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UNANLINHNSINGY

Ddta mining or knowledge discovery is the process of extracting useful and
previously unknown information from the very large data sel. However, extracting
knowledge from a large data set is computationally inefficient. Using a sample from the
original data can speed up the data mining process, but this is only acceptable if it does
not reduce the quality of the induced information. We thus investigate the behavior of
learning algorithms on decreasing sample sizes to decide which sample is sufficiently
similar to the original data. We observe the accuracy of the induced classification rules
ext’facted from training sampiles of various sizes and use these results to determine when
a sample is sufficiently small, yet maintain the acceptable accuracy rate. We evaluate four
sampling methods; simple random, systematic random, stratified random, arithmetic
progressive, and geometric progressive. The five data sets to be sampled are taken from
the UC! repository and the learning algorithms to induce knowledge from each sample are
naive Bayes and decision tree induction. The performance of each sampling scheme is

evaluated on the basis of the induced-model accuracy tested on the supplied test data.
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(5) mszqr'mwuﬁmm}'uﬂau {multi-stage sampling)

1My 4 upuiioweliuds Ao meguadisie ngueduiiszuy mygu
¥ 1]
sunmedn wasmaguuuuutiangy lumsdh3dese q wewwldiinsduidudouanna
.3 o - 9oy 1 1 as 4 o 4 1
fu Tﬂaﬁni]ﬂ“Wﬁs1imfl%"aﬁﬂﬁﬁwmmmusauﬂuLﬁ@“lﬁ’"lﬁ’ﬂ'iﬂwuq&qmmztﬁaiﬁ"lﬁ’ﬂqu

f10819% PSIJ Uﬁﬂ{lﬂ'ﬁ@ﬂwim‘ﬂﬁﬁ LSEJﬂ'J'Iﬂ’IifTiJlL‘U‘UHﬁ'IfJ‘UHﬂﬂu

frethasy UsznsRernuuduiisendnumenlats Tuwamsdnn 10 19
msdanunnsiings udsesnidu 7 S quldin 3 Swmda luke 3 St 45 Tseou 19
msfjmmuuﬁa%uTﬂﬂuﬁqmmmmmim‘%au Aelsafouvinalve 10 IseSou e
o 12 Tsalou waznnadn 23 Trafoy qulalsadonvwnialvg 2 TsaSeu vunanans 3
Tselou wasvinadn 5 Tsadou u 10 TseSoudivinGoutanim 10,000 au 1¥msquedis

1 4
d1e1 20% windainSeuienus TdinSoundungudieds 2,000 au

O srsguwuluisrdsanuhiouiu ( non-probability sampling )

-1 " o 1 i 3 ] ° : = o ]

Hhumsgudlsdisiunsion hinswswaudsenasiutese ldliawse
9/ 1 Q V- I~ 9 [ 1 g 3 ' o
Wnsquuuvefennuinsiu1d vasnmsquudazasaiunng visvesdseannsiiTone

:d
gnauuilunguiedialumndiendu nsduuuuiliinawds de

(1) M3AeNA0E N INANINAZAIN (convenience 139 accidental sampling)
ret & ar Y a 1o 1
fumsenuun hiflngnas orfennuazanvesivuiumdn nqudiedie
& 3y valq ¥ | M o Yaar vy 1 '
{ulash daldnmusdienudivelumsIddeyaunceig wu
é Iy, s
- govawanwdadiulums IS msemsnansiuve i inendourandls 435
o1z hifuasadszgmadhlssoms wdnosdumusiindnu 50 aufidudh

ar ] 4 [ A
5V seEmuoIms L us1ves T unila
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lé o r 110
- agaunindiudjumumsaeulmi  uazdesmssznaresmumsaoulnineg

I @ [}

g} T Py 1 @ ed |
Tinausndonurumsaowdunsall Tasldnaudioos dutdnSoufiundes

q

FuNAYa LAY

{2) MTIANAINENIMYLIDIZ DI (purposive 30 judgmental sampling)
3 A " a ' P 3 g YA o 97 Yo ar
tﬂuﬂ’iimﬂﬂﬂqumamwfu3nJu1ﬂiﬂ“lﬂmaﬂymxmmmmmmmmwmgwﬂ

Tavorovzdmuaiugudnuazmmizinzasll gy

1
o=

- Wuwandgsivionulusumserysenineg 30 8940 1

<@

- AurtniSeuszduisendnu®i. 3 AfeuedlulsaSoudsfansuaiafinm w14

d‘ g =1 =Y
nIamay 3.50 Eil‘l‘!ll“]J UASTIANUA NI ORANNIIAUAT

(3) msaeniseeuulaln (quota sampling)
o -~ o L] o [y as L] Aﬁ..sl F ) 3 et
dhumsidendledielasimuaguanvazuazdadiundosnms Barmih  Taof
ar [~ dv iy as A A ]
audnyuzeu A 01g WA SEAUNSANYT nS0duY W
1w 4 < o o 1 { 1 @
- deamsnguilssnuiumsamonazndaludadauiondy
- inddvdssmsAnyuepnddeuminedy Suhmuadadiuveangudiedts 400

auutseandhininfnuyTyannd 60% UswanTn 30% uasdSaanien 10%

(4) mdendleesuuugnle (snowball sampling)

o] 2 1 T ar q Y ¥ T e 1 Sy d
Wumsifenaguaiedia Tasordonmsuusiwesynnadoglungualeiieh 1Ny

T
= [ @ g

Yoya lludq wu Wn3de 1ény e n. Illgudnsuzastungualedishdensdne sy

U

[ -1 YR 9 ar

¥ 9 ¥ g o q 3 ' o A - Ao o
ﬂl‘lﬂhlﬂﬁuﬂ'lymlﬂuﬂﬂﬂﬂgﬂ ‘il'lﬂuu'Nﬂ’cli]UGl‘H U . lluzu’llWﬂuHiﬂﬂug%ﬂﬂﬁJ ARMUEAT

=

o o Ao 1

uiinddedesns udnatonioniegiaanela 1) auuddn wie n. lauuzih wie 4. uag

¥ o aw d o ¢ d 9 ¥V o aw dg ¢
UNEH 6. H’ﬁ‘}uﬂ'}‘ﬂElﬂvlﬂﬁllﬂ'l'klmiﬂ‘]_ﬁlﬂijﬂi]'lﬂ I A, LUBE YN A, Llﬂ')uﬂ')%ﬂﬂélﬂ HIY

L)

o o ol

) d'{ o~ 9 c;dqa @ ei = U o S A
Vo HAZUNATY A WHSHUWDIUNIDAUINNHANHUSATINUNUAIIADINIT UAJWIAYD

Y Y=

9 P tela 1 9 ¥ ar L=} g} =
woufogifane 113 ud@3du lamdumusinudoyannyanai wio v. uazy ween .
¥ ] ] ]
Tl Fisetuwnil lliFes o sunszisldnquiiediasuasuuiidesms

3
Yo s @ 1

TR Iez Idnquiretnaluvinaidesmsnanmsuugiiiden  duveaniioe

] 3
20813 wiedaet1e 1 auennez i lduusihdduuaau@n fufuvnnavengudioiieg
a < o w o {2 o o d = lé}
laldunwalinudeya  mileududeuRivzhvanislgniuzneztalngvu

ad daR 1 .
13794 19% 0791 snowball sampling
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IMsquuuua1eg ina1andedy feiedennnitegdluuas hisadeannuii

wiilu aunsauanagdiuumunndaegili 2.2

Populations

ABGDE

25%

FGHIJ
KLMNO
50%

N\
25%

Sarvple of
Clusters

Sample of
Iadiadeals

Simpie Stratified Cluster Two-Stage
Random Random Random Randaoo
Samples

Popalations

: i
Fasily Especialiv

Accessiblc Osnalified

Canvenicnge Purposive Svstematic

511 22 FEmsduuuvordonimnhezdiuuas lierfeaanningiiy




MIMHUAVINAR DY

13 o 1 =1 =1 u; 1o Qs [] T 8
YWIAYBINGUAIDEITIANHIO IngiUuegdiuilesenatosems  wu  aldne
B X [ 1 24 a i ar U dy ) 1 o
sruzaf I lumIqudind nie audnvasvoddoya Tasumarleeinadenistmun

W i & g o =l a1 Y
YUIAVBINGUAIDEN Fallduasumstun Tavazidon Asne 11l

* nisiimuavinadled 1aiogulayamunamnyer: ( sampling data on attributes )

@ 1

MsguAt g udnyuzvestoyn wu deyaludadiuvosnuluonnsid

o oA ar & -4 o ) 2 el - '
HUINNUARAIREINU VTO uJa'smummu‘uu‘Nﬂsu“lumsi’]aumauammmmwmﬂ IWULLUQ

Y

L 2 ¥
PUADUTUMITAIMUAVUIAARIBEN 7 TUABUAQY= - == -~ « . =
(1) fmuanudnyazvosdoyafzimsqu
() fufudeyanngudeyaniosvnu
o 2 Y o ' ar 9 g o3
(3) asnvdpuRManYME F1eg lddadiuvegudnvazningudoyaianum
aduLs p (proportion)
° ' @ Iy o o . .
(4) MHUATINTEONTUANNAANAIA Wudwls i (acceptable interval )
(5) AonszRuANULYede ( confidence level ) 19U 99% M3D 95% uAMIM
Q = n:;d 1 d‘. = d‘.
Fgulszansanuuudone 010M1519 z (M15190 2.5)

(6) AMIUMIANIULUINATHIN NNGAT C,=i/z

(7) snmnsamvmuavIAvBIRtIes gy IAnngas N = (p(i-p) / G,%) + 1

d' 1 s =X OQJ T i
M13199 2.5 mduilszinianuiniede (z-value)

