a

MIANITFRANE WuInendagInalndeae TN 11 21Tum 3

a A a

d < do o d
ﬂ"lﬁ‘WEﬂﬂ’iﬂ!‘lj%ll"It)!ﬂ”lﬁ!{lﬁ‘lfllnﬂll“lfﬂﬁ"lﬁﬁ‘ﬂﬁﬁﬂﬁ]@ﬂﬁumﬁ“lﬁ

A

v a ~ v A v v o A
TaglHmatinmsieuiveunInaazad sz uuN AR Ul Aad Al UIIA

FORECASTING WEB TRAFFIC FOR E-COMMERCE WEBSITE

USING MACHINE LEARNING AND AUTOMATED PUSH NOTIFICATIONS
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ABSTRACT

This research presents a framework for time series forecasting of web traffic on an e-commerce
website, with a focus on optimizing server resource allocation and enhancing performance. Leveraging time
series forecasting techniques, the study predicts future web traffic patterns, enabling businesses to efficiently
manage server infrastructure and allocate resources effectively. The framework incorporates automated push

notifications, alerting the system administrator when the forecasted web traffic exceeds a predefined
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threshold. This proactive approach allows for timely server upscaling to ensure optimal website performance.
The accurate forecasting of web traffic also facilitates strategic planning for marketing campaigns, enabling
businesses to allocate resources efficiently. By leveraging time series forecasting, businesses can improve
operational efficiency, maintain competitiveness, and deliver a seamless user experience on their e-commerce

websites.
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SabaPing888: Local server on 2023-05-20 tends to be insufficient
due to the predicted peak load reaching 1974.22 @ @& @ . Please
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NaMIANE

nuIteil ldviinsnaaesad19auuuTIa0s ARIMA, Prophet 11U Univariate 1182 Prophet (U4

. . Y [ A == A
Multivariate llﬂwammﬁm 1 91T 1NN 3

M350 1 s1uaaaNamInaaaulszansmnuedluma ARIMA

Horizon RMSE MAE MAPE
1 day 63.168 63.168 0.032
2 days 575.544 575.149 0.257
3 days 809.479 657.036 0.290
4 days 816.197 719.306 0.309
5 days 758.835 666.633 0.259
6 days 432.060 419.788 0.158
7 days 262.949 208.036 0.090
8 days 524.485 433.950 0.204
9 days 790.917 701.154 0.335
10 days 967.215 838.617 0.397
11 days 973.001 842.239 0.388
12 days 826.681 737.679 0.317
13 days 560.770 506.388 0.202
14 days 281.397 230.790 0.095

Ms19i 2 Mmsuaawamsnageulseaninmuesluaa Prophet L1UU Univariate

Horizon RMSE MAE MAPE
2 days 322.849 267.576 0.151
3 days 500.680 412.833 0.238
4 days 471.871 385.048 0.190
5 days 384.408 332.434 0.152
6 days 411.181 356.904 0.180
7 days 444.612 403.361 0.231
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M135190 2 (AD)

Horizon RMSE MAE MAPE
8 days 378911 328.384 0.185
9 days 541.692 395.526 0.166
10 days 564.653 445.163 0.190
11 days 472.972 387.102 0.175
12 days 337.286 280.647 0.126
13 days 410.776 334.005 0.135
14 days 411.785 324.345 0.130

MI19N 3 asaaInanmInagevlseansnmuesluaa Prophet (11U Multivariate

Horizon RMSE MAE MAPE
2 days 421.397 331.615 0.180
3 days 371.928 295.820 0.172
4 days 290.346 235.363 0.128
5 days 326.201 291.792 0.147
6 days 448.867 365.931 0.191
7 days 360.739 300.145 0.164
8 days 277.244 245.521 0.134
9 days 396.295 314.753 0.142
10 days 355.742 279.775 0.130
11 days 303.217 233.536 0.101
12 days 270910 219.458 0.092
13 days 304.040 245.407 0.100
14 days 279.129 224.805 0.090

a A d A
%']ﬂﬁﬁNWaﬂ']ﬁ‘ﬂﬂﬁﬂﬂ‘u@ﬁiuma Prophet (Multivariate) ﬁﬂigﬁﬂ‘ﬁﬂWWGluﬂ']ﬁWEﬂﬂﬁﬂ!ﬂiiﬂﬂ!
9 Y3 o [ 9 Yt A A 1w 1 1w
ﬂWiL“U']Gl‘D'L’J‘UllG]SG]Glu 14 UANHUN hlﬂﬂ‘l/lijﬂ Iﬂﬂ‘ﬂiﬂ RMSE 10U 279.129 A1 MAE N1 224.805 uag

MAPE 11101 9% 12z N5IN¥84A1 Error 199 1A10Han 11 Tuaadug
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