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John Tukey (1915-2000)@ ⌅¡⇠Yêú‡X �\�x 2080X µƒYê⌘ \ Öt‰. Fast Fourier Trans-

formD ⌧Hà<p D∏(bit)@ å⌅∏Ë¥|î ©¥| \�\ ¨©\ ¨å<\ƒ L$8 à‰. John Tukey

î µƒÑ�D lå –…� êÃÑ� (Exploratory Data Analysis)@ Uù� êÃÑ� (Confirmatory Data

Analysis)\ ò� ⇠ à<p �ÄÑX µƒ )ï`t ƒê– X∞– à‰‡ ¿�à‰.

¯⌥‰t –…� êÃÑ�¸ Uù� êÃÑ�X (tî 4«|L? <� –…� êÃÑ�@ pt0X π’¸

lp– �\ –l– ⌘⇣D P‡ à<p tƒ Uù� êÃÑ�D ⌅\ �$¸ ®�D ƒúXî ÉD ©\\

X‡ à‰, Uù� êÃÑ�X Ω∞ t⌥å ƒú⌧ �$¸ ®�X ¿˘1D ÄùX‡ t| ⌅t ®��iƒ,

�$Ä�, ‡∞l⌅¸ ⇡@ )ïD ¨©\‰ . tt| ’0 ⌅t ‰L 2�¿ �| ¥¥Ùê1.

• ⇣0– x¨î ¨å¸ x¨¿ Jî ¨å‰⌅– ¥§ (t� àî�| ⇠Ì�¿ !t–⌧ ¥¥ÙX‰, ¯

∞¸ D¿¸ C| ı©Xî ¨å‰t ⇣0– ò x¨¿ JLD Lå ⇠»‰. ¯⌥‰t D¿¸ C ı©t

⇣0| �)Xî ®¸� à‰‡ –` ⇠ àî�? tÏ\ �$D ⌧0Xî t@ –…� êÃÑ�X �Ì

t|‡ ` ⇠ à‰, ⇠t– t �$– �\ ı¿D Uù� êÃÑ�D µt⌧ ` ⇠ à‰. l¥�<\

DP‰ÿD $ƒt⌧ »må êÃ| ⇠—XÏ �$Ä�X Ëƒ| pXå ⌧‰

• ��»◆–⌧‡�‰Xl‰¥ÌêÃ|Ñ�\∞¸,|Ä‡�‰@‰x‡�–Dt 0ç›¨Ãl‰

D⌘t lå ò¿¨‰. ¯‰@ ¥§ 1•X ‡�‰x�? Ï0– �t á ⌧X î!D Xî É@ –…�

êÃÑ�X ´t‰. X¿Ã î!t fiî ê ÏÄ| UxX0 ⌅t ⌅¥ ‡�⌘ |Ä|  ›XÏ á�¿

xl ¨å� ç1¸ å›, ¯¨‡ åD@ ∂– �\ ‹ƒ| p¨XÏ l‰¥Ì¸ ∞t UxXî É@

Uù� êÃÑ�X Ëƒt‰.

1763D †tà ïY ú⌅D µƒYX 0–<\ ºî‰t �µ 260D⌅X µƒY Ì¨X �ÄÑ@ Uù� êÃ

Ñ�– �\ l– X⌘⇠¥ à»‰. X¿Ã \¸ ⇠80 ŸH ÙË0X Ò•<\ Uù� êÃÑ�¸ Tà–

–…� êÃÑ�– �\ lƒ ⌅©` Ã\ 1•D tË»‰. �| ‰t MCMC¸ ¨\¯ îú(resampling)

⇡@ )ï‰@ ÙË0X ƒ¿t ∆‰t ‰⌧ pt0 Ñ�– ¨©⇠0 ¥$‡D Ét‰.

t ¸©–⌧î tÏ\ ÙË⇧X ⌧⌅D µt⌧ µƒYÑ|� ¿ú ⇠80ŸH ¥ªå ⌧⌅àî¿ LD¯‰.

