Met hod for predicting biological, biochemcal, biophysical, or

phar macol ogi cal characteristics of a substance Field of the Invention The
present invention provides a nethod forlpredicting biological, biochem cal,
bi ophysi cal, or pharmacol ogi cal characteristics of a substance. In
particular, the invention provides for predicting toxicity of a substance
Background. of the I'nvention In t oday' s "bi ol ogi cal research, 'omcs'

t echnol ogi es (e.g. metabononics, toxi cogenonics) are mﬁdely used to

i nvestigate changes on the mol ecul ar and bi ochenical level in relation to an
experinmental perturbation. To enable the detection and nunerical analysis
(NA) df these perturbation related changes, primary 'omics' data are

typi cal |y tr &eshed fﬁéd’l‘bt}icﬁm bislpgical,diochewirels biaphysicalcoxiphaynmcologidalr es i nt o
equal |y scaled profiles.” Howevgr. c%&kﬂEqﬁ%%uﬁ&9+&Q procedures apply only to
specific experinmental designs an@‘ 0 2ohe the "omcs' techniques. If
nowadays new and conbi ned applications are considered, new and tail ored
coding proc uer are required too. The use of 'omits' in the context of

dr ug devg¥§H§$E%£¥§E§%ncerned with two i nportant problems: (i) seen from an
appl @d perspective, there is no coding optimzed for realistic
perturbation experinments. with restricted sanplings and replicates, and (ii)
nore gehbs pesenf fyertignsprgvidees megod for E@@Pﬁf@ hivleisal. biochaaicalcbigivsical; o

conbi ned c e e ry h
Inventioﬁﬁ%#%g¥%£%%t§%ﬁ£%%%ﬁ%egfto@%)?% co hﬁcgﬁg &%tggra (e} HKWF% %g&anple
for the prietingwkicapal ysibstanée. ' om t s’ proflles The invention provides a
nmet hod for predicting biological, biochem cal, biophysical, or

phar macol ogi cal characteristics of a substance, for exanple toxicity of a
subsyancgackbrRnaRt hedn@ngber ably conprises the steps of. (a) providing
sanpl e dat a; ) scaling the sanple data by coding the sanple data; (c)
classifying the coded data; and (d) providing a prediction output on the

basi s of if R ek d5cibdit A Akiedn, k&GS technologies (e.g. metabonomics, toxicogenomics) are

widely used to investigate thanges on the molecular and biochemical level in relation to an

experimental perturbation. To enable the detection and numerical analysis (NA) of these
20  perturbation related changes, primary ‘omics’ data are typically transformed by various pre-
processing or coding procedures into equally scaled profiles. However, prior art coding
-proc'edures apply only to specific experimental designs and to only one of the ‘omics’
techniques. If nowadays new and combined applications are considered, new and tailored coding
procedures are required too. The use of ‘omics’ in the context of drug development is concerned
25  with two important problems: (i) seen from an gpplied perspective, there is no coding optimized
for realistic perturbation experiments with restricted: samplings and replicates, and (i} more
general, there is a need for a coding procedure that enables the combined NA of ‘omics’ -profiles

and other data types.
30 Summary of the Invéntion

The inverition relates to data coding and intggration, for exaniple for the numerical analysis of
‘omics’ profiles. The invention provides a method for predicting biological, biochemical,
biophysical, or pharmacological characteristics of a substance, for example toxicity of &

35  substance. The method preferably comprises the steps of: (a) providing samiple data; (b) scaling



The step of providing sanple data is preferably foll owed by the step (al) of
bi nntng of the provided data. The data are preferably nornalized sanple
wise to unit integral in order to conve?t the data into sanple profiles.
The sanple profiles are, for exanple, nuclear magnetic resonance (NWR)
profiles, and t rofiles.are t for f. N ectral data.
Accor di nfjeca P aan g B remPl At 19 rest it e cPidl St oI BY ERE Al v
ar r angedpie@icfi® dhtgut off@lid badis of (iR liatificaion r@tktanged in the matrix preferably
such that all bin values for a given spectrumate in one row and all val ues
for a given bin or spectral region are in one colum. According to a
preferre@m?ﬁ@?@?%ﬁﬂﬁénéQ%nﬁ%ﬁﬂ@ﬂmﬁ&@ﬁﬁbﬁﬁﬁﬂ%ﬂé&%?Hh&@ﬁp%ﬁﬁpopﬂmﬁ&gQﬁghﬁg one
nore sanpl e descriptors in one or nore auxiliary columm vectofs of the
sane §enpohidediditor der as the columm vectors of the data matrix. The one or
nore sanpl e descriptors are, for exanple, selected fromthe group
conprising study nunber, animal nunber, sanpling tinme, dose group, toxicity
cl ass, t Ohe x4 agimﬁ'braﬁhzrﬁcmhhl%d shmpla vfiser tbhait iggegrbkinreder3d epnvertithsdatginttat a
values in the matrix_ are r_ a The m ssi N9 data are, . for exa .
{or ed byTEElG PN 1 SPRGPEILE §51 S RH e B e Rapletic RS MR bt a
are for pRgidRYant iR $rBEIed BreGreftBlyGR tHeFSROBUNIIR posttdl ahtagr oup at. the
corresponding sanpling tine. Step (c) of coding the data preferably
conpi¥Pses replacing all values of the matrix in accordance mnth a given
rul e. Mo | al
Vel es PRy 5 B8, HonbREr W S h, P SpediR b o kBl PGl eto Rl
r epl acenmatnxt Fhefdata eveammanged mmdde mamxnprbfembly grcti thail als bl Waiges M)raegwen
pr ef er abl a 3-l.evel ordi cal.ing.is . use the values of the matrix
ber ot eptitcatiogiy 1 or v A B R B R ST e A R el g,
or above the range defined by the x h and yh inter-quantlle range of a
correspondi ng, control group. Herein, example 10, and y is for
exampbe 9geor g & hBrcfapEadyembiepiagng, ﬂ%eclapti%cqr@r %@ﬂhgt% step Pl HrasgingAe g1
CONpr i Segy %éqﬁ fe%s&fpt&%?ﬂ %&%&Q%Algﬁgxgﬁﬁ{ﬁ've PIQ%@ ﬂ%asta]?le-tlaléﬂlrsﬁlﬂ@der ihe
groups preferably correspond to specl osi n evels of a Specific
conpoundthel qolstie pectaty of Miee dya extitiix. i The apatqoubore $a1gplneciesargnbfﬁ are, dbr dxempke, one
group.

