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ABSTRACT

The penalty function requires a choice of regularization parameter which controls the degree of
parsimony in sparse kernel classifier. This involves an extra parameter apart from kernel parameter in
the optimization which must be found via, e.g. cross-validation. This paper introduces a new
parsimonious binary kemel Fisher discriminant analysis which does not require a regularization
parameter. This can be done by using a Jeffrey’s noninformative hyperprior. A Jeffrey’s
noninformative hyperprior is parameter-free and is adopted through a hierarchical-Bayes interpretation
of the Laplacian prior distribution. This leads to a non-requirement of the regularization parameter. The
proposed algorithm is compared with other machine learning methods on substantial benchmarks,
Moreover, it is also compared with the leading machine learning in virtual screening application. It is

found to be less accurate but it is still comparable in a number of cases.

Keywords : Machine learning, chemoinformatics, virtual screening, sparsity control, Fisher discriminant analysis,

kernel
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o(n+1) = (R"K+pNgB(o(n))) K'y (7)

Tawii B(m(n)):diag{|a),.(n)|"'2} e lsinueslidamiinmnnm e gihindgud 3] ua
2= v ¥
Arnsaud vy ldTaems@ou Be@) =y? Tas y, :diag{[a),.(n)| 2 } [8] favu

o g { [~
gumsvhah (7) widdewilu

~ ~1 ~
o+ =y, (y,K"Ry,+oNgl,..) w,K'§; 0(0)#0 )



°lumsﬁ’m'mmmmﬂﬁlmﬁﬁuﬁm (Primal) Hunmsanudifinsan X unu K G?I’N
ﬁi’mawum?ﬂlma%&uﬁsuumlmgﬂiﬁwmm’faga >N anuiluendnualves M, M,, M,
awsam1ddn M, M, Sedigaantine Wuuinedraniueu (Positive Definite) tazamnsndu
Gefaldsail

(M7 + MIM;'M, )™ MIMG! = MM (MMM +M, )" ©
N inuA1eeg Taofl M = pB(a(n)), M, =X, w0z M;' = NgI,, Haez'ld
o(rn+1) =B (en)X" (5(13-l (@n)X" +p1quN)'l ¥ (10)
sanetfusengaranudiofimsgitvesmaioundamesunavesninesdutlszans vy

1 cs' o o a a” 9 Y L =1 ¢§
‘HiJ'lElﬂ’ﬂi.l’ﬂﬂ"l‘il‘ljﬁﬂullﬂﬁﬁﬂl’f)\i‘Ulﬂﬂ‘llBilﬁﬂlﬂﬂiﬁmﬂixﬁﬂ‘ﬁﬂ%ﬁﬂﬂ\‘mﬂElﬂ'J"Iﬂ1ﬂ\WlL3J?J exl1

3’; 1 o a A’ o Y o w 4 PrpR| |0)| 4
nndumdulszansozgnuiuldimiugud lunsdlil — I —— <y <1 uazAveuAnI
arg max |o|
uilien fv Ana1eues y Hufe
1f{N N
cREE N ()
2\ N, N,

b
@@ 1

1 I N 1q t I
dndu nguesmsudaeanguiie Wy G, §1 b+ " akxx)=c uardilildliidlu G,

¥
sane3finilezgni3und1 kKFDA, liag FDA, § 5V ineiia Liag aun1sidunss amdiay

2.3 msmdasiinlsdmniines
4y 9 a g gy 4 d o w  a ¢ a ¢ o 9 q Y
vnd laesveludredu  efivzidasianlsdmslines Tuiludealszgndldms
1 H 1 o 1 [] as g’/
uonuaaneud i deyaveuavin’ IuleiduasIny dumsAnnuawuruveuud vesnisuon
=
HNEWaNeseu (g=1) [4]

Ansanamatedeou'lnsiess (Laplacian Prior)

Lp
p(@lp) =ganp{—plw,-]}

k
]
={§} exp{=p|a],} (12)
i 1 ¥ ¥
iioannlwsioed i luaunsaneyius 1 (Non-differentiable) favuddasldmsinuaddudu

4 1 v ~ < 4 . . A = (Y 4
vouudumsuityn lasnsenvinmdGoulnsioss (Gaussian Prior) hillAunfsmiinugud
gazmanuulslsou

pl,l7,)=N(o,10,7,) (13)

o ~ o
waziend Iwuudea lnsiees

p(z; 1 p) =§exp{—§7;} (14)



¥
9

Suiinsansaesilanduifioudy ¢,
p(@,1p) = [ pl@,12)p(z; | p)r,

p B
=—-—“2 exp{—y/p o]} (15)
Yy ¥y = - P a o v ¥ 2
gunsteau lduansdaamara@ou nnes shu19nnsidn Taensanua s usuvs UL da o
o & A =) o‘d’dl .:i [ Y o 1 O o ~
sgAutufie iImdFen InsweiAlisundommsuguduazmanunlsdsiu 7, duend Inuwdoa
¢ a 1 o ' v A ¢ a ¢ Vv Y PR ¢
Twsiee szmuldhaunisdendndalisiinlsdmniined p og daiu 41 Faldunuiend

Tnmudealwsioeidronins Insieefdmsu

p(f,)oc—l— : (16)
7.

