
LATVIJAS UNIVERSITÂTE
FIZIKAS UN MATEMÂTIKAS FAKULTÂTE

MATEMÂTIKAS NODAÏA

NEIMAÒA TESTU ANALÎZE UN PIELIETOJUMI

MAÌISTRA DARBS

Autors: Sintija Cîrule

Stud. apl. MaSt010038

Darba vadîtâjs: doc. Dr.math. Jânis Valeinis

RÎGA 2009



Anotâcija

Maìistra darbs veltîts Neimaòa nogludinâðanas testiem vienkârðâm un saliktâm hipo-

tçzçm. Vienkârðas hipotçzes gadîjumâ testu izmanto vienmçrîguma pârbaudei, bet sa-

liktas hipotçzes gadîjumâ - ekponencialitâtes un normalitâtes pârbaudei. Darbâ tiek ap-

skatîta Neimaòu testu teorija apraksts, to asimptotiskâ uzvedîba pie nulles hipotçzes un

alternatîvâm. Veiktas Monte Karlo simulâcijas, lai iegûtu kritiskâs vçrtîbas un jaudas pie

plaða apjoma alternatîvâm. Darbâ empîriski salîdzinâti Neimaòa testi ar matemâtiskajâ

statistiskâ plaði izmantoto Pîrsona χ2 testu, Kolmogorova - Smirnova testu, Andersona

- Darlinga un citiem testiem. Darbam pievienotas izveidotâs programmas, lai iegûtu

Neimaòa testa analîzei un pielietojumam nepiecieðamos rezultâtus.

Atslçgas vârdi: Nogludinâðanas tests, Neimaòa tests, Ðvarca kritçrijs, datu nosakoðâ metode



Abstract

This work is devoted to the Neyman smooth tests for simple and composite hypotheses.

In case of the simple hypothesis test can be used for testing uniformity. For the compos-

ite hypothesis exponentiality and normality is cosidered. The asymptotic behavior of the

Neyman test under null hypothesis and alternatives are discussed theoretically. Empir-

ically Neyman test and classical Pearson χ2 test, Kolmogorov - Smirnov test, Anderson

Darling and some others tests have been compared.

Keywords: Smooth test, Neymans test, Schwarzs rule, data driven procedure
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Ievads

Klasiska problçma matemâtiskajâ statistikâ ir pârbaudît izlases sadalîjumu atbilstîbu

kâdai parametriskai sadalîjumu saimei.

Angïu matemâtiíis Karls Pîrsons 1900.gadâ ieviesa Hî kvadrâta (χ2) testu, kurð varbût

arî vçl joprojâm ir populârâkais zinâmais atbilstîbas tests matemâtiskajâ statistikâ.

Citi bieþi izmantotie testi ir Kolmogorova - Smirnova tests, kas definçts 1933.gadâ,

Kramera - von Mises tests, kuru 1928.gadâ ieviesa Kramers un Smirnovs 1936.gadâ veica

korekcijas. Ðie testi var tikt pielietoti gan vienkârðâm, gan saliktâm hipotçzçm. Noglu-

dinâðanas testus vienmçrîgajam sadalîjumam intervâlâ [0,1] ieviesa Neimanis 1937.gadâ

[1].

Apskatîsim sekojoðu vienkârðu hipotçþu pârbaudi par vienmçrîgo sadalîjumu

H0 : X ∼ v.s.[0, 1] pret H1 : X � v.s.[0, 1].

Jebkuru citu vienkârðu hipotçþu pârbaudi par sadalîjuma veidu var reducçt uz ðo hipotçzi,

sekojoðâ veidâ. Ja X1, . . . , Xn ∼ F , kur F ir sadalîjuma funkcija, tad lieto transformâciju

F (X1), . . . , F (Xn) ∼ v.s.[0, 1].

Neimaòa testa statistika tiek bâzçta uz ortonormâliem polinomiem. Lîdz pat 1994.ga-

dam nebija skaidrs, cik daudz komponentes ortonormâlâ bâzç izvçlçties, lai testa jauda

bûtu maksimâla. Atkarîbâ no izejas datiem, bija daþâdas rekomendâcijas, tomçr izvçloties

ne vairâs kâ divas, trîs komponentes. Neimaòa testu sauc par nogludinâðanas testu, jo tas

konstruçts kâ maksimâlâs jaudas tests eksponenciâlâs saimes alternatîvâm, kas modelç

gludas nobîdes no nulles hipotçzes.

Literatûrâ nozîmîgajam jautâjumam par to, cik lielam jâbût komponentu skaitam,

tiek piedâvâtas trîs atðíirîgas pieejas. Pirmâ pieeja piedâvâ izmantot ortonormâlas sistç-

mas tikai pirmâs komponentes, un nulles hipotçzi pârbaudît ar cik vien iespçjams mazu

komponenti. Ðo pieeju plaði aprakstîjis un pamatojis Inglots 1994.gadâ [2].

Otrâ pieeja ir vairâk analîtiska pieeja. Gadîjumâ, kad nulles hipotçze tiek noraidîta,

tiek izmantotas komponentes, lai secinâtu par nobîdes iemeslu no nulles hipotçzes. Ðo

pieeju ir aprakstîjis Rainers un Bests 1989.gadâ [3].

Treðâ pieeja saistîta ar automâtisku komponenðu izvçli, kas balstâs uz datiem. Ðâdu

pieeju nodroðina Ðvarca selekcijas kritçrija izmantoðana. 1994.gada Ledvinas publikâcijâ

[4] tiek piedâvâta jauna datu nosakoðâ metode komponentu skaita izvçlei Neimaòa testâ.
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Atðíirîbâ no iepriekðminçtajiem priekðlikumiem, tiek ieteikta uz datiem balstîta kom-

ponentu izvçle. Ðajâ metodç tiek izmantots Ðvarca Baijesa informâcijas kritçrija (BIC)

process, lai datiem izvçlçtos eksponenciâlâ modeïa dimensiju, bet pçc tam izmantotu

izvçlçto dimensiju kâ komponentu skaitu. Ðâdâ veidâ jaunâ procedûra païaujas uz mod-

eïa atbilstîbu datiem un pârbauda, vai ir bûtiska atðíirîba starp modeli un vienmçrîgo

sadalîjumu.

Ðo metodi izmanto gan vienkârðâm, gan saliktâm hipotçzçm. Pie saliktâm hipotçzçm

izmantojot Neimaòa testu pârbaudâm eksponencialitâti un normalitâti. Kâ arî tiek ievi-

estas Ðvarca likuma vienkârðâkas modifikâcijas [5].

Galvenais darba mçríis ir veikt empîrisku Neimaòa testa analîzi pie nulles un alter-

natîvâs hipotçzes maza vai vidçja apjoma izlasçm. Darbâ salîdzinâsim matemâtiskajâ

statistiskâ plaði izmantotos Pîrsona χ2 testu, Kolmogorova - Smirnova testu, Andersona

Darlinga un citus ar mazâk zinâmo Neimaòa nogludinâðanas testu vienkârðu un saliktu

hipotçþu gadîjumos.

Darbs ir strukturizçts sekojoði. 1.nodaïa veltîta vienkârðâm hipotçzçm, detalizçti ap-

skatîta datu nosakoðâ metode, lai izvçlçtos komponentu skaitu Neimaòa testâ vienmçrîbas

pârbaudei. Aprakstîts Ðvarca selekcijas likums un asiptotika. Veiktas Monte Karlo simulâ-

cijas,lai iegûtu Neimaòa testa kritiskâs vçrtîbas un jaudas pie daþâdâm alternatîvâm.

Veikta Neimaòa testa salîdzinâðana ar matemâtiskajâ statistiskâ bieþâk izmantotajiem

testiem. 2.nodaïa veltîta saliktâm hipotçzçm. Definçts Neimaòa tests normalitâtes un

eksponcialitâtes pârbaudîðanai, apskatîtas Ðvarca kritçrija divas vienkârðâkas modifikâci-

jas. Definçti selekcijas kritçriji, pieòemot, apskatîta sâkotnçjâ sadalîjuma asiptotika un

selekcijas kritçriju uzvedîba pie alternatîvâm. Veiktas Monte Karlo simulâcijas eksponen-

ciâlâ un normâlâ sadalîjuma gadîjumâ, lai iegûtu kritiskâs vçrtîbas un jaudas pie plaða

apjoma alternatîvâm. Veikta Neimaòa testa salîdzinâðana ar matemâtiskajâ statistiskâ

bieþâk izmantotajiem testiem. Noslçdzot darbu, pielikumâ programmas R kodi.
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1. NEIMAÒA TESTS

VIENKÂRÐÂM HIPOTÇZÇM

1.1. Neimaòa tests

Nogludinoðais Neimaòa tests vienmçrîbas pârbaudei intervâlâ [0,1] noraida nulles hipotçzi

H0 pie lielâm sekojoðas statistikas vçrtîbâm

Nk =
k∑
j=1

(
n−1/2

n∑
i=1

φj(Xi)

)2

, (1.1.1)

kur X1, X2, . . . , Xn ir neatkarîgi un vienâdi sadalîti gadîjuma lielumi un φ1, φ2, ... ir nor-

malizçti Leþandra polinomi slçgtâ intervâlâ L2([0, 1]) ar φ0 ≡ 1. Pirmie èetri Leþandra

polinomi ir ðâdi

φ1 = (x− 0.5)
√

12;

φ2 =
√

5(6(x− 0.5)2 − 0.5);

φ3 =
√

7(20(x− 0.5)3 − 3(x− 0.5));

φ4 = 210(x− 0.5)4 − 45(x− 0.5)2 + 9/8.

