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INTA—=Z— MRADAILINGA—E—

related parameters: Topological parameters
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related parameters: Topological parameters
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related parameters: Topological parameters

O MCINOBEXBRUBEIFATOSFA

Cx @ERD, COBEZERLLTMCIZ2XD2H, teoREaXoRNEZLHER
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related parameters: Topological parameters

BaxXM1l. PATH? A 70Cc MZXXELTRLI-MC 1 @&

BEeXM4. PATH-CLUSTERZA7O0Cc ¥ ELT
RHE-MC I @

HeBXMI1I, PATH? A 70Cc XL LTRLHI-MC I @
D27 MIEEMA 1A .
HEeEXM),. PATH?2 A 70C. OHRNEAFORFEEBLT

RHI-MC 1 @

(ORDER) RIS OC. OHNESX (X1~ 41D T)

“. s
E s - 2 (5. &, ) s

s=1

“. L
=2 - = (&, &6, 6.)0

s=1

N. 1o
3 - W CBs 8 B Fs Yo

s=1

N. v
4 - = (6. 8, 8. 5. 6.)3
s=1




In ilico Data

INGHA—B— "RT ZT4NIINGA—5—

related parameters: Topographic parameters
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In ilico Data

INTGA—F— YL PRI/ NG A—H—

related parameters: Physicochemical parameters
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INTGA—=Z— YIBILFER)/NTA—2— (LogP)

related parameters: Physicochemical parameters (LogP)
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[ C ]ipid
LOGP = LOG

[ C ] aqueous
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C ] aqueous : FHRELEGIAKRPORN
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INGA—Z— WYIBIEFRI/NTA—ER— (LogP)
related parameters: Physicochemical parameters (LogP)
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und—related parameters: Other parameters

18/ \J A—4— Substructure parameter

ExEEL. BIRRETDIEEYPRICERZLERSBENETENTL
H % F| FH9 % Define a partial structure and use whether or not the
tial structure is included in the compound to be analyzed

: DUNDERT—ADRIEBFRICKYLTOIFFEFEICKFTES
1ERHIEDELD D 23 A F1)—TF—4ABinary data with or without substructure
= X0DNAF)—FT—43

MACCS, PubChem, DaylightZ&AMRH#tLTULVS

1=h D E S HEEDOBEHNY >k Count the number of substructures included
MIED/INTGA—E—

I4H—T) 2 D YERR

-8 o1& OB ERFOHERE MLk L THIEIL

y taking into account the information of neighboring atoms of the included partial structure
INDA—R—
(Automated Data Analysis by the Pattern recognition) CBAF/#x%
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858 /85 A—H—: Z DD /85 A—5—
d-related parameters: Other parameters
&/\JA—A— Substructure parameter
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data with or without substructure
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AEAFEEDEEH D2k Count the number of substructures included
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aking into account the information of neighboring atoms of the included partial structure
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DR IE/NTA—R—  Z DD INTGA—32—
ound—related parameters: Other parameters
S5/ \TA—RA—MD4F Feature of substructure parameter

acteristics:

E/NTA—F— I EYBERICERK T H/\TA—2—0D1=0,

D /NS A—R—E LB L TERBHEALOT

MEIE/NTA—A—IERIE, FEEFEOEEFOOUIO—IILICRELRERE
NDEEFERELTIRADZENHED
BEIE/NTA—I—DIERIFEEMEREFICRLST LY
SEFTDOAELS LAYMBRREICLERTES

e partial structure parameters are directly linked to the compound structural formula,
er to extract the factors than other parameters

tructure parameter information can capture information necessary for control of
ical activity, toxicity, etc. as structural information of compounds.

on partial structure parameters is easily reflected in compound synthesis, etc.

a analysis but also compound search



NREE/ N A—F—  Z DD /INTGA—52—
ound-related parameters: Other parameters
B15/\THA—F—MD4EH Feature of substructure parameter

ints to remember

S BEDABTNERBHUDEREICKRELEZELZRIZT

R TIX, 27—+ 7 FICBELI-E B E

1= TIE. EHERICEAET SR EE

BEDHRTEIC/ VNV OBRENHIIEEEEERICEET L ENHD

ntent of the partial structure to be set has a great influence on the feasibility of the
tation purpose

/c In pharmacological activity, partial structure with attention paid to pharmacophore, etc.
seit) pound toxicity, partial structure related to toxicity factors

/ now and experience may affect the implementation results to some extent in setting the partial
¢
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DOI:

S0ES-HO= 15598
CAFFETNE

CHy
a
HECR N
T
A N
O
CH,

RYOMIVISS A—H—
ARYGMILT—ER—X SDBS
tabase of organic compounds SDBS

5DBS No: 1898 CAS Registry No.: 58-08-2

Molecular Formula:  C.H, N,0. Molecular Weight: 194.2

Instrument spectral parameters

Compound Name:

caffeing
1,3,7-trimethyl-3,7-dihydro-1H-purine-2,6-dione
1,3,7-trimethyl-3, 7-dihydro-purin-2,6-dion, kaffein
1,3,7-trimethyl-3, 7-dihydro-purine-2, 6-dione
1,3,7-trimethylxanthine

1H-purine-2,6-dione, 3,7-dinydro-1,3,7-trimethyl-
3,7-dihydro-1,3,7-trimathyl-1H-purine-2,6-dione
theing

InCh:
InChi=15/CBH10N402/c1-10-4-9-6-5(10)7(13)12(3)8(14)11(6)2/hdH, 1-3H3
InChIKey:

RYYVLZVUVIIVGH-UHFFFAQYSA-N

Publisher:
National Institute of Advanced Indq:éﬂal Science and Technology (AIST)

b.aist.go.jp/sdbs/cgi-bin/direct_frame_top.cgi
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RIDRILING A—Z—  Instrument spectral parameters

SDB5-Mass
M5 2886 - B30 TWA SDBES NO. 1898
caffeine
CHH18NADZ {Mas=s of molecular ion: 194)
100 —
ME200E- 03 057WA
80—
e,
M :
ass T .o
=
Qi
=
% 40 —
‘ [
20—
20 40 [=1n] =0 100 120 140 160 180 200

0.aist.go.jp/sdbs/cgi-bin/direct_frame_top.cgi
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RIDRILING A—Z—  Instrument spectral parameters

SDBS-“C NMRSDES No. 1898CDS-06-784

CeH,y N, Oy
caffeine
T " T * 1 I L R N T T " 1 T
200 180 160 140 120 100 20 50 40 20 o
COE=0G=7E4 WT'I

aist.go.jp/sdbs/cgi-bin/direct_frame_top.cqi


https://sdbs.db.aist.go.jp/sdbs/cgi-bin/img_disp.cgi?disptype=disp3&imgdir=cds&fname=CDS06784&sdbsno=1898
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RIDRILING A—Z—  Instrument spectral parameters