I

sufinsam@Fou lusioefuazanv Inseofiftondy 7, ald -
o -1
p@) = p(e,17)p(r)d7, = |0 an
i4 [}
(4] "lé’fuﬁ'ﬁapmﬁmua"aﬂa‘%ﬁumé‘u (Expectation—maximization ~ Algorithm - EM) Faoz 1@
? d‘dw
ganosNuanituasuiidnyuzadvauns (8) fie
1 ~ 2
2 T — A—
- (n+l)—N"y Kco“2 (18)
1GE
Yy ™ -1 ~
o+ =y, (v, K Ry, +o*(n+DL,, ) v,K'§; 00)=0 (19)
Taegf v, = diag {|a),.(n)[}
Tumsdmauveantslilwosaug e m> N Sanesiuazidoudiu
1 ~ 2
2 T —— A—
o (n+1)—N"y Xm||2 (20)
oy
-1 T (-l G/, /% LN
o(n+1) =B an)X (XB (@)X +o (n+1)IN) 9 Q1)

(Y a <]

¥
! [ @ b o o
anesNuiozQnisend kFDA, iag FDA,, nsuinemiauasaumsidunss muday
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3.1 FIRST IDA Repository Database
A a a a o o ag Ao 9 o
evszifiudszaninmlunsviauvesdanesiufviuaus kFDA,, Idgmiunvaaes
Y v
vugAtoyaNe 13 yA9INgIuTeya FIRST IDA [9] minaassiuldgniegiuuuldimiloudy [3]
A A P} 9+ v a1 aAq o Y a = as
efivzeusafFoudion A lasasanvizang  AlFluunanudede  Fawaminanesvesds
1 ;’;’; 9 [
e 1 ldgnsusmmagseauegiu [3]
¥
Tumsnansuiul@lden1dsifeauFalarisu (Radial Basis Function) (1uiAsiua
¢ d 0 ar / . { { &
Wardu msasavaenludTuan s Wy (5-fold Cross Validation) 1dgnldlunismilumanangaiv
A a = a ¢ A 1 P v Y Y ;3' T g/
fla momamimesifeannfinedfer mnitnandaluiidenounthilin msldnisnszae
d o 3’; ta o ¥ LY a 1
yoaanils dluianduas Tnwinlusitludealdisfran lswdumindmes  drwnaailunisiden
g’z [ a a 1 da o
Tueasiu 1nenndasianuAnnaIn (Misclassification Rate - MCR) ANgA9In 5 WISAGULTN

?; @ a o 1 { Jda
uazlFTumatiunaaoufunng 100 wiFATY oni3uus Splice a2 Tmage ANLAEY 20 WISATH M3

3
NABOINUYANATDU LY Matlab [10]

3.2 MDL Drug Data Report (MDDR)

¥
aas

3
Tumsdszgnanumsdansouaiiondu ldneassdudeyaduou 11 weafidnaaa

U
¥ Fd
Y

(Activity Class) 91ng1¥eya MDL Drug Data Report (MDDR) [11] lunisidenueaiidanaiaiu
Y A aady =q 9 9y a e a = 1 d'
lAdennnueaiinna1ail 19 lunszuaunsdunueuesuTEnndan Fegnuanteglumean 3.1
{ { &
gidoya MDDR Usgneulimoyavesswas Tuanafijsisaziden lassadeihus s
¥ v a
An3ns Nsans wazmIlssyy grudeyn MDDR Uugnudalsigaeialie (Fingerprint) iin
ECFP_4 fildanafioiauguaosidvuin 1024 0n [12]
¥ 1 < 1 = a o ° A -4 9
asnaasdlagnuaisesniiu 2 @1 fe MydmszimIt e YR THITUATY

) ' ) q P ' v o 4 -
nasinoia msmam"lmﬂqmmnmayjaw‘lﬂﬂummngua:mﬁaumdqﬂummumﬁm 5 A9d

Lt

A

. , . T , y
saudeyaildlunisSeuife 20% vosdwanluanafiligns (Active Molecule) Tugiutoya
9 aq Y v o W - 1A A N Y &y o
JoyailFlumsnagouszgnindudulasBesnnaniinavinnniga  @uialduuniezesn
£ &2 1 Ao Pt A Y &Y A ' £ A o o Y oa
qn5) sudemftinaaviniiga @i Tdunniiez leengns) ndnfenadnineonuufe

v A 9 Vo
s2oeNNINVVIAMSAATUTY (Decision Boundary) lumsnaasdldldnisasrvaenluddsmau
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F
o4 Tanaiug

v ¥
M9199 3.1 11 wonfiznnarana 11 ARIE9INg MUY 038 MDDR

Activity Class Index | No. of Actives | No. of Training Sample
Renin Inhibitors 1 1130 226
Angiotensin II AT1 Antagonists 2 943 190
HIV Protease Inhibitor 3 750 150
Thrombin Inhibitor 4 803 162
Substance P Antagonists 5 1246 250
SHT3 Antagonists 6 752 150
D2 Antagonists 7 395 g 80
SHT1A Agonists 8 827 166
SHT Reuptake Inhibitors 9 359 72
Protein Kinase C Inhibitor 10 453 92
Cyclo-oxygenase Inhibitor 11 636 128
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4.1 FIRST IDA Repository Database

NATNT 4.1 KFDA,, IWwafifiga 5713 yadeyn iy kFDA, ifle ¢e {1,0.5) Tu

q

b S
Y

. N g 9 1 LY H

Titanic) wenvINyuluean kFDA,, Wnldwavesmnrmdudoutesiigalu 3/13 yadoya
91 1 { as ar 1 v o ar 4 { Qs

fuihnunfgvesnnududouss kEDA,, a1 KEDA,  ua luntnauiusunisyeidns

kS U 1 a‘l @ ¥ a { i
ATINAANA 1A UTBEN T KFDA, , @91 KFDA, Wudins ldmanuianaramasiosiga

4,2 MDL Drug Data Report (MDDR)
9 1 o ar a I'd ° a)
nansnaass lagnuaaeglumsui 4.2 uay 4.3 dmSunmsinsizdmsiuunvesily
' o a & %‘1
wosuuuiduaswaznemanuany lumssenulszaniamuesluiealiu gaseaudision
azvpsiuauveemsseneuiieongnineglu 5% usnvessmauaislszneungnisesdauly
Y ¥ Yy v o v Aq @ Y yy a o .
gudeyaninun mumederazvesdnyuzauild wansnaaeuiulagnilFeuwilouny Binary
. N B . a @ a g o a 2 = Y A Aot a P
Kernel Discrimination (BKD) Aignnain Iay [20] itludana3 numsiseuiveunsoinangaluni
@ d,; 9 £ 1 a 1 £ &
asaumd ludogiiu wonnnillumswanmsnaass laugastnmasvesninnuadienis
{ o o v ¢ ] aa 2 o 1A
(Mean Self-similarity) 1 3a910a213 AU (Homogeneity) vouaaziuenfidnnaed duiluai
¥ lumsneufieunisnszniolazasounquuestoya

