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‘Cr E%]‘Oﬂ*i ARsllof & wi7vig= WA OlA ARk 9 olgete] AR E =T, SVMERS 11wzl
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o] 1912 10071€] HolE AMEZE st HAES A vlolg o] disl Alxte Hddeat= PLS7F
13.86~14.553131, SVM©| 7.44~10.26°14] SVM©] PLSel H]3l] v}-$- 973t oS54 52 B}

Abstract — The flash point is one of the most important physical properties used to determine the potential for fire and
explosion hazards of flammable liquids. Despite the needs of the experimental flash point data for the design and con-
struction of chemical plants, there is often a significant gap between the demands for the data and their availability. This
study have built and compared two models of partial least squares(PLS) and support vector machine(SVM) to predict
the experimental flash points of 893 organic compounds out of DIPPR 801. As the independent variables of the models,
65 functional groups were chosen based on the group contribution method that was oriented from the assumption that
each fragment of a molecule contributes a certain amount to the value of its physical property, and the logarithm of
molecular weight was added. The prediction errors calculated from cross-validation were employed to determine the
optimal parameters of two models. And, an optimization technique should be used to get three parameters of SVM
model. This work adopted particle swarm optimization that is one of heuristic optimization methods. As the selection of
training data can affect the prediction performance, 100 data sets of randomly selected data were generated and tested.
The PLS and SVM results of the average absolute errors for the whole data range from 13.86 K to 14.55 K and 7.44 K to
10.26 K, respectively, indicating that the predictive ability of the SVM is much superior than PLS.

Key words: Flash Point, Property Estimation, Group Contribution Methods, Partial Least Squares, Support Vector Machine,
Particle Swarm Optimization
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213} (flash point, FP)- HA| <] shA] W 98-8 Vel 7}
% SQst 5499 sholn T kel disk 3T A 1 FQ
do] AR T QA 1]. AsPEL HA 2] sEHoNA wHAEsE 57171 B
9} Aoix] 71Ad EFTIAIE sk of 7)ol B Tle] Bk
o =FH 02 S UHA dashs, S QlskEs HAY 255
Dot Ashds Skt 7P YA 07 ARREE S )
42 279 (open cup)™} HH[2] S (closed cup)o] itk HH ol
FAGle] 1 e ujgk s~8 °colrt. AN FHoll AAE ol &
qah= T2 SRS dAlsE 7] Alele] BEHEEEE &
gerR eaprt A71A HRATE A A8 fARsE o)zt & 4
itk olel] H3l] F740] Q= S ARSsE WHl A S elM= o
e A= G& F Srh Aoz Qlgho] gl A-gole i
H2 SARE, A 02 Isho] =& A-f-oll= 7] S74H
& ARSI BEgk, U SR o R 39 s A S5
R} s veRdeh2].

B2 o) disk sk &4 3ol Q71 glovt AAE b
oJE1E FHsl= Aol 7FeslA ¢ 97t Bk 53] 554, &
g, AN B2 9ol 1 A 3o] wilg- ol HHxIth Ak A e
2 go] 2ole B4 Aok dsdel digk A3 HolHE 35
T Gl 7T YoM 2:T) o] deil B Follx =
A e el digk bt 3-8 = Qlr}, E3, glo] AR A
ol 1 gro] Ajdel &gt Z1R1A] eS| 25k A1Q1A] 83 7
S5 gt wheba st bdst Al W AdE el A1
9] QIBE oSk AFA ol o] agETh

7122 Ik 5ol st we A7 EE gl e, 2004
el Vidal 5 Q18P 424819 IS el sk gt 2
HBITH3). B3], EdTzel vigt EAEE A molecular descriptor)
9} B8 AAAE A 73254 FAl(quantitative structure-
property relationships, QSPR)E ©]-8-3H= o] @o] whags g},
QSPR<: ©]&-s}] RIS o5sh= 3 A A7rellA= 2702 &
ARHALE o] g3te] 715 400712 Q1S 531gl o, o] A
TollA 40070 Aol tisl doixl o) 2 X (average absolute
error, AAEY= 10.3 KO|ITH4]. Tetteh 52 287 ] (functional group)
257112} EAFAAA] S (molecular connectivity index)s = 0= AR
Sk RBF(radial basis function) Q134173785 ©]8-3t1 40071 “Ji]
&l A3HS &SI 5], Katritzky 5-2 27170 Aol oisf 3
e AR xdE A3 3174E ARTE vk Itk o] A
THAAE 2007 09 BAZAAE YEHHFE ARS8 tEs]
F-4 (multiple linear regression)?} 1A O 2 7587 Ao

