 40.74 1 8.0
-73.98 40.74 1 5.5
-73.99 40.74 1 7.3
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Tab. 2 Prediction accuracy of the models RMSE
FEACHIAR XGBoost LightGBM CatBoost XGBoost_CV LightGBM_CV CatBoost_CV
N 3.38 3.26 3.43 3.12 2.84 3.29
N/2 3.44 3.35 3.50 3.20 2.99 3.36
N/5 3.46 3.39 3.55 3.19 3.00 3.36
N/10 3.48 3.43 3.54 3.20 3.08 3.38
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Tab. 3 Running time of the models s
FEAREE  FEARHIAE XGBoost LightGBM CatBoost XGBoost_CV LightGBM_CV CatBoost_CV
gl N 55.362 4 2.048 7 5.128 9 2473.152 4 127.442 3 186.142 8
N/2 30.965 0 1.458 1 3.9256 1 185.534 9 64.578 3 76.611 0
N/5 10.043 8 0.591 6 1.804 9 429.886 4 31.008 4 34.739 4
N/10 5.159 8 0.344 8 1.241 2 238.761 0 18.053 0 22.091 4
W N 0.271 8 0.291 8 0.077 9 0.712 6 0.059 0 0.687 6
N/2 0.181 9 0.187 9 0.047 9 0.315 8 0.038 9 0.346 8
N/5 0.057 9 0.073 9 0.025 8 0.1519 0.001 0 0.097 9
N/10 0.046 0 0.038 0 0.012 0 0.087 9 0.008 9 0.078 0
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