Kad konstruç Neimaòa nogludinâðanas testu, tiek aizstâta vienmçrîguma pârbaude

intervâlâ [0,1] (hipotçze H0 ) ar parametrisku problçmu H : θ = 0 pret A : θ 6= 0

eksponenciâlâ saimç ar kârtu k, kas ir

pθ(x) = exp{θ ◦ φ(x)− ψk(θ)}, (1.1.2)

kur

θ = (θ1, . . . , θk), φ = (φ1, . . . , φk),

ψk(θ) = log

∫ 1

0

exp{θ ◦ φ(x)}dx (1.1.3)
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un ◦ ir Rk iekðçjais reizinâjums.

Vienkârða eksponenciâlâ modeïa (1.1.2) vietâ, tiek piedâvâts apskatît eksponenciâlâ

modeïa saimi pθ(k)(x), 1 ≤ k ≤ K, K-fiksçts un izvçlas ðajâ saimç atbilstoðu bieþumu

esoðajiem datiem ar Ðvarca BIC. Tâ kâ tiek izmantoti jau eksistçjoði rezultâti no BIC, tad

daudz piemçrotâks ir K-dimensionâla eksponenciâlâ modeïa apakðmodelis. Ðî iemesla dçï

jâaplûko modeïi µs, 1 ≤ s ≤ K, kas definçti ar sekojoðu blîvuma funkciju intervâlâ [0,1],

µs : pθ(x) = exp{θ ◦ φ(x)− ψk(θ)}, (1.1.4)

kur x ∈ [0, 1], θ = (θ1, . . . , θK) ∈ Ωs ⊂ Rk, Ωs = {θ ∈ Rk : θi = 0, i = s + 1, ..., K}, un ar

BIC no ∪Ks=1µs izvçlas atbilstoðu bieþumu esoðajiem datiem.

Tâlâk definç

Yn = (φ̄1, . . . , φ̄k), φ̄j = n−1

n∑
i=1

φj(Xi), (1.1.5)

Ls = n sup
θ∈ Ωs

{Yn ◦ θ − ψs(θ)}, Ls = Ls −
1

2
s log n. (1.1.6)

Ðvarca likums izvçlâs modeli ar indeksu S, definçtu sekojoði

S = min{j, 1 ≤ j ≤ K : Lj = max
1≤s≤K

Ls.} (1.1.7)

Bet vçlâk 1996.gadâ Inglot un Ledvina [5] ievçroja, ka ticamîbas funkcijas novirzes statis-

tiskai n supθ∈ Rk{Yn◦θ−ψk(θ)} var iegût, analizçjot daudz vienkârðâku statistiku 1
2
n‖φ̄‖2

(k),

kur ar ‖ · ‖ apzîmç Eiklîda normu. Ðvarca likums S, kas uzdots ar (1.1.7), salîdzina mak-

simizçtâs ticamîbas funkcijas vçrtîbas. Maksimizçtâ ticamîbas funkcija, ir ekvivalenta

1
2
n‖Yn(β)‖2. Lîdz ar to parasti tiek lietota sekojoða Ðvarca likuma modifikâcija

S2 = min{k : 1 ≤ k ≤ K,n ‖Yn‖2
(k) − k log n)

≥ n ‖Yn‖2
(j) − j log n, j = 1, ..., K}, (1.1.8)

kur normas indekss nozîmç dimensiju. Neimaòa datu nosakoðâ nogludinoðâ testa statistika

tiek definçta kâ

NS =
S∑
j=1

(
n−1/2

n∑
i=1

φj(Xi)

)2

(1.1.9)

ar S, kas uzdots formulâ (1.1.7).

Izvçloties S dimensijas modeli, ir iegûta jauna Neimaòa testa versija NS. Kâ pama-

tojums ðai izvçlei, tiek dotas likuma (1.1.9) un NS galvenâs îpaðîbas teorçmu veidâ.
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Iepriekð tiek pieòemts, ka p(·, θ) ∈ µs daþiem s = 1, ..., K. Ar Pθ apzîmç eksponen-

ciâlâs saimes novçroto neatkarîgi un vienâdi sadalîto mainîgo ticamîbas likumu, un kopa

P n
θ apzîmç X1, . . . , Xn kopîgo likumu.

Teorçma 1. Pieòemot, ka novçroto gadîjuma lielumu likums pieder pie modeïa µs pie

s = 1, ..., K, tad ar P n
θ → 1, kad n → ∞, likums (1.1.7) noved pie zemâkâs dimensijas

modeïa izvçles, saturot îsto θ vçrtîbu.

Teorçma 2. Ja θ ∈ Ωs \ Ωs−1 pie s = 1, ..., K, tad

P n
θ (S < s) = O(e−n

β

) pie β > 0,

un pie 1 ≤ i ≤ K − s tas nozîmç, ka

P n
θ (S ≥ s+ i) = O(n−i/2(log n)(s+i−2)/2).

Teorçma 3. Tiek pieòemts, ka H0 ir patiesa. Tad pie n→∞ NS sadalîjums aproksimç

χ2 sadalîjumu ar vienu brîvîbas pakâpi.

Teorçmu pierâdîjumus skatîties [6].

1.2. Neimaòa testa asimptotiskâ uzvedîba pie nulles

hipotçzes

Lai pierâdîtu Neimaòa testa NS atbilstîbu, nepiecieðama informâcija par NS uzvedîbu

gan pie nulles hipotçzes, gan pie alternatîvâm. Aplûkojam sâkotnçjo gadîjumu un S

asimptotiku, S var bût neatkarîgs. P0 nozîmç, ka Xi ir vienmçrîgi sadalîts intervâlâ [0,1].

P0(S = 1) = 1−
d(n)∑
k=2

P0(S = k) (1.2.1)

un izmantojot, ka ψ1(0) = 0,

P0(S = k) ≤ P0(Lk ≥ L1)

≤ P0

(
n sup
v∈Rk
{Yn ◦ v − ψk(v)} ≥ 1

2
(k − 1) log n

)
. (1.2.2)

Nâkamo definç

Vk = max
1≤j≤k

sup
x∈[0,1]

|φj(x)|. (1.2.3)
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Ortonormâliem Leþandra polinomiem intervâlâ [0,1]

Vk = (2k + 1)1/2. (1.2.4)

Sekojoðâ teorçmâ ir dota S asimptotika.

Teorçma 4. Pieòem, ka

lim
n→∞

d(n)Vd(n)(n
−1 log n)1/2 = 0 (1.2.5)

Tad

lim
n→∞

P0(S = 1) = 1. (1.2.6)

Teorçma 5. Ja (1.2.5) spçkâ, tad pie H0

NS →d χ
2
1. (1.2.7)

Teorçmu pierâdîjumi [7], 1598., 1599.lpp.

1.3. Neimaòa testa asimptotiskâ uzvedîba pie alter-

natîvâm

DotsX1, X2, . . . , Xn - neatkarîgi un vienâdi sadalîti gadîjuma lielumi, katrs ar sadalîju-

mu P intervâlâ [0,1]. Pieòem, ka

EPφ1(X) = ... = EPφK−1(X) = 0, EPφK(X) 6= 0, (1.3.1)

K = K(P ). NS atbilstîba pierâdîta formas (1.3.1) jebkurai alternatîvai. Pieòem, ka

lim
n→∞

inf d(n) ≥ K, (1.3.2)

ja limn→∞ d(n) =∞, pie fiksçta K. Nâkoðâ teorçmâ ir aprakstîta S asimptotiskâ uzvedî-

ba.

Teorçma 6. Ja (1.3.1) spçkâ, tad

lim
n→∞

P (S ≥ K) = 1. (1.3.3)

Teorçma 7. Ja (1.3.1) spçkâ, tad

NS →P ∞, kad n→∞. (1.3.4)
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Teorçma 8. Ja NS ir ierobeþots ar varbûtîbu pie H0, kad n → ∞, tad katrai fiksçtai

alternatîvai no (1.3.1), testa jauda, kuras pamatâ ir NS, tiecâs uz 1, kad n→∞.

Teorçma 9. Ja (1.2.5) spçkâ, tad tests, kura pamatâ ir NS ir atbilstoðs pret jebkuru

alternatîvu no (1.3.1).

Teorçmu pierâdîjumi [7], 1600., 1601.lpp.