SDBS-'H NMRSDES No. 18908HSP-04-064
CeH,y N, 0,
caffeine

: 90 MHz In CDCI§

.
i
[ 3

! 1 ! | ' | ' | ' | ! I ! 1 ' | ! | ' | ! I
11 1o b= = T = > L] 3 £ 1 o

H5P-D4—064 pprﬂ

.aist.go.jp/sdbs/cgi-bin/direct_frame_top.cgi


https://sdbs.db.aist.go.jp/sdbs/cgi-bin/img_disp.cgi?disptype=disp3&imgdir=hsp&fname=HSP04064&sdbsno=1898
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RN IVINSA—R—

Instrument spectral parameters

TRARAHETTENCE | 51

HIT-HO-1057 |SCORE- | 1 |GOEG-RO- 1598 [TR-NIDA-60985
CRFFEIME

Corlygal0p

anon ' P

3110 Ha | 1648 a1 | 12ea &3
2954 L1 1487 21 1240 =19
2926 4 | 1431 51 | 1213 &0
SOG4 L4 | 1404 GE | 1169 &2
lgaz o | 1Zz78 48 | 07@ 7T
1855 10 | 1360 43 | 1025 &7
1G9E 49 | 1326 &R 374 &

aist.go.jp/sdbs/cgi-bin/direct_frame_top.cgi


https://sdbs.db.aist.go.jp/sdbs/cgi-bin/IMG.cgi?imgdir=ir&fname=NIDA60985&sdbsno=1898
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RIDRILING A—Z—  Instrument spectral parameters

anT —%

ARGEILT—5H

/www.bio-rad.com/

-rad.com/ja-jp/product/raman-spectral-
0ZXPS4VY
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RIDRILING A—Z—  Instrument spectral parameters
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RIDRILING A—Z—  Instrument spectral parameters

MLT—RIE5REDGETFTRIT T—3EDT, TORAIILOBET—RIZE
WETHD,

ent spectral data is mostly analog data, it must be converted to digital
a.
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ﬁg*ﬁ (:Eaj \oax_g_ In &E:tco Data

Miracles by the KY-methods

Parameters used for analysis

O BRRANIRNILINTGA—A— Instrument spectral parameters

¥ Characteristic::
DN BN IETHET —2ELTHEIZEETES
If there is a device, it can be easily stored as numerical data
@ARYUNILFv—hEIFR R GERBIETEABEIND
Spectrum charts are accumulated in various experimental processes.

=R Points to remember::
D—HRAIZ /S A—F— B HABH TRETZY LY
faRELT, T—2EMFELNBE. BAAFTELLHABEENELLED
QARG T—REZEHBEELEHTEHL
DEQDEFHIZLY . TR ERICBVLTIERTEMRE - S ENLET.
BT F A EPLSAOPCALFIBR SN A ZEMNZ LY
@ARIEILFr—r DR EEFHEEFT —HIDLE
N (R TE RS A—D—OIEL I —
Y MBEEOMAOH-NMRT—4E90MMDH-NMRT—42%ZBTEL TO T —2 T ZEE K
ARG EN M —SINENET—2BTDRBENMRIESNIZLLGES

All Rights Reserved, Copyright ©
INSILICODATA LIMITED 2019
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Instrument spectral parameters

CARGRILT, I BEBEEHEZRICIZLI-ELTHAIE#EIE OV IRHIITTD
UZIEZHRDI+—< A H B,
IWT—ER—=RABTOT—EFDOYRYIZIZT7AILIA—IEBRNEE

Vendor

ACD/Labs
Acorn NMR, Inc.

Agilent [Varian,
Inc.)

ASCIT

Bruker
Corporation

GE

JCAMPt

JEOL Ltd.

Lybrics
MSI Felix
Tecmag

Thermao
Scientifict

File Format

*spectrus, *esp, *txt

=fid, *nmr, *2d

data, *fdf, fidooon fdf, *1xt, fid, phasefile

*txt; *prn, *.csv, *.asc

ser, rr, fid, *r, 1, 2rr,
=* [DISNMR)

*raw, ** [Micolet)

*dx; *jdx

*als, *jdf, *nmfid, *.nmf, *.nmdata, *.nmd, *.gxd,

* bin, ** (Delta)

*tnt, ** (MacNMR)

*spc

by

Required Parameter Files

acq, proc, procpar

acgus, procs, acquz, proc2s, *fgs, *fal,

*fa2, *fpl, *fp2

*gxp, *hdr

Optional Parameter

acg_2, text

title, intrng, *tit, *ti2

exp.param, exp.par




RIDRILING A—Z—  Instrument spectral parameters

Data Format Ertensionll Commens) wendar Data Fermat Imeort  Export  Extension  Comments

1100 Series LC/MSD Quad and ton spectrus,

Jeosea L Qu “ma.tyep | UV.LC-UVand LC-MS AcD/Labs AcD/Laps Pl - i

Chemstation STy | ~me.~yep | DAD data and singie chromatogram curve are
A A and 1on Tra Sterms P =o. Splitter

Stion TUBOROUBESOLERSSCE | D Entire =0 folder should be used chemstation - = Splitter availabie
sms. teh, “uv

fev.cor0e L ToR - = ifF

Smiizotischpeicals | UV, LE-UV and LE-Ms Entire =0 falder strusture should be used

Open Lab C V104 =0, Entire * O folder should be used rassHuRter (BO00 - i Agilent = cpuires M ~ET

“ms, “ch, “uv Agilent Technologles Larie=) vearsion 2. DAD can ba importad (W12} and mMS/MS
! | SR COnTrollad in Mewer versions

V. LE-UV and LE-MS.
©Open Lab Rev. € 0107 o Entire * D folder should be used U, Le-Uv and Lo-ms
e ot Spen Lab © vios Entire = 0 folder should be used

e, ek, m

A
!

EzChrom *dat LV traces only.
| Uv, Le-Uv and Le-ms
=0 folder should be used

AB SCIEX Gh =i LC-UV and LC-MS Cpen Lab Rev. g ol - =] Ertis
Technologies e tEUE snd Lo s ol spectra, LO-MS and most LC-mss
i P i

