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ABSTRACT

Continuous data training on websites and social media platforms with machine learning algorithms that
predict if a particular user clicks on ads results in better performance for training datasets, while test datasets
experience overfitting problems that do not improve after a fixed number of learning iterations. In this paper,
we propose an early stop of the learning process based on the XGBoost algorithm rather than the existing
algorithm to avoid overfitting. XGBoost is a method to avoid overfitting by training complex data models,
monitoring the performance of the models learned in a separate cluster of test data and stopping the training
procedure if the performance of the test dataset has not improved after a fixed number of training iterations.
We automatically select inflection points where the performance of the test dataset begins to decrease, thus
implementing accuracy while avoiding overfitting, which continues to improve the performance of the training
dataset according to the model’s overfitting. Finally, the experimental results showed performance improvements
based on the XGBoot algorithm compared to the Logistic Regression algorithm and the Decision Tree
algorithm.
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Ta bl . Pre-processing and timestamp advertising data
. Data Pre Timestamp
Existing Category N New Category
processing New Category
Daiy on Site o Daiy on Site
Age o Age
Annual Income o Annual Income
Daily Internet Daily Internet
(o) T_Month
Usage Usage
P X T_Day_month
Ad Topic Line Male
. X T_Day_week
City T_Month
(o) T_Hour
Male X T_Day_month
Country o T_Day_week
Timestamp o T_Hour
Click on Ad o Click on Ad
Spending Score Spending Score

¥ 3. <& =4, daelE
Table 3. Predictive Model, Algorithm

Type Algorithm informal content

. e A statistical technique used to
Probability | Logistic i o
. predict the likelihood of an
Model | Regression . . o
event using linear combinations

It is mainly used in decision
Predictive | Decision | analysis to find strategies that
model Tree can produce results closest to

the goal

Company | Data(Bytes) Sales  |Collection method
Shoppin,

A 107,885 PPINE | Advertising corp
Mall
Shoppin,

B 828,676 OPPIOE | A dvertising corp
Mall
Shoppin,

c 930,477 OPPH2 | Advertising corp
Mall
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Weighing the learning errors of
weak predictive models and

making strong predictive

Boosting | XGBoost .
models by reflecting them

sequentially on the next

learning model
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Table 4. Model eval set error

41 25 0

F7} 7 &
Fyvieh w

A, 2 3

Model eval set error (validation O-error & validation_O-logloss)

0] validation_0-error:0.219403
validation_1-error:0.209091

[1] validation_0-error:0.219403
validation_1-error:0.209091

[2] validation_0-error:0.219403
validation_1-error:0.209091

[3] validation_0-error:0.219403
validation_1-error:0.209091

[4] validation_0-error:0.219403
validation_1-error:0.209091

[85] validation_0-error:0.076119
validation_1-error:0.236364
[86] validation_0-error:0.073134
validation_1-error:0.233333
[87] validation_0-error:0.073134
validation_1-error:0.236364
[88] validation_0-error:0.074627
validation_1-error:0.236364
[89] validation_0-error:0.074627
validation_1-error:0.236364
[90] validation_0-error:0.074627
validation_1-error:0.236364
[91] validation_0-error:0.071642
validation_1-error:0.233333
[92] validation_0-error:0.071642
validation_1-error:0.230303
[93] validation_0-error:0.067164
validation_1-error:0.230303
[94] validation_0-error:0.068657
validation_1-error:0.230303
[95] validation_0-error:0.065672
validation_1-error:0.230303
[96] validation_0-error:0.068657
validation_1-error:0.236364
[97] validation_0-error:0.067164
validation_1-error:0.239394
[98] validation_0-error:0.065672
validation_1-error:0.239394
[99] validation_0-error:0.067164
validation_1-error:0.239394

validation_0-logloss:0.64638

validation_1-logloss:0.647487
validation_0-logloss:0.607855
validation_1-logloss:0.609865
validation_0-logloss:0.575572
validation_1-logloss:0.578715
validation_0-logloss:0.548196
validation_1-logloss:0.55234