1.4. Simulâcijas

1.4.1. Testu statistikas salîdzinâjumiem

Pîrsona hî kvadrâta (χ2) statistika

X1, . . . , Xn ir gadîjuma izlase ar sadalîjuma funkciju F (x). Virkne Xj tiek sadalîta M

intrvâlos, piemçram E1, ..., EM . Ja N1, . . . , NM ir Xi novçrtçjumi ðajâ intervâlâ, tad Ni

ir bionimâli sadalîts ar parametru n un pi = P (Xj | Ei) =
∫
Ei
dF (x), kad spçkâ ir nulles

hipotçze. Pîrsona χ2 statistika ir sekojoða

T =
M∑
i=1

(Ni − npi)2

npi
. (1.4.1)

Kolmogorova - Smirnova statistika

Empîriskâ un teorçtiskâ sadalîjuma salîdzinâðanai pçc Kolmogorova - Smirnova metodes

aprçíina ðâdu satitistiku

K(x) =
√
n sup

x
|Fn(x)− F (x)|, (1.4.2)

kur Fn(x) - empîriskâ sadalîjuma funkcija.

Modificçtâ Watsona statistika

U2 = n

∫ 1

0

(Fn(t)− t)2dt− n

(
1

n

n∑
i=1

Xi −
1

2

)2

, (1.4.3)

kur Fn ir empîriska sadalîjuma funkcija, tas ir Fn(x) = n−1
∑n

i=1 1{Xi≤X}. Turklât, iz-

mantojam modificçtu statistikas U2 formu, kuru apzîmç ar W un uzdod ar

W =

(
U2 − 0.1

n
+

0.1

n2

)(
1 +

0.8

n

)
. (1.4.4)

Statistikas W priekðrocîba ir, ka tâs kritiskâs vçrtîbas praktiski ir neatkarîgas no n.
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Andersona-Darlinga statistika

Anderson-Darling tests ir Kolmogorova-Smirnova testa modifikâcija.

AD = n

∫ 1

0

(Fn(t)− t)2

t(1− t)
dt, (1.4.5)

arî ðeit Fn ir empîriska sadalîjuma funkcija.

Neuhausa statistika

Neuhaus ðo statistiku ieviesa 1988.gadâ.

N =
∞∑
j=1

λj

(
n−1/2

n∑
i=1

√
2 cos(πjXi)

)2

, (1.4.6)

kur

λj =

{(
4

πja

)
sin

(
πja

4

)}4

, a = 0.4

1.4.2. Alternatîvie sadalîjumi

Simulâcijâs izmantotas ðâdas daudzveidîgas alternatîvas ar daþâda veida blîvuma

funkcijâm

g1(x) =
1

2
+

1

20
(x−4/5 + (1− x)−4/5)

g2(x) =
1

4
(x−1/2 + (1− x)−1/2)

g3(x) = 1 + d cos(πfx),

g4(x) = exp

{
k∑
j=1

θjφj(x)− ψk(θ)

}

ar ortonormâliem Leþendra polinomiem intervâlâ [0,1]

1.4.3. Kritiskâs vçrtîbas

Sâkumâ pârbaudîsim ar Monte Karlo simulâciju palîdzîbu Teorçmas 7. apgalvojumu,

ka selekcijas likums S2 pie nulles hipotçzes konverìç ar varbûtîbu 1. Aplûkosim selek-

cijas likuma S2 sadalîjumu pie alternatîvas g4(x) ar daþâda veida parametriem. Visas

simulâcijas tika veiktas 10 000 reiþu. Simulçðanas rezultâti attçloti 1.1. tabulâ. Redzams,

ka patieðâm, ja izlases apjoms n = 100, tad notikumam {S = k} ir augstâka varbûtîba
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par gadîjumu, ja izlases apjoms n = 50, tâdâ veidâ redzama konverìence. Izòçmums ir

gadîjums, kad k = 4, θ(4) = (0,−0.5, 0,−0.2), pat pie n = 100, kad dominç pie otrâs

pakâpes polinoma.

1.1. tabula Novçrtçtais P (S2 = s), d(50) = 10, d(100) = 10 alternatîva g4

s

Parametri n 1 2 3 4 5 6 7 8 9 10

k = 1, θ(1) = 0.4 50 94 4 1 1

100 96 2 1 1

k = 2, θ(2) = (0,−0.5) 50 2 94 3 1

100 6 91 2 1

k = 2, θ(2) = (0.25,−0.35) 50 46 50 3 1

100 21 75 4

k = 3, θ(3) = (0, 0, 0.6) 50 32 1 53 7 6 1

100 4 68 11 14 1 1 1

k = 4, θ(4) = (0,−0.5, 0,−0.2) 50 25 72 2 1

100 5 93 1 1

k = 4, θ(4) = (0.1, 0.2,−0.3,−0.4) 50 15 6 74 4 1

100 18 1 3 74 2

k = 5, θ(5) = (0, 0, 0, 0, 0.5) 50 49 2 40 5 2 1

100 16 77 4 1 1 1

k = 8, θ(8) = (0, 0, 0, 0, 0, 0, 0,−0.7) 50 61 4 1 31 2 1

100 16 81 3

1.2. tabula satur testa NS2 simulçtâs kritiskâs vçrtîbas daþâdiem izlases apjomiem pie

bûtiskuma lîmeòa α = 0.05. Pçc simulâciju rezultâtiem redzams, ka pie nulles hipotçzes,

dominçjoðâ ir zemâkâ dimensija, un palielinoties selekcijas likuma dimensijai, kritiskâ

vçrtîba kïûst lielâka. Kallenberga un Ledvina [7] secinâja, ka maziem vai vidçjiem izlaðu

apjomiem neskatoties uz to, ka gadîjumi, kad S2 > 1 ir relatîvi reti, tomçr tiem ir

nozîmîga ietekme, jo selekcijas kritçrijs un testa statistiska ir savstarpçji saistîti. Kâ

rezultâtâ simulçtâs kritiskâs vçrtîbas ir bûtiski lielâkas nekâ asimptotiski bâzçtâs uz χ2
1

attiecîgo kvantîli, tas ir 3.84.

1.4.4. Simulçtâs jaudas

Lai redzçtu NS2 uzvedîbu pie mazâm izlasçm, simulçjâm jaudas pie daþâm iepriekð

definçtajâm alternatîvâm pie izlases apjoma n = 20 un 1 < K < 6 un pie n = 50 un

1 < K < 10. Iegûtâs jaudas attçlotas 1.3. tabulâ. Abos izlases apjoma izvçles gadîjumos

NS2 jauda izturas pieòemami. Jauda ir maza, kamçr simulçtajiem datiem eksponenciâlâs
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1.2. tabula Testa NS2 kritiskâs vçrtîbas pie α = 0.05, d(50) = 10
d(50)

n 1 2 3 4 5 6 7 8 9 10
20 3.762 5.464 6.635 7.245 7.526 7.631
30 3.824 5.444 6.226 6.673 7.046 7.086 7.146
50 3.890 5.315 5.929 6.047 6.120 6.121 6.161 6.182 6.194 6.203
80 3.799 5.461 5.498 5.515 5.526 5.621 5.662 5.692 5.742 5.838
100 3.782 5.085 5.176 5.285 5.364 5.410 5.418 5.538 5.612 5.659
120 3.818 5.122 5.223 5.275 5.436 5.445 5.484 5.498 5.553 5.599

saimes dimensija nav pareizi izvçlçta. Kad K sakrît ar attiecîgo dimensiju, jauda bûtiski

palielinâs un lieliem K ir gandrîz nepiecieðamajâ lîmenî. Izòçmumi ir alternatîvas, kurâm

exp{θ ◦ φ(x) − ψk(θ)} datus apraksta labi, piemçram, alternatîvas g3 ar f = 1 vai g4 ar

s = 1. Pçc simulâcijâm redzams, ka maksimâlâ jauda ir sasniegta, kad K = 1.

1.3. tabula Testa NS2 jaudas pie α = 0.05, d(50) = 10
Jaudas (%)

Alternatîva un parametri n 1 2 3 4 5 6 7 8 9 10
g2 20 10 58 63 62 64 - - - -

50 9.4 85 86 86 86 86 88 88 88 88
g3 d = 0.5, f = 1 20 35 40 41 42 40 42 - - - -

50 73 73 74 76 74 73 73 71 73 72
g4 s = 5, θ(5) = (0, 0, 0, 0, 0.5) 20 6 15 16 17 34 33 - - - -

50 6 15 17 55 50 55 54 51 53 54

1.4.tabulâ salîdzinâts Neimaòa tests ar pârçjiem èetriem testiem konkrçtâ gadîjumâ,

kad izlases apjoms n = 50 un K = 10. Vairâkos gadîjumu Neimaòa tests dominç pâr

salîdzinâmajiem testiem. N un W testiem ir diezgan lîdzîgas kvalitâtes. AD tests pie

daþâm alternatîvâm ir jaudîgâks, bet pie citâm jauda ir mazâka nekâ pârçjiem testiem. Kâ

arî ir redzams, ka salîdzinâmo testu jaudas ir zemâkas pie lielâka bieþuma alternatîvâm,

piemçram, g3(x) ar f = 5 un g4(x) ar s ≥ 5 nekâ Neimaòa testam.