Q

mported, ter available UV data not
currently Fmported

LE-MS, Le-UV, UV
o Anaiyst
Entire D folder structure should be used

Bruker Compass (accurate mpss data)
LG RTSIght—Spectra are BUSRSS via ACD/LabS

- See above
res vendor software on R (retCDF
RO cted :fm»:s::r:pﬁ:v Requires vendor software o
. Single mass spectra, LO-MS and most LC-rS™
Shimadzu Corporati el il 3= = S imports ittar available
Sl LEMS, LC-UV and UV traces EEFEEbEElE Ll
LeMSssolution ald
5 May require vendor software on same computer Analyst TE - i
xealibur raw LE-MS, LE-UV and UV traces . o Bicsysterns Mariner Data Explorer — -t LC-MS data ont:
Therme Sclentific | Ll & ASTI LCAMS i
Chromeleon® & UV and LC-UV, via Connect to 7
Bruker Daltonics and Agilent or Bruker LE/AMS . N
Agilent Technologies lon Trap - ol AR and AT dara

vendar Data Format File Formar commants
ACD/Labs ACDiLabs “apectrus, fesp

HP 845524 avav
agilent Technologies

chamstation Qe
ASCH single, dual and multicalumn txt; = orn; mcv; ~asc

Bruker opus -~

Dartaru ~ape

Dionex chromeleont “Connect to” ability available

Foss MIRSystems

.
e — ptical -

LabControl v irs

MATLAB DSO! ~rmatr

e — ~Spectropy https://www.acdlabs.com/products/fileformats/

Shimadzu

Galactic
Tharme Seisntific raton -

ricolet ORMMIC ~=pa. tspa
warian cary Uv ot

Ermpowar and Empowar 2 “Connect ta" abiity availabis
Waters Carporationt rMassiynx ~inf

ral

AR “Connect ta" ability ava
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H-T—A Medical dat
FCDT—REMIEIT—ADEY A THRRALGEMEERTES

=R EIETARTEEAL., kR TRREDERBEROCENRIEFLFID
FPATATRETHRRAGBFEERTEDHLSI12HS

3|/isis indthe medical field can be performed in various ways depending on how
ollected.

statistical analysis is applied to medical-related, focusing on causal relationships

Ous diseases and drug efficacy verification _
e future, various analyzes will be possible depending on the idea.

5 A - TSR fRTT—~
\ tholog HRAERRT—-

BRROMLT—8 - F—IRFE i E R
-NMR,Mass,GC,IR RMANBEIZHST 1Tl1ﬁﬁ%i
(T BEET—5- #| A 12 2 I

B FIRH %1&%":@5#%5]
Al RE T — A Postoperative recovery rate
. Postoperative recurrence rate
X#R. CT. MRI. #& K. PET VarioSs cancer screening

Elapsed time after death



EHET—4 Medical data
FICKYBBIOATHESRDORENE DS

e and type of analytical instrument varies depending on the research field

AAARAIHR
Mgt;IIJolorﬁics

(NMR. Mass)

B[R AR AT

Image analysis
(CT. MRI, X#&)

REFEET

Forensic analysis
(GC. IR, Mass)

fET B 1R
Objection
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A= —DBRECERRICEAETOIFR

tters related to parameter operation and selection

A—S—QBEMEFICEHTIBESR
S on parameter units, etc.
INGA—Z—RRITONT

ut parameter selection

P T ILDRRITONT
out sample selection

— SR RIAT SO DOFRFRF

trictions to ensure data analysis
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A—A—@IEFRIt Parameter normalization

fée(Et;é/ﬁ%%—&—%-‘ﬁ—@ﬁ@#ﬁﬂ%l:iﬁ&?é& EREHEFEXREICT
d:%)o

FINTA—R—BEFIRATAEEIE. BEA—MRY— VT EERT B,

— T EBIET —2E F 0O TIRERE1 D/INTA—F—ZE T S5l

eters with significantly different numbers of digits are mixed during
nalysis, it becomes a factor that makes factor analysis difficult.

using such a parameter group, auto scaling is usually performed.
scaling is a technique for converting numerical data into parameters

n average of 0 and a standard deviation of 1.
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Parameters used for analysis

OINTG A—A —MIE$RIE Parameter normalization

BT D EL 5/ 85 A—2—F4H| Parameter examples with different numbers of digits
ELFISIXEDHT BN ELGLH/NGA—EF—0 E /" EOMAZRLHEFINZET S

Below are listed parameters with different numbers of values, values that take both positive and negative values, etc.

- D KRELLDINTGA—E3—  HFEFEILF).
@IEN—HTEGI NS Z(TH-BiL: [RFHOEOHE
ﬁgh“—ﬁﬁ%rﬁ INAF)—T =3, TSTANNT—A,
BN A LT ELS: 2 FEEEREE/ NS A—F2—
(BEFZE.HOMO/LUMO, BEHIRILX— BOEBR, YOI R ZNDi)
OENELEDHAZES : LogP/\oA—F—,

(@ Parameters with a large number of digits; molecular weight (hundreds to thousands)
@\Values are in single-digit to double-digit units: number of atoms, number of rings, etc.
(@ The value is about one digit: binary data, fragment data,

(@ Value is below the decimal point: Parameters related to molecular orbital method
(Electron density, HOMO / LUMO, free energy, hyperpolarizability, Young's modulus, etc.)
(5) Value takes both raw and negative: LogP parameter,

All Rights Reserved, Copyright ©
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— 3 —@DIERE : A— b RH5—1 T
ter normalization: autoscaling
BFEICAWD/N\TGA—E—[E HFTBASRI->TNAHAIENEFRLL

DT —AEAVSFFIEHTEAZEAOTNDIGEEMNZ LD TRIGEZLAY,

Y CTHEOT—RNIANBENBIELZFRZT T TDELL (HE) HREL
BENZL

able that the parameters used for analysis have the same number of digits.

n using the same type of data, there are many cases where the number of digits is the same, so there

, but the data handled in the chemical field is not only diverse but also the units (number of
en very different.

n
= X (W, - W (1)
1=]
' Wo' W .
Wu' - (2)

h Q
QUAVAF -7 ORRERT, W, Bt-F24-1) 2 /ROWOROAK EBO

We O, WRRVAREFORHUMTH S, .
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Parameters used for analysis

OINT A —732 —DEIR
(4 E3m e - Feature selection or Parameter selection)

¥ T— AR DEEEZRDE-OICITT U TILEENGA—F—HTE|-1-{ETH 5.
EBRREIEIEEZTHEMNKRHBND,
D= . LN VT ILBDIGEZNTGA—EI—HEF BV SEBHENBE,

SREDTEAN) YRR TIE. SEITHRARALEBEENTA—E2—[FTAT S LIZELY
12T )L (L EWY) HI-VEF/INFGA—2—FKETLHEMN KD,

¥ EERER R TIE YT ILED DN EN B, D=6, SEITHREZR OO

SONTA—3—WaiB LT 5 EHEISEBHTEETHS,
* FEMTICE B/ \TA—42—I[Z. Intrinsic Parameter. %t AYNon-intrinsic parameter,

* To maintain the reliability of data anaI%/SB, It IS required to observe the reliability index,

which Is the value obtained by dividing the number of samples by the number of parameters.
For this reason, it is necessary to reduce the number of parameters when the number of

samples is small. _ _ _ _

*In the current chemometric anal¥3|s, the above-mentioned chemistry-related parameters

can generate thousands of parameters per sample (compound) by the program.

