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1,905,693 1,877,613 1,911,828 0-4
1,686,688 1,661,835 1,692,118 5-9
1,439,919 1,407,614 1,425,042 | 10-14
1,268,862 1,227,083 1,293,435 | 15-19
1,030,977 1,034,103 1,019,269 | 20-24

846,857 844,418 849,385 25-29
664,684 670,975 680,816 30-34
453,346 526,730 413,916 35-39
411,360 417,730 429,425 40-44
331,844 336,024 327,438 45-49
265,168 269,047 263,859 50-54
209,911 210,820 215,068 55-59
144,332 161,572 134,845 60-64
118,772 122,964 123,427 65-69
83,871 95,597 82,011 70-74
54,937 54,128 55,114 75-79
70,028 68,996 70,254 80+
10,987,249 | 10,987,249 | 10,987,249 | gsaxal)
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h:BayesN | h: Bayes L-N di::\-‘d‘ ) i
1,861,583 1,835,427 1,867,103 0-4
1,626,495 1,603,642 1,631,318 5-9
1,383,646 1,367,208 1,366,867 10-14
1,229,064 1,202,127 1,246,767 15-19
1,034,736 1,030,261 1,028,478 20-24
870,848 860,999 875,086 25-29
699,795 701,691 710,286 30-34
512,610 561,969 486,257 35-39
442,946 447,686 454,607 40-44
350,772 355,542 350,292 45-49
262,580 280,224 256,622 50-54
207,910 220,425 209,141 55-59
162,431 175,262 156,724 60-64
142,834 141,521 147,040 65-69
109,916 116,441 111,100 70-74
68,750 67,784 68,954 75-79
92,075 90,781 92,348 80+
11,058,992 | 11,058,992 | 11,058,992 | g saxall
(1) s

Sageail) 3ng 83 iy




¥ae Yoy Al VR sl Y. alaadl 4yl LalaiBY) s ghat) Al

Glyall g3 glauwll olall slsesll g gilly yorll SLiles oasdi
daoleotll Kernel Bayesian slysdy Jlowtisuly

2,500,000
2,000,000
1,500,000
1,000,000
500,000
0

*\“f\”‘é"so"‘é”@‘*@»“‘fa"’fa“"@m“ O A o

f\"'@e?co G NS S S NS G

gl s Sl h:Bayes L-N ———h:Bayes N

(2) Js=
Lugeal) day g S8 AN clily

2,000,000

/ 1,800,000
1,600,000

/ 1,400,000

1,200,000
1,000,000
/ 200,000
600,000
400,000
200,000
0
'\%l\qqﬁ/\h{o%(ogqoo&g‘)&% cjb‘b‘ '@b‘ b‘:"?gfb zu'f’n?)'\, :»b"\f?& > s

gl 8 bl h:Bayes L-N  ==h:BayesN




van Yoy Al VR sl Y. alaadl 4yl LalaiBY) s ghat) Al

Glyall g3 glauwll olall slsesll g gilly yorll SLiles oasdi
daoleotll Kernel Bayesian slysdy Jlowtisuly

(3) dsa
Ll oo gSA) cld) jad)

20.0

10.0

0.0

10.0

20.0

30.0

40.0

Bougall g8 Sl mh:Bayes-N  mh:Bayes N

(4) Jsa
L)) oo LY cld) )

20.0

10.0

0.0

10.0

20.0

30.0

40.0

Bugall il mh:Bayes L-N mh:BayesN




Fay Yorg Al Vi oaml Y. alaaddl 4 lay g AalaiBY) a glad) Alaa

Glyadl g8 gluwdl olall slaesill 2 oilly sonll SliLas omgds

daoleotll Kernel Bayesian slysdy Jlowtisuly

O L el

ddal oo £ gl el )
15.0
10.0
5.0
0.0
5.0
10.0
15.0
20.0

Wl g QUi mh:Bayes L-N h: Bayes N
(5) Jy>

Al clilal) g Al clilutt g5l g sandl 434 pastiall aa) A )1 S Jala dad g pantl dudl Julas
Lugal) Aalra o) A8y b a9 Kernel Juais 48y jhay ygail) dles 2oy

h : Bayes N h : Bayes L-N Real data ) i
3,767,276 3,713,040 3,778,931 0-4
3,313,183 3,265,477 3,323,436 5-9
2,823,565 2,774,822 2,791,909 10-14
9,904,024 9,753,339 9,894,276 2l s did £ gara
22,046,241 22,046,241 22,046,241 S £ garal
44.9239 44.2404 44,8797 2l Jiua ddd Jara
h : Bayes N h : Bayes L-N Real data sead) cilié
261,606 264,485 270,467 65-69
193,787 212,038 193,111 70-74
123,687 121,912 124,068 75-79
162,103 159,777 162,602 80+
741,183 758,212 750,248 el LS 48 gana
22,046,241 22,046,241 22,046,241 S £ garal
3.3619 3.4392 3.4031 el S 48 Jana
B84 sasial) aa¥) 4y 5
2257 15.39 32,69 el 4413 &‘;;j‘ 38 o
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Abstract

The process of evaluating data (age and the gender structure) is one of the
important factors that help any country to draw plans and programs for the
future. Discussed the errors in population data for the census of Iraqgi population
of 1997. targeted correct and revised to serve the purposes of planning. which
will be smoothing the population databy using nonparametric regression
estimator (Nadaraya-Watson estimator) This estimator depends on bandwidth
(h) which can be calculate it by two ways of using Bayesian method, the first
when observations distribution is Lognormal Kernel and the second is when
observations distribution is Normal Kernel.
then we will be compare between the result of these methods by using UN Age-
Sex Accuracy Index and analysis of the Age and Gender ratios to find the
method which gave the optimum smoothing for data. And we reached that the
method of estimate h when observations distributed as Lognormal Kernel of
Bayesian method is the best because it achieved less value of UN Age-Sex
Accuracy Index.

keyword: Nadaraya-Watson Kernel estimator, inverted gamma prior

distribution, Lognormal Kernel posterior distribution, Normal Kernel posterior
distribution, UN Age-Sex Accuracy Index.