_1

Table 1. Previous works and their results

ol

AZSE Agrale], BlAE AR 1587100 thell 24F2F 13.9 K3} 12.6 K
ol2h= AAES A3ItH6]. Gharagheizi®} Alamdari7} 4} &z
S (generic algorithm)el] 7|HFst Tg3] A2 & o]83510] 82471
Fdvjofefellr] A2 HEE 20671 BI2AE /gl tial] Alktet AAE=
102 KTH7]. B3 A7 F HA S AAEE BRI 919+ Pan &
o] 577) ZE715 7 o7 A}FE3F RBF SVMS- o851 10267}
FHE HolgolA mele ukEa1 2567 BIAE HolEloA] 4
9.99 Ko]tH8]. 20091elli= Patel o] 16712 EAREEA S} 2745
olg-ato] 23671 fullol] thall 20.44 K2 AAES A2TH9). Table 1
2 o] ATES Qo3 A1 o7 Ho|M AMEE AAE, RA(EAAS),
RMSH @4by= T 212} o] 4 oldt.

n
Z |yp_Ye|
AAE = —iT— (1)

@

3)

AZIM e AR FEVIME 712 ), y,o A5A, ya A
AA]olct.

et 28 o)dR]l AAES] Apolell s Eetal ZF Aol A ARS-
H Ao thE1 QST 2 u R ofd SAA o] -
st Wby ] of ot s, £ dlojE o} HIAE HojE 7} Tt
wo] glo] Fuoefel] wet A3t gebd = Qlrhs 2k o] A
S9] Auls Ankslsly] o1fA kar Qo). FarE 20074 Katritzy
o A75E F- dlojele) BlAE do]E 9] HlE-S 80:200% 3
I lek

o] Ao A= DIPPR 801(200951 W 2)ol A& F71&] Ul
3 2h8719} BAES QERWIER 3bd-S dSshe B RS
H(PLS, partial least squares)”} SVM(support vector machine) 5.2
= 77 WEaL T A Witk Rk SVME] HA AlEs
A7] 23 PSO(particle swarm optimization)=- ©]-8-3F 24315 %
gaaint. 2ol M= AREE WSl thel] Alstar 3ol 7
HellA Aozl A= v]wasict.

Works Tnputs Chemometrics AAE .Rl WS No. of I_{a_tio of
method (train/test)  (train/test)  (train/test) whole data  training data
Tetteh et al.(1999) molecular connectivity index neural network 7.1/11.2 0.96/0.92 10.1/14.0 400 33%
and 25 functional groups
Katritzky ef a/.(2001) 3 molecular descriptors multi-parameter regression - 0.95 122 271 100%
Katritzky ef al.(2007) 4 molecular descriptors neural network -/12.6 0.88/0.98 - 758 79%
Gharagheizi ef al.(2008) 4 molecular descriptors GA-MLR -/10.2 0.97/097  12.0/12.7 1030 80%
Pan et al.(2008) 57 functional groups SVM 6.12/9.99 0.98/0.95  9.95/15.81 1282 80%
Patel er al.(2009) 16 molecular descriptors neural network 20.44(whole)  0.90/0.66 - 236(solvents) 80%
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- H

=S 93k FREHAAEHY SVME) vl
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QIak wlolel s Shusha AU 4871 AR 2 Fa

A3H o5 2l FA o)zt
Qspbdef tieh B2 A5 W =1,
A Zhe g Qlont o] AFtelM= wl=Et
wo] i &) o] gy Yl B4 o
(20091 H12)9] Q13H HloJElE o]-8-8131tH16]. ©] lelefHo]
° 1,973 BA & 7152 1,76570019, <13k dlelE7t ol
shio] A3lel oJa) e 212 8937o]tt.
53, 89370 17 1=9] #8715 A8kl Lee 5] 5570 28719}
Pan 52| 577) 24712 23310 Table 29+ 22 65719] 2475
SRR AR8IIT15,8]. 28715 ending group 1871, middle
group 2471, aliphatic ring group 137l], aromatic ring group 107]=
T S, BARES Lee 59 ATolA ARSE Flo = o] A
FolME EAkge] QISR ellSel] vA|= d3e 4Es] st} of

1,629 771& & <l

=)l 2~
@59l

c}.