Confidence Level Confidence Coefficient
{ z-value )
99% 2.58
98% 2.33
97% 2.17
96% 2.05
95% 1.96
90% 1.65
80% 1.28
50% 0.67
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g - = o [} d& 1 o 1 Y
Medl  UitmkaatunweshAelansudanils  Aesmsgudietaiion

o L

! o & Y oA &g = LY. o o o
ﬂﬁ"]u‘uﬂ@iﬂﬂﬂﬂuﬂ'mﬂuﬂﬂ“ﬂﬂy‘ﬁNﬂ‘Wﬁ']ﬂ m"lﬂmﬂuumumu

! ¢ & 9 A 2 o = oy o S o o
1. W?iﬂﬁﬂﬂﬁﬂ?ﬂhﬂ?i Uﬂﬂ“ﬂ@isl‘ﬂl?lﬂ IﬂUll‘UE]iéﬁgﬂﬂ"l ‘lJ'iiJ']il!‘U'E]\‘]TIﬁ\i HWag

nutemuduAIATuRnRaNaA

1 3t r v
2. Tael¥ludeFodlo 6 Roufiniumn

3. Mnsasngeunnludidesina wudaaudoanianainlseauia 5%

v
AU p = 0.05
I3 1 o “a = § ' -é Q s .
4, fmuasnmssonsuldfaanuianaialédinat 0.02 Fedmualdiduduls i
a’ ) Y A ar =y q” 1} 4 1]
5. H9NTLAUANNUIEDED 95% FavFulseantanuuusodelda z = 1.96

6. funamidisununasgunngas o, =iz

o
o Qs

U O

]

0.02/1.96

0.0102

i

! 4

7. aunsanvnadieteissgu ldnngas N = ( p(1-pY G,) + 1

N=(005 x 095)/(0.0102x0.0102) + 1

M = 458 119M7

e IS audiesniidesiinsge 458 s1ems  lumsqudaetiada
t ¥

MruasTAUANNANYH Yo eunIuls wieligasmssendunuRanaauauaunls

a oy Y 1 a 1 d%, ] 3 1 Y a a oA A g
dedpInIsviNAYDIRIDTIINIE NI Wy Suinszduaiviedodly 99% 1
4 1] 4 4 1 @ 1 1
Thedulsznsanuiniefio z = 2.58 iWeunumlugasvz lduunaded 782 s18msud

a ot 1 4 [ \ 1 o o] o

dundanaszauanuiuredodiy 95% uaasramssoniudlu 0.01 51erdeldmou

b
fregnanniutly 1,827 s1ems

o ar 3 4 L o . f
¢ mammuavinaneeaiogulsamuaus ( sampling on variables )

3 ¥ a 4 9 o =] 9 1 1 & Pa 3 1

Tuynaiainlnnsiosdesnshfudoyamumlanmisfuduey 1w

poAvIBdUM SuTIeMIAumAgndindy e SuruvssrnuAanmaiiannmstleu

¥ o e & ° o v &l

Joya toynsunniinSvumidowdudunls  duneulumsdmmuavinadiodandoiun
¢ 2
i fe

(1) fnuagadnyuzvesdoyaizhinsgu

() Aududoyaningudoyaniossan



21

(3) m'sﬂﬁﬂﬂ%’mgmﬁw1ﬁwznémﬁaﬁmuﬂﬁﬁaaﬂ15a@u%’uuazdamﬁUamummgm
Iiluadunls s

(4) Suagemsoonunuienaa Hudunls i ( acceptable interval )

(5) AanszaunniuFeiio (confidence level) 15U 99% 130 95% LAIMAN

fFulszdnianuindedssinmia z
(6) fiamnudesunesgIu NAges G, =iz

(7) gunIadmuavrvesieo e du ideingas N = (S 7/ 0,)% + 1

) .
s 1 < = a L L é 1 ot 1 4 1
AN ']JSH1"INﬁﬁl‘ﬁu’JN‘UﬂQ‘VI‘I%’JHTﬁH%LLﬁQﬁHQ ﬁmmsqumamuﬁamﬂw

"qu

Ty ¥ ¥
mHvvesinutundwedui Saldhduneudsi

¥ o &2 9 @ e o

1. mlydedudiimstufindoyagndt USuameaiids frunaiudids

2 Tnldludadoile 6 @oufirman

3. famsasnasunnludededangn Aud ey dade Tnumae 1,500 1w dae
dnufsnanasgualszina 100 Un

4. fmuagaansvonsyliReanuRanan idifiu 5.00 Wil i

5. denszaunIMIuSeRn 96% FamdnlszanianinhFeiie1dd z = 2.05

6. fMuramAudoaUNINAITIUINGAT 1AM O, =iz

X

wnuslugaes wwldi G, = 5.00/2.05
= 2.44
7. gunsannuiadietinivduldnngas N=(S/0,)% + 1
N=(100 / 2.44)% + 1

= 1,681 w017

o ' Vo w | Ay [ e VA e
"i]‘lﬂﬁ’JﬂU‘N‘lﬂmu’luﬂ’mtﬂdﬂﬂmﬂﬁqu 1,681 37800715 ﬂ’l‘iquﬂ’J@U'\QUQﬂ‘]ﬂuﬂ

sydunmdetomnauils  wielltaamsseniunifianaauavaanitls  Bafeams
wmﬂsaaﬁméwﬁwﬁnmnﬁuwinfu Wy Suftuszdununiudedody 0% vl
SulszAninmnindede z = 258 leunumlugasvzlduinadiota 2,658 510n5 uad
idmsssuamnihwetody  96% udasdnmrsoniudu 1.00 Lﬁwxﬁ’aﬂ‘ff’ﬁmu

S 1 3
ﬁ’JE}U'N'M'Iﬂ‘UuL?Ju 41,992 719N17
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Unn 3
aa o =y =l
ABANHUNTINGY

o
S ot

Tasamsifailiigasianinsivefnyravosmsanvinavesdoyad omsganan
A? ot o T o ¥ ' ' | . . 1 o
wugwiedsn Ny laun MIFUOINW (simple random sampling), MIguMULAIY
¥
¥ (systematic random sampling), maqmmmmw?’u (stratified random sampling)
2
wemnildelAfmlSeudeuismsduandnidnresgtuun  ds  asduuuudiomd
WWanvndla  (arthmetic  progressive sampling) waz . msguuudminFusnada
. . . 1Y < o o v a oy A4 o
(geometric progressive sampling) msguisyanaiunatiaildlumawivideyaiion
ar " o e . S da
milesdeyailssinndunsizd lumasumndeyn (classification model) msAnyITuiin
i ] ] @ 3!
Joaguszasdmedumsluunsquieyeiiminzauiiga  MeasBoaidiomluuniilszaoy
g/ o = =) ey as 9 = kY oy [ 5 o
awiebisailoniTie  dnvazvesdeyailduasitmsqudoyn  uavgahadiums

aBwismInameueaSeumsuduumsgudeya

3.1 sudauitide

= ool 9 3 ar dy

MIANE1IsENoVAIe 7 dunou fail
(1) Anwazsinsmaglauieiifivados
sswenmImetumatiamsgudoyn (sampling technique) tagdanosiy
[ ' 4

Tumsdunszdnnudandeya (eaming algorithm) ieldflseneumsmiey
9 o M ar Y= dl Sk = e o [ Y-
doyauazaadondanosiuiiezldlunmsite  Tavdiaveuwmmmesanesiy
$umnszinndoya (classification algorithm)

(2) AndaLazfnyITEUY WEKA

= o d’.’d GLBJ

TumsAnuituiidonlyszuy WEKA (Waikato Environment for Knowledge
Analysis)  Ailhuserdusilameresalda  Waniuazmouns Taofuninive
WHININEY  Waikato  Usemeriia@uaug (http:/fwww.cs.waikato.ac.nz/~ml/
9 1
weka) werdusidsznoudieyalusunsunidlunu machine leaming way
o A @
msiuniivadoyn

(3) s mdoya
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i 3k

3t ﬁ =g csy 9/ =4 [ = 3 9/ °
Joyai 14 lunrdnuideiisedoalivina lngiisanenazde lhasoaaduou

= o 1 1 1 ¥
Joyanududadindng1d  Iasdoyarzdosmuisogasnd@umnilssuanaly
! =Y i\llaf a g dyw A ar
szuneuuned i deyaildlumnasesdidadeninaingadeoyamnasgiu
UCI repository (http://www.ics.uci.edu/~mlearn/MLRepository) faiteninls
lumsnansuiuiusiu 5 yadeya

(@) wlaagunudeya

I3

v . o 4
YoyafidadenTivsgnulauiiugiluuy arff (attribute-relation file format) 9
I~ 1 i
Wugtunumslfauvesszuy WEKA doyaurazyazgauensendiuasadn
eimthidludeyafin (training data) uazdeyanamey (test data) Joyarln
seiidnoulsznaaesluay uazdoyanaaeuezdl Ssmnulsznamilaluay

(5) gudoyn
9 =5 ] L [~ Qs [ ] a 1 9t g
doyarnudazgaIzgnguesniiudadiua iy 1wy 1%, 2%,3%,... AWITNT
du 5 luuAe myguodiadiw (simple random sampling), msguuuuidluszuy

¥

(systematic random sampling), miqmmmmﬁu (stratified random sampling),
asguuuudmindaavadla (arthmetic progressive sampling) taz mM3ey
nyuA NG usuadia (geometric progressive sampling)

(6) nameuMsFuRTIzRANINIIRdoYa
Mdoyadnngnduiiudadiudnady  nareudisTlsunsudunsizdaag

¥
(learning  algorithm) Taglumsnaassilifienld lilsunsumudodisde  (naive
R 4 o o a /d gy o ' o