1.5.tabulâ salîdzinâts Neimaòa tests ar χ2 testa jaudâm, kuram apskatîti daþâdi in-

tervâlu skaiti. Neimaòa tests pârsvarâ dominç pâr χ2 testu neatkarîgi no intervâlu skaita.
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1.4. tabula Testu NS2, N , W , AD un K − S jaudas pie α = 0.05, d(50) = 10
Jaudas (%)

Alternatîva un parametri NS2 N W AD K − S
g1 98 86 87 93 54
g2 88 62 62 64 73
g3 d = 0.5, f = 1 72 62 49 70 35

d = 0.5, f = 2 70 55 62 33 73
d = 0.7, f = 4 56 51 28 17 86
d = 0.9, f = 5 62 34 29 13 86

g4 k = 1, θ(1) = 0.4 71 59 52 68 24
k = 2, θ(2) = (0,−0.5) 98 89 92 56 89
k = 2, θ(2) = (0.25,−0.35) 67 53 56 36 47
k = 3, θ(3) = (0, 0, 0.6) 70 71 73 31 58
k = 4, θ(4) = (0,−0.5, 0,−0.2) 76 46 56 16 90
k = 4, θ(4) = (0.1, 0.2,−0.3,−0.4) 85 75 77 37 55
k = 5, θ(5) = (0, 0, 0, 0, 0.5) 54 21 19 14 88
k = 8, θ(8) = (0, 0, 0, 0, 0, 0, 0,−0.7) 42 12 15 11 89

1.5. tabula Testu NS2, χ2
5, χ

2
6, χ

2
7, χ

2
8, χ

2
9 un χ2

10 jaudas pie α = 0.05, d(50) = 10
Jaudas (%)

Alternatîva un parametri NS2 χ2
5 χ2

6 χ2
7 χ2

8 χ2
9 χ2

10

g1 98 54 63 63 69 72 75
g2 88 39 45 42 47 46 50
g3 d = 0.5, f = 1 72 47 44 83 38 37 35

d = 0.5, f = 2 70 43 41 43 36 33 34
d = 0.7, f = 4 56 51 69 38 62 67 60
d = 0.9, f = 5 62 54 75 57 86 85 86

g4 k = 1, θ(1) = 0.4 71 46 42 42 34 36 34
k = 2, θ(2) = (0,−0.5) 98 76 75 76 75 76 69
k = 2, θ(2) = (0.25,−0.35) 67 41 39 39 34 36 30
k = 3, θ(3) = (0, 0, 0.6) 70 61 61 65 60 64 62
k = 4, θ(4) = (0,−0.5, 0,−0.2) 76 38 37 40 34 37 34
k = 4, θ(4) = (0.1, 0.2,−0.3,−0.4) 85 51 59 73 77 74 78
k = 5, θ(5) = (0, 0, 0, 0, 0.5) 54 21 23 23 25 33 35
k = 8, θ(8) = (0, 0, 0, 0, 0, 0, 0,−0.7) 42 28 6 33 65 56 59
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2. NEIMAÒA TESTS SALIKTÂM

HIPOTÇZÇM

2.1. Neimaòa tests

Pieòemam, ka X1, X2, . . . , Xn ir neatkarîgi un vienâdi sadalîti gadîjuma lielumi ar

blîvuma funkciju f(x). Pârbaudîsim nulles hipotçzi

H0 : f(x) ∈ {f(x; β), β ∈ B},

kur

{f(x; β), β ∈ B}

ir dota blîvuma funkciju kopa, piemçram, normâlâ vai eksponenciâlâ blîvuma funkciju

kopa. Normâlâ blîvuma funkciju kopa atbilst

f(x; β) = (
√

2πσ)−1 exp

{
−1

2
(x− µ)2/σ2

}
, (2.1.1)

kur β = (µ, σ) un β̂ =
(
X̄,
{
n−1

∑n
i=1(Xi − X̄)2

} 1
2

)
ar X̄ = n−1

∑n
i=1 .

Eksponenciâlâ blîvuma funkciju kopa atbilst

f(x; β) =

 0, x < 0

β−1 exp(−β−1x), x ≥ 0
(2.1.2)

un β̂ = n−1
∑n

i=1Xi.

Pârbaudîsim hipotçziH0 pret plaðu alternatîvu skaitu. Pirmkârt, apskatîsim vienkârðâko

situâciju, kad β ir zinâms. Pirmais solis ir transformçt uz vienmçrîgumu pie nulles

hipotçzes, aizstâjot Xi ar F (Xi; β), kur F (x; β) ir Xi sadalîjuma funkcija. Otrajâ solî,

nogludinâðanas testu definçðana, tiek ieviesta eksponenciâlâ saime

gk(x; θ; β) = exp

(
k∑
i=1

θjφj(F (x; β))− ψk(θ)

)
f(x; β), (2.1.3)
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kur φ0, φ1, . . . , φk ir ortonormâli Leþandra polinomi telpâ L2([0, 1]) ar φ0 ≡ 1, θ =

(θ1, . . . , θk) un ψk(θ) ir normalizçta konstante, kas definçta ar

ψk(θ) = log

∫ 1

0

exp

(
k∑
j=1

θjφj(y)

)
dy.

Hipotçze H0 saimç (2.1.3) reducçjas uz hipotçzi H : θ = 0. Kad β ir zinâma, noglud-

inâðanas testa statistikas tiek uzdotas ar

Tk(β) =
k∑
j=1

(
n−1/2

n∑
i=1

(φj(F (Xi; β))

)2

, k = 1, 2, ... (2.1.4)

Uzdots, ka {f(x; β) : β ∈ B} ir blîvumu kopa ar atbilstoðâm sadalîjumu funkcijâm

{F (x; β) : β ∈ B} , kur B ⊂ Rq . Definçtas eksponenciâlâs saimes k = 1, 2, ar to

blîvumiem

gk(x; θ; β) = exp{θ ◦ φ(F (x; β))− ψk(θ)}f(x; β), (2.1.5)

kur

θ = (θ1, . . . , θk)
′, φ = (φ0, . . . , φk)

′, ψk(θ) = log

∫ 1

0

exp{θ ◦ φ(y)}dy,

un ◦ ir Rk iekðçjais reizinâjums. Ar ” ′ ” apzîmç transponento matricu vai vektoru.

Yn(β) = (φ̄1(β), . . . , φ̄j(β))′ = n−1

n∑
i=1

(φ1(F (Xi; β)), . . . , φj(F (Xi; β)))′

ar atkarîgu j. Ticamîbas funkcija neatkarîgiem X1, . . . , Xn ar blîvuma funkcijâm (2.1.5)

ir uzdota ar

exp{n(θ ◦ Yn(β)− ψk(θ))}
n∏
i=1

f(Xi; β).

Katrai β ∈ B Ðvarca likums, lai izvçlçtos atbilstoðus apakðmodeïus sekojoðâm dimensijâm,

ir

S(β) = min{k; 1 ≤ k ≤ d(n), Lk(β) ≥ Lj(β), j = 1, ..., d(n)}, (2.1.6)

kur

Lk(β) = n sup
θ∈Ωs

{θ ◦ Yn(β)− ψs(θ)} −
1

2
k log n.

Neskatoties uz to, ka nav pieminçts apzîmçjumâ, S(β) ir atkarîgs no eksponenciâlâs saimes

augðçjâs robeþas d(n). Ar β̂ apzîmç β maksimâlâs ticamîbas funkcijas novçrtçjumu pie

H0. Definç

S = S(β̂). (2.1.7)
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Kad β ir zinâma un k tiek fiksçts, testa statistiska (2.1.4) ir modeïa (2.1.3) pamata

statistika, skatîties Teorçmu 4.2.1 [3]. Tâdçï, kad β ir nezinâma un k tiek fiksçts, tâpat

izmantojam pamata statistiku, pârbaudot saliktu hipotçzi H : θ(k) = 0 pret A : θ(k) 6= 0

[3].

Apzîmçsim k×k vienîbas matricu ar I un matemâtisko cerîbu ar E(0,β), kadX blîvuma

funkcija ir f(x; β). Tâlâk definç

Iβ =

(
−E(0,β)

∂

∂βt
φj(F (X; β))

)
t=1,...,q, j=1,...,k

,

Iββ =

(
−E(0,β)

∂2

∂βt∂βu
log f(X; β)

)
t=1,...,q, u=1,...,q

.

R(β) = I ′β(Iββ − IβI ′β)−1Iβ.

Wk = nY ′n(β̂){I +R(β̂)}Yn(β̂). (2.1.8)

Tagad datu nosakoðâ testa statistika definçta sekojoðâ veidâ

WS = WS(β̂) (2.1.9)

arWk, kas uzdots vienâdojumâ (2.1.8), S(β) uzdots (2.1.6) un β̂ ir β maksimâlâs ticamîbas

funkcijas novçrtçjums. Pie lielâm WS vçrtîbâm nulles hipotçze tiek noraidîta.

Ðvarca likums S(β), kas uzdots ar (2.1.6), salîdzina maksimizçtâs ticamîbas funkcijas

vçrtîbas. Pierâdîts [8], ka maksimizçtâ ticamîbas funkcija (kura faktiski ir ticamîbas

funkcijas attiecîbas statistika, lai pârbaudîtu hipotçzi H : θ = 0 pret A : θ 6= 0, kad β ir

zinâma), ir ekvivalenta 1
2
n‖Yn(β)‖2, kur ar ‖ · ‖ apzîmç Eiklîda normu.