*In chemistry-related research, the number of samples is often Small. For this reason,

feature extraction that reduces the number of parameters is extremely important in order to

maintain analysis accuracy. _ o

= Intrinsic parameters are important parameters for analysis, and non-intrinsic parameters

are the opposite.
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2—DER
: Feature selection or Parameter selection)

FEIZEDTIEIPLSD LS ITNFGA—F—EE R XMIZH DS ELHIEM
WY, INTA—F—H B RETEDLERNF TIEILFIAINS,
SIF—TBORTER, EMHBFET, INTA—E—DNE NSRRI BHMIC
ﬁﬁﬁf%ﬁﬁﬁfi%@%ﬁﬁﬁ@&%@@%hﬁﬁ%b%ﬂ%%#b
LN EIT75 5,

ome data analysis methods, such as PLS, can formally reduce the number of parameters,
f en used in the chemical field where many parameters can be generated.

wever, PLS is a kind of dimensional transformation / compression technique that is

an emergency evacuation when there are many parameters. It is impossible to

ze Important factors in data analysis, and the classification rate and prediction rate are
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Parameters used for analysis

OINT A —32 —DEIR
(%F I : Feature selection or Parameter selection)
HEHHE F LI RELTITRESNS4FFEICHFEIND

DNTA—E—ZF BT HEDORFHLE. HFtHFEE R AL FEHE
Feature extraction using parameters that make up parameters and statistical characteristics
. OEFTYY. EHET—HHIRE, Jrviv—LL
K T USRANER LUV ERE Ty TAUY) OEA TH FAREE
iEE/ \TA—A—HBOHEEREFRICER LS8 (HE®RKICELS770—F)
extraction focusing on correlation between parameters (correlation coefficient approach)
EHHRE. Z =1
X ISR EE SV ERIF (TryTA429) DA THIFATEE
OfE < DT — 2T FEDOFHEF AL FEHEH
Feature extraction using features of individual data analysis methods
B2 DT —2F M FEDFHOHEZRAVNSLTHREHEEZITS
kT —FETOELEICKY ZISRAFELERRIERASINS
@BEIEEDF = £FIAT HLTRBHMHETS
Perform feature extraction by using techniques such as optimization

EEETIILT) X LENFASN, VAR BPLERRISEASNS
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— A —0FER: Do v v—Lt
ter selection: Fisher ratio

ZIOARY 2IDARE 727 A1 7 oR2
Z A vty (SrmiEds) 74 2 ry—lt K (SHIGEX)

. T AN ROME Y T AGHNIXNT D 3T A — 7 DRI
LHENL—MWND,/VT A =2 D7 T 100%MB DLW T IH D

F= (X1-X2)?* / (s17—02?

X1 : 2R 2A~—2D7 721 OELN
2 1 INT AL DY T AR 2DHEM)N
1| : ST R—ZDIVTA | DAY

2 NFRA—HBZDIFTARA20D5 K
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B—DEIR . NYTFTURDIA MNE
r selection: Variance weight method

Fﬂzwﬁﬁ%@ﬁbtﬁ@m&%ﬁ

traction me using characteristics of perceptron

v,
VW, = T— '
W,
n o
|
V"z:. Z (W,-W,) ’ .
(l].""l) k=l

NP IS TA=G D, kik D xA b XI MNOAL /T 27 ATH S,
Wit i RO b2 FAOFEHI, 0 MWEY A A7 1O
Th b,
¥ 1) JusP.C. etal, JCICS,
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ter selection: Clustering

(@) ADMEWORKS Project:2
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(@) ADMEWORKS Project1:2

2—OFEIR : TR IHFTE (PCA)

r selection: Principal component analysis (PCA)

[=[= =]

PC Scatter PC Wectars
1.0 4
@
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o
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EE-ad o . 0.5
o OO N LR =
o
-5 ] P,
@
)
)
=10 o o 1.0
T T T T T T T T T T
-10 -5 a 5 10 -1.0 0.5 0.a 0.5 1.0
Principal Component 1 Coefficients for PCA1
Set creation
State | Desc Mame I Mew zample et name:
B Average charge on carbonyl carbons —
B Relative negative charge ITralnlng_F'l:.-’-‘-. I:
B Tth order chain Molecular Connectivity
B Gth order path-cluster Molecular Connectivity [ Mew parameter set name:
B Ath order path-cluster h-'!qlec:ular Connectivity I,.-:-._||_F'[;.-:._
21| Charge of the maost positive atom
< Fecalculate I ak. I Cahcel I
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Miracles by the KY-methods

Parameters used for analysis

OINTA—ZF—DER: S4AVFv¥—F
Parameter selection: Line chart
(] o |®] =

Parameter value

Set creation

Mumnber of samples
to be excluded

Mew zample set name:

k. Cancel
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B—0NER . VSRATAEDaVTyT
er selection: Class division map

@ ADMEWORKS ModelBuilder - [ADMEBEWCORKS Projectl class.amb:z] — O >
'@ File Edit WView Sample Descriptors FeatureSelection Graphs Model Window Help - 3 =
Soluble_CL NDB MM I NSB

1} |
Divizion Graph
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2 —M:ER . FOF

er selection: Multiple regression

Leaps-and-Bounds MLR >

R"2= 0.979498, No=20, Ratio=0.000000 Used parameters:

SESEEEP L4040 P A RS A S22l MHurnber of double bonds ~
L Mumber of halogen atoms

+ Mumber of Mitrogen atomsz
+ Mumber of zingle bonds
Broto-Moreau autocomelation of a topolog
L Broto-toreau autocarrelation of & topoloc
Geary autocormelation - lag 4 / weighted £
Geany autocormelation - lag 5 / weighted E
Geary autocormelation - lag & / weighted £
Geary autocomelation - lag 7/ weighted E
Geary autocormelation - lag 8 / weighted £
koran autocarrelation - lag 2 / weighted t
Moran autocarrelation - lag & ¢ weighted t
koran autocarrelation - lag 7/ weighted t
s Electric dipal moment
3rd order cluster Molecular Connechivity

EHn Ardar matbomhiistar bdalamol=sr Cameaenh

< >

performance

[T Create parameter zet anly

kadel name: IMW_MLH_1 Select plots ... |

badel criteria IH"E ;I Save plots to C5Y .. | ok Cancel




2—0ER: T

JA5r#8 Binary classification
el N Dl SR 0 6 i e

tion by perceptron

‘FH A2 ;& Weight sign method
DIANE

eight sign method

4> %8 Multi-class classification

EDIEEZ AV S
ction using SIMCA index
J I8 —

ver
AT AT INT—
power

OSRADEEERTD
mAI<E A

O=a2—3J)LRYLET—4
Neural network

@:L.\H]%EI

Forgetting learning method
QHRZEE A

Erase learning method

OOPCA (E RS 7 #T)

PCA (principal component analysis)

OEFATEDEM
Application of factor loading
LEEM7IILT) X LR
Genetic algorithm application
BRDOBITFERE
HABHETRHRAINS

Used in combination with various

analysis methods

— 3 BT FEDOFEZFI A L = Fr

ar selection: Feature extraction using data analysis method features

BELEO1YTAVD)