Bayes) filugmnisnivnuilunguiveavsdalindnnisvesnnuiieily

suuditouly wazlsunsudunsredanuinndulddadule (decision tree

[}
=

N
induction)  ATRUFIUMIhOUTIANgERmIsumaues Tassadiedeyauuy

duld TueandenamiditemsuundeyaflddumaduiannnsiuTsunsy
< ' v dny v oA ¥
virasszganaTouamsiunswes lumadedoyanamoui ldadad eyl
' y g 9 Ay o 8
wenmnANULHaswd e lFlumsdszuanameaine luaassgniiuin
uazvinndmnzdienSouiisussniedeyaduurazua

= o
{7} ARATICHHANTITNATOUUAZ I 1UNUND

a 4 1 {
Anszvuaminageunasdusnuz juvumsaadeyadismagqudeyan

K]

Bici:i ]

o Ny P Yy ¥ o
mmzﬁu“lmmmmmwaya L‘Wi’ﬂ‘ﬂulﬂﬂﬂﬂ"li’CNLﬂi'l“"l’iﬂ'l']ﬂﬁ‘i’lﬂﬂ'lﬂ’)’liumu

9

1 v A ar 9 & YV [~ =4 o a
ﬂiﬁ@giuﬁgﬂll'ﬂﬂﬂllﬁﬂ‘lﬂ ‘Uﬂﬁﬂﬂf!ﬂﬂ']fﬁl%tﬂuﬂ'ﬁmﬁﬂlli'lﬂﬂ'luﬂﬁﬁﬁﬂvjm



3.2 unasnnvesdeyauazmsmagntoya

¥
aw A dg

) q g ¥ ¥ "oy a o
magaﬂﬂumuaﬁ]ﬂunJuﬂgmmgammgm"lﬂmmmmawagmmummmaa

1w a s

d = ; : . : ¢ et
uvasguaavlosiile Wieuees 1l (University of California at Irvine, UCH) Taodeyamanil

o4

o - v o 7 - 78 o
Wudoyaiindteluavn machine learning uag data mining tewl¥lumnamoy

9 A o & A:l o /! a o dy
Uszaninnuosdanesnudunig wmms Joyanaadoniornlylulasimsiveil
sznoududeya Adult, Letter , Mushroom , Shuttle 1az Sateliite Image T1w¥ogadoya

$ruauuennsiag@an) uazama agyldaaisiei 3.1

{ 3/ = aa d
M313% 3.1 gadoya JeyanadeuLAZIIIAZIBEAYDBNNT 1A lAsa T

Fodoya iwudeya | Swoudeyanamey | Swauwenn3iog | Suouama
1.Adult 32,561 16,281 14 (numeric = 6) 2
2.Letter 15,000 5,000 16 (all numeric) 26
3.Mushroom 5,416 2,708 22 (all nominal) 2
4 .Shuttle 43,500 14,500 9 (all numeric) 7
5.Satellite Image 4,435 2,000 36 (all numeric) 6

]
Joyanahyaiidadeninninundsdeya UC! sxdesgnuilasiioglugiuvy arff

(attribute-relation file format) e 1% 11lsunsy WEKA annsavamiudeyald guuuyidd

arff UsznoudivdaudieTuiodoya uazdiusivavideadelya Aeidednalugii 3.1

@relation heart-disease-simplified &

i e e e / numeric aitfl‘ﬂte
%a{éliue SSR" { f:em;m male} 4“""“"‘ Hﬁﬁﬁfﬁal aﬂﬂbme

@attribute chest_pair_typ ,{ - angina, asympt, non_anginal, atyp_anainat
u:’%m’*b te cholestero! nurmen

Gatiribute exrciss_ "“ar:g;na { ng, yes}

(@atiribute ciass { present, net_present

topresent

le.typ_anging 233,n
e

5
o i S B T S BR A R
67 md;é,aayﬁ;;}i,éﬂ yas .o
5 AV
.

2

U 3.1 guuun W arff
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Youa Adult, Letter , Mushroom , Shuttle 11 Satellite Image lusiuvy arff 9z

U

' & ¥ = = g e = Y
Qﬂgm&ﬁeﬂummﬂumagaNmmzHuﬂummﬂu%gamﬁau Minligadoyasmianua

o 4 & v (4
Tuaunouiiilu 10 gadoya Azl 3.2

ADULT " ADULT _Test
A e ARFE Daba File

£

LETTER
ARFF Data Fie
533 KB

LETTER_Test
ARFF Data Fie

il 4

MUSHROOM MUSHROOM_Test

BRFF Data File ARFF Data File
917 KE e 4R0ER
~ SAT_IMAGE SAT_IMAGE _Test
- ARFF Data File ARFF Data File
515kB 232KB
SHUTTLE SHUTTLE _Test
~ ARFF Data File ARFE Dabs File
1127 KB 375 KR

=2y

317t 3.2 doyarnuazdoyanaaeulugiluuylvid arff

ﬁi’faa,“lamﬁau (ADULT_Test, LETTER_Test, MUSHROOM_Test, SAT_IMAGE_
Test, SHUTTLE_Test) iazQﬂﬁu“l%’tﬁa“l%’iu%umummuNaﬁwﬁ Tuduvesdoyarn
(ADULT, LETTER, MUSHROOM, SAT_IMAGE, SHUTTLE) urazdoyarzgmimdgudae 3
mﬂﬁﬂﬁ"}ugm fo simple random sampling, systematic random sampling uag stratified
random sampling mmmlmmsfimmﬂu 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%,
15%. 20% TsunsuitldaelumsduieTysunsy SUT Filter (i 3.3) Wanna Tagfuan

' a wa av a 4 i a as =
ypanul JiiansIvudrnssudeyauasmsnumag w1 Inauma lu ladgiuns

v
1 ar &

E
Fuiuudazgadeyasziiiaudoyaduasil

ADULT — simple random —> 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%, 15%, 20%
ADULT —> systematic random —> 1%, 2%, 3%, 4%, 5%, 6%,7%,8%,9%,10%,15%, 20%

ADULT — stratified random —> 1%, 2%, 3%, 4%, 5%, 6%,7%,8%.9%, 10%, 15%, 20%

SHUTTLE —> simple random —> 1%, 2%, 3%, 4%, 5%, 6%,7%,8%,9%, 10%, 15%. 20%
SHUTTLE —> systematic random —> 1%,2%,3%, 4%, 5% 6%,7%,8%,9%,10%,15%,20%

SHUTTLE —> stratified random —> 1%, 2%, 3%.4%,5%.6%,7%,8%.9%, 10%, 15%, 20%
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511 3.3 myqudoyadansunsy SUT Filter

s

wennnmIguieyauuuiugiiofanuinaihuds  auiteiidmadeu

[ 9 9 a 4 & et A = 9/ 1l

msquideyauuuimil  (progressive sampling)  @elasmaminysinaeyalungu
o v o o w :: cg o a " e [} & Y o A A

dedradludgwuduiull dnazmamiuvinavesngudlediuilu lddesdnyae Aoy

@uANa  (arithmetic progressive sampling) ANOASINSINUATN  LAZNUULVISNIANA

"
o =

(geometric progressive sampling) idanmsiinidunuudnnsz Taa msguuonfomd1d
o o »Ql » V AT l& dg
gmihwnlFlumsimilesdoyauuuminyy  (incremental data mining) FiivunoumMs
¥
Mmamuaaslddedanesiuae 11l

Input: Schedule S = {ny, ny, ..., i } of sample sizes when n; > n; for j > i,
and n is all training data.
Output: An accurate model M that is trained from a sample n;.
1. Initialize accuracy Acc = 10,i=1
2. M < model induced from sample n;
3. While Accy > Acc Il Accy is accuracy of model M
31) i«i+1
3.2) Acc « Accy
3.3) M « model induced from sample n;
3.4) end while
4. Return M

o

Ed £
aw 1 ar 1 o o 1 Y = = 1
“luumimﬁ IMIPUAIDINTNITDINNHUL ﬁt’) ’('IﬂJil“JJUﬁ'l’lﬂu'lL%QLﬁ‘Uﬂﬂm iuae qu

HuUAIMTIFUTvIANa
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1 by <3 = 3 !QI Qs A ﬁ:’
msguuuuiImiidusvadaruszinsiuvedoya dseaunisdn 1

S,=n, +(i* ng)

4 ) 2 & 1 {
il i 20 wox ng = SwmdeyaFududsziisngd lunsneasseyld n, = 100, i fis

w0, 1, 2, .. uay n = 200 Feazlddmamdeyadedidsil 100, 300, 500, 700, ...,

3l o ¥ 3 1

3300, 3500, alt data M#t$umdoyanvua 18 vuanse 18 gadoyades

U U

1
=1 =

¥ 3
Tuduwesmsguuuuirmhidusnadiaiuesiimsfinvecdoya deaumsas il

a
i
—_ *
S,=a*n,

Y 1

o a =2,i20 uagn, = 100 Fevy 18deyadredadsil 100, 200, 400, 800, 1600, 3200,

d a2 . ady 2 ,
6400, 12800, 25600, all data Faiinanua 10 yadeyadisiu lunsdindeyndsduyalad

q L1 u

14 14
o 9 o

$1uaulifle 25,600 saneda v lddeyariil yadeyadeduis 5 yafie ADULT, LETTER,
MUSHROOM, SATTELLITE IMAGE, SHUTTLE tilefnauuiavesnguiieisusazuung
idnsddunguitedieayiddenad 3.2

a1eh 3.2 Suaudeyaninmsgudeyauvuinyndiauazuuusyinda

feya 7 puluunnsgu

Adult Letter < Mushroom Shuttle Satellite Image
arithmetic | geometric | arithmetic | geometric | arithmetic | geometric | arthmetic | geometric | arithmetic | geometric
100 100 100 100 100 100 100 100 w00 | 100
300 200 300 200 300 200 300 200 300 200
500 400 500 400 500 400 500 400 500 400
700 800 700 800 700 800 700 800 700 800
900 1,600 900 1,600 900 1,600 900 1,600 900 1,600
1,100 3,200 1,100 3.200 1,100 3,200 1,100 3,200 1,100 3,200
1,300 6,400 1,300 6,400 1,300 5,416 1,300 6,400 1,300 4,435
1,500 12,800 1,500 12,800 1,500 1,500 12,800 1,500
1 .YOQ 25,600 1,700 15,000 1,700 1,700 25,600 1,700
1,900 32,561 1,900 1,800 1,900 43,500 1,900
2,100 2,100 2,100 2,100 2,100
2,300 2,300 2,300 2,300 2,300
2,500 2,500 2,500 2,500 2,500
2,700 2,700 2,700 2,700 2,700
2,900 2,900 2,900 2,900 2,900
3,100 3,100 3,100 3,100 3,100
3,300 3,300 3,300 3,300 3,300
3,500 3,500 3,500 3,500 3,500
32,561 15,000 5416 43,500 4,435
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;Ctassiw Cluster | Assoclate | Select aftributes | Visualize |