a o

4.2.1 WANTNANDIVEY FDA, FDA, Liag FDA,, andegluaiei 4.2 Uszaninimues

¥ ad 19 9o v P ' ad
FDA uuﬂ'ﬂﬁqﬂiu 1/11 ﬂahlﬁuﬂclﬂlfaﬂymglﬂuﬂQﬂuﬂ YUSN FDA2 llﬁﬂQﬂqﬂjqugﬂﬂﬂQﬂwﬁﬂuag

q

g

o 1 i 1 4 1 1 v {
¥dnuaziau 86.00% Taunde o819 13fa1n and1 g e 1 dawaliaundsvessuinlunaaans

aaada

wmile 7.37% vaiziigaEennugndeufivudnios (<3%) lunendiadfinnueniusgegalu 2
ama uAgaFenugndeantnlu o711 e Taesauids Aundvaansain 81.76% maeifivs
69.45% B lUn3miu an g mAeidios 0.5 derald lmaadvuinanaddn vasfigydomanugndos
winlu 10711 A dwmfun1sly FDA,, wuvuiavedTuinaanaumas 9.38% uasituouniu
gndosanawmaziound) kFDA, o ge (1,0.5) ed1lsfiam manugndeslugosnaansnia
amnfuleniuigagadinsszavey namsnanssvosnnTuaaldgnasoglugid 4.1 uag 42
dmFunaugndssuazvuinves lumaniudiay ndagUiesanelfufitiuauoiu
UszanSnmeglussduvatuiy BKD luamadifinnueniusgs udlassauudnlszdniam
ganattosndt BKD [19] edwlsimmiszinsamidudimunsonaunlddnTaoldinema Faoz

0 ! ) { o 4 4
ldgmssuundszianidudeudaiu
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M39A 4.1 FIRST IDA Repository Database: (W3enifleusunaovessanufianain, sanu
wlsdsuvesmanudawann, uazamnnududeuvesluea (@edn) dmfudanesiiu kFDA,,
KFDA,, ung Sanesfufianganinmsnunavassunssuii1$¥eyaReasiu: Import Vector Machine
[13] (*), Conventional kFDA [14] (A), Reformative kFDA [14] (A), Naive Kemel-based Nonlinear
Method [15] (V), Fast Kernel-Based Nonlinear Method [15] (¥), Kernel Logistic Regression [16] (O),
Sparse kFDA with Linear Loss [17] (M), Linear Programming Adaboost [18] (<), 1% Suppressed

. . o vd g 2 ° o 1 o & VA A
Kernel Sample Space Projection [19] () ﬂ’Jm‘lﬂWﬁ’O‘Uﬂy’aﬂﬂ TIUIUATBY, AIHUIAD AINANTA

Database Published Best kFDA, kFDA, kFDA,
Banana 10.34 £ 0.46 9.74+0.10 9.63 £ 0.10 11,76 £ 0.10
400 525+£1.75 % 14.00 4.50 5.00
B. Cancer 22.70 £ 4.40 21.26 +£3.70 20.55 £ 3.96 20.09 +3.81
200 100.00 A 13.00 3.50 10.50
Diabetes 22,10 1.90 21.57 £ 1.41 21.58 + 1,63 21.18 = 1.55
468 100.00 A 5.13 1.28 2.14
German 21.30+2.10 21.19+£1.81 23.51 £2.03 20.77 £ 1.70
700 100.00 A 8.86 1.14 5.14
Heart 10.80 = 2.60 14.56 +3.04 14.84 £ 3.31 13.75 £ 2.54
170 16.00 A 7.06 2.35 5.29
Image 1.78 £+ N/A 1.56 + 0.46 1.98 +0.32 2.52:£0.77
1300 100.00 O 24.77 15.46 38.15
Ringnorm 1.50 £0.10 1.42 £0.04 1.48 £ 0.03 1.74 +0.04
400 600 M 475 2,75 22,25
S. Flare 31.60% 1,90 32.98 + 1.74 3164+ 1.85 30.95 + 1.87
666 100.00 V 27.03 2.58 10.45
Splice 9.30 £0.70 7.07£0.71 7.02 + 0.83 7.72 =0.64
1000 100.00 © 85.00 75.90 51.70
Thyroid 1.40 +0.90 0.99 +0.90 1:0540.93 1.83 % 115
140 16.40 ¥ 22.86 12.86 6.43
Titanic 21.70 £0.30 21,10 £0.23 21,10 %0.23 2110 £0.23
150 100.00 V 64.67 467 4.00
Twonorm 2302 0.1 236+ 0.04 2.58 % 0.04 2.60 £ 0.04
400 100,00 & 7.75 125 425
Waveform 9.30+0.4 9.26 £0.13 9.97 £0.13 9.56+0.13
400 100.00 & 7.00 2.00 7.25
Average 12.78 12,70 12.84 12,74
72.59 22.45 10.10 13.27

11




T ’ <! T o
m3ef 4.2 uaadorazvessiuvesasiszneufivengnifieglu 5% usnvestauasilsy-

H ¥
neufignFesdrdulugudeyananua Tao FDA uumduduasq

Index Self-similarity FDA FDA, FDA, FDA, FDA,,
Mean S.D. (%) (%) (%) (%) (%)