πà Ept0X ‹�| fitXÏ –…� êÃÑ�¸ Uù� êÃÑ�D Ù‰ |⇠T\ ⌧Px L‡¨ò¸ µ

ƒ� î`X ⌧⌅¸�– �t⌧ ıÄ\‰. L‡¨ò@ 0¯�<\ “¥ªå Ñ�D Xî–”| �®D fiî‡

1»Öå, pt0 Ñ�X †Y¸ ¸Y1, R User Conference 2015
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2 0�: Introduction

à<p tÏ\ Ω•@ πà pt0 ¨t∏§\ �\⇠î Ñ|–⌧ πà �p⇠‡ à‰, ⇠�\ µƒ� î`@

“\ t⌥å Ñ�D t| Xî–”– �\ ı¿D ⌧ıX0 ⌅\ ⇠Y� |¨| ⌧ıXî Ñ||‡ ` ⇠ à‰.

t ¸©–⌧î µƒYX ¸î )ï`D �ƒ\ ‰L¸ ⇡t lå 3Ëƒ\ ò⌅¥ ‰ ��t‰.

Part I ÙË⇧ ƒ} t⌅ ‹⇣(1950D�)D ⌘Ï<\ µƒY Ñ|X �\�x 3⌧X Y�, †t¿H(Bayesian),

Hƒ¸X(Frequentist), ∞ƒ¸X (Fisherian)– �t⌧ LD¯‰.

Part II ÙË0X �=0 ƒÖ‹0x 1950D�Ä0 1990D�L¿ ⌧⌧⌧ �\�x µƒ )ï`. Resampling

methods, ›tÑ�¸ EM L‡¨ò, |⇠T �®�, Empircal Bayes, MCMC– �t å⌧\‰.

Part III 2180 Ept0X ‹�– Ò•\ �\�x µƒ)ï`, ‰⌘DP@ å⇣T å¿Ñ�, Random Forests,

Neural Network, SVM, Post selection inference| �t ıÄ\‰.

Joh TukeyîµƒYX�•p•⇣t�Ïtàî®‡Ñ|@⌘%`⇠à‰îX¯\ “The best thing about

statistics is that you get to play in everyone’s backyard.”D ®º‰. 2180–î µƒYêî Tt¡ ∑»˘t

D»| ^»˘–⌧ pt0 ‹�X ¸Ì<\ Ò•t| ` Ét‰. t ¸©D µt⌧ ⇠�›‰t ¯Ï\ Ì`D

` ⇠ àƒ] 1•X0| Ä‰.
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Lecturer: •–† 2023 �DY0

µƒY@ Ωÿ(pt0)\ 0∞î ÉD lXî Y8t‰. tÏ\ pt0X ¨@\ ⌧1X ⇠ƒ, ⌅\|l ⌧

ƒ ⇠X ¿©0]ÒD ‰ ⇠ à‰. µƒY–î lå P�¿ �\ t`, †t¿H (Bayesianism)¸ Hƒ¸X

(frequentism)� à‰. <` Ï0– Xò| TXêt ∞ƒ¸X (Fisherianism)| ‰ ⇠ à‰. t ¸©–⌧î

‰ë\ !t–⌧ µƒYX �\�x 2�¿ (9@ 3�¿) t`‰X ıµ⇣¸ (t⇣– �t⌧ �t⌧ LD¸

��t‰.

¯©�<\ ¸ît`‰– �t LDÙ0 ⌅– µƒ� �⇣–⌧ “L‡¨ò”¸ “î`”X (t⇣D ÖUà Xê.

�• Œt ¨©⇠î µƒ…x …‡D t©XÏ P �¿ ⌧PX (t| $ÖtÙê. ∞¨� ‰L¸ ⇡@ êÃ

x1, . . . , xn| �!à‰‡ ��Xê. �| ‰t ⌅m 0�êXË¥ƒ êŸ( ¨‡ ⌧›( (10ÃÖ˘ ¨‡t⇠)D

�!à‰‡ ›�tÙê. t Ω∞ n “ 226tp …‡@ ‰L¸ ⇡@ ı›D t©XÏ ƒ∞` ⇠ à‰.

x̄ “
nÿ

i“1

xi{n (1.1)

¯⌥‰t t ✓@ º»ò �U\ É|L?
1 t »8– �\ ı¿@ \¯…‡X \�$( (standard error)| ⌧

‹Xî É<\ �ı` ⇠ à‰.

pse “
«

nÿ

i“1

pxi ´ x̄q2{pnpn ´ 1qq
�1{2

(1.2)