Lopontte o fl opentme.. I opepe. ]
. iweka
& [ Rers
= _.}unsupervised Selecisd mirbue
+ _iaftribute Name: age Type: Numeric
= T instence Missing: 0 (0%) Distinct: 73 Unigue: 2 (0%)
# NonSparseToSparse Value
@ A7
# RemoveFolds % 80
# RemoveMisclassified 38.582
@ RemovePercentage 1364
& RemoveRange SR e -
# RemoveWithValues
# Resample
& SparseToNonSparse i : i i
- Colour: class (Norm) | Visuaize an |

51 3.5 msgquieadudnudoya

4 9 9 o ' v o @ Vv 3 ' ﬂ o A J o =
m@"lmmu“aﬂumiquﬁa‘umﬂmm’mumﬂuﬁm"hhm UMIAADDALIANDIAANTNIIUIUN

doams 1ao e 11lsunsy Text Editor NTIMsuaasavusiaiieanuazanlunmsdaussna laens

v
o o4 Jd

Wollldlunsy Edittlus  nsfadensanosazldmauismanilumseh 31 wu doya
1o ' = d o o o =
Adult ngudInenaEndesdl 100 saResa AvzAaden inwizdeyaussiiaf 20 64 119 (U0 3.6)
=4 3 o o ar <R o o't 1~ 3 o - 1 o 1 u” =1 a A
Iwdanegyimstunnduldalvd  simiuiinszumsdaenngudalseneduniiownuie
fadendoyn Adult nquitaesidest 300 sanesa lavlddeyaussiaii 20 319 Tuitnidlulrd

1 o U :1” ) 3 g 3 u’: oW 1
cl“ﬁll 1/11Lsnuu%uﬂszmvlmm;ujmmm 9 YAvoHanIUN 138 NUAIDYN

ea 16\DatalhDl)
) Fle Edt View Search Document Project Tooks Window Help = :
GSHR vy cBX 0or YREQAE AR =S JIHINO

Brelacion adult
© Battribute age real
: Rattribute workclass{ Private, Self-emp-not-inc, Self-emp-inc, Federal-gov, Local-gov, State-gov,
i Qattribute fnlwgt numeric
% @attribute education{ Bachelors, Some-college, llth, HS-grad, Prof-school, Assoc-acdm, Assoc-voc,
¢ @attribute education-num real
Qatcribute marital-status{ Married-civ-spouse, Divorced, Never-married, Separated, Widowed, Marri
: @atctribute occupation( Tech-support, Craft-repair, Other-service, Sales, Exec-managerial, Prof-sp
¢ Q@attribute relationship( Wife, Own-child, Husband, Not-in-family, Other-relative, Unmarried}
i @attribute race( White, Asian-Pac-Islander, Amer-Indian-Eskimo, Other, Black}
i1 Battribute sex( Female, Male}
12 [Rattribute capital-gain real

fattribute capital-loss real
: Rattribute hours-per-week real
. Rattribute native-country( United-States, Cambodia, England, Puerto-Rico, Canada, Germany, Outlyi

@attribute class {>50K., <=50K.}
Rdata

39, State-gov, 77516, Bachelors, 13, Never-married, Adu-clerical, Not-in-family, Uhite, HMale, 217
50, Self-emp-not-inc, 83311, Bachelors, 13, Married-civ-sp + Exec rial, Husband, White,
© 38, Private, 215646, HS-grad, 9, Divorced, Heandlers-cleaners, Not-in-family, White, Male, 0, 0, 4
»* §3, Private, 234721, llth, 7, Harried-civ-spouse, Hendlers-cleaners, Husband, Black, Male, 0, O,
28, Private, 338409, Bachelors, 13, Married-civ-spouse, Prof-specialty, Wife, Black, Female, 0, C
37, Private, 284582, Masters, 14, Married-civ-spouse, Exec-manageriel, Wife, White, Female, 0, O,
_L u 49, Private, 160187, 9th, S, Harried-spouse-absent, Other-service, Not-in-femily, Black, Female, ,:J
4 M

-1 eaDULT :
For Help. press F1 {3 coll0 32684 PC i NS frin

{ a ¢ A 1 @ 1
51/ 3.6 msldlsunsuedimesitoguidondoyadionia
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Tuaa Tﬂamsmmﬂmiumaimm SATRE 1 2'Elﬂﬂ6§“ﬂllﬂﬂ

al A =

e J48 winnguoanesnuilsnanmsvesdulidaduly (Tree-based learner)

A 3 © { = ar "
Fafituaoumamaumiouldsunsy c4.5 nflsuldlumsdunsieslns

Yy Y yyA o )
a31au ldmeswundeya
oW a = o ' o .t

® naive Bayes 11nngudanasiun ldnanmsnaniteziilu (Statistical learner)

' ¥
m3lFlsunsy WEKA esulysunsy J48 waz naive Bayes dumou-

LV i ¥ o b 3/ d o w % =
aape il s Ivaadeyadlulysunsy WEKA @enunufids Classify (a3l 3.7)
idenju Choose tiion Weka —> Classifier > trees —> j48 —> J48 dm3udanesiiu J48

(310 3.7a) W39 Weka > Classifier > bayes —> NaiveBayes §m35usanaiinu naive

Bayes (‘31117; 3.7b)

(a) M3Laen J48

(b) Ms51aeN naive Bayes

'ﬂﬁ S mimaﬂaanawu“lumimmﬂmTmﬂamﬂm'swmn

gPreprocessé Clas I_V_E_Ciusierg.&ssociate | Select ettrioutes
- Classifier
[ 1weka e
L= lclassifiers
i = [ 1bayes
@ AODE
& BayesNeti2 2
€ BafyesNatB AGIE
# NaiveBayes
@ NaiveBayesMultinomial BayesNetk2
@ NaiveBayesSimple BayesNetB
@ NaiveBayesUpdateable NaiveBayes
@ 24 tunctions NaaveBayes%mnomtal
p "-3"3]&2’ MNaiveBayesSimple
i j j:;zgz . NaiveBayesUpdateable
{' = Mrees : & | functions
& F ladree A o
4 % DecisionSturmp a
1 @ |d3
=l { *m
& J48 m
& J it i =2 drules
® ims
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m35uTysunsy J48 uag naiveBayes wzidonnisnadeuluaaiily Supplied

~ 4 2 a Y ' o] = ey

test set (FUN 3.8) FwmmwdimamIvuygaveyanaaRLILunANRMINIINgAYaYarn (3T
: :?a A Yt ' i o n’: ; 3 g/ = ar 2

nagey lumanyuiisunie 1donot1991 35 hold out) Netinms lddeyanaaeuga@eiuiie
= Qs d 1 s 1 o 9 P=1 Y = =1 1 1

niouisunaansnunnnguateie ez ldainsasugunamsnlseumeylundazngu
3/ ar " Y a Fl :!3 0. 9r el & 4 <!

Joyaaiediala 35msInangadoyanaceuiiunoumudduie en Test options 11u

Supplied test set —> AanA1da Set > aanA1ds Open file TuniiAng Test Instances >

A 9 =y 9
I.aaﬂ“]zﬂ‘UﬂgﬂﬂﬂﬂﬂUﬂQSQﬂWEﬂ'lﬂﬂu'm'N Open

- Preprocess
- Classifier

& | Choose _lzgggsw;cozs M2
~Test options
) Use training set

e : - :
| Classify | Cluster | Associste | Select sttrioutes - Visualize |

%) Suppledtest set |
: Oc"oss : atior:

) Percentage spit. s o ey
e Logkin. &) ADULT ~
{ More options... = T i e e
L - i) Simple-Random
(Nom) class : ! %:;,Z}Straiiﬁed
My Recent i3 SUT-Simple
Start ® Documents 2= gy ctematic-Sampling
| -Resut st (right-click for ogti : R ATLL
Res (right- tor options) JL.T"-?éL.
Deskop Ik
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N1 Correctly Classified Instances Miswnulunadwivesnissulysunsy WEKA (g1l

¥ '
3.9) wenmiloanAnMuLNuATILEY Msnageuiidaiuinnanidlumsadialuaa (Time

4 y ' 3 a o 1 o
taken to build model) toldlsz Toemi luduasunsinsiznulsoumouranisiiauve

NANADIILADZYUIA

- | Choose |148.c025-M2

OUsetraﬁ-gset

(O Cross-validetion ¥

STEat OpAIGNS i

| Ocptettestad [ i ]

+Classifir outout

i Size of the tree :

12

£

O Percentage spit

W—""""_-_-'-"_‘-—ﬂ__.__‘_“
@bﬂ build model: 0.09 secor:d;:j)
_»rvf”ﬂyf

sl -
=== Evaluation on test set ===

| B

(Nom) class

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Hean ebsolute error

Root mean squared error
Relative absolute error

i Root relative squared error

/! Total Nuwber of Instances

13230

3051
0.4828
0.2464
0.3755
66.725 %
88.4071 %

16281

| TP Rate

=== Detailed Accuracy By Class ===

FP Rate Precision Recall F-Measure
0.609 0.124 0.602 0.609 0.606
0.876 0.391 0.879 0.876 0.877

/.r-‘“-“'—_‘"\-h
812604 50
18.7396 %

Class
>50K.
<=50K.