1 0.337 0.105 98.99 99.13 98.29 96.01 96.72
88.87 7.15 1.50 11.07

2 0.296 0.100 98.47 98.84 97.03 93.61 94.48
89.45 11.41 1.80 10.37

3 0.226 0.101 91.67 92.41 82.76 75.56 72.39
87.95 9.43 2.42 9.28

4 0212 0.098 91.55 93.38 89.03 79.47 72.96
88.79 5.63 1.74 10.14

5 0.179 0.082 85.51 88.60 78.93 70.78 58.79
92.99 9.14 4.71 17.97

6 0.175 0.090 84.67 86.53 70.90 5903 51.37
87.79 6.76 2.38 9.59

7 0.173 0.089 68.68 68.00 48.90 3437 42.87
78.59 2.54 0.86 A1

8 0.166 0.086 75.56 79.81 67.90 5446 46.75
28,14 10.35 2.66 10.84

9 0.153 0.092 61.49 63.22 4130 3500 34.67
75.00 3:69 1.07 436

10 0.141 0.103 71.40 7179 51.89 My 36.71
81.91 (% 3.13 6.17

11 0.130 0.073 55.91 38 37.06 21.05 21.68
86.50 7.91 2.83 8.71

Average 80.34 81.76 69.45 59.70 57.22
86.00 737 2.28 9.38

12
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[ a ¢ o
422 Tudwilnmsusnueanduiy  (Binomial distribution) lagnlfifudeddunea
— 'S SX; { < o
ky =k(x;,x;) = A" (1= )" Tae@l A€ (0.5,1) Wuanuntrvealaddu, m = 1024,
A [ 1 1 . . dy I d @ a
uag d(x,,x;) AD TEAUANUUANAN (FzogNn19) seninTuiana / wag j inomailiduiledduria

a a . . Y ’ g o
i5iAvaId e (Radial Basis) [5, p. 46] Jumsnaaeved [20] lauaasnainfendussozmanna/

a a a { o o a
Milulag  (Jaccard/Tanimoto Distance - JT) HiUsz@niamiianiwenduszozniweauia

< sy ua‘/

3 2
(Hamming Distance - HD) o141y BKD Wefduszoznie T vuilgaandadiummia [21] daiu

a
¥

msunuldfanduszozma T lulasduneansunusaniuuiu annsaihldlasgndes u
s A aw a .:s' § [ 4w A @ o ' i
pAnl Ut AN U NI My I9Tanduszezmedug  unuluieddumenianieg

3. Py a 7o
22, 23] lumsneassidaldlanTuaemauuniunIaedasduszoznia T lumvesaeu
@ a [ { & o
avuiivudaneiiiu kFDA,, iU kKFDA, tag BKD A3agnagainly [24] mnmanisnaaesaziiiy

1 g’l Qo s =) { o { v { 1
1871 BKD . dudtnaiiusanssauniiungldandesiiae dalanannaaluy /11 aard ualumald
T a q q
) v ] o ~ o
Nn¥les (100%) vaugh BKD,, uldna@fige 1/11 g1 kFDA,, Wu'ld lupanlianududon
Yy A Y oA

Weuhigaia 10/11 aana Taohigaudennugndeufivadniles (<3%) Weeuny kFDA, Taumae

¥ o Y '

anafagndoannndn BKD,, luuenfiidaaiaiiiainueniusgega 2 ame uazegluszay

QU

23]

=) 5 v
INYINUAVDN 2 ABE (<E3%)

=] ' ) { { o o
wiiulddn kFDA, uaz kFDA,, v ldrafngaludeyaniinnueniuigunn wams
4,

G

naavsvenn luaa ldgnagleglugun 43 uaz 44 dwfusiugndessazvinaveslung

AUEINY
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(4]
o

Maximum percentage active molecules

20t~ "":z£221 I
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Homogeneity Index

H v g 1 '
MW 4.3 uaAIRIAINgNADY (Fosazuoddanvesaisdsyneufieangninedlu 5% usnves
[ { o o f,’, o o 1 w a
Tumslszneviignissadisulugudeyaninue) Soadwuaumanueniiuives 11 4enh
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~ 1

maaf 4.3 uaaddesazvestiuvesaislszneufioangnifieglu 5% usnvessuaumslse-

v 9
neufigniSesdiulugiudeyarisnun Tas kKFDA taz BKD

Index Self-similarity BKD kFDA, kFDA kFDA,;

Mean S.D. HD (%) JT (%) JT (%) VT (%) JIT (%)

1 0.337 0.105 98.84 99.10 99.25 99.23 99.17
53.63 28.14 24.96

2 0.296 0.100 98.77 97.43 99.27 99.22 99.13
55.16 30.11 27.58

3 0.226 0.101 94.37 94.70 92.89 93.45 92.03
54.53 45.47 44.53

4 0.212 0.098 94.04 94.02 93.77 92.74 92.02
59.63 41.11 36.79

5 0.179 0.082 . 91.86 93.70 90.74 90.38 88.64
62.16 54.32 44.88

6 0.175 0.090 90.19 93.88 91.32 90.61 28.83
76.00 57.87 39.07

7 0.173 0.089 74.25 77.97 70.25 68.34 67.32
78.50 59.00 49.75

8 0.166 0.086 86.77 88.28 83.98 82.10 79.46
66.87 51.21 38.80

9 0.153 0.092 69.47 73.62 64.89 65.08 62.85
81.39 71.67 57.50

10 0.141 0.103 78.92 81.23 71.15 62.95 66.78
84.57 39.57 55.65

11 0.130 0.073 68.43 76.26 65.52 63.11 60.49
86.25 71.09 57.50

Average 85.99 88.20 83.91 82.47 81.52
68.97 49.96 43.36
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Sparse Fisher Discriminant Analysis with Jeffrey’s Hyperprior

Kitsuchart Pasupa

Abstract—The penalty function requires a choice of regu-
larization parameter which controls the degree of parsimony
in sparse kernel classifier. This involves an extra parameter
apart from kernel parameter in the optimization which must
be found via, e.g. cross-validation. This paper introduces a
new parsimonious binary kernel Fisher discriminant analysis
which does not require a regularization parameter. This can
be done by using a Jeffrey’s noninformative hyperprior. A
Jeffrey’s noninformative hyperprior is parameter-free and is
adopted through a hierarchical-Bayes interpretation of the
Laplacian prior distribution, This leads to a non-requirement
of the regularization parameter, The proposed algorithm is
compared with other machine learning methods on substantial
benchinarks. Moreover, it is also ed with the leadi
machine learning in virtual screening application. It is found
to be less accurate but it is still comparable in a number of
cases.