Multiple regression (fitting)
ORIEERE

Q& EERE
QTHRTE E

@"'{L\L‘:%T: l’) ﬂi

(D Forward selection method
@ Reverse selection method

@T test application
@ Round-robin method
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- v |
‘ ~
p ‘ g g -

M &R Sample selection
CTHRIEAMCERFBRZY 77/ T L THRBIETY Y
HI D ENHD
sary to extract samples in the process of refining discriminant
nd multiple regression equations in data analysis
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JWDZFEIR : D95 RZ) VT
selection: Clustering

(@) ADMEWORKS Project:2 [=[@][=]
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LELUVNTGA—AF—ER: L—F—Frv— |
and parameter selection: Radar chart

%*%%****%*%%*%%%*%
TFTITT LTI TITIo
RS TEr et
AT iRG T £ aravdasd
QP AAAII AT AR AR
 RRRREITESF j
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Parameters used for analysis

OBV TILE X UW/INT A—4F —EIR : EMF
Sample and parameter selection: multiple regression

- E;I ADMEWORKS ModelBuilder - [ADMEWOREKS Project2:2]

ilico Data

Miracles by the KY-methods

In

v File Edit View Sample Descriptors FeatureSelection Graphs Model Window Help
v Scatter Flot Absolute of Residues Plot
:F
i
I s
= B
= B =
= 2 =
[= [
o o F
=
100 200 200 400 500
1 COriginal
)
Murmber of Samples = 100 -~ State | Desc Mame Eecta | SdBEeta t-gtatiztic t-gquare p-walue -~
» Murmber of Parameters = 35 I
Samplez/Farameterz R atio= 2. 86 % ﬁggﬂv 33153 ggg ggi Eg ggg
A dii;egd9£f2 . = CHIEPC 31,43 422 7.45 55 0.00
Dear. of Freedom far Fiear = 35 =) AT53m 19.35 3.48 557 a1 0.00
- Tatal Degr of Freedom = 93 = RHAL 11.23 3.4E 3.25 1 0.00
{ Sum of Squares for Reagr. = 6. 73e+005 w B HDEBE 10,79 352 -3.06 9.4 0.00
F~2 History Plat | GATS8m -1 51 224 -2.06 12 0.04
=) F LA -5.50 2.84 -1.94 3.7 0.06
A - B2 =) DPOL -5.00 313 -1.50 2.5 01z |>5
b B GATS5w 364 248 1.47 21 015
B DPSa3 514 3.52 1.45 2.1 015 e
Automatic Descriptor R ermowal Criteria
: WV pafalue < 0.05 OF: v tsquare > |4 oR:
" N 1
B, Fecalculate | Auto Bemove Dezcriptors | Select plots ... | todel name: |MW_MLF|_1 Cancel
LN

IFcrI—eIp. pl'e:-.:-.fl )
ModelBuilder®DE E LY
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Development of data analysis related technologies

BT RE-LaVRE- TSR TOREEEHRA)

Notes on analysis principle, compound manipulation and data analysis

SRS INF—URBICLEIT AT >FER-BRE7IJ0—F
IESYIREE : — T — X, —RITRE. ZRITRE. ZRITRE
=RITDFVEE: O—AhHIL- o O—/NJLE=I RIS

TR RE— (B SR 188

TAVT AT 2 —I\—D49TA425 GREES)

FRZIFEAR T RE ;

S (N\SA—2—FK) 2. 5. BR

YT IVEE YT IV RN T IV ARE AL —iay (fExt . VT ALEER)
INDA—A—PBRE FE5E, BAIDEL., A—FRT =T mDINTA—2—5

Data analysis by multivariate analysis / pattern recognition = treasure chest / discovery approach
Compound-related: one-to-one correspondence, one-dimensional notation, two-dimensional notation, three-
dimensional notation

3D handling issues: Local and global minimal

Probability problem = accidental correlation

Fitting = Overfitting (overfit)

Linear / nonlinear problems;

Feature extraction (parameter method); type, feature, limit

Sample related: total sample number, minimum sample number, population (absolute number, class ratio)
Parameters: Type, unit difference, auto scaling, minimum number of parameters

All Rights Reserved, Copyright ©
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Development of data analysis related technologies

BRiTRE- L aVRE-TSBITTOREFEER(2)

Notes on analysis principle, compound manipulation and data analysis

—a—J)LRyhI)—U=>dREEBOIZVN IS EDERY
BlREm ; FroRaYL—iay, ERE
INDA—B—EMNZNEET INTA—Z—[E#E PCA PLS
INDA—RZ—E N DIFUNEF; ﬁ‘ZUJ—’f—iEt‘F B ee. MHERF
RN INTA—F—DFEBE N, DEEANENNNTA—F—
KY:E: Yo T ILEo)— REaL—ar o) —
—77Z M E SEE 0 5E.
= [0]F; SHEBERN. SiEx{RE
ﬁn\i‘ﬁl$5ﬂll:>7ﬂ7\/\"h“‘—°/3‘/
SEERNEDEL
Neural network-> number of units in the middle layer-> layer overlap
Problems: Chance correlation, nonlinearity
When there are many parameters: Parameter compression PCA PLS

When the number of parameters is small; decrease in success rate, inability to analyze, physical
properties, etc.

Factor ana OIy3|s Parameters with strong reading and classification ability

KY method: Sample number free, population free

2-class classification; complete classification,

Multiple regression; high correlation coefficient, high absolute coefficient

Classification / Prediction = Cross validation

Difference between extrapolation and interpolation

All Rights Reserved, Copyright ©
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Minimum restrictions to ensure chemometric analysis
TSR RIITA3EE+H1IBEB DREEFIESE

1. 2L -T— 38T EAENELVREIZHAINEHINDF VY
TR E T AREIDBHRSEH
2. T—ABNTFEBRINEITHHIEETELEHAERSE
T— AR FEE AR EAXNROCERERZE TS
3. T AENTOERNEITHICRIFTHAN. B
—ARAOIZIE, R, FRIZE, HERE. R BMFDIEETAS
4 zom
JO0YU S LDHIBREIRE, LEMEIROESDEHREIE., FDi
D BAOTOSS AL COHBER. A—SashEL. L EIs
R A GEEE~DIEANE

3 steps + 1 item guarantee procedure to guarantee data analysis results

1. Check that the data analysis performed is in the correct state

Preconditions before data analysis

2. Restrictions and application limits of the data analysis method itself

The data analysis method itself has application targets and application limits

3. Whether the data analysis results are analytically good or not

q » Indicators such as classification rate, prediction rate, correlation coefficient,
~and abseolute coefficient are used.

4). Other
« Program restrictions, special matters when handling compounds, etc.

- Restrictions on individual programs, version differences, compound need to pay attention to special

problems



. e SR A

=T 3T EANELLVMRRBIZHEINENDTF VY
that the data analysis performed is in the correct state
FETE T DREIDETIREM Preconditions before data analysis
IVEEFETICAWS NS A—2—ED LA fat &5 D

e IS the ratio between the number of samples and the number of parameters used in the analysis.