Ievietojot novçrtçjumu β̂, rodas papildus R(β) nosacîjums - asimptotiska inversâ ko-

variâcijas matrica. Òemot to vçrâ, iegûstam Ðvarca likuma modifikâciju

S1 = S1(β̂) = min{k : 1 ≤ k ≤ d(n),

Wk − k log n ≥ Wj − j log n, j = 1, ..., d(n)}, (2.1.10)

kuru ir vieglâk aprçíinât. Atbilstoðâ testa statistiska ir

WS1 = WS1(β̂). (2.1.11)
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Bet vçl vienkârðâka modifikâcija, kuru ir vieglâk aprçíinât, ir

S2 = S2(β̂) = min{k : 1 ≤ k ≤ d(n), n‖Ynβ̂)‖2
(k) − k log n

≥ n‖Ynβ̂)‖2
(j) − j log n, j = 1, ..., d(n)}, (2.1.12)

kur normas indekss nozîmç dimensiju.

Atbilstoðâ testa statistika ir

WS2 = WS2(β̂). (2.1.13)

2.2. Selekcijas kritçriji

2.2.1. Selekcijas kritçriju definçðana

Ar Pβ apzîmçsim, ka Xi ir blîvuma funkcija f(x; β) un ar Eβ un varβ attiecîgi atbil-

stoðâ matemâtiskâ cerîba un dispersija. Saimei {f(x; β) : β ∈ B} nepiecieðami sekojoði

nosacîjumi.

(R1) Ja t, u = 1, ..., q, (∂/∂βt)f(x; β) un (∂2/∂βt∂βu)f(x; β) eksistç gandrîz visur un ir

tâdi, ka katrai β0 ∈ B0 vienmçrîgums β0 apkârtnç

|(∂/∂βt)f(x; β)| ≤ Ht(x)

un ∣∣(∂2/∂βt∂βu)f(x; β)
∣∣ ≤ Gtu(x),

kur
∫
R
Ht(x)dx <∞ un

∫
R
Gtu(x) dx. <∞.

(R2) Ja t, u = 1, ..., q, (∂/∂βt) log f(x; β) un (∂2/∂βt∂βu) log f(x; β) eksistç gandrîz visur

un ir tâdi, ka Fiðera informatîvâ matrica

Iββ = Eβ

{(
∂

∂β
log f(X1; β)

)(
∂

∂β
log f(X1; β)

)′}
ir ierobeþota, pozitîvi definçta un nepârtraukta, un kad δ → 0

Eβ

{
sup

h:‖h‖≤δ

∥∥∥∥ ∂2

∂β∂β′
log f(X1; β + h)− ∂2

∂β∂β′
log f(X1; β)

∥∥∥∥
}
→ 0.
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(R3) Katrai β0 ∈ B0 eksistç η = η(β0) > 0 ar

sup
‖β−β0‖<η

sup
x∈R

∣∣∣∣ ∂2

∂β∂βu
F (x; β)

∣∣∣∣ <∞, t, u = 1, ..., q.

un

sup
x∈R

∣∣∣∣ ∂∂βtF (x; β)

∣∣∣∣
β=β0

<∞, t = 1, ..., q.

(R4)

Pβ(
√
n‖β̂ − β‖ ≥ r) ≤ c1 exp(−c2r

2)

visiem r =
√

log n ar 0 < ρ ≤ ρ1 un n ≥ n1.

Nâkoðie nosacîjumi attiecâs uz ortonormâlu sistçmu {φj}∞j=0.

(S1)

sup
x∈[0,1]

∣∣φ′j(x)
∣∣ ≤ c3j

m1

katram j = 1, 2, ..., d(n) un c3 > 0, m1 > 0.

(S2)

sup
x∈[0,1]

∣∣φ′′j (x)
∣∣ ≤ c4j

m2

katram j = 1, 2, ..., d(n) un c4 > 0, m2 > 0.

Ðie nosacîjumi attiecâs uz eksponenciâlâs saimes dimensiju d(n).

(D1) {d(n)Vd(n)}2n−1 log n→ 0 kad n→∞, kur Vk = max1≤j≤k supx∈[0,1] ‖φj(x)‖.

(D2) d(n) = o({n/ log n}(2m)−1
) kad n→∞, kur max(m1,m2).

(D3) d(n) = o(nc) kad n→∞

c < c2b
−2,

ja ρ1b ≥ 1, un ar c = c2ρ
2
1, pretçjâ gadîjumâ, kur c2 un ρ1 ir uzdots ar (R4) un

b =

(
q∑
t=1

varβ
∂

∂βt
log f(X : β)

)1/2

.
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2.2.2. Selekcijas kritçriju sâkotnçjais sadalîjums

Sekojoðâs teorçmâs parâdîta selekcijas kritçriju sâkotnçjâ sadalîjuma asimptotiska.

Varbûtîba Pβ nozîmç, ka Xi ir blîvuma funkcija f(x; β). Pirmâ teorçma parâda cik tuvu

Yn(β̂) ir Yn(β).

Teorçma 10. Pieòem (R1) - (R4), (S1), (S2), (D2), (D3). Tad eksistç ε < 0 tâds, ka

lim
n→∞

d(n)∑
k=2

Pβ(‖Yn(β̂ − Yn(β)‖) ≥ (1− ε){(k − 1)n−1logn}1/2) = 0. (2.2.1)

Teorçmas pierâdîjums [9], 1240.lpp.

Nâkoðâ teorçma parâda, ka pieH0 Ðvarca atlases kritçrijs un tâ modifikâcija asiptotiski

koncentrçta uz dimensiju 1.

Teorçma 11. Pieòem (R1) - (R4), (S1), (S2), (D1), (D2), (D3), tad

lim
n→∞

Pβ(S1(β̂ ≥ 2) = 0. (2.2.2)

Teorçmas pierâdîjums [9], 1232.lpp.

2.2.3. Selekcijas kritçriji pie alternatîvâm

Ðajâ apakðnodaïâ aplûkosim selekcijas kritçriju uzvedîbu pie alternatîvâm. Pieòemsim,

ka X1, X2, . . . - neatkarîgi un vienâdi sadalîti gadîjuma lielumi, katrs ar sadalîjumu P . Pie

alternatîvâm ir tikai β novçrtçjums β̂. Novçrtçjums β̂ pie atlternatîvâ sadalîjuma parasti

konverìçs uz kâdu B0 elementu, ðis elements arî bûs β.

Aplûkosim P kâ saimes {f(x; β), β ∈ B} alternatîvi, ja eksistç K(β) tâds, ka

EPφ1(F (X; β)) = ... = EPφK(β)−1(F (X; β)) = 0, EPφK(β)(F (X; β)) 6= 0. (2.2.3)

Pieòem, ka

lim
n→∞

inf d(n) ≥ K. (2.2.4)

Ja (2.2.3) nav spçkâ, tad EPφK(β)(F (X; β)) = 0 visiem j un jebkurai alternatîvai.

Pie nulles hipotçzes selekcijas kritçriji koncentrçjas uz dimensiju 1, bet pie alter-

natîvâm nozîme ir arî augstâkâm dimensijâm.

Teorçma 12. Pieòem, ka (2.9) ir spçkâ un β ir sasaistîta ar β̂ un P ir tâds, ka

‖β̂ − β‖ P−→ 0. (2.2.5)

Teorçmas pierâdîjums [9], 1234.lpp.
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2.3. Datus nosakoðie nogludinâðanas testi saliktâm

hipotçzçm

Pârbaudot saliktu hipotçzi H0 datus nosakoðo nogludinâðanas testu statistika ir uzdo-

tas ar

WS1(β̂)(β̂) (2.3.1)

ar Wk(β̂) uzdotu ar (2.1.8), S1(β̂) ar (2.1.11) un (2.1.10). Nulles hipotçzi noraida pie

lielâm testa statistikas vçtîbâm. Sekojoðâ teorçmâ parâdîta testu statistiku sâkotnçjâ

sadalîjuma asimptotika.

Teorçma 13. Pie Teorçmas 11. nosacîjumiem

WS1(β̂)(β̂)
Pβ−→ χ2

1. (2.3.2)

Teorçmas pierâdîjums [9], 1237.lpp.

Teorçma 14. Pie Teorçmas 12 nosacîjumiem

WS1(β̂)

P−→∞. (2.3.3)

Teorçmas pierâdîjums [9], 1238.lpp.

2.4. Simulâcijas

Simulâcijas tiek veiktas lîdzîgâ ceïâ kâ aprakstîts literatûrâ [9]. Saliktu hipotçþu

gadîjumâ tiek pârbaudîta eksponencialitâte un normalitâte. Lai iegûtu nepiecieðamos

testu statistikas rezultâtus, jâveic virkne aprçíinu. Pirmajâ solî jâaprçíina maksimâlâs

ticamîbas funkcijas novçrtçjums pie nulles hipotçzes, tad jâizvçlas dimensija. Dimensijâm

j = 1, ..., d(n) jâaprçíina Yn(β̂), un tad aprçíina statistiku pie katras dimensijas. Vis-

beidzot aprçíina selekcijas kritçriju pie maksimâlâs ticamîbas funkcijas novçrtçjuma un

statistiku pie ðî selekcijas kritçrija. Visas simulâcijas tika veiktas 10 000 reiþu.