selected from the group comprising study number, animal number, sampling time, dose group,
toxicity class, toxicological variables.

20

Ina furthef preferred step, missing data values in the matrix are replaced. The missing data are,
for example, formed by the median of reference values. In miore detail, the missing data are

formed by the median of the corresponding control group at the corresponding sampling time.

25 Step (c) of coding the data prefer-aﬁly‘ comprises replacing all values of the mattix in accordance
with 4 given rule. More preferably, the values of the matrix are replaced. by ordinal values
indicating the order of deviation from a reference region. The replacemént is, for éxample, made
as n-level ordinal scaling. More preferably, a 3-level ordinal scaling i$ used, and the values of the
matrix were replaced by 0, 1, or 2, depending on whether the value was below, in, or above the

30 range defined by the x™ and y™® inter-quantile range of a corresponding control group. Herein, x

is for example 10, and y is for example 90. Alternatively, binary scaling is used.



The nethod and its preferred steps will no be described in nore detail.
Data‘and toxicity classes Table 1 shown below lists the 22 COVETlI studies
ref erenced by the NVR spectra used in the discussed exanples (the COVET1
project is described in Lindon, J.C. et al. Contenporary issues in

t oxi col ogy - The_rql e of netaponom ¢s in toxicology and its eval uation by

t he COVET®Br®) %f@’f’e.fﬁ%l?bfi’%ﬁ?@;}h%ﬁfap ﬁ?-%l%’&lgﬁ#srlﬁ%w%yﬂ@}g%ﬂdi@?l,atalt37gr¢1%- Th03)) .
An artif beupd pf chie kibik Ssin@levelR 0Pl dpseid el odrRd Gels :

R e A LA R e I s LS VS S KA

t hus t hePiedistives@ipy ohgsneted fpiatdessiqne Zoupe| | defined profile groups. Assumed
organ toxicity classes and main toxicity targets are indicated. The

fol | ow ng nunber codes were used for the organ toxicity classes (Tox class):
0 = ndn Thxmethod and it prefened sapy editniode desombbdindnoreidatailnot oxi ¢, testicul ar,
per oxi sonme proliferator), 2 = hepatic, 3 = nephretic, 7 = hepatic and
Hydrazine |li ke, 9 hepatic and peroxisone proliferation activator. A

r ef i neneplrafndibgcigrdlmesspal  toxicity and the diagnosis in relation to the
expected target. and nechani smwere added. R12 was the only study perfornmed
wi th HanVele & shewn seloy) liststhp @2 COMET L stugies ecferenced hiydhe MR sisisia geeDaviey
rats (Crl 30, 1R NIEET RSt i ‘ol oW eyl at ion sed :
(oo = ol [ babipi e COMIEL BRIG ¥ BRcHRLA AN ol DErH! B CORrbRol0;

t oxi &0t yisslss ér tpaitoldgy stlderoleloif setpbandmitoigoxigniedy dnd its epalohticndiyahé COMETRg =

regeneratj on co = _renal sation, . 3 P QXi only mnimal o
e BERE T Eaay BT AP R IIcLR0y 1T T1af 1IRSY: &p el BBt et o

| ndi cat i pﬂ‘fmfi&&i(;flrpmfi@eﬁahﬁ@ kodeiss 1/ m&ragmdeis'iaﬁbbfmhﬁs&re?ﬂ;ﬂt\?a@ addéd/tohhes2io cc
CTRL Artifici. nerma] nt x Non Toxi ¢ Nornmal Non - profiles tissue DO5
Partial 8 ﬁ’cft&lﬁ%ﬁs’ﬁ}ﬂ% tkefﬁﬁbiqteowwﬂ 1 éfﬁ@-r?gf‘a%eli 8?#@B@§9fﬂ¢ S ARV . nt x
NONTOXI C ol BRNCIfyUFREASAH i tdxEty targ e RIBTEGEAL The following number codes were