µƒYt ‰x Y8¸ �• p (t⇣t|t t⌥å î�XX àU‰1D \⌅X0 ⌅t \�$(, ⇣î ‡

∞l⌅D ⌧‹\‰î ⇣t‰. › (1.1)@ \¯…‡D ƒ∞Xî L‡¨òt¿Ã \�$((1.1)î L‡¨ò–⌧

ƒ∞⇠î …‡X àU‰1– �\ î`D ⌧ı\‰‡ ` ⇠ à‰.

|⇠�<\ L‡¨ò@ µƒYê� ‰⌧\ ƒ∞Xî ¸�D X¯\‰t î`@ tÏ\ ƒ∞¸�D Xî ¸p|

⌧‹\‰‡ ` ⇠ à‰. Œ@ Ω∞ L‡¨òt <� ⌧⌧⇠‡ t| ∑�hXî î`@ tƒ– ⌧⌧t ⇠‰\‰.

�| ‰t doubly truncated dataX Ω∞ ÑÏh⇠X nonparametric MLE– �\ self-consistent estimator

| lXî EM L‡¨ò@ 1976D Turnbull– Xt ⌧H⇠»¿Ã t î�X– �\ t`� 1»@ \¸–|

��L‰. <` t Ω∞–⌧ t`� 1»D t©X¿ J‡ bootstrap(L‡¨ò)D t©XÏ ‡∞l⌅D l` ⇠

à0L8– L‡¨òD t©\ î`ƒ �•X‰‡ ` ⇠ à‰.

\¸ pt0X l0� ⇣⇣ ù�X‡ ÙË⇧X çƒƒ ⇣( h|–– 0| L‡¨òt (¿Xî D⌘– T±T

ò¥�î î8t‰. X¿Ã t ¸©–⌧î †| (L‡¨ò)@ pÅt(î`)X Ω¸–⌧ pÅtX !tD �pX

1t »8@ }⌅ ÖUX¿ JD ⇠ à‰. l¥�<\ t …‡t î�X‡ê Xî É (â ®⇠, parameter)t ÖUX¿ J‰. Ã}
⌅m êŸ( ¨‡ ⌧›(D î�X‡ ˆ‰t weighted average| ¨©Xî Ét �UX‰.
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2 1•: Algorithm and Inference

‡ê \‰. ÙË⇧X ⌧⌅@ ^X double truncationX �@ ⇡t î`ƒ ⇡t 1•t ò� ⇠ àƒ] p Ì`D

X‡ à‰. ‰L �–⌧ 2�¿ �⌧| µt⌧ ÙË⇧t ¥ªå µƒÑ�D ¿T‹0î¿ LDÙê.

1.1 A Regression Example

¯º 1.1@ §‡Ï‹ X�X ‡•0•– �\ êÃX ∞⇣ƒ| ÙÏ�‰. 157ÖX t�\ ê–ê| �¡<\

òt(age)| xï<\, ‡•0•⇣⇠(tot)| yï<\ � ⇣⇠@ òtX �ƒ| ÙÏ¸‡ à‰. ¯º–⌧ ¸ ⇠

àÔt |⇠�<\ òt� ‰⇠] ‡•0•t �X⇠î ÉD L⇠ à<p 0•X �X⇠î çƒî ‡•t›‹

⌘îXå ‡$t| ` ¨mt‰. ⇣ \�¿ ¸©` ¨‰@ ê–êX ¡˘⇠� 40� tXtp òt� ù�`⇠]

ê–êX +êƒ �¥¿î Ω•D Ùx‰. ¸p–î 608t¡| Ω∞ 0ùt �¿⇠»¿Ã 0ùêX ⇣å\

¿�@ T t¡ òt– ⌧\D P¿ Jî‰. ¯º 1.1–⌧ ÙÏ¸î ¡ î  �å¿›t‰.

y “ p�0 ` p�1x. (1.3)

⌅X  �å¿›@ ‰L¸ ⇡@ ⌧ÒiD \å\ Xî å¿ƒ⇠ p�0,�1q| lXÏ ª¥ƒ ›t‰.

nÿ

i“1

pyi ´ �0 ´ �1xiq2.

¯º 1.1 157ÖX ê–êX òt@ ‡•0•.  �å¿¡ ¸ |�òt–⌧X ‡∞l⌅ (˘2 \�$()D ÙÏ�‰.