BH CRET(T ISRV LT ORBEER 52 E%
DINTA—F—THD

S parameter ensures that the following problems that must be avoided in data analysis
ided:

ie RV T RDERERIR (T1vTAUT) FEDRTOT—RERFIEIC
NAERETHS

e two problems apply to all data analysis methods such as classification and
egression (fitting) methods.



In * ilico Data

aAl—arhBBICHEADITH A EEZERT S5
L—av NS AR TRELGEERN G VB X T 2R 2RET(ERTES
L—Sau NS AB TRELREVWVDHIBE . TEERMERENISR

D E @ =IT5H

TRE2L—av B WIS RAD N EENELED,

IS a problem when discriminant analysis is applied

be performed without problems when sample populations are not significantly different between classes.
population varies greatly between classes, the data analysis results will be strongly influenced by population
ification increases the classification rate of classes with a large population.

E QZ;Z j

50%
5%
BT 2F5IdBREE LTS
contribution regarding the BlIHESNDHFIBEEKIE. BTOH L TILESISR1IZHIE
tion rate is almost the same. T2, LAL. T EELISWNLELMEIZL D,

The discriminant function created determines all samples as class 1.
However, the classification rate is as high as 95%.
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Restrictions on the total number of samples / class samples

* T AT ORI T —2RENERDEENEZ R TS ENBETHD

* —REICH Y TIL D e B R ETHHMEEIT TIE YU TIVHME S FAZDIENBELRI LT
KLEENTLNS

* LRSI INI— BRI ORORNTUTILBIIEDRERELELZDEA5H

* DR EFEELY, EEEFHPEEHEDLHTIIT U TILESZSHED D EITFRETELZL
*CDRT., EBHEEEZRLUNCZEERBIT INNI—VBHEFITOODRN VT ILEHAEEIZLS

= \When performing data analysis, it is necessary to guarantee the reliability of the data analysis results.
In general, statistical analysis based on sample distribution requires a large number of samples.
well known
Wany minimum samples are required for multivariate analysis / pattern recognition?
other fields, it is almost impossible to collect many samples in fields such as pharmacological
activity and toxicity.
* In this respect, the minimum number of samples is important for multivariate analysis / pattern
recognition while maintaining reliability.

X EHEEDS T 2B EERT H-OOBRDYTILBUL. FEITICHL:
NFGA—F—DYHLEDEARTRESD

* T AEMMIEBMEIILUTDNGA—F—FHELLTEHESND
* The minimum number of samples for performing highly rellable data analysis is

g%%lm by the relationship with the number of parameters used in the analysis.
VSIS reliability is set based on the following parameters.
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of multiple regression
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b D AR ZERLET S T-ODHEIERDHIREIR

m restrictions to ensure chemometric analysis

0 (@A) MEEEH3XERLY Y TARLOME (—RY)
fx (BF) =R GRAMTRCHEONR BT HNT 2,
T, RAMdr LV EE2RYTRLBEONRUUTORTRENS,

(1)

COWE, RTMANT, $o7ANNL" UTORERLATANER, COAHRE
HARCLVERENTLVAFUAATAE,

=K, ts7ARNEnOl, 0¥ AR FARARERREORCENLS
HadbemAThn, UToRTRENE,

R = 12°

I n!
( =— Z
!kl kx(n-k)!

ChoORBASEL, SAonRRET (Aah) dTd Ak 290lR2T
it P it

#u7hniliT s L ANoREON

(
P =  — . ' -
RF4i 482 ANOBAON R Y. LAMOTERNT 8o (#7000 /R7MA) ¢ POME




P DEELZEH Asimple example of analysis reliability

48 Binary classification

DTINEI1INTA—F—T100% 75 = EEMEHEEFE=100
: 100 samples are classified as 100% by one parameter = Reliability index = 100

AT D/ ﬁ%%—é‘l—_li’]i?{_ﬁ:‘i‘ﬁl:*@&)fi%@ FEER D
ter has extremely important information for classification

A

0H > FILE1000/85A—2—T100% 75 — {EFEMEIEE=O0.
: 100 samples are classified 100% with 1000 parameters = Reliability index = 0.1

| O00fE D /INGA—R—(F VS RPN FEICEEG/HEF-LE0
eters do not have important information for class classification



DFEELZEH]  Asimple example of analysis reliability

T4 >4") Multiple reqgression (fitting)

VTINE1INGA—E—T100% 5% = EFEEHEEFE=100
1: 100 samples are classified as 100% by one parameter = Reliability index = 100

TA—B— LU AR EITBH CTEELIFRERFD
meter has extremely important information for classification

B2 7 ILE1000/8354A—2—T100% 4 = EfFEMEHRE=O0. 1
2: 100 samples are classified 100% with 1000 parameters = Reliability index = 0.1

INTA—B—I OS5 AR FICEELFHRE -G

ters do not have important information for class classification
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Minimum restrictions to ensure chemometric analysis

WA EEEDOBELZEH  Asimple example of analysis reliability

O=95X5%8 Binary classification

#11:100H9 27 NE1/1\FA—2—T100% 5 8
Example 1: 100 samples are classified as 100% by one parameter

ROMRADI100Y T ILDOAIELGHAEHEDIGEDEIL2100 Lii5,
L N\TA—A—N{ENSA—EA—THhHNIL, RETELH5EaDH#E2,
DT, 1/INTGA—=F—T100H VT ILE R ETEHHEERIL,

P=22100 T _FREOTHY. FrRaYL—ay (BARTEE) (720,

The number of possible combinations of 100 positive or negative samples is 2100,

If the parameter is a binary parameter, the number that can be expressed is 2.

Therefore, the probability that 100 samples can be divided into two with one parameter is
P =2/21% almost zero, and there is no chance correlation.
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Minimum restrictions to ensure chemometric analysis

WA EEEOmELTES  Asimple example of analysis reliability
O=95X72 %8 Binary classification

$l12:100H > FI)ILE1000/35A—2—T100% ¥

IROMAA D100 TILDRIRELGHAEHE DIGZEDEL2100 L7315,
INGA—B—PNAENTGA—RA—ThHN(LX. RIEFTEBEEDH# (L2100 THB,
DT 1INNTA—B—TI100Y VT INEZREITEHHEEIL.

P=21000 72100 G P[IBHTRKELMELES,
Bl2DEH’ETTIE, 100 T ILD100% D EEIFFHEEIZEIRT S, Bk,
FroRA)L—ay (@A) "FEET S,

The number of possible combinations of 100 positive or negative samples is 2100.

If the parameter is a binary parameter, the number of cases that can be expressed is 21000.
Therefore, the probability that 100 samples can be divided into two with one parameter is
P = 21000/2100 ‘and P is a very large value.