=== Confusion Matrix ===

a b <-- classified as
2343 1503 | a = >50K.

1548 10887 | b = <=50K.

e L
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ar

00n03 dnﬁug 1 2 danosau laun J48 {decision-tree induction) 1181 naive Bayes 1lszanana
AwTaunsy WEKA version 34 uuiniesnoufiamesdiuypanniniidfy 700 MHz
vwanuimdn 512 MB maillanmsgudeyadwumiluasngundnie ﬂﬁf;'mmuﬁuyu
(ulé’fufi simple random sampling, systematic random sampling, stratified random
sampling) ATVAATTGY 1%, 2%, 3%, 4%, 5%, 6%, 7%, 8%, 9%, 10%, 15%, 20% 10z
ﬂ;li’s‘jmumfsﬁ’m% 18un arithmetic progressive sampling (Juunangquéiog1s 100, 300,
500, 700, 900, 1100, 1300, 1500, 1700, 1900, 2100, 2300, 2500, 2700, 2900, 3100,
3300, 3500, all data) tag geometric progressive sampling (ﬁ‘umﬂﬂtjﬂﬁ’mﬁw 100, 200,
400, 800, 1600, 3200, 6400, 12800, 25600, all data) gadasyafildnanouiiduan 5

‘l?\’uﬁ%uya Adult, Letter, Mushroom, Shuttle, Satellite Image

&
4.1 wamIguABYANUUWUEIY

\ ¥ .
M50 4.1 89 4.5 aoldilzuaasdsz@ntnmueiluen Geaaedisanueiungs

o =3 0
Tumsiwnonmavesdeyalugadoyanadey  Tashoudludosazvesdoyafivinnugndedeyn

nageUHIMIR Lcﬁm’hﬁmwﬂmﬁmmi’fﬂa&lamﬁaﬂﬁgﬂﬁm%\mm sxfltmruaiunsaiiv
100%) uazuaaan i lumsadulunadosaneifiy J48 uaz naive Bayes (arialumiag
yos3un) uazasanzdiunamsnaaeuvouwazdoyn Tundeyna Adutt, Letter, Mushroom,
Shuttle way Satelite Image A&y MsNeNUARIZIZYYIIRYesdBya luldnzngy
y

w 1 <] o | o < A T o 1 o A e
ﬁ?ﬂﬂqﬁlﬂuﬂ'ﬂﬁﬁﬂ'ﬂmg A9 MUIULTAABITA Y190 instances 1‘1«!'{']@319’!';]65‘1*1 ax ﬂ‘lii‘h’luﬂ‘ﬂ

fuluviaeanusi (19msine kilobytes, KB)
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¥
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5199 4.1 Usz@nTamusznmlumsdunsied lusavesdoya ADULT

Sample Samp!ing Number D_ata Accuracy Accuracy Time Time
SEe | AR tences | B) se | (aivoBayes | (sae) | (nave
100% 32,561 3947 85.85 83.13 40.05 1.28

Simple 326 37 81.26 82.82 0.03 0.02

1% Systematic 326 41 82.31 82.53 0.21 0.05
Stratified 327 41 79.98 82.96 0.08 6.02

Simple 652 72| 838 83.45 0.08 0.01

2% Systematic 652 81 83.94 82.62 0.16 0.05
Stratified 652 80 83.36 83.05 0.11 0.06

| Simple 977 106 83.05 B2.35 0.39 0.06

3% Systematic 977 120 82.95 82.61 0.24 0.01
Stratified 878 120 83.89 83.33 0.39 0.04

Simple 1,303 141 82.86 82.13 0.4 0.05

4% Systematic 1,303 158 83.88 82.93 0.58 0.07
Stratified 1,303 159 83.31 83 0.31 0.02

Simple 1,629 176 84.25 82.16 1.6 0.04

5% Systematic 1,628 197 84 83.45 0.34 0.04
Stratified 1,629 198 83.69 82.67 1.49 0.07

Simple 1,954 210 83.82 82.47 0.75 0.09

6% Systematic 1,954 237 84.73 83.43 1.25 0.09
Stratified 1,955 237 84.09 82.65 0.76 0.06

Simple 2,280 245 84.47 82.38 0.74 0.09

7% Systematic 2,279 276 84.79 8273 0.64 0.06
Stratified 2,280 276 84.49 82.78 2.14 0.04

Simple 2,605 279 84.03 824 1.92 0.05

8% Systematic 2,605 315 84.48 83.66 1.78 0.05
Stratified 2,606 315 83.87 83.51 1.73 0.14

Simple 2,931 314 84.59 823 1.16 0.15

9% Systematic 2,931 353 84.16 83.6 1.1 - 013
Stratified 2,931 354 85.21 53.53 0.88 0.08

Simple 3,257 349 84.29 82.92 1.22 0.12

10% Systematic 3,256 393 84.67 83.32 1.14 0.1
Stratified 3,257 392 85 83.34 1.17 0.11

Simple 4,885 523 85.23 83.45 4.64 0.15

15% Systematic 4,884 590 84.98 83.51 6.52 0.18
Stratified 4,885 589 85.4 83.04 25 0.2

Simple 6,513 696 85.71 82.43 3.14 0.28

20% Systematic 6,512 784 85.33 83.75 3.32 0.25
Stratified 6,513 785 84.85 82.71 3.29 0.26
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13197 4.2 dszanmmuaenalumsdaaszr Tnavesdoya LETTER

Sample Sampiing Number D_ata Accuracy Accuracy Time Time

size te"‘h"'q“e e (@) | W48 | (naiveBayes | (J48) (naive

model) model) Bayes)
100% 15,000 533 87.7 63.56 25.57 1.48
Simple 150 6 39.32 47 .4 - 0.26 0.02
1% Systematic 151 6 38.82 40.28 0.1 0.02
Stratified 160 7 33.98 42.7 0.36 0.05
Simple 300 12 50.72 ‘ 51.52 0.2 0.01
2% Systemalic 301 12 48.46 52.26 0.21 0.01
Stratified 313 12 49.34 51.04 0.23 0.03
Simple 450 17 55.44 56.28 024 | 0.01
3% | Systematic 451 17 56.3 54 2.2 0.02
Stratified 464 17 59.76 56.96 0.26 0.01
Simple 600 | 22 58.2 58.28 0.35 .0.02
4% Systematic 601 22 60.86 57.56 1.1 0.07
Stratified 611 23 56.86 60.44 0.35 . 0.02
Simple 750 28 62.06 59.72 0.61 0.07
5% Systematic 751 28 61.78 57.76 0.52 0.06
Stratified 763 28 61.64 56.86 2.36 0.02
Simple 900 - 33 63.18 61.98 0.61 0.05
6% Systematic 901 33 63.84 60.04 0.6 0.04
Stratified 912 33 61.24 | 59.5 1.21 0.09
Simple 1,050 38 65.46 61.04 0.69 0.03
7% Systematic 1,051 38 64.08 60.28 0.73 . 0.04
Stratified 1,083 39 63.9 60.08 0.63 . 0.09
Simple 1,200 44 65.24 ©61.42 0.8 - 0.04
8% Systematic 1,201 44 66.46 60.22 0.92 0.13
Stratified 1,213 44 65.3 59.22 0.74 0.04
Simple 1,350 49 66.82 61.48 3.56 0.04
9% Systematic 1,351 49 66.72 60.08 0.94 0.08
Stratified 1,362 49 66.66 60.48 0.9 0.05
Simple 1,500 54 69.22 60.7 1.26 0.24
10% | Systematic 1,501 54 £9.08 61.08 1.01 0.06
Stratified 1,512 55 67.58 61.58 1.2 0.07
Simple 2,250 81 71.18 62.2 1.74 0.1
15% Systematic 2,251 81 71.04 62.68 2.6 0.08
Stratified 2,265 81 72.56 61.62 1.72 0.1
Simple ' 3,000 107 75.6 61.44 27 0.15
20% Systematic 3,001 107 75.76 63.62 9.64 0.18
Stratified 3.010 108 74,52 61.78 248 0.13
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M0 4.3 UsgAvEmmaznmlunmsdunszd lusavesteya MUSHROOM