\å⌧Ò (least square) L‡¨ò@ 1800D� �⇠ t•‹t (Legendre)@ �∞§(Gauss)– Xt ⌧H⇠»î

p2 t )ï– 0tt p�0 “ 2.86, p�1 “ ´0.079\ ƒ∞⌧‰. › (1.1)D t©Xt π� òtƒ\ ‡•0•⇣⇠D

2‰⌧ ⌧\î t•‹t� 1805D– à¿Ã �∞§� ¯xt ⌧1⇠ƒ �!D ⌅t 1795DÄ0 ¨©à‰‡ ¸•à‰. \å⌧Òï¸
�‹ÑÏ@X �1¸ \�$(X ƒ∞Ò<\ |⇠�<\ �∞§� \å⌧ÒïD ⌧⌧à‰‡ x��‡ à‰.
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�!` ⇠ àîp 208| Ω∞ ‡•0•⇣⇠î 1.29 t¿Ã 808| Ω∞ �!Xî -3.43<\ ⇣åhD L ⇠

à‰.

¯⌥‰t tÏ\ �!Xî º»ò �U\�? t »8– �\ ı¿D X0 ⌅t⌧î �!XX \�$(| ƒ∞

t| Xp ‰âà t¯ 1800D�– �∞§� \�$(X ƒ∞ïD ⌧‹X�‰. ¯º 1.1–⌧ π� òtLƒ\

å¿¡ ⌅– π–Ùtî ⇠¡ ‰@ ¯ �!¿⇣–⌧î ˘ \�$(| X¯Xp 95% ‡∞l⌅D \‹\‰.

¯º 1.2 Local polynomial lowess(x, y, 1/3)D §‡Ï‹ ‡•êÃ– �i\ ∞¸@ bootstrapD t©XÏ ƒ∞\ 95% ‡∞l⌅

¯º 1.2î \‡ ÙË00⇠ L‡¨ò lowess| t©XÏ ƒ∞\ D ��!· D ÙÏ¸‡ à‰. ‰⌧\ R

–⌧ lowess(x, y, 1/3)D ¨©XÏ ⌅X · D ƒ∞à<p Ï0⌧ 1/3X X¯î �!X‡ê Xî � òt–⌧

�L¥ 0�<\ 1/3– t˘Xî pt0| t©XÏ �!X| l\‰î ;t‰. lowess– �t⌧î †‹ ƒ–

ê8à $ÖX0\ Xê. ¯º 1.2–⌧ ⌧¨` ⇠ àî ¨¯àî ¨‰@ 20� ⌘⇠L¿î ¯º 1.1¸ D∑Xå

¡ Ω•D Ùt¿Ã 20�⌘⇠Ä0 30�⌘⇠L¿ 0•�!X� pX ¿T� ∆‡ ‰‹ tƒ– ⇣å Ω•D Ù

x‰î ⇣t‰.

� �!XX \�$(| lX0 ⌅t⌧ §–⌧ 0∏ bootstrapt|î )ïD ¨©X�‰. BootstrapX uÏ

Dt¥î resamplingD µ\ \¯ÑÏ (sampling distribution)D  îXîp à‰. |⇠�<\ π� µƒ…

X \¯ÑÏ| lX0 ⌅t⌧ t`�x )ï (�| ‰êt ⌘Ï˘\�¨)| t©Xpò )� ∏ \ bootstrap

D ¨©` ⇠ à‰. ¨‰ \¯ÑÏ| LD¥0 ⌅\ �• l¥ )ï@ ÏÏ⌧X \¯t à‰t � \¯–⌧

L‡ê Xî π� µƒ…X ✓D ƒ∞XÏ ¯ ✓D à§†¯®D t©XÏ ⌧‹\‰t \¯ÑÏX �‹| L

⇠ à‰. X¿Ã ⌅‰–⌧î \¯@ Xò–t0 L8– t )ïD ¨©Xî É@ à�•X‰. Bootstrap@ ¨

\¯ (resampling)t|î Dt¥| ¨©XÏ t 8⌧| t∞X�‰. â –ò \¯–⌧ ı–îú(sample with

replacement)| µXÏ ÏÏ⌧X ¨\¯D ›1X‡ � ¨\¯–⌧ �ÏD �¿‡ àî µƒ…D ƒ∞\‰î

Ét uÏ Dt¥t‰.