Under the conditions of Example 2, 100% classification of 100 samples is reliably realized.
‘That'is, chance correlation (accidental correlation) occurs.
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Minimum restrictions to ensure chemometric analysis

O E[E|fFE THERBCENZRRZ 12T DA

Method to set correlation coefficient and absolute coefficient to 1 by multiple regression

BRZEHEL CEEEMHDEDSOZRAWLT., 100BDH VT ILERE. HHE. N5 100D S
JIISEHENEH1MS100FETHDEENIDESZMFIT5,
100 samples were prepared using ED50 of pharmacological activity as the objective variable. These 100
samples are given arbitrary ID numbers from 1 to 100 in advance.

1. ST T—42L L TEEEMOEDSOEEZRF > 100D LEYMERE.
2 EHT2/554—8ELTHU T BERL100/ 85 A—4%5EELET.
3. BNTA—2IILEMDIDEESDESZE1LEL. BYITTRTOELELET,
BT IILDEDS0Z BHIZES. 100D /N\NSA—2ZHRAEHELTERBERITLET .

1. Prepare 100 compounds with ED50 values of pharmacological activity as sample data.
2. Prepare 100 parameters that are the same as the number of samples.

3. For each parameter, the ID number of the compound is 1 and the rest are all 0.

4. Perform multiple regression with 100 samples of ED50 as the target variable and 100
parameters as explanatory variables.

%ﬁﬁ%ﬁi:
HEERER=1. &3 {RE#R2=1
Execution result:

Correlation coefficient R = 1, absolute coefficient R2 =1
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correlation coefficient and absolute coefficient to 1 by multiple regression
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METIERDNEET DT TN (A4 V) ERYRLIET
AEEZEHS5,

BYHLIEHEAS T ILBDH10%E ERIZTHESNTINVS,

ass classification, the prediction accuracy of the discriminant function is improved by

1eously classified samples (inliers).

oval is supposed to have an upper limit of about 10% of the initial number of samples.

1ITA9)TE = )
Forstvozm | 7] X X
@R DIEH.
a I%(j-éo

VIIILVRYBLIEZ=OS ®
BRI T
0%% LRRICT HEE

‘ 2

e regression (fitting), the
olute coefficient of the
on equation is increased .
ample (outlier). 7FA2 X (4 794Y=)
lass classification,
n is supposed to




wilico Data

AH U TILBDIRR Class sample limit

=2 E
FILE100, VS5 RFEEHE100%., THLELLDFEREEALETH

opulation example:

sult do you trust, with a total sample count of 100 and a classification rate of 100%

R1;99H T )L, UTR2;1HUT)IL
50TV, UFR2;50H T )L
99 samples, Class 2; 1 sample
0 samples, Class 2; 50 samples
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ORFEFER L FAIZE Classification rate and prediction rate

—JOARGETIE N EREFTRENMEBSN-HIAERDOBEEZTIIEREELTRIAINS
k= In the two-class classification, the classification rate and the prediction rate are used as
an Index indicating the accuracy of the discriminant function that was created.

DRI T —AENTCHWN YO TILEFHIETDEDEDT, YU TILIZEHBZ EIEAEL
* %,ﬂllﬁli%,ﬂlllﬁ BOEAEMNENDT, FRIEREZHT LI KL
* PHREREH(C (X, 9SABHMO Y TV EF>THRDEFHT EAHES
¥ —{REYICIZOOR /NN T—a vl IENTHEY . BLREFENABRIN TS
% “Leave N Out”ENREBCRIRIN TS
ISR D YT ILDIENMONBED S TILERYHT , CONYGUTILEISAEKIMEL ., &
BT NEDHTILERAWNWTFRAETILZREL. COFAETIILZRAVTRYEEINNY LT
WISDWTFRAEITI, COFIEFRTOYUTILIZDONTERYRLT, 2D FAEZHE T,
DR, INTA—A—tYMNIREILEDZEFIAT 5,

*Since the classification rate determines the sample used for data analysis, there is no problem with the
sample.

* Since there is no actual measurement value of the prediction item, the prediction rate cannot be obtained.
* For calculating the prediction rate, a temporary value can be obtained using a sample of known class

* Generally called cross-validation, various methods have been developed.

* “Leave N Out” method is the most commonly used.
=N samples are taken out of samples of known class. The N samples are class unknown, a prediction model
1s constructed using the remaining (TN) samples, and prediction is performed on the N samples extracted
using the prediction model. This procedure is repeated for all samples to give an overall predicted value. At
this time, the'same parameter set is used.
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TV SR TILE

number of samples / class samples

HIESFN\TGA—E—DH-TRFD
FrICAWSYUTILEZEA(Z ISR 5E) 6 (EER) TEIS-ED
ZRAWTT —3@BIETAIE. T—2EITOEEENREIESND

umber of samples is determined by the number of parameters used.
of data analysis is guaranteed if data analysis is performed using parameters
y dividing the number of samples used in data analysis by 4 (two-class



OB U TILE DT RAS U TILE

Total number of samples / class samples

1000 T )ILEWIGE ., SBTICHAWN/ATA—=2—"
29SRA7% - 25LTF = fENEBEMENREL
25LLE = MBHTEFEEHIEL
5 [A])5F : 20LLF = MBHTEFEMEIREL
20LLE = MBHTEFEMHEHIEL

llllllllllllllllllllll

When 100 samples were used, the parameters used for the analysis were

2 cluster classification: 25 or less = Guaranteed analysis reliability
25 or more = Low analysis reliability

Mhltiple regression: 20 or less = Guaranteed analysis reliability
20 or more = Low analysis reliability

B .MU 7ILEoBY I

AW IILBTNSA—2—HOBYMN RS

Conclusion: There is no restriction on the minimum number of samples
The number of parameters used is limited by the number of samples used
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Total number of samples / class samples

X PSRNV TIVEBITEZAD/NTA—E2—DHEERET S

* BITERMLTROTIIRPEEITIGE . BRI TILBIYERINIZAD
BT I NTA—2—DF AHIRIENEZEERITT

* The minimum number of samples in a class is directly linked to the number of usable parameters.

*\When classifying with analysis reliability maintained, the number of samples in the smallest class has a
greater influence on the parameter usage limit than the total number of samples.