[. INTRODUCTION

Fisher discriminant analysis (FDA) seeks a linear projec-
tion that maximizes the separation between data belonging
to two classes while minimizing the separation between
those of the same class. Its properties are under certain
circumstances prove optimal [1], In real world data, when
the data samples are significantly non-Gaussian and have
different covariance matrices, the performance of FDA might
be degraded dramatically. It might fail to find the optimal
projection direction for classification because, for optimality,
FDA has an assumption that the input patterns have equal
covariance matrix and are Gaussian. The performance of
FDA can be improved by kernel FDA [2]. Recently, [3]
introduced a new algorithm into kernel machine family the
so-called “parsimonious binary kernel Fisher discriminant
analysis”, a kernel-based extension of FDA. The algorithm
utilizes a connection between Fisher discriminant analysis
and least squares problem. The complexity is controlled by
L, penalty function where 0 < g < 1. This penalty function
is well-known to have a sparsity-inducing property, and it
leads to a non-smooth formulation. The problem is solved by
the majorize-minimize principle, which gives a very simple
iterative algorithm.

However, the above penalty function requires a choice of
hyperparameter or regularization parameter which controls
the degree of parsimony. This involves an extra parameter
apart from kernel parameter in the optimization that must be
found via, e.g. cross- validation. Alternatively, (4] adopted
a Jeffrey’s noninformative hyperprior through a hierarchical-
Bayes interpretation of the Laplacian prior. This approach is

K. Pasupa is with the-Faculty of Information Technology, King Mongkut’s
Instituie of Technology Ladkrabang, 1 Soi Chalongkrung I, Ladkrubang,
Ladkrabung, Bangkok 10520, Thailand. kitsuchart@it.kmitl.ac.th
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more convenient because it does not require the hyperparam-
eter but solving a slightly different problem.

The motivations of this work lie in the area of Chemoinfor-
matics in particular in virtual screening (VS). The ability to
rank molecules according to their cffectiveness in some do-
mains (e.g. pesticide and drug discovery) is important, owing
to the cost of synthesising and testing chemical compounds,
VS seeks to do this computationally with potential savings
of millions of pounds and large profits associated with re-
duced time to market, Traditional methods of drug discovery
requires chemists to synthesise chemical compounds in test
tubes. This is time consuming and expensive. Thus many
pharmaceutical companies are now using VS to carry out the
early identification of potential drugs in order to reduce the
size of the samples to be synthesised. This can be performed
using a computer.

Machine learning methods are becoming popular in this
domain. In VS tasks, the problems arise when 2D fingerprints
are used as descriptors, i.e. high-dimensional, small-sample-
size problem. These problems are one of the grand chal-
lenges in the field of data mining and knowledge discovery
for engincer, computer scientist, and statistician. Developed
algorithms are needed to be robust and efficient. Moreover,
they should handle very large set of high-dimensional data
because of an unprecedented level of complexity in data
model. Thus, complexity control is particular relevant and
indispensable in VS tasks.

In this paper, we extend the work from [3]. The algorithm
uses a connection between FDA and least squares problem
but the complexity is controlled by L, penalty function which
is interpreted by a hicrarchical-Bayes with a Jeffrey’s non-
informative hyperprior. Therefore, there is no regularization
parameter in the algorithm,

The paper is organized as follows. Section Il outlines the
EFDA, kernel FDA and introduces our proposed algorithm.
Section III explains experimental framework which includes
application to VS and compares the proposed algorithm with
other leading machine learning methods in the area.

IT. METHODOLOGIES
A. Fisher discriminant analysis
Consider the matrix of m-dimensional sample vectors X =
[¥1,%2,...,%y]" comprising two groups, &; of size N, i =
1,2, represented by the partition, [X1 X2] T, Membership of
4, is denoted by § = --N/N and of % by §==—N/N,. Fisher
discriminant coefficients are given by w which maximises the
following objective function:
w'Spw
J(W) = WTSwW

M



Sg is the between-class scatter matrix which is calculated
from, Sp = (m —ma2)(m; —m;)7. The within-class scatter
matrix is dcﬁncd by S\v = Tic12 Lrew (5 — mp) (x — m;)T
where m; = o ):xe,,x

A global opuma] solution of (1), the so-called “Rayleigh
quotient”, can easily be found by solving an eigenvalue
problem [1]. Hence, this gives

= (Sw) ™" (my —my) @

It is well-known that FDA has strong connections to the least
squares (LS) approach for classification [1]. Consider a linear
function including a bias term, b, f(x) =w x4 b. The LS
approach is to minimise the sum of square error (SSE),

N
; i—
g
Y. Gi—wlx—b)? 3)
i=1

SSE(b,w) =

This can be represented in matrix form as,

1 1, X (6|
N M Ny 1
arg min .- 4
g(h.w) |:_I/\(—\21N1] [1,\!2 ijl [W} 3 ( )
The solution of a LS problem of || § — X@ |3 can be
computed by using pseudo-inverse X! of X,
o=X'y ®
where X = (XTX)7IXT, 0=[p w],X= ‘PN , and
1y denotes an N-vector of ones Hence, XT9

Then substituting this equation.by using the dehmuon of the
sample means and within-class scatter. Hence, the solution
of the LS problem is in the same direction as the coefficients
of Fisher discriminant in (2).

However, the linearity of the approach is normally insuf-
ficient to allow the required level of performance in real-
world applications. While explicit expansion of data in basis
functions can resolve this problem for low dimensional data,
the combinatorial increase in the number of coefficients to
be estimated may make this impractical [3]. Kernel machines
can address this problem via “kemel trick™ [5] and a number
solutions have been provided e.g. [6], [3].

B. Kernel Fisher Discriminant Analysis

In this paper, we use the kernel Fisher discriminant analy-
sis (KFDA) proposed by [3]. The algorithm uses a connection
between FDA and LS problem. The complexity is controlled
by Lq penalty function where 0 < ¢ < 1. This penalty
function is well-known to have a sparsity-inducing property,
and it leads to a non-smooth formulation. The problem is
solved by the majorize-minimize principle, which gives a
very simple iterative algorithm.