AN Hlo|EjHjo] A Sl
81-3-8+3)(AIChE)ell A 53
lo]E{Ho] Q1 DIPPR 801

o}, e 28717 AGRA deskE AL 1, B4l it dlo] Stk Fig. 1(a)= 89370 4715-2] Expeka} 1shdS vEhf|ar Q1=
EfHo] 27} F28kA] ok o o] ®Hlel ol lSE BAS Z 2 gl AFoletar Bl o ek @A AI=0.3497). B 71A] Bl ek
Table 2. The functional groups of the model
No. Group No. Group No. Group No. Group
1(E1) -CH3 18(E18) -H 35(M17) -Al- 52(R10) (0}
2(E2) =CH2 19(M1) >C< 36(M18) -B- 53(R11) =C
3(E3) =[ICH 20(M2) >C= 37(M19) >C<(-X)* 54(R12) S
4(E4) =N 21(M3) =C= 38(M20) >C=(-X)* 55(R13) >Si<
5(E5) -NH2 22(M4) -C= 39(M21) -CH2-(-X)* 56(A1) =CH-
6(E6) -NO2 23(M5) -CH2- 40(M22) >CH-(-X)* 57(A2) =C<
7(E7) -SH 24(M6) >CH- 41(M23) -CH=(-X)* 58(A3) =C<(-X)*
8(E8) -Br 25(M7) -CH= 42(M24) >Si< 59(A4) >N-
9(E9) -F 26(M8) >N- 43(R1) -CH2- 60(A5) NH
10(E10) -Cl 27(M9) -N= 44(R2) =CH- 61(A6) 0}
11(E11) -1 28(M10) -NH- 45(R3) >CH- 62(A7) S
12(E12) -COH 29(M11) -O- 46(R4) >C< 63(A8) 0-B, m-B, p-B
13(E13) -COOH 30(M12) -S- 47(R5) =C< 64(A9) 3-branch benzene**
14(E14) =0 31(M13) -CO- 48(R6) -N< 65(A10) 4-branch benzene***
15(E15) -OH(alcohol) 32(M14) -CO2- 49(R7) NH 66 Logarithm of molecular weight
16(E16) -OH(phenol) 33(M15) -SO2- 50(R8) =N-
17(E17) =S 34(M16) -SO- 51(R9) (6[0)

*_X: attached to halogen atoms, **3-branch benzene: (1,2,3), (1,2,4), or (1,3,5), ***4-branch benzene: (1,2,3,4), (1,2,3,5), or (1,2,4,5)
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Fig. 1. Relationships of molecular weight and flash point.
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2 AR 2 Ax BAgke] 2 17} 7FE Agkelths 21S gelslar
(Fig. 1(b), A8 A15=0.4432) o] & S5 H I SHHFE F7)51
S 25 667071 SESic

2-2. BEREAKISH

SHHET Xo} TEAT YO 7 AR Alo)e] AFHAE F
= 7= AR-E 2 T3 39 (multiple linear regression)
oJtH17]. 12k ZF 8 el A= Aol W wigEo] xEHE A
F 1 S5l 2577 BotAA H=t] 018 343 A (collinearity
problem)e} 3}, FEE A (PLS) ©] EAIS a8 o= A
g3t} oEEo] Houl H b Fofellx] Hol AREE L it

PLSE X8} Y ZH2tel] tiel] 5d+2-4] (principal component analysis,
PCA)S o]8-5F% F43(principal components, PC)E -3+ - X&}
Y Z2}e] RS v AdE o ARIFETH1T). PCAE AFal
Fosk WisS e ¢ QIS el W] A3dftew 13
T AEE WPl FARS 2= o]tk PCAY T 213 o]
dlo]elsE XE T(score matrix)2} P(loading matrix)= -sli5}7] &
th. o71A, k= PCO] =, pi= el W59k PCAte]S] APAAE
Efi= AlFFolH ti= Bigke PCE YERATHE=Xp)).