Sample Sampling Number D.ata Accuracy Accuracy Time Time
T e | 06 |, | | 0| e
100% 5,416 917 100 95.79 0.2 0.05
Simple 55 10 95.42 94.98 0.07 0.01
1% Systematic 55 10 97.86 90.69 0.06 0.02
Stratified 55 11 97.86 92,39 0.01 0.02
Simple 109 18 98.15 94.65 0 0
2% | Systematic 109 20 97.64 91.84 0.01 0.01
Stratified 109 20 98.15 94.35 0 0.01
Simple 163 26 98.15 94.53 0 0
3% Systematic 163 30 98.15 91.65 0.01 0
Stratified 163 29 98.45 90.48 0.01 0
Simple 217 34 98.15 94.46 0 0
4% | Systematic 217 39 99.3 9213 0.02 0
Stratified 216 39 98.15 92.69 0 0
Simple 271 42 98.15 94.5 0.01 0
5% | Systematic 271 48 98.15 94.53 0.03 0
Stratified 272 48 97.86 93.13 0.03 0
Simple 325 S0 98.15 94.31 0.02 0.01
6% Systematic 326 57 99.3 94,57 0.01 0
Stratified 326 57 100 a3 57 0.01 0.01
Simple 380 58 98.15 94.28 0.03 0
7% | Systematic 380 66 98.15 93.98 0.01 0.02
Stratified 380 66 98.15 92.32 0.06 0.02
Simpie 434 66 98,15 94.46 0.01 0
8% | Systematic 434 75 98.56 92.84 0.02 0.01
Stratified 434 75 98.15 93.21 0.02 0.05
Simple 488 74 98.15 95.75 0.05 0
9% | Systematic 488 85 99,74 94.35 0.04 0.01
Stratified 489 85 98.15 93.91 0.03 0
Simple 542 82 98.15 95.46 0.03 0.03
10% Systematic 542 94 99.3 93.54 0.08 0.03
Stratified 543 94 99.7 93.21 0.03 0.03
Simpie 813 122 99.7 94.53 0.04 0.01
15% Systematic 813 140 99.3 94.53 0.04 0.01
Stratified 813 139 99.74 93.87 0.03 0
Simple 1,084 162 99,7 94.65 0.03 0.02
20% Systematic 1,084 185 99.78 94.05 0.04 0.01
Stratified 1,084 185 99.74 0.03 0.02

93.98
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= a e as I'$
3197 4.4 Uszdntmuuasnanlumsdaunsiesn Tumavesioya SHUTTLE

Sa{nple Sampling Number Dgta Accuracy Accuracy Time Time
size technique inst::mes f’&zg) m(tcjgzdtil) (nagsgjg(es (J48) {naive
Bayes)
100% 43,500 1127 99.95 92.21 21.1 2.64
Simple 435 12 99.58 93.72 0.06 0.02
1% Systematic 436 12 99,54 94.24 0.02 0.01
Stratified 440 12 99.57 88.25 0.15 0.01
Simple 870 23 99.59 92.92 0.16 0.07
2% Systematic 871 23 99.54 94.79 0.18 0.06
Stratified . 874 23 99.15 93.87 019 | . 007
: Simple 1,305 35 99.59 94.76 0.08 0.05
3% Systematic 1,306 34 09.62 94.44 0.16 0.05
Stratified 1,309 35 99.59 89.19 0.13 0.05
Simple 1,740 48 99.49 92.52 0.17 0.03
4% Systematic 1,741 46 99.52 90.68 0.26 . 0.04
Stratified 1,744 46 99.71 89.96 015) .. 0.05
Simple 2,175 57 99.49 91.66 0.3 . 0.11
5% Systematic 2,176 57 99,7 934 0.34 0.13
Stratified 2,178 57 99.65 95.04 0.34 0.5
Simple 2,610 68 99.61 84,82 0.37 0.08
6% Systematic 2,611 68 99.59 86.52 0.25 0.1
Stratified 2,613 68 99.52 91.93 0.38 0.11
Simple 3,045 80 99.59 85.95 0.37 0.11
7% Systematic 3,046 79 99 66 91.31 0.32 0.08
Stratified 3,049 80 99.64 89.37 0.38 R
Simple 3,480 91 99.59 88.19 0.71 0.2
8% Systematic 3,481 91 99.63 92.88 0.59 0.17
Stratified 3,482 91 99.7 90.81 0.75 0.17
Simple 3,915 102 99.61 87.38 0.7 0.17
9% Systematic 3,916 102 - 99.73 90.54 0.7 0.18
Stratified 3,918 102 99.72 88.29 0.89 0.13
Simple 4,350 13 99.64 87.94 2,23 0.14
10% Systematic 4,351 113 99.63 B4.7 0.8 0.14
Stratified 4,353 114 99.68 89.04 1.93 0.3
Simple 6,525 170 99.77 89.26 2.21 0.33
15% Systematic 6,526 170 99.81 90.51 2.16 0.32
Stratified 6,528 170 99.83 89.52 1.59 0.34
Simple 8,700 226 99.77 87.3 2.02 0.36
20% | Systematic 8,701 226 99.81 93.23 2.18 0.35
Stratified 8,704 226 99.82 91.7 3.27 0.41
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15137 4.5 UssinEmmpznalumsdunsied Tusavestoya SATELLITE IMAGE

Sample Samgling Number Dgta Accuracy Accuracy Time Time
size teclhmque et g;ces (5|'<ZBG) n&:?jgl) (nari':fsdB;g/eS (J48) (naive
Bayes)

100% 4,435 515 85.35 79.6 2.82 0.31

Simple 45 30.55 22.85 0 0.01

1% Systematic 45 69,55 73.8 0.01 0.01

Stratified 47 70.1 75.4 0.01 0

Simple 89 12 51.35 41.15 0.02 0

2% Systematic 89 12 76.7 81.5 0.52 0

Stratified 92 12 74.2 79.15 0.03 0

Simple 134 17 49.45 42.95 0.02 0.01

3% Systematic 134 17 75.2 78.8 0.09 0.02

Stratified 137 17 72.45 79.45 0.03 0.01

Simple 178 22 50.4 42.2 0.02 0.01

4% Systematic 178 22 78 80.5 0.06 0.01

Stratified 180 22 77.2 79.8 0.04 0.01

Simple 222 27 49.95 45.85 0.04 0.01

5% Systematic 222 27 79.05 80.2 0.07 0

Stratified 224 27 78.9 78.95 0.06 0.01

Simple 267 | 32 52,15 43.9 0.05 0.01

6% Systematic 287 32 78.9 79.2 0.08 0.01

Stratified 269 32 78.1 80.05 0.07 0.01

Simple 311 37 53.45 45.65 0.07 0.01

7% Systematic 311 37 79.05 80 0.09 0

Stratified 314 38 74.75 79.55 0.14 0.04

Simple 355 42 52.8 45.2 0.07 0.01

8% Systematic 3585 42 78.35 785 0.1 0.01

Stratified 358 43 77.25 79.4 0.12 0.01

Simple 400 48 51.25 47.1 0.07 0.01

9% Systematic 400 48 77.65 79.8 0.12 0.01

Stratified 403 48 78.25 78.1 0.12 0.02

Simple 444 53 59.45 49.75 0.11 0.01

10% Systematic 444 53 80.15 79.4 0.13 0.01

Stratified 446 53 80.65 79.05 0.13 0.01

Simple 666 78 65.25 72.15 0.19 0.03

15% Systematic 666 78 81.4 78.8 0.2 0.02

Stratified 668 78 78.4 79.7 0.21 0.02

Simple 887 104 75.55 73.9 0.76 0.03

20% Systematic 888 105 82.65 78.75 0.26 0.02

Stratified 889 104 80.65 79.7 0.27 0.03
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4.2 pamsgudayauuuinimin

{ - ] dy a o :
M3 4.6 D9 4.10 dohlfiuaealsz@nEnmwasliea wie Classifier #lannms
@ 7" @ =) .

dunsizd lumad e8anesNy naive Bayes uaz J48 wesleya Adult, Letter, Mushroom,
Shuttle tat Satellite Image AW TasmsuankaIznSoumsLA M NUNIAIWRIMITY
] = [y 1 = ' g g ¥ P! 3/
wuavatiaTsueudumsguusnads ludmvowianilylumsad e Tueasz iy

1 = o ’ i Ag’ ::: 2 di 9/ = e dgl’ “ X
wURIfUMINAneY g IMveIMsguuuUiLug ™ dufedisdeyaliufnamnniuominlelu
9 Y =2 ¥ ] ; o A X "
MsAF N INEAITINATUAY MITBNUHATATURMZAANBUNUATI 113 UMV M50
anaY) vesmmnmuuasiiamulSinamsgudeyavestioyn Adult, Letter, Mushroom,

Shuttle uaz Satellite Image uaauiunimns w18 e31i 4.6.59.4.10 sy

H & - ar o
A3 4.6 UszEnS ammsdansizd lunaveadeya Adult

nsgudByauULaTIATIA. (Arithmetic) negudiayauLLizIAiin (Geometric)
udiaya ANPIMLHUATY (%) uaufoya ATAIINUHUATS (%)
naive Bayes J48 naive Bayes J48
100 84.20 81.86 | 100 84.20 81.86
300 83.76 84.31 | 200 83.994 80.49
500 83.67 N 84.09 400 83.570 80.49
700 83.81 84.28 | 800 84.104 84.26
900 83.93 84.26 1,600 83.650 84.55
1,100 83.72 83.58 3.200 83.736 84.15
1,300 83.58 84.97 6,400 83.459 85.00
1,500 83.59 84.63 12,800 83.207 85.71
1,700 83.47 84.48 25,600 83.189 85.82
1,900 83.50 83.76 32,561 83.128 85.85
2,700 53.59 84.05
2,300 83.64 83.92
2,500 83.51 84.20
2,700 83.72 §4.03
2,900 83.79 84.03
3,100 §3.78 83.95
3,300 83.74 84.69
3,500 B3.68 84.65
32,561 83.13 85.85
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M1an 4.7 ezdniammsdansizd lumavosdoya Letter

msgudoyauuauAtin (Arithmetic) msgudsyauuLsIAdiaA (Geometric)
fundeya AIAVLNUATY (%) fudeya AP NUULNUAT (%)
naive Bayes J48 naive Bayes J48
100 39.16 31.12 100 29.28 28.64
300 52.46 50.42 200 43.88 41.10
500 57.96 60.48 400 51.10 50.6
700 58.04 60.68 800 57.42 60.16
| 200 59.68 60.98 1,600 59.62 66.54
11,100 59.88 62.08 3,200 62,44 74.90
1,300 59.88 62.08 6,400 62.40 82.16
1,500 50.78 66.44 12,800 63.14 86.46
1,700 60.34 68.18 15,000 63.56 87.70
1,800 60.18 69.98
2,100 61.12 7.5
2,300 62.04 71.62
2,500 62.66 71.88
2,700 62.62 71.98
2,900 62.90 72.70
3,100 62.80 73.50
3,300 63.04 74,92
3,500 62.78 75.72
15,000 63.56 87.70
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! I as I'4
a3 4.8 szAnEmmmsdunsed Tuaavestoya Mushroom

ngudeyauuL@andin (Arthmetic)