The derivation of a very simple, Newton-like algorithm for
the penalized minimum likelihood estimation of the KFDA
coeflicients is outlined, c.f. [7]. The log-likelihood function,
£(w), is written as the sum of two functions, £, (@) = %l]?—
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N
. X
Ko[2, and €, (@) = pNj@]}, where § = [—ANl {V;\ ] eRY

and K= [ly K] eRV*N+), giving:
¢(@) = 319~ Rolf-+pN] ol Q
K; denotes the Gram matrix associated with the kernel, (.,.),
ie ki =k(xj,x1), j,l=1,2,...,N, X, €% p is a regular-
ization parameter. The solution, @, denotes the coefficients
(b, @) of a linear discriminant function in the feature space
associated with &(.,.) hence non-linear discrimination in the
original data space.
Solving the above equation using the majorize-minimize
principle leads to the following iterative equation:

w@+1)= (R'R+pNgB@(m)) Ky

where B (®(n)) = diag {|@i(»)|9~2}. A problem arises when
the elements of @(n) approach zero [3]. However, this
can be avoided the difficulty by re-writing B(@(n)) = ¥;?
with ¥, = dlaz,{lw,(n)[ﬂl} [8]. This gives the following
iterative equation:

ST o -1 ST
o@+1) =¥, (\m{ K‘!’,,+PNqIN+1) @,k (8

where @(0) #0.

In primal' formulations, when the dimension of the input
vector is greater than the number of samples (in > N), the
identity for matrices My, M, and Mj can be exploited with
M, M3 positive definite and invertible.

-1
(M7 +MIM; M, ) MIMg! =
i ©®
MyMT (M2M|M:T+M3)

Then maklng the subsutunons as follow: Ml = pB(@(n)),
M, =X, and M1 = Nqly, gives the following iteration

on+1)=

B (0(n))X" ()'(B-'(czu(n)))'(T+pzvql,,,)_I g 1

When the relative change in the norm of the coefficient
vectors is less than some threshold, € < 1, convergence
is dcclarcd Then, a coefficient is deemed to equal zero if
mgmxl <N when 1 < 1. The decision threshold is defined
as the mid-value of target labels,

oz 1 ﬁ _ N
2 N N
The classification rule is as follows; decide % if b+
TN, aik(x,x;) > c; otherwise decide %.

The resulting classitiers kFDA, and FDA, denote for the
kernel and the linear version, respectively.

(1

'We now consider X instead of K because K is used for dual formulations.



C. Removing of the Hyperparameter

As described in section 1, in order to remove the regu-
larization parameter, a Jeffreys’ prior is used in the penalty
function. It is adopted through a hierarchical-Bayes interpre-
tation of the Laplacian (g = 1) prior [4].

Consider the Laplacian prior,

k
[1%exo{-ploi}

i=l

{2} ew{-plol}}

As this prior is non-differentiable, hence, a hierarchical-
Bayes interpretation is introduced to solved this problem.
Considering a zero-mean Gaussian prior with variance 7

(13)

p(olp)

(12)

plaxln) = A (o

0,7)
and an cxponential hyperprior,

plulp) = oxp {~L0} (14)

Integrating both functions with respect to t; gives,

/: plolw)p(zlp)dw

—‘éﬂ_exp{—\/ﬁlfwl}

i

p(wilp)

15)

The above equation shows that the Laplacian prior is a

combination of a two-level hierarchical-Bayes model: a zero-
mean Gaussian priors with variance 7 and an exponential
hyperprior. However, it involves a hyperparameter, p, hence,
[4] replaced the exponential hyperprior by a Jeffrey’s nonin-
formative hyperprior for 7,
pla) o= (16)

Integrating the zero-mean Gaussian prior with variance 7;
and the Jeffrey’s noninformative hyperprior with respect to
T; gives,

() = /U plexlm)p(z)dn = o™ (17
[4] carried out this implementation through an EM algorithm.
This gives the following two-step iteration which is similar
to the iteration in (8),

o +1) = I~ Kol 18)

and
a@n+1)=

o o (19)
¥, (‘P,,KTK‘{’,. +o¥n+ 1)1~+|) w,K"5

where @(0) # 0, ¥, = diag {|wi(n)|}.
In primal formulations, when m > N, the iteration be-
comes,

(n+1) = Iy~ Xol} (20)

23

and
on+l)=
-1 T (-1 ST | 2 -1 @)
B~ ((n))X (XB (@)X +02(n +1)1~) $
The resulting classifiers kFDA s and FDAj.r denote for
the kernel and the linear version, respectively.

III. EXPERIMENTS
A. FIRST IDA Repository Database

To evaluate the performance of KFDAj.¢ extensive experi-
mentation has been carried out on 13 datasets of the FIRST
IDA repository database [9). The methodology outlined in [3]
was followed to allow direct comparisons with a number of
techniques used in the articles revealed in the citation search
and also KFDA,,. These results are reported in [3).

In the experiments, a radial basis function is used as
a kernel function. Five-fold cross-validation is applied to
obtain the optimal model (kernel parameter). As mentioned
in the previous section, using Jeffrey’s prior in the penalty
function removes the requirement for a search for the regu-
larization parameter. We examined classifiers selected based
on minimum misclassification rate (MCR) from amongst
the first five realisations. Each is then applied to all 100
test partitions except “Splice” and “Image” which are split
into 20 partitions. All experiments are carried out using the
Matlab environment {10].

From Table [, selecting on minimum MCR, 5/13 cases
achieve the best MCR by kFDA ¢ (equal to KFDA,, for ¢ €
{1,0.5} in “Titanic”). KFDA¢ exhibits best sparsity in 3
out of 13 cases. Its sparsity on average across all domains
is worse than kFDAgs but the situation is reversed when
considering accuracy. kFDA; is still the most accurate on
average across all datasets.