tp +E=TP'+E )

M~

X =

i

1

PLSOIM = 514 Yol tlsliA = PCAS 283 & X9} YO &
AE 2 (62} 7o) Aga oz vehdic,

Y =UQ'+F 5)
U=TB (6)

PLSE2E] Al5-E AXteh= 71 ARl 732 NIPALS(Nonlinear
Iterative Partial Least Squares) &85 22 Yol thet oS58
HoghlAA L X T2 W5 YERES st} S Xell
A FEHF YE A58k 21 th A0 ® BduEd| o] 2ol
BPLS+= PLSEHL] AFE YERYM, W= NIPALSEILE]FolA
el

Y = XB,,s= XW(P'W) 'BQ” %)

ok NIPALSZ 1 8]Eol| 4] PLSEYS oW HEH O 7 pCrs
AZaof gict. pC7t WolA Al HH ozl dlo|HE 2 vkl 4
= o} A4 overfitting) O = 13} Y Xk AA 4 Qlom
2 TANCE uQlE PCFE Zrofok gt} Wb F(cross-
validationy> SAIEE A5l 7 ge] AR & o, Ho]
Bl & ofe] /9] ZEEe] AT E 107HE vhe Fll 155 &
ol s AR HlolH AES 242t RkEt). o dHlolE AlE
EE 217 PLS REE vhE $ofl 72 RS Ve o) A|9]E 150]
7 BEle] 15 aFe] Hof o] AF il theh Y WHe] A 3k
3} g Zzk] 2po) 5 Atsit, ZE dlojg] AEdA doinl ealE
Fakstel 1 R 58S UERA H=), o] ATtelM= olE
FHA3A7)E PCTE ARESISITE. T8 dlof] MES Uiy W
Hol Aifel] Y& v = Jlermw 247t 104 Y= vlolE
HEES MEEE o] 1 A3 Sele = st}
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2-3. SVM

t)3EA] AE o592 PLS 2% o] ATrelMe o &7 2 o
5 TolollA da] AREE I e SVMS o]8319th SVMS 1&F
o Hz} o] il dlo|E)7} | astar xpgle] & FAIE & A e
Shoh= o] JlTH19].
SVMZ A FFEAIE S8l it Wi o=, she] Jeka ok
s ERske HA2 EeldAES gheth # 49 BAES
T T Ao 2 RE 7 de] "ojxl 2339 (hyper-plane) S 2
olE, A 71 7F7ke] Sl Hlo]ElE support vectordt gt
thH19]. £48<(loss function)s ©]E-5d SVMS 3|70l 243+
= S ==H] ©]& SVR(support vector regression)® |2kl T &
th SVRE 542 B doJH oM AgE HAR b= 2HHS
Zh= 2010 8], n7h9] EleTE (x,, y)7F o131 A8 SVREAR: y&
o Ssh= F4 ] W, fix)-ox+bE 2= TAZF Dot o714 =
HHol|x 7} vlolE] Alo]9] Ag)i= el th 2o} Al 3R= e-insensitive
loss functions AH§-3FH, ©] FAIE y~ox-b<ed}t ox+b-y<e2] Al
2N 12]o|*S 23 7= FA19 2t

& WA (slack variable) £9F £¥5 EFAIA A5 eaE 1}
W Fojop & HAghiAlE thadt 2ol & 5 ot

(RN
X

uAil

min J(0,£,&)) = 2ol +C Y (&) ®
i=1

subject to y,—wx—b<ge+¢;
wx+b—y,—££+§?
€120

714 C QF9k A 3He] 79 (trade-offy S ZaH= Hlg- W
2 7L AN H FReelEE AR L, 2] ol 4
thal Fol7} Bxta)zit.

2 @)1 ol A4 FATFE T At o, o] Ao
A1 @20, af <Co|tt.