MIuieyaLUmINIAGRn (Geometric)

fmudeya AN BUIURSS (%) $rumdeyan AMIVUNUATE (%)
naive Bayes J48 naive Bayes J48

100 91.65 95.05 100 91.06 95.75

300 93.61 97.86 200 92.36 98,15

500 94.24 98.15 400 93.50 98.15

700 94.02 98.56 800 93.611 98.15

900 94.39 98.67 1,600 94.13 99.82

1,100 94.20 99.82 3,200 94.65 100

1,300 94.28 99.82 5,416 95.79 100

1,500 94.35 90.82

1,700 94.31 99.82

1,900 94.39 99.82

2,100 94.57 99.82

2,300 9472 . 99.82

2,500 94.68 99.82

2,700 94.72 99.82

2,900 94.94 99.82

3,100 95.13 99.82

3,300 95.20 99.82

3,500 956.24 100

5416 95.79 100
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A13198 4.9 szdntamasdansiz luaavosdoya Shuttle

ntqudeyauuuiavadia (Artimetic) nsfudeyauuusnntin (Geometric)

i‘iimu%’mga AN ULIUATS (%) Suaudoya AN ULNUATE (%)
naive Bayes J48 naive Bayes J48

100 91.17 96.70 100 95,43 98.70
300 92.72 98.69 200 94.88 99.59
500 92,72 99.47 . | 400 94.24 99.00
700 94.08 99.53 800 94.23 99.53
800 94,62 99.52 1,600 92.55 99.46
1,100 94.60 99.54 3,200 92.06 99.72
1,300 90.88 99.46 6,400 90.73 99.73
1,500 90.66 99.52 12,800 91.78 99.84
1,700 90.16 99.62 25,600 90.26 99.96
1,900 89.33 98.50 43,500 92.02 99.95
2,100 | §6.64 99.59
2,300 87.28 .99.63
2,500 88.00 99.64
2,700 88.61 99.63
2,900 89.01 99.63
3,100 89.60 99.62
3,300 89.70 99.70
3,500 89.61 99.67
43,500 92.02 99.95
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P a o o o
a3eN 4.10 dszdnSamnsdunsizi lunavssdeya Satelite Image

migudeyauviavadin (Arithmetic) mygudeyauuuisvinda (Geometric)

Swndeya AU (%) uudeya ARLLIUAT (%)
naive Bayes J48 naive Bayes J48

100 77.80 78.25 100 80.40 72.85
300 79.25 78.25 200 79.15 77.20
500 79.20 79.20 400 79.40 78.25
700 79.15 81,35 800 79.90 81.30
200 79.20 81.40 1,600 79.70 83.6
1,100 79.05 83.55 3,200 79.60 86.05
1,300 79.05 82.55 4,435 79.60 85.35
1,500 79.15 82.05
1,700 79.20 83.7C
1,900 79.45 83.95
2,100 79.50 84.35
2,300 79.40 82.90
2,500 79.55 84.10
2,700 79.50 83.75
2,900 78.60 84.80 ‘
3,100 79.50 §4.10
3,300 79.65 85.20
3,600 79.50 85.80
4,435 79.60 85.35
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4.3 anlsema
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The effect of sampling techniques to accuracy estimation®
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Petchpirin Doungsuwan

School of Computer Engineering
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111 Muang District
Nakorn Ratchasima 30000
Phone (044) 224352; Fax (044) 224165

ABSTRACT

Knowledge discovery is the process of extracting useful and previously
unknown information from the very large data set. Among many
discovering methods, decision rules extracting is one of the most
extensively studied techniques. But extracting rules from a large database
is computationally inefficient. Using a sample from the database can
speed up the data mining process, but this is only acceptable if it does not
reduce the quality of the induced rules. We thus investigate the criteria to
decide whether a sample is sufficiently similar to the original database.
We observe the accuracy of the induced rules extracted from training
samples of decreasing.sizes and use these results to determine when a
sample is sufficiently small, yet maintain the acceptable accuracy rate.
We evaluate random and systematic sampling methods on data from the
UCT repository.

1. Introduction

Data mining (also known as knowledge discovery in databases, or KDD) is the
process of applying specific learning algorithm to extract interesting and useful
knowledge from data [2]. Typical data mining applications extract knowledge from
databases ranging from small to moderate in size. When a data set is very large,
mining process may take a very long time. Moreover, some mining algorithms may
not be scalable on huge amounts of data. To handle large data sets, data reduction is
one important step prior to applying the mining algorithms.

Data reduction can be achieved by reducing the number of cases and/or reducing
dimensions of those cases. Qur study focuses on case (or instance) reduction via the
technique of sampling. Mining on reduced data set is obviously more efficient than
on the original data set. On the contrary, if the sample is too small, some useful
knowledge may be overlooked. Qur paper addresses the question of sufficient
sample size as well as the improved mining time. The rest of the paper is organized
as follows. The next section describes various sampling methods. Section 3

" This research has been supported by the grant from Suranaree University of Technology.
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explains the methodology of our study including experimental setup and the data
sets. Section 4 discusses the results. The conclusion is presented in Section 5.

2. Sampling methods

Sampling is used as a data reduction technique because it allows a large data set to
be represented by a much smaller subset of the data. Basic methods of sampling
commonly used are random sampling, systematic sampling, and stratified sampling
[4].

Suppose that a large data set contains N instances. Random sampling selects »
instances (n < N) at a random choice. The probability of drawing any instance in the
data set is 1/N, that is, all instances are equally.likely. This is the case of random
sampling without replacement. If the sampling is done with replacement, an
instance has a chance to be drawn more than one times.

The systematic sampling method draws » instances from the data set by their
fixed stepping positions. This sampling method draws the first instance at a random
position. Then iteratively draws subsequent instance at the next & position, when &
is a stepping size.

Stratified sampling method first divides the data set into mutually disjoint
subsets called strata. Then draws samples from each stratum independently by
applying the simple random sampling technique. The three sampling methods are in
illustrated in Figure 2.1.

3. Methodology

3.1 Experimental Setup

In order to conduct an experiment to investigate the sufficient size of a sample
obtained from different sampling methods, we use OneR as a learning algorithm to
induce decision rules. OneR algorithm [3] induces decision rules based on the value
of a single attribute. It is shown that we can get reasonably accurate decision rules
by simply looking at one attribute, as opposed to a more sophisticated top-down
decision-tree induction algorithms such as C4.5 [6]. The average accuracy of OneR
for the data sets tested by Holte [3] is just 5.7% lower than that of C4.5.

We choose two data sets from the UCI Repository {1]. The two data sets
represent the variety of data characteristics, that is, numeric data, nominal data, and
data with missing values. Each data set is sampled using two different sampling
methods: random sampling (without replacement) and systematic sampling,.
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Random sampling T7 .
{without replacement) T2
T11
T4
Original data set Random sampling T3
(with replacement) Tl
Tt . poor T12
12 | ... good - 7 TI1
T3 ... moderate Systematic sampling
T4 ... moderate (step=15) Ti0
TS Ve poor — T3
T6 - good T8
T7 cee good T1 . poor Ti
T8 . poor T3 ves poor
T9 ... moderate T8 ces poor
T10 cen good ' T3 ... moderate
T1i ..+ moderate T4 ... moderate
T12 ... moderate T9 ... moderate T1 ves poor
T11 .+» moderate T11 ... moderate
T12 ... moderate T4 ... moderate
Stratified T2 ces good T7 cen good
sampling T6 vas good ‘/'
T7 . good
T10 res good

Figure 2.1 Different sampling methods to draw 4 samples

For each sampling method, a data set is drawn for five different sample sizes:
80%, 70%, 60%, 50%, and 40% of the original data set. Then runs the learning
algorithm on each sample. The learning algorithm is also run on the original data
set to observe the accuracy and the learning time. These two criteria will be used as
a benchmark to compare against those obtained from the various samples.

The experiments are performed on the WEKA (Waikato Environment for
Knowledge Analysis) system [7]. WEKA system is an open-source Java-based
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machine learning environment that provides tools and algorithms to be used as a
data- mining workbench.

3.2 Methods for Accuracy Estimation

Accuracy estimation refers to the process of approximating the future performance
of a set of decision rules induced by a learning algorithm. This process helps to
evaluate how accurately the induced rules will predict on the future data. The
common accuracy estimation methods used extensively are [5] holdout, cross-
validation, leave-one-out cross-validation, stratified cross-validation, and bootstrap.
In our experiments, we estimate the accuracy of the induced rules using the holdout
and stratified 10-fold cross-validation methods. -

The holdout method partitions the original data set into two mutually dlSJOlIlt
sets: a training set and a test set (or holdout set). Typically, two thirds of the data
(2/3 =~ 66.6%) are allocated to the training set, and the remaining (1/3 ~ 33.3%) is
allocated to the test set. The training set is used to train the learning algorithm, and
the induced decision rules are tested on the test set. Since only 33.3% of the
original data are used for estimating accuracy, this method is not a good estimator
for a small data set.