B. Application to Virtual Screening

Here 11 different activity classes from the MDL Drug
Data Report (MDDR) database are used [18]. The selected
activity classes were selected to reflect typical drug dis-
covery projects for pharmaceutical companies as shown in
tables II. MDDR database is a set of 102,514 known drugs
and biologically relevant molecules collected from patent
literature, journals, meetings and congresses. The MDDR
database represented by 1,024-dimensional (ECFP_4) finger-
print [{9]. We examine two situations: linear and kernel
Fisher discrimination. The experiment was run five times
with different random data splits. The number of training
samples is equal to 20% of the number of active molecules
in the database. New data are ranked on the predicted
output value from most positive (most likely to be active)
to most negative. The predicted output value is equal to
distance from decision boundary. Tuning parameters are
identified by five-fold cross-validation on the basis of sum of
active rank position. The experimental results are shown in
table III, and IV for linear and kernel Fisher discrimination,
respectively, It is usual in chemoinformatics applications
to report the percentage of the maximum possible number



TABLE 1
FIRST IDA REFOSITORY DATABASE: COMPARISON OF MEAN
MISCLASSIFICATION RATE, ITS STANDARD DEVIATION AND SPARSITY
(BELOW) FOR THE PROPOSED ALGORITHM kFDA .z, KFDA,, AND THE
BEST PUBLISHED ALGORITHM: IMPORT VECTOR MACHINE [11] (%),
CONVENTIONAL KFDA (&) [12], REFORMATIVE KFDA (A) [12], NAIVE
KERNEL-BASED NONLINEAR METHOD [13] (V), FAST KERNEL-BASED
NONLINEAR METHOD [13] (¥), KERNEL LOGISTIC REGRESSION [14]
([1), SPARSE KFDA WITH LINEAR LoOss [15) (W), LINEAR
PROGRAMMING ADABOOST [16] (0), AND SUPPRESSED KERNEL
SAMPLE SPACE PROJECTION [17] (#). EACH NUMBER BELOW
DATABASE'S NAME [S SAMPLE SIZE. BOLD TYPE - BEST
PERFORMANCE/SPARSITY.

Database Published Best KFDA; KFDAys KEDA e
Banana 1033+ 046 9.74 £ 0.10 9.63 £ 010 11.7610.10
400 5254 175 % 14.00 4.50 500
B. Cancer 2270 £ 440 20126 £370 2055 £ 396 20091381
200 100.00 & 13.00 3.50 10.50
Diabetes 22.10 = 1.90 21574 141 2158 & 163 IL18LLSS
468 100.00 & 5.13 128 214
German 2130 & 2.10 21194 181 23514 203 20.7741.70
700 100.00 A 8.86 Li4 5.14
Hean 10.80 + 2.60 1456 £ 3.04 1484 £ 331 (3754254
170 1600 & 7.06 235 529
Image 178 & N/A 156 :: 046 1.98 L 032 252 077
1300 100,000 2477 1546 38.15
Ringnorm 1.50 £ 0.10 142 + 004 1.48 + 0.03 1.74 £0.04
400 600 @ 4.75 2.75 2225
S. Flare 3160 £ 1,90 3298+1.74 3164 £ 185 3095187
666 100.00 v 27.03 253 10.45
Splice 9304+ 0.70 7.07 £0.71 702 20.33 7.72 £0.64
1000 100.00 ¢ 85.00 75.90 3L70
“Thyroid 1.40 + 0.90 0.99 1090 1.05 093 1.83 LIS
140 1640 ¥ 22.86 12.86 A3
Titanic 2170 % 0.30 21101023 21.1040.23 2L.10+0.23
150 100.00 ¢ 64.67 4.67 4.00
Twonorni 230 £ 0.1 236 40.04 2.58 £ 0.04 2.60 £0.04
400 100.00 ¢ 775 1.25 425
Wavefonn 930 £ 04 9.26 £0.13 9.97 £ 0.13 9.56 £0.13
400 100,00 & 7.00 3.00 7.25
Average 1278 12.70 12.84 1274
72.59 2245 10.10 13.27

of active compounds ranked in the top 5% of the ranked
database along with the percentage of retained features
(betow). The results are compared with the current leading
machine learning, the modification of BKD [20]. In both
tables, the mean self-similarity provides a measure of the
homogeneity of each of the activity class. It is also a useful
way to compare design spreads and coverage.

1) Linear Fisher Discrimination: Results from FDA,
FDA,, and FDAj are presented in table IIl. FDA is a
leading classifier in 1/11 cases but delivers no sparsity while
FDA, displays best accuracy in the other cases with sparse
model at 86.00% on average®. However, reducing ¢ to |
leads to a dramatic reduction in number of retained samples
(NRS) which is equal to 7.37% on average across all cases,
but with a small loss of accuracy (< 3%) in the first
two homogeneous classes (but an excessive loss of accuracy
in the other 9/11 cases). Overall, the average accuracy is
dramatically reduce from 81.76% to 69.45%. Setting g equal

2A coefficient is deemed to be zero if its magnitude, relative to the largest,
is less than 7.
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TABLE 11
THE |1 ACTIVITY CLASSES FROM MDDR DATABASE.

Activity Class Index No. of Actives No, of Training -Samples

Renin Inhibitors 1 1130 226
Angiotensin 11 ATL Antagonists 2 943 190
HIV Protease Inhibitor 3 750 150
Thrombin Inhibitor 4 803 162
Substance P Antugonists 5 1246 250
SHT3 Antagonists 6 752 150
D2 Antagonists 7 395 80
SHTIA Agonists 8 827 166
SHT Reuptake Inhibitars 9 359 72
Protein Kinase C [nhibitor 1 453 92
Cyclo-oxygenase Inhibitor 11 636 128
TABLE 1II

COMPARISON OF MAXIMUM PERCENTAGE ACTIVES RETRIBVED IN TOP
5% OF RANKED DATABASE USING LINEAR FISHER DISCRIMINATION,

Tndex Self-Sunilaity FDA FDA;  FDA; FDAos  FDAyr
0 (%) (%) (%) {56) (%)

0.105 8.88 9.1 98.2! 96.0 96,72

B8.87 7.15 L50 now

2 0269 .00 9847 9884 97.03 93.61 94.48
8945 11.41 1.80 1037

3 0226 Q101 9167 9241 8276 75.56 7239
87.95 9.43 242 9.28

4 0212 0088 9155 9338 89.03 7947 7296
88.79 5.63 1.74 10.14

5 0179 0082 8551 88.60 7893 70.78 3879
92.99 9.14 471 17.97

6 0175 0090 8467 8653 7090 59.03 51.37
8719 6.76 238 9.59

7 0173 0.089 68.68 6800  48.90 3437 4287
78.59 2.54 0.86 471

8 0166 0086 7556  79.81 G7.90 54.46 46.75
J 88.14 1035 266 10.84

9 0153 0.092 6149 6322 4130 3505 34.67
75.00 .69 1.07 4.36

10 0441 0103 7140 7L79 5189 37.30 36.71
8191 7.03 3 6.17

1 0130 0073 5591 5762 3106 2105 21.68
86.50 791 283 8.71

Average 80.34 8176 6043 58.70 51.22

86.00 7.37 2.28 9.38

to 0.5 leads to a simpler model but again with too much loss
of accuracy in 10/11 cases.