f(x) = (@X)+b = 3" (0— 0 )(xx) +b )
i=1

1243 SVRE A4 < (kernel function), K(x,x,))E ©]83to] x&
FAFERECFE APIAIA A7 SVRAH thFA Hedl ojul 4 9=
U} o] npct.

f(x) = [0 x]+b = 3" (0~ a))K(x,x) +b (10)
i=1

o] A el E K(x,x) = exp(—ylx—x,)2] RBFE AY = AR
SIS SVReIA AR AAslof & mi7H= H]-8HF C, &-
insensitive loss function®] #t €, RBF2] yo|t}. 37] vi7H<=2] &
ke PSOE o8-8 HAskE Tl AXtElem, 7|5k 54
e HolHE 10709 2508 W wakdsS ARSIt
SVM®] Axkr7ro] A7) wlit-ol] leave-one-out WAFS 5 THE 1
2SO f12)e] diolE] MEe| olgt mARFe] W2 AL
&3 skt

o] AtoA] AMEEH SVMEES Chang?} Lin®] Matlab 2}o]H.2]
22 73t LibSVM M 2912 AXFE =, dxke] o=
HOS 1 o] glolrelgl= IE A F 7R e S5 R A




F7lEe 3K oI5S S TRl svMe Bl 721

Z sholrh20]. 2jo]m, o] Aol A= T ATET o] 28 ARESISITE. PSOY
ApAIEE 2are]E-2 Schwaab 52 Qelld 28 4= St} 21].
2-4. PSO o] AFrellX = JiAIE 2070, WHESIFE 500 sto] SVMe] 371
PSO= -4} &arE]5 (generic algorithm, GA), simulated annealing wHTE Akt
(SA)T 2ol BEA HH a7 oIt B8 HH3HES Feket
HAElE 2] 38 = ot HAElel tigk 53 AklE 2 3. a8 I
WA SR A o &, WG B Al Aes 5 Qla
Z71gkell WIZFsA] kom HAgo] w)idghs ek ook ik 8937 712l 213k dlofE] F 80%%! 714715 4 dloje 2
= o] it} o]H Aol Eelal AEA A3 Ho] wil¢- slo] PLSS} SVM ZHztel] sl QIshd elEds st 17971
W A AXBIFE a7t A2 2 dezl ddol) dlojElE HIAE HolE R 319 1 5 eS nlusisic). Fhd|
SVME] w7l HAslellxl= HAERe] nitghs = Zlo] OJE1E o2 AElElr] wjitol 1 oS54 5o] S lolE Q] Aeld
9 o]57] wEe] o] ATeME AP HAs IS At uje} g E R o] AtellM= 712 Qlel® AEiE 10071 HE
T3, SVME] AtAlgle] At og 7] wlitel, GALF SAC] H] = Agsto] BHIAESISIH
&l AkAzte] Arka 2eixl pPSOS SVME) 37l AlFS Ash= Table 3“1 Au}= Qokst 7o g 7M7ke] Avpl= F&d dlojef 9}
HA gREAel A8t 21]. HAE dlo]ge] 21 mpz v]walgltt. elA average, min, max
PSOE el Al woh 22 58 7o) ARS8l Fekal S o s £ 1007} "loTE] AECIM Aol gk, Hagk, Hoigks vekd
ANekgl wolth21]. T (swarm)2] 2t 70 A (particle)= Uk g t}. BlAE dHolE9] HheAE Al2lshH AAE, R% RMS, Hthe
TS A e o S ARE wdks Hsd], 15 zpe] A2 e Aol SVMo] 93 A5S YERISIT
ApAT} o] 0] e o5t HRE o] gsle] A2 = oF ] 1H Table 3& 7] A7-9] &5 A7<I Table 17} H] w3k HIAE H
t}. o]& fJal A= oAl BEIR A2 X RE 7]ofght OJE]2] 4 AAE & SVMell &gt 211 A5 iAoz V)& A
ol% Aoz vehld thy} 2k 4 119 3 A FE2 7)A12) T AR} 9 AY fARE Ass Btk ey o] Ao o
WA &Golal 7 A, Al HA Fate Rle] A 91A] 9 7} ) X539} 7)€ A Ayke] vl ZF Aol AR ARt o=
o] #H A 12k AMAL] dA f1R1 ek ARl Fate] k] Al zde] Qi) get 3gdsh dttal & 4 Qlrt.
& &5 AR Akke S5 uEo R 2] 128 S A= o] eiFtol] AREH PCE 4GB M=, Intel Core2 Quad 2.4GHz
+ SIX= o] F3HA Hrt. CPUCI %0, PLSS}F SVME] Alitel] ARSH FAIRES 712 33 51
Z, 69AIF 495 502tk SVM ARkto] pLSRE EX - ARkAIZE
Vod = WV, gt e (X=X, ) et (x5 X, ) (1) o] AHgR 22 pLSE= Asflo & wiusr} el perol L,
K6l _ ko ke SVME 77} 37)01i A 1 ko] Ag=o0]7] ujitolth, SVMS)
Xpd = XpaTVpa (12)