¯º 1.3@ 25⌧X ¨\¯–⌧ l\ lowessî�X| ÙÏ¸‡ à‰. 0|⌧ π� 9�–⌧ 25⌧X �!X|

⌧‹` ⇠ à<p t| ’<\ �!XX \�$(| l` ⇠ à‰. ‰⌧ \�$(| lX0 ⌅t⌧ 250⌧X
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¯º 1.3 BootstrapD ’<\ Ã‰¥ƒ 25⌧X lowess(x, y, 1/3)

¨\¯D ¨©X�‰. \ 1.1–⌧ ¸ ⇠ àÔt \å⌧ÒïD t©\ ∞¸@ a¨Xå 60�t¡<\ �⇠]

lowessî�XX \�$(ƒ ù�Xî Ω•D Ùtîp t É@ 9t ù�Xt⌧ ¡��<\ pt0X /⇠�

⌅¥‰0 L8t‰.

\ 1.1 §‡Ï‹ ‡•êÃX å¿Ñ�; (1) òtƒ  �å¿Ñ� �!X;(2)  �å¿Ñ�–⌧ � òtƒ �!XX \�$(;
(3) òtƒ lowess �!X (4) bootstrapD t©\ lowess �!XX \�$(

age 20 30 40 50 60 70 80

1. linear regression 1.29 .50 -.28 -1.07 -1.86 -2.64 -3.43

2. std error .21 .15 .15 .19 .26 .34 .42

3. lowess 1.66 .65 -.59 -1.27 -1.91 -2.68 -3.50

4. bootstrap std error .71 .23 .31 .32 .37 .47 . .70

Lowess

Lowess (LOcally WEighted Scatterplot Smoothing)@�\�xD®⇠h⇠î�)ïXXò\tŸ…‡ (mov-

ing average)D |⇠T‹® ⌧P<\ ›�` ⇠ à‰. <� px1, y1q, . . . , pxn, ynqD �!X�‰‡ ��Xê, t

Ÿ…‡D ƒ∞X0 ⌅t⌧î tŸ…‡D ƒ∞X‡ê Xî x✓D 0�<\ �L¥ á⌧ ⇣î ⌅¥ êÃ⌘ π�

D(Ã|X �L¥ �!X| ‡$t⌧ t �!XX y✓X …‡D ƒ∞Xt ⌧‰. ‰⌧ lowess–⌧î tŸ…‡D

Ù‰ |⇠T\ ‰må¿®� (polynomial regression)D ¨©X‡ �⌘\å⌧Ò (weighted least square) )ïD

¨©XÏ \Ö ®�D �i\‰. 0|⌧ ‰må¿X (⇠ (degree)@ �⌘X, ¨©Xî pt0X D(– 0|

‰ë\ �‹X \Ö®�t ›1 ⇠ à‰. |⇠�<\ Œt ¨©⇠î �⌘Xî wpdq “ p1 ´ |d|3q3x tri-cube

weight functiontp (⇠î 2(tXî å•\‰. 0|⌧ ‰»�x p�®⇠î pt0X D( ↵|‡ ` ⇠ à

<p p�®⇠X ✓– 0|⌧ ò⌘– 0∏ bias-variance trade-o↵� ⌧›\‰.
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1.2 Hypothesis Testing

µƒ� î`@ lå î�¸ Ä�<\ ò⌅¥ ¿p Pà¯ �⌧x 1�— XêêÃî �$Ä�– �\ ¥©t‰.

têÃî 72ÖX1�—Xê\l1⇠¥à<pt⌘ 45Ö ALL (Acute Lymphoblastic Leukemia, 1¡⌅l

11�—) Xêtp ò8¿ 27Ö@ AML (Acute Myeloid Leukemia,  1Ë⇠11�—)Xêt‰. |⇠�<\

 1Ë⇠11�—XêX�ƒ�Tã¿J‰‡L$8à‰. �Xê‰–�t⌧ 7,128⌧ ⌅ê(⇣X ⌅ê

\1ƒ| !�X�‰. ¯º 1.4–⌧î � Xê¯˘X 136à  ⌅êX  ⌅ê \1ƒ| à§†¯®D t©XÏ

DPX�‰.