Using FDAJr gives 9.38% of NRS and 57.22% of ac-
curacy on average which is worse than using FDA,,q €
{1,0.5}. However, the first two highest homogeneity classes
are in line with other proposed classifiers.

These results are illustrated in Fig. 1 and Fig. 2 for
accuracy and sparsity, respectively. To summarise, the pro-
posed algorithm is competitive for the classes that are most
homogeneous. Overall, it is still behind the modification of
BKD [20]. This can be improved by introducing the “kernel
trick” in order to accommodate more complex discriminant
functions,

2) Kernel Fisher Discrimination: A binomial distribution
is used, k;; = k(x;,x;) = Am=dEx) (1 - 2y0005) where
A €(0.5,1) denotes the “width” and m = 1024, d(x;,x;) is
a (metric) measure of the degree of dis-similarity between
molecules i and j. This kernel is of radial basis function type,
see [5, p. 46]. In [20] the Jaccard/Tanimoto (J/T) distance
was found to offer substantial gains over the conventional
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Fig. 2. Sparsity {percentage NRS) as a Function of homogeneity index. for
11 activity classes from the MDDR database for FDA,

Hamming distance (HD) when used in BKD. It should be
noted that J/T distance is a metric for binary vectors [21] so
its use with the binomial kernel leads to a valid kernel, There
have been many atternpts in the past to substitute alternative
distances in the kernel function for machine leaming methods
e.g. [22], [23], etc. Experiments show that this is also the case
for kFDA, so only results using this function are reported,
Results from kFDA,, KFDAJer, and from BKD are presented.
It should be noted that results from kFDA, and from BKD
arc previously reported in [24]. It is still clear that BKDy,p
is the leading contender in eight out of 11 cases but delivers
no sparsity, while BKDyp is most accurate in one. KFDAjer
displays best sparsity in 10/11 cases, again, with a small loss
of accuracy on average (comparing to KFDA)). It is better
than BKDj;p in the two most homogeneous cases and is
comparable in two others (< £3%).

It is worth noting that kFDA, and kFDAys deliver their
best accuracy in the classes that are most homogeneous.
These resulis are illustrated in Fig. 3 and Fig. 4 that show the
relative performance and sparsity of the candidate methods,

25

TABLE IV
COMPARISON OF MAXIMUM PERCENTAGE ACTIVES RETRIEVED IN TOP
5% OF SAMPLE USING KERNEL FISHER DISCRIMINATION.

Index  SelESimilarity BKD kFDA, kFDAgs KFDAyr
2un . %) L [ (%,

[ 0337 0105 9884 99.10 99.25 99.23 .17
53.63 28.14 2496

2 0269 0.100 9877 97.43 99.27 9.22 99.13
35.16 30.11 27.38

3 0226 0.10t 94.37 94.70 92.89 93.45 92.03
54.53 4547 44.53

4 0212 0098 944 94.02 93.77 92.714 92.02
5963 4Ll 36.79

5 0179 0082  91.86 93.70 90.74 90.38 88.64
62.16 5432 44.88

6 G175 0090  90.19 93.88 IL32 9061 83.83
76.00 57.87 3907

7 G173 0.089 7425 1797 7025 68.34 67.32
78.50 59.00 49.75

8 0.166 0.086  86.77 88.28 83.98 82.10 79.46
66.87 5121 38.80

9 0.153 0092 69.47 73.62 64.89 65.08 62.85
8139 71.67 57.50

10 0.141  0.103 7892 8123 .15 62.95 66.78
84.57 39.57 55.65

11 0.130 0073 6843 7626 65352 63.11 6049
86.25 71.09 57.50

Average 85.99 8821 8391 8247 81.52
68.97 49.96 43.36

respectively, as functions of homogeneity.

active

netrie;ed in m; 5% of sample

4 ] [ 7 B
Homogeneity index

Fig. 3. Accuracy (maximum percentage active molecules retricved in first
5% of } as a function of ity index for 11 activity classes
from the MDDR database for kFDA and two variants of BKD.

IV. Di1SCUSSION & CONCLUSIONS

A new algorithm the so-called sparse Fisher discriminant
analysis with Jeffrey’s Hyperprior has been introduced to
machine learning technique family. The algorithm does not
require the regularization parameter. Hence, there is only one
parameter (kernel parameter) which is needed to be search in
the optimization. This can reduce the optimization cost. The
proposed algorithm is shown to be competitive to other lead-
ing machine learning algorithms in a substantial benchinark.
The methods linear and kernel Fisher discrimination are
applied to a problem in V8. The performance of linear Fisher
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Fig. 4. Sparsity (percentage NRS) as a function of homogeneity index for
11 activity classes from the MDDR database for proposed kFDA.

discrimination is generally worse than the modification of
an important recent development in this field, BKD [20].
However, the performance is improved by using kernel trick.
However, the results are still worse than the modification of
BKD. Particularly, it is worse than the modification of BKD
in the heterogeneous classes, this leads to a drop in overall
performance. The reason is, a sparse solution might loss
some important information in the Gram matrix in hetero-
geneous data. However, operationally, a sparse solution may
still be of value since many commercial databases contain
& (105) samples and speed of recall can be an issue. There
is a significant difference between the benchmark and the
molecular data the fingerprint samples suffer extremely from
the small-sample-size problem and this fact may account for
the drop in performance. However, BKD is still the most
robust and effective for noisy data e.g. 2D fingerprints.
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