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A Comparative Study in Financial Time SeriesModeling: The Hybrid ARIMA-GARCH Model
vs. The XGBoostArtificial Intelligence Model for Forecasting the Stock Price of the Saudi Al-
Rajhi Bank during the Periodfrom May 10 to 14, 2026
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Abstract:

This research aimed toevaluate and contrasttwo distinct models for forecasting stock prices
in emerging markets, with a particular emphasison Al Rajhi Bank's stock as a case study.
Theinvestigationemployedahybrid ARIMA-GARCH modelalongside an XGBoost machine
learningmodel. It wasbasedon a datasetcomprising 2,500 dailyobservationscollectedfrom 2016 to
2026.  Findingsrevealedthat the  XGBoostmodeldemonstratedsuperiorpredictiveaccuracy,
achieving a MeanAbsolutePercentageError (MAPE) 0f0.280% and an R? valueof 98%. In
comparison, the hybridmodelshowedlesseffectiveness, with a MAPE of 4.748% and an R? of -
0.064. Nevertheless, thehybridmodelperformedwell in termsof the AIC and BIC criteria, and
itprovided a moreaccurateestimationofconditionalvolatility.
Thestudyconcludedthatanensemblemodelthatintegrates X GBoostwith GARCH is the
mostsuitablechoiceforinvestmentpurposes.
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