100527 IILTOSRIMNO0TIS A2 10DIGEE
29SAE7H ¢ 10RF = BIT{EEMENREL
10LLE = RITEEEIEL
100'samples, class 1 is 90 and class 2 is 10
2 cluster classification: 10 or less = Guaranteed analysis reliability
10 or more = Low analysis reliability

Bl 2 ARE L —aV OBINISAD YT ILE
CDEZBA-BDINSA—2—EFEZ L
Conclusion: Number of samples in the smallest class of class population
‘ The number of parameters exceeding this value cannot be used
RINTA—B—FZ ZLTI=VEIE RINITRADY DT ILEEIEOT *
If youwant more parameters, increase the number of samples in the smallest class
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O88R/ ELEFRAZE Linear / nonlinear problems

*ERIZE SV IFIRTZ IR DREX T — 2B ETORICEICEE I RNEEIETHD
* T — 3T O SMEECHRRIECREFR TS

MBS ZR_LTLDEE. EREEBITOANEELLTL

X T DEZETEZSEE . MEBTIYLIERBARETOANRIREEL

*x MBSO EERETIEE. HEROHEEEN. B FRIELEIEREYE
L EREEROALE u/aam#%@gw

R T IVEFTORREESE A T-15
/’CO)ﬁﬂﬁliﬂvj’)bEFﬂ’éfﬁ'dELT T RE P ERIFZE R
QF??ﬁ/ﬁﬁﬁO)iﬁ HUTLEROBICEOETHRBAHCEREXZE L

*=Linear and non-linear problems should always be considered when performing data analysis

* Related to extrapolation and interpolation of data analysis

* Nonlinear analysis is more likely to occur when overfitting occurs.

*When considering the simplicity of data analysis, the success rate of nonlinear analysis is higher than that
of linear analysis.

* When performing discriminant analysis and multiple regression, the classification rate, correlation
coefficient, and absolute coefficient value are higher in the non-linear analysis than in the linear analysis.
Pnsmermg problems in the N-dimensional sample space,

= For linear analysis, sample space is recreated and classification and multiple regression are performed.

= For non-linear analysis, calculate discriminant function and multiple regression equation according to the
shape of the sample space.
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T FEA]REZLIG A classification is possible

s HHI@IL\:??J—@#LJ:Uﬂm&’%N&nE

FRIER

Prediction

—~ 5%
- AL &Y

b S eSS mmr ek <a— zem
BRSA—HRIZ (. EE EEMESETIICEELESR (RN, B 2R

active compound groups and pattern space that can be divided into two

Is that make up this space have important information (scientific basis / correlation) for
ctive / inactive.
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Pattern space that can be divided into two by
linear discriminant function

B T2 BIF AT/ \ 3 —2 22 ]
e that cannot be divided into two by linear
discriminant functloq

A ‘A
A
A A

UuOI1]39|aS ainjesH

~-...‘/

I~'7—7‘ RER i BB B
Decislon tree | 1| jnear discriminant function BERICE S/ 89— 2
IRE— ST I=ShET-5 8 Science-based pattern space

Classification according to pattern
distribution
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Za—JIILRYLT =Y \yHTaNF— 3
Neural network: Backpropagation
F—3avIl&B
T4 T DA A—TH

linear fitting by
jation
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RYRT—DIZKB OSSR Two-class classification by neural network
FYRT—=IDRYRT—VHEIZKY . INTGA—F—HRIRTES

i N—tET O LR L TBIRIZKELMEE G S,

etwork structure of the neural network, the number of parameters that can be
5 extremely large compared to a simple perceptron.

TILDZISRDET,. Za—FIAYET—I T, AFINGA—2—#L
HEDI=yrEH10ELIIEED100% N FEDAIEEEIZLL T &4 S,

Is 10 and the number of units in the middle layer is also 10. The possibility of
ssification is as follows.
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Minimum restrictions to ensure chemometric analysis

O=a—2)IxYrT—II12&KBH=05RX592 ¥ Two-class classification by neural network

IROMRAD100H T ILDAIRELGHAEHEDIZEDEL2100 Lit5,
— A INGA—RA—P{ENFGA—Z—THNIL, 2 —FIILRXYFT—ITRIRATES
BEEDHEIIAABT210, CNIZCHE B TERINDEEDHIL, (210)10L735,
DT, 1INTGA—B—T100H U TILEZHE|TEHHEEL,

P= (210)10 72100 T 1BHTKRKELGELLL D,
COFBR. FroRa)L—ay (BAERE) (T ARICRET S,

The number of possible combinations of 100 positive or negative samples is 219,
On the other hand, if the parameter is a binary parameter, the number that can be expressed

by the neural network is 219 in the input layer. The number when this occurs in the
intermediate layer is (210) 19,

Therefore, the probability that 100 samples can be divided into two with one parameter is
P=4(2%9) 19/2190 which is an extremely large value.

As a result, chance correlation (incidental correlation) inevitably occurs.
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LRYRD—DIZKB 205X 9238 Two-class classification by neural network

LAY D=0 DZOSAREIEPBBOL=YMNINKEGLHEGE
A KL, PREIBOBEMIEKR T HESHICIHEEDHITIRMIILEKRT S,
HEDRBEEEZITOEBORYNI—2BETIL., FrRaYL—30D
MIK T AR, FEAY VT ILEBEBO TRELTIENNELLED,

o-class classification of the neural network, the number of cases increases as
ber of units in the intermediate layer increases, and the number of cases increases
y as the number of layers in the intermediate layer increases.

_f-'- nt multi-layer network structures that perform deep learning, it is necessary to

e e number of learning samples extremely to reduce the influence of chance
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Za—JI)LRYRIT =Y \wHTaNTF—3
Neural network: Backpropagation
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Nonlinearity increases as the number of intermediate layers increases
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8 (MLEOITEDS. &E: Overfitting) &l& . METFOHMETIZHE T,

—RTHLTEEINTWSD . RET—2 (TAMT—2) [T L TIE
STV ETETLWELRREZ T . FUEREN DA RBICEERT B,
Ing is a generalization that is learned for training data in statistics and machine

but cannot be applied to unknown data (test data). Refers to a state that has not been
d. Due to lack of generalization ability.

§ . Error during evaluation

'U'.‘/?)l/
The line

ZEaLTLNS
nction fits almost and the

IFRRF DTS —

Error during training
3 i & . >
3, ‘J.u.l 3 —E §H‘I = § . . s
?}zﬁﬁﬁﬁ%ﬁ {igz;% Z1—SLFyT—HTOBEES DR
Bt Tunction is stabie at both eﬁds but the Status of overfitting in neural networks

lal function varies greatly at both ends
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9135 A—H—% FL - EER

8/35> S —E L - EER RATEEIE DL
R EEEERo=N\TA—2—H 185 A—H—
Multiple regression using 3 parameters Multiple regression using 9 parameters
Number of parameters maintaining analysis reliability ~ Number of parar?_etg_rIS_tWIthout analysis
reliability

O

o

00 ] ol
0 00
| 00 | | | | ‘ |

T2 HEEEMR%E: 0. 968 HEEfR%E: 0. 986

/,-' 5 7L Correlation Correlation
J sam_ples 21 coefficient: 0.968 coefficient: 0.986
s earnin N

g RAeREX BFE

Over-learning

Generalization ability
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g1 0 g, — degree3

—— degree 9

T T T T T T T - v : :
2 4 6 8 10 0 2 4 6 K -

YT IL21 INGA—E—3DIZFLIDEEDEIFH
BERH16+TAMT—45 Regression chart for parameter 3 and 9
Total samples 21
test data for learning 5