validation_0-logloss:0.524678
validation_1-logloss:0.530437

validation_0-logloss:0.242397

validation_1-logloss:0.378109
validation_0-logloss:0.241446
validation_1-logloss:0.378796
validation_0-logloss:0.239848
validation_1-logloss:0.379651
validation_0-logloss:0.238069
validation_1-logloss:0.379949
validation_0-logloss:0.23739

validation_1-logloss:0.379943
validation_0-logloss:0.236925
validation_1-logloss:0.380394
validation_0-logloss:0.235484
validation_1-logloss:0.380163
validation_0-logloss:0.234535
validation_1-logloss:0.381327
validation_0-logloss:0.232416
validation_1-logloss:0.38107

validation_0-logloss:0.23163

validation_1-logloss:0.380631
validation_0-logloss:0.230923
validation_1-logloss:0.380772
validation_0-logloss:0.23027

validation_1-logloss:0.381381
validation_0-logloss:0.229311
validation_1-logloss:0.381333
validation_0-logloss:0.228403
validation_1-logloss:0.382273
validation_0-logloss:0.22802

validation_1-logloss:0.38225
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Table 5. Optimal Stop During Repeated Learning

validation_0-logloss validation_0-logloss

[0] validation_0-logloss:0.641987 [32] validation_0-logloss:0.362452
[1]  validation_0-logloss:0.602536 [33] validation_0-logloss:0.360779
[2] validation_0-logloss:0.567945 [34] validation_0-logloss:0.356347
[3] validation_0-logloss:0.540007 [35] validation_0-logloss:0.355119
[4] validation_0-logloss:0.515481 [36] validation_0-logloss:0.351969
[5]1 validation_0-logloss:0.493885 [37] validation_0-logloss:0.351555
[6] validation_0-logloss:0.476864 [38] validation_0-logloss:0.348933
[7]  validation_0-logloss:0.462742 [39] validation_0-logloss:0.347768
[8] validation_0-logloss:0.450885 [40] validation_0-logloss:0.348257
[9] validation_0-logloss:0.440005 [41] validation_0-logloss:0.347229
[10] validation_0-logloss:0.430869 [42] validation_0-logloss:0.346798
[11] validation_0-logloss:0.422323 [43] validation_0-logloss:0.344639
P [44] validation_0-logloss:0.344662
[21] validation_0-logloss:0.37872 [45] validation_0-logloss:0.345211
[22] validation_0-logloss:0.371888 [46] validation_0-logloss:0.344778
[23] validation_0-logloss:0.371272 [47] validation_0-logloss:0.345346
[24] validation_0-logloss:0.367766 [48] validation_0-logloss:0.344948
[25] validation_0-logloss:0.367471 [49] validation_0-logloss:0.344783
[26] validation_0-logloss:0.366254 [50] validation_0-logloss:0.344864
[27] validation_0-logloss:0.365353 [51] validation_0-logloss:0.345966
[28] validation_0-logloss:0.364517 [52] validation_0-logloss:0.346494
[29] validation_0-logloss:0.365057 [53] validation_0-logloss:0.346299
[30] validation_0-logloss:0.363582 Stopping. Best iteration:

[31] validation_0-logloss:0.363213 [43] validation_0-logloss:0.344639
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Table 6. Compare Shopping Mall Ad Click Algorithms Table 7. Comparison of major tree boosting system
Fl1- exact | approximate | approximate | out-of | sparisity
Algorithm | Corp | Data(Byte) | Accuracy S avg SYSTEM greedy |  global local ~core | avare | Pallel
core
XGBoost | yes yes yes yes yes yes
A 107,885 | 0.7848 | 0.88
pGBRT | no no yes no no yes
XGBoost | B 828,676 | 0.7564 | 0.75 |0.8221 Spark
C | 930477 | 09252 | 0.92 MLLb | | e o | mojpartially) yes
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ree
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