2.4.1. Alternatîvie sadalîjumi

Saliktu hipotçþu gadîjumâ pârbaudot eksponencialitâti un normalitâti simulâcijâs iz-

mantotas ðâdas daudzveidîgas alternatîvas ar daþâda veida blîvuma funkcijâm.
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2.1. tabula Alternatîvas

Alternatîva Blîvuma funkcija

Weibull (b; k) bk(bx)k−1 exp{−(bx)k}, x > 0

Gamma (p; q) q−p{Γ(p)}−1xp−1 exp(−x/q), x > 0

χ2
k=Gamma (1

2
k; 2) {2 1

2
kΓ(k/2)}−1x

1
2
k−1 exp(−1

2
x), x > 0

LN(g; d) d(x
√

2π)−1 exp{−1
2
(dlogx+ g)2}, x > 0

Beta (p; q) xp−1(1− x)q−1{B(p, q)}−1, 0 ≤ x ≤ 1

Vienmçrîgais (p; q) (b− a)−1, a ≤ x ≤ b

2.4.2. Kritiskâs vçrtîbas

2.2. tabulâ parâdîtas testa WS1 simulçtâs kritiskâs vçrtîbas pârbaudot eksponencial-

itâti daþâdiem izlases apjomiem pie bûtiskuma lîmeòa α = 0.05. Ir redzams, ka kritiskâs

vçrtîbas daudz neatðíiras starp d(n) apgabalâ no 2 lîdz 10, bet starp pirmo un otro ir

liels lçciens.

2.2. tabula Testa WS1 5% kritiskâs vçrtîbas pârbaudot eksponencialitâti
d(n)

n 1 2 3 4 5 6 7 8 9 10
20 3.556 5.236 5.689 5.905 6.437 6.816 6.909 7.324 7.324 7.692
30 3.558 4.347 4.957 6.686 6.851 6.992 7.207 7.485 7.637 7.810
50 4.002 4.872 5.032 5.369 5.599 5.674 5.811 5.996 6.574 6.595

2.3. tabulâ parâdîtas testa WS1 simulçtâs kritiskâs vçrtîbas pârbaudot normalitâti

daþâdiem izlases apjomiem pie bûtiskuma lîmeòa α = 0.05. Kritiskâs vçrtîbas, daudz

nemainâs pie d(n) = 3 lîdz 10.

2.3. tabula Testa WS1 5% kritiskâs vçrtîbas pârbaudot normalitâti
d(n)

n 1 2 3 4 5 6 7 8 9 10
20 3.211 4.533 4.606 4.833 4.938 5.038 5.095 5.302 5.431 5.488
50 3.616 4.900 5.005 5.136 5.254 5.299 5.308 5.369 5.404 5.483
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2.4.3. Simulçtâs jaudas

Pârbaudot eksponencialitâti un normalitâti, jaudas salîdzinâðanai aplûkojam plaði iz-

mantotos Pîrsona χ2 testu un Kolmogorova - Smirnova testu. Literatûrâ Neimaòa testi

nav salîdzinâti ar ðiem testiem.

2.4. un 2.5. tabulâs parâdîtas jaudas pârbaudot normalitâti. Lai redzçtu izmaiòas,

pieaugot izlases apjomam, apskatîti gadîjumi, kad n = 20 un n = 50. Testi salîdzinâti pie

plaða apjoma alternatîvâm. Lai varçtu izdarît secinâjumus par χ2 testa jaudu, apskatîti

daþâdi intervâlu skaiti. No iegûtajiem rezultâtiem redzams, ka Neimaòa tests dominç pâr

salîdzinâmajiem testiem.

2.4. tabula: Testu WS1, K − S, χ2
5, χ

2
6, χ

2
7, χ

2
8, χ

2
9 un χ2

10 novçrtçtâs jaudas pârbaudot
normalitâti pie α = 0.05, d(20) = 6

Jaudas (%)
Alternatîva WS1 K − S χ2

5 χ2
6 χ2

7 χ2
8 χ2

9 χ2
10

χ2
3 62 39 33 38 43 44 32 27
χ2

4 54 34 23 25 27 29 25 19
Beta(0.5,0.5) 66 31 29 23 27 41 49 53
Beta(0.5,1) 63 40 29 36 48 63 61 50
Beta(2,1) 30 19 12 13 17 22 21 22
Beta(2,2) 9 5 9 6 5 7 5 5
Beta(3,2) 13 7 8 7 6 6 7 6
Gamma(0.4,1) 98 93 89 97 99 97 92 92
Gamma(0.6,1) 93 81 71 86 92 87 73 73
Gamma(0.7,1) 91 74 64 77 86 82 67 66
Gamma(1.5,1) 71 41 31 36 40 43 31 28
Gamma(2.4,1) 50 29 22 22 22 26 20 17
Gamma(3,0.333) 41 20 19 19 16 21 14 13
Gamma(4,1) 32 18 15 17 15 16 12 10
LN( 0,1) 91 79 73 80 83 80 70 68
LN(0,0.8) 83 66 58 65 67 61 49 48
LN(0,1.2) 95 89 85 89 92 88 81 83
LN(-0.2,0.633) 72 48 41 40 41 46 34 34
LN(-0.3,0.775) 79 62 52 57 63 61 50 48
Logistic(1) 17 9 12 8 7 8 5 5
Vienmçrîgais(0,2) 30 10 14 8 7 12 13 15
Weibull(0.5,1) 100 99 95 99 100 98 96 97
Weibull(0.6,1) 99 95 90 95 99 97 90 92
Weibull(0.8,1) 92 80 69 81 86 85 72 71
Weibull(1.4,1) 50 26 18 22 24 31 20 18
Weibull(1.6,1) 36 20 14 15 15 20 15 18
Weibull(2) 16 11 11 10 9 10 8 8
Weibull(2,1) 26 10 10 7 7 10 8 6
Weibull(2.2,1) 12 7 10 7 8 7 8 5
Weibull(3.6,1) 16 4 8 5 6 6 4 4
Weibull(4,1) 73 4 8 6 5 8 4 6

2.6. un 2.7. tabulâs parâdîtas jaudas pârbaudot eksponencialitâti. Lîdzîgi kâ pâr-
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2.5. tabula: Testu WS1, K − S, χ2
5, χ

2
6, χ

2
7, χ

2
8, χ

2
9 un χ2

10 novçrtçtâs jaudas pârbaudot
normalitâti pie α = 0.05, d(50) = 10

Jaudas (%)
Alternatîva WS1 K − S χ2

5 χ2
6 χ2

7 χ2
8 χ2

9 χ2
10

χ2
1 100 88 97 100 100 100 100 100
χ2

3 97 39 53 65 72 79 82 86
χ2

4 91 34 43 47 55 61 63 63
Beta(0.5,0.5) 99 31 81 75 64 62 64 72
Beta(0.5,1) 100 40 57 59 70 84 92 94
Beta(2,1) 81 19 21 22 27 33 40 49
Beta(2,2) 28 5 12 10 5 8 8 8
Beta(3,2) 25 7 10 10 8 10 9 9
Gamma(0.4,1) 100 93 99 100 100 100 100 100
Gamma(0.6,1) 100 81 95 98 100 100 100 100
Gamma(0.7,1) 100 74 89 97 100 100 100 100
Gamma(1.5,1) 97 41 55 66 72 78 84 85
Gamma(2.4,1) 53 29 36 39 45 49 51 53
Gamma(3,0.333) 83 20 28 31 35 38 39 40
Gamma(4,1) 68 18 24 23 26 26 30 20
LN( 0,1) 100 79 96 98 99 99 100 100
LN(0,0.8) 93 66 86 91 95 96 95 97
LN(0,1.2) 99 89 99 100 100 100 100 100
LN(-0.2,0.633) 99 48 68 75 80 83 84 83
LN(-0.3,0.775) 99 62 81 91 93 95 95 97
Logistic(1) 26 9 14 12 9 9 8 9
Vienmçrîgais(0,2) 80 10 28 22 17 17 18 19
Weibull(0.5,1) 100 99 100 100 100 100 100 100
Weibull(0.6,1) 100 95 100 100 100 100 100 100
Weibull(0.8,1) 100 80 93 98 100 100 100 100
Weibull(1.4,1) 88 26 33 39 44 53 60 63
Weibull(1.6,1) 83 20 21 25 29 30 34 36
Weibull(2) 47 11 13 13 13 14 15 14
Weibull(2,1) 40 10 13 10 13 13 13 13
Weibull(2.2,1) 35 7 10 10 9 11 10 10
Weibull(3.6,1) 7 4 7 7 6 6 7 6
Weibull(4,1) 9 4 7 6 6 6 6 5

baudot normalitâti apskatîti gadîjumi, kad n = 20 un n = 50. Testi salîdzinâti pie tâm

plaðâm alternatîvâm. Ðajâ gadîjîjumâ Pîrsona χ2 tests un Kolmogorova - Smirnova tests

vairâkums gadîjumu dominç pâr Neimaòa testu, lai gan ir alternatîvas, kur Nemaòa tests

ir vienlîdzîgs.
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2.6. tabula: Testu WS1, K − S, χ2
5, χ