APRrIZEO] Wil AW QIS 5ol A ARk BAIR o] A
Folli= 89371 BE AY tlolElE AREEte] 12 AL sl
Table 32] CPU time®] 1/100°] L3} HEZ o] AJ7to] Arkal
& 4= §lth Table 4= 10071 dlo]E] AEe] thgk PLSS} SVME
do] w7/HE Holar glrt.

o7 vz MRS S, iz GIAbe] $1R10] L, xe) s G
7h e g% 7P 1A% vehdk) X )] A) 2 A
A2] 917), i o] e A28 s1elet. oA pi= A
A, = FAFFEPIAE SVME] AS I, kiz W15l ch

7t e [0, 1]9’] HRelA etz whpolth Al w, Cll} e Table 4. Model parameters of PLS and SVM

PSOS] B4 ui7igrelw wis ¥ 71| (inertia weight), ¢, 7 ¢, Model Parameter Average Min, Max.
+ Z¥Z} A2 A4 (cognition parameter)2} A1) A= (social parameter) PLS no. of PCs 14.47 g 25
2} gtk wi A ot Al W vlEE A Fa 2 C 48.80 6.58 99.02
W 5491 gale] e u]Fs T Tt o7} e 4 A 1190 SVM 3 0.0863 0.0049 0.1
A e HA fR19k 2 NAIL] #H A YRR 22o)A sk T ¥ 0.0026 0.0008 0.0049

Table 3. Summary of flash point estimation results by PLS and SVM

PLS SVM Rato(PLS/SVM)

Parameter - - -

Average Min. Max. Average Min. Max. Average Min. Max.
AAE(train) 13.83 12.56 14.86 7.47 5.60 943 1.85 2.24 1.58
AAE(test) 15.68 12.26 21.07 13.50 10.85 18.07 1.16 1.13 1.17
Max Error(train) 149.63 81.24 170.05 136.94 33.97 176.86 1.09 2.39 0.96
Max Error(test) 141.99 46.79 289.09 125.84 64.96 186.64 1.13 0.72 1.55
Rz(train) 0.891 0.875 0.917 0.962 0.937 0.984 0.93 0.93 0.93
Rz(test) 0.846 0.656 0.920 0.879 0.783 0.936 0.96 0.84 0.98
RMS(train) 19.81 17.34 21.16 11.56 7.64 15.28 1.71 2.27 1.38
RMS(test) 23.81 16.64 37.97 21.03 15.56 30.14 1.13 1.07 1.26
CPU time(s) 231 251,390 0.0009
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Fig. 2. Comparison between the predicted and experimental flash points.
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Table 5. Flash point estimation results after the logarithm of molecular weight is replaced with molecular weight

PLS SVM
Parameter - -
Average Min. Max. Average Min. Max.

AAE(train) 14.86(107%) 13.69(109%) 15.72(106%) 7.49(100%) 5.96(106%) 9.29(99%)
AAE(test) 16.78(107%) 12.74(104%) 22.17(105%) 13.55(100%) 10.91(101%) 17.41(96%)
Max Error(train) 138.65(93%) 78.44(97%) 150.88(89%) 131.93(96%) 35.64(105%) 167.02(94%)
Max Error(test) 138.05(97%) 64.84(139%) 241.99(84%) 127.99(102%) 63.91(98%) 178.80(96%)
R(train) 0.880(99%) 0.864(99%) 0.905(99%) 0.962(100%) 0.940(100%) 0.982(100%)
R2(test) 0.837(99%) 0.703(107%) 0.913(99%) 0.877(100%) 0.794(101%) 0.935(100%)
RMS(train) 20.79(105%) 18.49(107%) 22.13(105%) 11.54(105%) 8.25(108%) 14.69(96%)
RMS(test) 24.58(103%) 16.98(102%) 38.05(100%) 21.23(101%) 15.53(100%) 30.61(102%)
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