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oABSTRACT o
In this study, we present the estimation of the probability density function using
nonparametric methods, as a modern statistical tool that enables uncovering the true
underlying structure of data distributions without the need for prior assumptions. The
focus is placed on kernel density estimation (KDE) using the Epanechnikov kernel,
owing to its superior analytical properties that lead to reduced variance compared to

the Gaussian kernel.The performance of the two kernels was evaluated using the

mean squared error (MSE) criterion, with particular emphasis on the bandwidth
parameter (h) as a crucial factor affecting estimation quality. Optimal bandwidth
selection was investigated using Silverman’s rule of thumb and the least squares
cross-validation (LSCV) method. Furthermore, the study was extended to adaptive
approaches, where narrower bandwidths were employed in regions of high data
density and wider bandwidths in low-density regions, resulting in improved estimates

for heterogeneous data.Both fixed and adaptive methods were implemented on real

datasets using the R programming language, and the resulting density estimates were
applied to Bayesian classification tasks. The results demonstrated that adaptive
bandwidth selection achieved a 30-50% reduction in MSE compared to the fixed
bandwidth approach. Overall, the comparative analysis confirms the efficiency of
adaptive KDE in constructing accurate classification models that effectively capture
complex data structures
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2D Kernel Density Estimate (Epanechnikov)

30 86.04
25 Be-04
> 20 46.04
‘5 2e.04
10 0e+00
100 200 300 400 500
X

sla) Al Ldlaiay) ABUESY s (3)Jsad)

WES Jiay S ymd¥) Ol G dabial) @l b Lla GBS ) ol s (3)JSal
Balie AES i panl ) g A el ) teal e 0l W dagane ) dimidia

G () sha e ¢ BT Lonall aidll el () dayd) L AES YD g i)
Qb b A Il i oy capally 'hlE e’ cud L@l oda o (&S lel) 0.0008
ekl ells 8 Zpaal) AN o ey 1368 Gl Aisle an )l e dilaie <l 1Y) 1Sl . g all
Oe Apgp Lgd BESH o e elpadd) hid) W oaisll eV da@ll 4 ¢ 0.0008 (gslas
o youall

Ayl eyl Jlshaly Y Adlaay) 286N Al ol ddee Ggabay olly 2y L .
Sl Gl (mpe daugie S8 ((Qugles asSudbund) oalel) ISy Casie Gl Gajes Ol
Ssbe

- Aaalil) 8y08a) 43BN A gy () ISy « mean(h;) = 14.727

Yoy



Tartous University Journal. Basic Sciences Serigs ¥+ Y% (¥) sl (1 +) slaall dubudl) 2 glad) dpalal) (yu gh o dzala Alaa

Adaptive 2D KDE, mean(h_i) = 14.7277
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Adaptive 2D KDE (Epanechnikov)
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Bayesian Classification using KDE (LSCV Bandwidth)
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