2
6, χ

2
7, χ

2
8, χ

2
9 un χ2

10 novçrtçtâs jaudas pârbaudot
eksponencialitâti pie α = 0.05, d(20) = 6

Jaudas (%)
Alternatîva WS1 K − S χ2

5 χ2
6 χ2

7 χ2
8 χ2

9 χ2
10

χ2
1 95 88 81 92 94 92 82 81
χ2

1 75 17 54 52 55 52 56 54
χ2

3 21 100 100 100 100 100 100 100
χ2

4 49 100 100 100 100 100 100 100
Beta(0.5,0.5) 56 100 100 100 100 100 100 100
Beta(0.5,1) 44 100 100 100 100 100 100 100
Beta(2,1) 97 100 100 100 100 100 100 100
Beta(2,2) 82 100 100 100 100 100 100 100
Beta(3,2) 100 100 100 100 100 100 100 100
Gamma(0.4,1) 87 96 99 67 99 99 100 100
Gamma(0.6,1) 39 59 87 83 85 83 84 79
Gamma(0.7,1) 26 37 68 65 60 62 62 61
Gamma(1.5,1) 6 55 84 82 82 80 78 75
Gamma(2.4,1) 25 100 100 100 100 100 100 100
Gamma(3,0.333) 47 100 100 100 100 100 100 100
Gamma(4,1) 80 100 100 100 100 100 100 100
LN( 0,1) 22 45 75 74 74 71 71 71
LN(0,0.8) 40 43 77 75 70 70 68 65
LN(0,1.2) 47 53 81 81 79 82 80 79
LN(-0.2,0.633) 66 8 72 66 63 59 59 54
LN(-0.3,0.775) 33 5 53 43 41 43 39 35
Vienmçrîgais(0,2) 32 9 48 48 55 62 58 51
Weibull(0.5,1) 94 24 73 75 78 78 79 80
Weibull(0.6,1) 69 16 60 56 58 60 64 63
Weibull(0.8,1) 36 7 36 33 35 35 33 30
Weibull(1.4,1) 10 4 40 32 29 28 29 27
Weibull(1.6,1) 22 3 53 44 45 41 39 38
Weibull(2) 95 4 85 79 74 74 73 68
Weibull(2,1) 63 3 83 79 76 75 73 67
Weibull(2.2,1) 76 3 92 88 83 85 82 78
Weibull(3.6,1) 100 14 100 100 100 100 100 100
Weibull(4,1) 100 19 100 100 100 100 100 100
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2.7. tabula: Testu WS1, K − S, χ2
5, χ

2
6, χ

2
7, χ

2
8, χ

2
9 un χ2

10 novçrtçtâs jaudas pârbaudot
eksponencialitâti pie α = 0.05, d(50) = 10

Jaudas (%)
Alternatîva WS1 K − S χ2

5 χ2
6 χ2

7 χ2
8 χ2

9 χ2
10

χ2
1 97 30 79 82 81 85 82 85
χ2

3 46 100 90 100 100 100 100 100
χ2

4 58 100 100 100 100 100 100 100
Beta(0.5,0.5) 100 100 100 100 100 100 100 100
Beta(0.5,1) 95 100 100 100 100 100 100 100
Beta(2,1) 41 100 100 100 100 100 100 100
Beta(2,2) 100 100 100 100 100 100 100 100
Beta(3,2) 100 100 100 100 100 100 100 100
Gamma(0.4,1) 70 100 100 100 100 100 100 100
Gamma(0.6,1) 36 94 99 99 99 99 100 98
Gamma(0.7,1) 87 71 92 91 92 91 88 89
Gamma(1.5,1) 99 92 99 99 99 98 100 98
Gamma(2.4,1) 94 100 100 100 100 100 100 100
Gamma(3,0.333) 71 100 100 100 100 100 100 100
Gamma(4,1) 100 100 100 100 100 100 100 100
LN( 0,1) 100 84 99 98 97 97 97 96
LN(0,0.8) 88 85 99 99 99 98 98 96
LN(0,1.2) 61 91 98 99 98 98 98 98
LN(-0.2,0.633) 100 31 99 100 99 98 98 97
LN(-0.3,0.775) 94 9 85 84 81 78 77 74
Logistic(1) 100 53 100 100 100 100 100 100
Vienmçrîgais(0,2) 100 23 79 95 99 97 94 92
Weibull(0.5,1) 100 60 97 98 98 99 99 99
Weibull(0.6,1) 59 30 85 89 88 91 89 92
Weibull(0.8,1) 100 10 43 47 44 48 48 45
Weibull(1.4,1) 98 5 63 64 59 56 56 55
Weibull(1.6,1) 98 8 90 90 89 87 85 83
Weibull(2) 93 18 100 100 100 100 100 100
Weibull(2,1) 100 16 100 100 100 100 100 100
Weibull(2.2,1) 100 27 100 100 100 100 100 100
Weibull(3.6,1) 100 98 100 100 100 100 100 100
Weibull(4,1) 93 100 100 100 100 100 100 100
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Secinâjumi

Darbâ vienkârðas un saliktas hipotçzes gadîjumâ tika veikta Neimaòa testa teorçtiskâ

analîze un empîriskâs jaudas simulâcijas, salîdzinot to ar citiem literatûrâ labi pazîstama-

jiem testiem.

Ðajâ darbâ tika veiktas Monte Karlo simulâcijas maza un vidçja apjoma izlasçm. Iz-

mantojot Neimaòa testus svarîgi izvçlçties pareizo komponentes dimensiju, pretçjâ gadîjumâ

notiek ievçrojams jaudas zudums.

Pçc simulçðanas rezultâtiem redzams, ka Pîrsona χ2 testa jaudas ir atkarîgas no izvçlç-

to intervâlu skaita un tâs nav îpaði lielas, tests ir piemçrotâks vairâk diskrçtiem gadîju-

miem.

Darbâ plaði veiktie simulçðanas rezultâti un teorçtiskie secinâjumi râda, ka Neimaòa

testi labi piemçroti plaða loka alternatîvâm. Vairâkumâ aplûkotajos gadîjumos Neimaòa

testi ir konkurçtspçjîgi ar matemâtiskajâ statistiskâ plaði izmantoto Pîrsona χ2 testu,

Kolmogorova Smirnova, Andersona - Darlinga, kâ arî ar Watsona un Neuhausa testu.

Simulâciju analîze tika veikta ar statistikas programmu R. Darbs tika rakstîts ar pro-

grammu Latex, kura ir daudz piemçrotâka matemâtiskajai un statistiskajai terminoloìijai.
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Pielikums. Izveidotâs programmas

Neimaòa testa kritiskâs vçrtîbas

n=50
T<-numeric(10)
TT<-numeric()
for (dn in 1:10){
##print(dn)
SK=10000
while (SK>0) {
P<-runif(n)
## Defineejam Polinomu
P1<-function(x) (x-0.5)*sqrt(12);
P2<-function(x) sqrt(5)*(6*(x-0.5)^2-0.5);
P3<-function(x) sqrt(7)*(20*(x-0.5)^3-3*(x-0.5));
P4<-function(x) 210*(x-0.5)^4-45*(x-0.5)^2+9/8;
P5<-function(x) sqrt(11)*(63*(2*x-1)^5-70*(2*x-1)^3+15*(2*x-1))/8;
P6<-function(x) sqrt(13)*(231*(2*x-1)^6-315*(2*x-1)^4+105*(2*x-1)^2-5)/16;
P7<-function(x) sqrt(15)*(429*(2*x-1)^7-693*(2*x-1)^5+315*(2*x-1)^3-35*(2*x-1))/16;
P8<-function(x) sqrt(17)*(6435*(2*x-1)^8-12012*(2*x-1)^6+6930*(2*x-1)^4-1260*(2*x-1)^2+35)/128;
P9<-function(x) sqrt(19)*(12155*(2*x-1)^9-25740*(2*x-1)^7+18018*(2*x-1)^5-4620*(2*x-1)^3+315*(2*x-1))/128;
P10<-function(x) sqrt(21)*(46189*(2*x-1)^10-109395*(2*x-1)^8+90090*(2*x-1)^6-30030*(2*x-1)^4+3465*(2*x-1)^2-63)/256
S<-numeric(dn)
## Katram k=1,2,3,4,... aprekina Phi_, Yn un S2
for (k in 1:dn){
if (k==1)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2)
S[1]=(n*(Yn_2)^2-k*log(n))
}
if (k==2)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2 )
S[2]=(n*(Yn_2)^2-k*log(n))
}
if (k==3)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2)
S[3]=(n*(Yn_2)^2-k*log(n))
##print(S[3])
}
if (k==4)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2)
S[4]=(n*(Yn_2)^2-k*log(n))
##print(S[4])
}
if (k==5)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2)
S[5]=(n*(Yn_2)^2-k*log(n))
##print(S[5])
}
if (k==6)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2)
S[6]=(n*(Yn_2)^2-k*log(n))
##print(S[6])
}
if (k==7)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2+
(n^(-1)*sum(P7(P)))^2)
S[7]=(n*(Yn_2)^2-k*log(n))
##print(S[7])
}
if (k==8)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2+
(n^(-1)*sum(P7(P)))^2+(n^(-1)*sum(P8(P)))^2)
S[8]=(n*(Yn_2)^2-k*log(n))
##print(S[8])
}
if (k==9)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2+
(n^(-1)*sum(P7(P)))^2+(n^(-1)*sum(P8(P)))^2+(n^(-1)*sum(P9(P)))^2)
S[9]=(n*(Yn_2)^2-k*log(n))
##print(S[9])
}
if (k==10)
{Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2+
(n^(-1)*sum(P7(P)))^2+(n^(-1)*sum(P8(P)))^2+(n^(-1)*sum(P9(P)))^2+(n^(-1)*sum(P10(P)))^2)
S[10]=(n*(Yn_2)^2-k*log(n))
##print(S[10])
}}
K<-order(S)
d<-K[dn]
##print(d)
dati<-P
T[1]=(n^(-1/2)*sum(P1(dati)))^2
T[2]=T[1]+(n^(-1/2)*sum(P2(dati)))^2
T[3]=T[2]+(n^(-1/2)*sum(P3(dati)))^2
T[4]=T[3]+(n^(-1/2)*sum(P4(dati)))^2
T[5]=T[4]+(n^(-1/2)*sum(P5(dati)))^2
T[6]=T[5]+(n^(-1/2)*sum(P6(dati)))^2
T[7]=T[6]+(n^(-1/2)*sum(P7(dati)))^2
T[8]=T[7]+(n^(-1/2)*sum(P8(dati)))^2
T[9]=T[8]+(n^(-1/2)*sum(P9(dati)))^2
T[10]=T[9]+(n^(-1/2)*sum(P10(dati)))^2
TT[SK]<-T[d]
SK=SK-1
}}
Krit<-sort(TT)
Krit[9500]
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Neimaòa testa jauda