¯º 1.4 1�— êÃ⌘ 136à  ⌅êX \1ƒ: ⌅X ¯º@ ALL (n “ 47) ¯˘, Dò¯º@ AML (n “ 25) ¯˘D ÙÏ�‰. t\¯
t Ä�µƒ…X ✓@ 3.01tp p-valueî 0.0036t‰.

à§†¯®–⌧ L⇠ àÔt AML ¯˘t Ù‰ \⌧\ \1ƒ| ÙÏ¸‡ à<p � ¯˘⌅X \1ƒX …‡@

‰L¸ ⇡‰.

ÜAML “ 0.752, ÜALL “ 0.950

P ¯˘X …‡@ ¥ê�ƒ (t� òî É<\ Ùt¿Ã pt0X ∞Ï�ƒ| ‡$t| ‰»�<\ (t�

òî¿ ÏÄ| L ⇠ à‰. t Ω∞ �• Œt ¨©⇠î µƒ)ï`@ t\¯ t Ä�tp Ä�µƒ…@ ‰L¸

⇡‰.

t “
ÜAML ´ ÜALL

psd

Ï0⌧ psdî ÜAML´ ÜALLX \�∏((\�$()X î�Xt‰. Ã} P —Ët ®P �‹ÑÏ| 0x‰t ¿4

�$ (â P —ËX …‡t ⇡@ Ω∞)X–⌧ ⌅X t\¯ Ä�µƒ…@ ê ƒ� 70x t ÑÏ| 0x‰. t\¯

Ä�µƒ…X ✓@ 3.01\ ¸¥¿t t Ω∞ ë!Ä�D ¨©\‰t p✓@ 0.036<\ ¸¥ƒ‰. |⇠�<\

 X⇠�t 0.05\ ¸¥ƒ‰î x ‡$\‰t t Ω∞ ∞¨î ¿4�$D 0�` ⇠ à‰.

X¿Ã tÏ\ ∞¸� ¨‰ ÏÏ⌧X �$Ä�D Ÿ‹– ƒât⌧ ò( ∞¸⌘ Xò|t 3.01t|î Ä�µƒ

…X ✓@ ¯⌥å e¯àî ∞¸|‡ X0î ò‰‰. ¯º 1.5î ®‡ 7,128⌧X  ⌅ê (⇣ ��–⌧ ƒ∞⌧
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t\¯ Ä�µƒ…X à§†¯®D ÙÏ�‰. t ¯º–⌧ 3.01t|î ✓@ ›�Ù‰ ˘Ë�x ✓t D»p

¡⌅ 5.6%– ⌅XX‡ à‰. X¿Ã ‰L¸ ⇡@ 2�¿ îxL8– Ï0⌧ 0.056t p✓D X¯X¿î Jî‰.

1. ¡��<\ Œ@ �$Ä�X /⇠: Ä�X‡ê Xî �$t ŒD Ω∞ ®‡Ω∞– ¿4�$t 8t|

XT|ƒ ˘Ë�x ✓t ò, ⇠ à‰.

2. t`�x null distribution¸ ‰⌧ pt0–⌧ Ùtî null distributionX 4¨: ¯º 1.5–⌧ ‰⌧ t`

�x null distributionx ê ƒ� 70x tÑÏ� ⌧‹⇠¥ à‰. t Ω∞ t`�x ÑÏÙ‰ ‰⌧ pt0

ÑÏX ,¨�  , P0¿D L ⇠ à‰.

⌅@ ⇡@ îx@ ‰⌘Ä� (multiple testing)X 8⌧⇣<\ L$8 à<p tÏ\ 8⌧| t∞X0 ⌅t 15

•–⌧ ⌅⌧¨((False Discovery Rate: FDR)X ⌧PD å⌧` ��t‰. FDRD �©` Ω∞ 1�— êÃ–

⌧ e¯àå Ùtî Ä�µƒ…X ✓@ 6.16t¡t ⇠¥| \‰. â 136à¯  ⌅êX Ω∞ ‰»�<\ ¯⌥å

e¯àî ∞¸| ⌧‹\‰‡ ` ⇠ ∆‰.

Ï0⌧ ¸©` ⇣@ tÏ\ »\¥ �›X pt0� flD8 ò,L »‰ »\¥ Ñ� L‡¨òt µƒYƒ xÄ

–⌧ ÖÖ ⌧‹⇠‰ \‰. Neural nettò support vector machine, boostingt tÏ\ �|‡ ` ⇠ à‰. X
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