Ten-fold cross-validation method is a variation of the holdout method in which
the method is repeated 10 times. The data set is randomly split into ten mutually
disjoint subsets, called the folds. The ten folds are approximately equal in size. To
induce decision rules, nine folds are used to train the learning algorithm, the
remaining onc fold will be used as a test set. The process is repeated 10 times with
a different set of test data at each iteration. The overall accuracy estimation is the
average of the accuracy obtained from each iteration. :

Stratified 10-fold cross-validation is a cross-validation technique in which the
original data is stratified before it is partitioned into ten folds. This is to guarantee
the equal distribution of data in each class. This method is a good estimator for a
small data set [5].

In order to observe the predicting accuracy of different sampling sizes, we
employ both the holdout and the stratified 10-fold cross-validation methods since
we range the sampling size from 100% (i.e., no sampling at all) to as small as 40%
of the original data size.

4., Results and discussion

For each data set, we first apply sampling methods to generate the samples of
different sizes. Each sample is then applied to the OneR learning algorithm to
induce the decision rules. The predicting accuracy of these rules is tested with the
two estimating methods: holdout and stratified 10-fold cross-validation. Tables 4.1
and 4.2 show the results of the accuracy estimation for the data sets using different
sampling methods at various sizes. The columns ‘Correct Rules’ indicate the
sampling sizes that generate the same set of rules as the original data (i.e., no
sampling data set).
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Sampling Sampling | Number of Accuracy Correct Accuracy
Method Size Instances (Holdout) Rules | (stratified 10-fold CV)
No sampling 100% 150 98.0392% 92.6667%
Random 80% 120 87.8049% 92.5%
Sampling 70% 106 89.1892% 3 94.3396%
60% 90 93.5484% 96.6667%
50% 75 92.3077% 3 . 93.3333%
40% 60 100% 100%
Systematic 80% 120 92.682%9% 92.5%
Sampling 70% 105 97.2222% 3 98.0952%
60% 90 90.3226% 96.6667%
50% 74 100% 3 97.2973%
40% 60 100% 3 96.6667%
Table 4.2 Accuracy estimates for the Primary-Tumor data set
(nominal data with missing values)
Sampling Sampling | Nuinber of Accuracy Correct Accuracy
Method Size Instances (Heldout) Rules | (stratified 10-fold CV)
No sampling 100% 339 28.4483% 27.4336%
Random 80% 204 26.6667% 3 28.0303%
Sampling 70% 231 26.5823% 24.6753%
60% 199 32.3529% 3 30.6533%
50% 165 28.0702% 30.303%
40% 132 35.5556% 32.5758%
Systematic 80% 264 26.6667% 3 30.6818%
Sampling 70% 231 22.7848% 3 29.4372%
60% 198 27.9412% 3 28.7879%
50% 165 31.5789% 30.303%
40% 132 3L1H1% 26.5152%

For each data set varying in the characteristics, the results indicate that:

(1) For the small data set (Iris data), stratified 10-fold cross-validation
estimating method on sampled data predicts with a higher accuracy than

predicting with the original data.

(2} Sampling sizes of 50-70% produce the same set of decision rules as the
original data, but the accuracy rate is higher.

(3) For a larger data set (Primary-Tumor data) with missing values, sampling
sizes of 60-80% generate the same results as the original data, but with a -




69

higher accuracy.

(4) On average, random sampling generates slightly more accurate samples
than the systematic sampling method on a larger data set.

(5) The time to induce the decision rules is 0 second on every sample. So, we
cannot conclude that the smaller samples help decreasing the learning time.

5. Summary

We review common sampling methods that are naturally used as a technique to
reduce the data size for the purpose of improving learning time in the data mining
process. We design the experiments to vary the sampling sizes in order to observe

the smallest sampling size that yields the learning result.as.accurate as.the original . .. ...

data. The accuracy is estimated with two different methods: the holdout and the
stratified 10-fold cross-validation.

Our results indicate that random sampling of the size approximately 60-80% of
the original data produces the same result as the original data with a high accuracy.
However, to draw the exact conclusion requires a further investigation on a larger
data set as well as with two or more learning algorithms. '
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ABSTRACT

Learning from a very large data causes a performance problem even with the most
efficient algorithm. Natural solution is to use a sample, but it is not obvious to
determine the small but sufficient sample size. We explore two methods of
progressive sampling: arithmetic and geometric. Progressive sampling is defined
as a technique that starts with a small sample and repeatedly uses progressively
larger samples until the performance of the resulting model does not further
improve. The results of our studies show that geometric progressive sampling
works well with the large data sets. '

Keywords Progressive sampling, Knowledge discovery, Data mining, Data analysis

1. INTRODUCTION

With the current advancing technology, we are capable of collecting and storing huge
amount of data. Data in electronic form grow to the point where a hundred gigabyte is
considered small. Analyzing and discovering the knowledge hidden in these massive data
sets become an arduous task and require either advanced parallel hardware, or a very
efficient data-analysis algorithm. However, most data analysis and mining algorithms are
not scaling efficiently to a very large data set, This is due to the fact that the computational
complexity of even the fastest algorithm is linear in the number of instances.

The most natural way of dealing with the ever-increasing data is to use¢ a sample from
the data set. Learning from a small sample can certainly speed up the knowledge discovery
process, but the mined knowledge must be as accurate as learning from the whole data set.
To determine the sufficient but small sample size is not obvious. Therefore, we
empirically explore a method of progressive sampling on large data sets using different
learning algorithms with the purpose to study the efficiency of the method.

2. PROGRESSIVE SAMPLING

Using sampling” to reduce the size of the data set has‘long been an issue in data-intensive
applications. John and Langley’ study static and dynamic sampling methods for data
mining. They refer to static sampling as a method to obtain a required sample by -
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determining statistically whether a sample is sufficiently a representative of its original
data set. The word static is used to convey the information that this sampling technique is
independent of the following analysis or learning technique. John and Langley use chi-
square and large-sample tests as the criteria to confirm that each attribute in the sample
comes from the same distribution as the original population.

Dynamic sampling,on the contrary, is a sampling technique that uses the prior
knowledge about the mining algorithm to choose an optimal sample size. Dynamic
sampling has been shown"* an efficient and preferable technique to static sampling.

Provost, Jensen and Oates® study the dynamic sampling approach and rename it
~ progressive sampling. They define progressive sampling as a sampling technique that
starts with a small sample and repeatedly uses progressively larger samples until the
performance of the resulting model no longer improves. The progressive sampling
algorithm can be defined as follows.

Algorithm Progressive Sampling
Input: Schedule 8§ = {n, n,, ..., ng } of sample sizes when n; > n; for j > i, and ny is all
training data.
Qutput: An accurate model M that is trained from a sample n;,
1. Initialize accuracy Acc = 10,1= 1
2. M « model induced from sample n;
3. While Accy > Acc
/f Accy is accuracy of model M
3 iei+!
3.2) Acc « Accy
3.3) M « model induced from sample n;
3.4) end while
4, Return M

3. EMPIRICAL COMPARISON OF SAMPLING SCHEDULE

John and Langley’ compare dynamic sampling with static sampling and show that dynamic
sampling produces more accurate model than does static sampling. We extend their study
by examining two different schedules of dynamic sampling, which we refer to as
progressive sampling in this paper. We study arithmetic progressive sampling and
geometric progressive sampling. According to Provost, Jensen and Oates®, arithmetic
progressive sampling is a sampling method using the schedule S, =n; + (i ¥ ng) wheni=
0 and n; is some fixed number of instances. In our empirical study, S, = {100, 300, 500,
700, ..., 3300, 3500, all instances}. Geometric progressive sampling, on the other
hand,uses the schedule S, = a' * n;. We set the schedule 8, = {100, 200, 400, 800, 1600,
3200, 6400, 12800, 25600, all instances}, that is, a = 2,1 > 0 and n; = 100.

We compare arithmetic versus geometric progressive sampling using the learning
algorithm naive Bayes and C4.5 trained on three large data sets: shuttle (43,500 instances
in training data and 14,500 test data instances), adult (32,561 instances in training data and
16,281 test data instances), and letter (15,000 instances in training data and 5,000 test data
instances). These data sets are taken from the UCI Repository®, The comparative results
running with naive Bayes and C4.5 algorithms are shown in Figure 1 and 2, respectively.
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4. DISCUSSION

For the letter data set running with naive Bayes algorithm, the highest model accuracy is
63.88%. The geometric progressive sampling can reach this highest point in the seventh
sampling step (sample size = 6400 instances), whereas with the arithmetic method, more
than eighteen sampling steps are required. The observation that geometric progressive
sampling reaches the highest model accuracy faster than the arithmetic methed is also
applied to the adult data set. It is also true with the shuttle data set except that the highest

accuracy found by the geometric method is 95.06%,but the arithmetic method can reach
the accuracy 95.49% with more sampling steps, though.

The same notice is also applicable to the experimental results obtained from C4.5

algorithm. Empirical studies on large three data-sets shows-that G4S.can-induce a-more« -~

accurate model than does the naive Bayes but with the price of more sampling steps.

Final remark regarding learning with large data sets is that using a sample of
approximately 1,500-2,000 instances should yield a reasonable accurate model. This
absolutely requires further investigation.

5. CONCLUSION

Learning from a very large data set incurs computational complexity even with the fastest
learning algorithm. The most natural way of dealing with the ever-increasing data is to use
a sample from the data set. However, determining the small but sufficient sample size (in
the sense that the accurate model should be induced) is not obvious.

We empirically investigate two kinds of progressive sampling methods: arithmetic and
geometric. Arithmetic sampling grows sample sizes linearly, whereas the geometric
method exponentially grows sample data, The experimantal results show that with only
five to nine trials, the geometric progresive sampling method produce the highest accurate

model, We plan to extend our study to make the sampling schedule adaptive to the
resulting model accuracy.
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Figure 1 Arithmetic and geometric progressive sampling running with naive Bayes
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