n=50
T<-numeric(10)
s<-numeric(10)
for (i in 1:10){
s[i]<-0
}

for (dn in 1:10){
##print(dn)
SK=10000

while (SK>0) {

vert=runif(n)
g1 <- function (y) {(1/2)+(1/20)*((y^(-4/5))+((1-y)^(-4/5)))}
x<-seq(0.01,1,by=0.01)
X<-numeric(n)
f<-numeric(length(x))
for(i in 1:length(x)) {
f[i] <-integrate(g1,0,x[i])value}

##Matricas katra kolonna ir dati punkts
RES <- matrix (data=vert,nrow=length(x),ncol=n,byrow=TRUE)
RES <- f-RES
for (j in 1:n){
i<-1
if (RES[i,j]>0) {
##print(x[i])
X[j]<-x[i]
##print(X[j])
}
else{
if (RES[i,j]<0) {
while (RES[i,j]<0){
i<-i+1}
##print(x[i])
X[j]<-(x[i-1]+x[i])/2
##print(X[j])
}}}
P<-X
## Defineejam Polinomu

P1<-function(x) (x-0.5)*sqrt(12);
P2<-function(x) sqrt(5)*(6*(x-0.5)^2-0.5);
P3<-function(x) sqrt(7)*(20*(x-0.5)^3-3*(x-0.5));
P4<-function(x) 210*(x-0.5)^4 - 45*(x-0.5)^2 + 9/8;
P5<-function(x) sqrt(11)*(63*(2*x-1)^5-70*(2*x-1)^3+15*(2*x-1))/8;
P6<-function(x) sqrt(13)*(231*(2*x-1)^6-315*(2*x-1)^4+105*(2*x-1)^2-5)/16;
P7<-function(x) sqrt(15)*(429*(2*x-1)^7-693*(2*x-1)^5+315*(2*x-1)^3-35*(2*x-1))/16;
P8<-function(x) sqrt(17)*(6435*(2*x-1)^8-12012*(2*x-1)^6+6930*(2*x-1)^4-1260*(2*x-1)^2+35)/128;
P9<-function(x) sqrt(19)*(12155*(2*x-1)^9-25740*(2*x-1)^7+18018*(2*x-1)^5-4620*(2*x-1)^3+315*(2*x-1))/128;
P10<-function(x) sqrt(21)*(46189*(2*x-1)^{10}-109395*(2*x-1)^8+90090*(2*x-1)^6-30030*(2*x-1)^4+3465*(2*x-1)^2-63)/256

S<-numeric(dn)
## Katram k=1,2,3,4,... aprekina Phi_, Yn un S2
for (k in 1:dn){
##print(k)
if (k==1)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2)
S[1]=(n*(Yn_2)^2-k*log(n))
##print(S[1])
}

if (k==2)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2 )
S[2]=(n*(Yn_2)^2-k*log(n))
##print(S[2])
}

if (k==3)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2)
S[3]=(n*(Yn_2)^2-k*log(n))
##print(S[3])
}

if (k==4)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2)
S[4]=(n*(Yn_2)^2-k*log(n))
##print(S[4])
}

if (k==5)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2)
S[5]=(n*(Yn_2)^2-k*log(n))
##print(S[5])
}

if (k==6)
{
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Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2)
S[6]=(n*(Yn_2)^2-k*log(n))
##print(S[6])
}

if (k==7)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2+
(n^(-1)*sum(P7(P)))^2)
S[7]=(n*(Yn_2)^2-k*log(n))
##print(S[7])
}

if (k==8)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2+
(n^(-1)*sum(P7(P)))^2+(n^(-1)*sum(P8(P)))^2)
S[8]=(n*(Yn_2)^2-k*log(n))
##print(S[8])
}

if (k==9)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2+
(n^(-1)*sum(P7(P)))^2+(n^(-1)*sum(P8(P)))^2+(n^(-1)*sum(P9(P)))^2)
S[9]=(n*(Yn_2)^2-k*log(n))
##print(S[9])
}

if (k==10)
{
Yn_2=sqrt((n^(-1)*sum(P1(P)))^2+(n^(-1)*sum(P2(P)))^2+(n^(-1)*sum(P3(P)))^2+(n^(-1)*sum(P4(P)))^2+(n^(-1)*sum(P5(P)))^2+(n^(-1)*sum(P6(P)))^2+
(n^(-1)*sum(P7(P)))^2+(n^(-1)*sum(P8(P)))^2+(n^(-1)*sum(P9(P)))^2+(n^(-1)*sum(P10(P)))^2)
S[10]=(n*(Yn_2)^2-k*log(n))
##print(S[10])
}
}
##print(Yn_2)

K<-order(S)
d<-K[dn]

dati<-X

T[1]=(n^(-1/2)*sum(P1(dati)))^2
T[2]=T[1]+(n^(-1/2)*sum(P2(dati)))^2
T[3]=T[2]+(n^(-1/2)*sum(P3(dati)))^2
T[4]=T[3]+(n^(-1/2)*sum(P4(dati)))^2
T[5]=T[4]+(n^(-1/2)*sum(P5(dati)))^2
T[6]=T[5]+(n^(-1/2)*sum(P6(dati)))^2
T[7]=T[6]+(n^(-1/2)*sum(P7(dati)))^2
T[8]=T[7]+(n^(-1/2)*sum(P8(dati)))^2
T[9]=T[8]+(n^(-1/2)*sum(P9(dati)))^2
T[10]=T[9]+(n^(-1/2)*sum(P10(dati)))^2

if (T[d]>qchisq(0.95,1)){s[dn]=s[dn]+1}

SK=SK-1
}}
Jauda=s
Jauda

Kolmogorova-Smirnova testa jauda

n<-50
SK<-10000
ss<-numeric()
ss<-0

while (SK>0) {

vert<-runif(50,0,1)
n<-length(vert)
g1 <- function (y) {(1/2)+(1/20)*((y^(-4/5))+((1-y)^(-4/5)))}
x<-seq(0.01,1,by=0.01)
X<-numeric(vert)
f<-numeric(length(x))
for(i in 1:length(x)) {
f[i] <-integrate(g1,0,x[i] )value}

##Matricas katra kolonna ir dati punkts
RES <- matrix (data=vert,nrow=length(x),ncol=n,byrow=TRUE)
RES <- f-RES

for (j in 1:length(vert)){
i<-1
if (RES[i,j]>0) {
##print(x[i])
X[j]<-x[i]
##print(X[j])
}

else{

if (RES[i,j]<0) {
while (RES[i,j]<0){
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i<-i+1}
##print(x[i])
X[j]<-(x[i-1]+x[i])/2
##print(X[j])
}}}
P<-X
P
KS<-ks.test(P,"punif",0,1)statistic[[1]]

if (KS<0.05){ss<-ss+1}

SK=SK-1
}
Jauda=ss
Jauda
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Maìistra darbs \Neimaòa testu analîze un pielietojumi" izstrâdâts LU Fizikas un

Matemâtikas fakultâtç.

Ar savu parakstu apliecinu, ka pçtîjums veikts patstâvîgi, izmantoti tikai tajâ norâdîtie

informâcijas avoti un iesniegtâ darba elektroniskâ kopija atbilst izdrukai.

Autors: Sintija Cîrule

(paraksts) (datums)

Rekomendçju darbu aizstâvçðanai.

Vadîtâjs: doc. Dr.math. Jânis Valeinis

(paraksts) (datums)

Recenzents: lektors Jânis Smotrovs

(paraksts) (datums)

Darbs iesniegts Matemâtikas nodaïâ

(datums)

(darbu pieòçma)

Darbs aizstâvçts maìistra gala pârbaudîjuma komisijas sçdç

prot. Nr. , vçrtçjums
(datums)

Komisijas sekretârs/-e:
(Vârds, Uzvârds) (paraksts)
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