15  used for the organ toxicity classes (Tox class): 0 = non toxic, 1 = other (pancreatic, lyraphoid,

immunotoxic, testicular; peroxisoine proliferator), 2 = hepatic, 3 = nephrétic, 7 = hepatic and
Hydrazine like, 9 = hepatic and peroxisome proliferation activator. A refinement of the principal
toxicity and the diagnosis in relation to the expected target and mechanism were added. R12 was
the only study performed with I-IénWist-ar rats, all other studies were performed with
20  SpragueDawley rats (Crl:CIDYSD)IGS BR). Furthermore, the following abbreviations are used :

i, &6

(cg = clinical chemistry, = signs of toxicity absent, “+” = signs of toxicity observed, histo =
histopathology, prolif. = proliferation, reg = regeneration, rco = renal compensation, sub =

subtoxic, only minimal to mild reversible changes, bil = biliary, r. reaction)



D07 Gentamicin k Toxin Nephrotoxic Proximal 3sub + tubules LA Hydrazine |
Toxi cant Hepatotoxic Steatosis 7 + LO5 Clofibrate o Toxi cant Hepat ot oxic
Per oxi some 9sub + prolif. LO7 Mercury €hloride k Toxi cant Nephrotoxic

Proximal 3 + tubules L12 Deprevation of ntx NonToxic Starvation Thynus,
liver O + food L13 Depravation of ntx NonToxi c Dehydration Kidney 0 +
wat er L14 Vanconycin k Toxicant Nephrotoxic Proximal 3reg + tubules L16

Mal ei ¢ acludiyk Thxatmemt Nephr dtoaxi IidiPstioni nmidain3argett ubSubelass /NO2 AbDdhgnotis TOXi cant
Hepatotox¥ec Direct r. & 2bil class biliary NO9 N-net hy?fekiei d | Toxi cant
Hepatotoxic Direct reaction 2 + N14 Di- 1 Toxicant Hepat ot oxildsti rcect
reaction 2 + nethylnitrosamn ROL Hydrazine | Toxicant Hepatotoxic

St eat osi TR+  Robcifgwimat ol amittle NorTbokicc atforndéphr ot Besiec Papi | |G 3sub - R12
Hydr azi ne | Toxirefdes Hepat ot oxi c St eat osi §ss¥e+ Sol Hydrazine | Toxi cant
Hepat ot 0X@® St et hepatgctamy SOufx Anf¥eifiotim nilgeNonToxi Begehairioy Medredol+c 0 +

Chl ori de T¥i dosWrijlat. ntx  NonToxic  Kidney Compensation Qo +
' nephrectomy
D07 Gentamicin k  Toxin Nephrotokic  Proximal 3sub  +
) tubules
L01 Hydrazine 1 Toxicant  Hepatotoxic  Steatosis 7 +
LOS Clofibrate o  Toxicant Hepatotoxic.  Peroxisome Ssub  +
prolif.
Lo7 Mezcury Chloride k  Toxicant  Nephrotoxic  Proximal 3 +
fubules
Li2 Deprevation of ntx  NonToxic  Starvation Thymus, liver @ - +
food :
Li3 Deptrevation of ntk  NouToxi¢  Dehydration  Kidney 0 +
water
L14 Vancomycin k  Toxicant Nephrotoxic  Proximal Jreg  +
tubules
116 Maleic acid k  Toxicant Nephrotoxic ~ Proximal. 3 +
tubules
NO2 ANIT 1 Toxicant  Hepatotoxic  Directr. & 2bil  +
‘ biliary:
NOS N-methylformamid l Toxicant Hepatotoxic  Directreaction 2 +
N14 Di- I Toxicant Hepatotoxic  Ditect reaction 2 +
nzethylnitrosarnin
RO1 Hydrazine I Toxicant Hepatotoxic  Steatosis 7 +
RO9 Acetazolarmide k  Toxicant Nephrotoxic.  Papilla 3sub -
R12 Hydrazine 1 Toxicant  Hepaiotoxic  Steatosis 7 +
501 Hydrazine |  Toxicant  Hepatotoxic  Steatosis 7. +
S04 Ammonium ntx NonToxic Kidney Metabolic 0 +
Chloride acidosis
506 Mitomycin o Toxin Nephrotexic ~ Tubules, blood = 1lhae +
3
808 Methotrexate o  Toxicant  Hemiotoxic  Liver & kidney 1lhea -
S11 Sodiumbicarbonate  ntx  NonTexic  Kidney Alkalosis 0 +
Table 1

5  Briefly, m these studies urine samples from male Sprague Dawley rats were collected between —
24h pre and 168h post dose in 8, 16 or 24h intervals. In each experiment 10 replicate animals
were used as controls and at each treatment level. In the examples described herein in the
followihg, only the urinary metabonomic prcfiles of the 24h to 48h urine collection from
controls and the highest dose level group were used. The spectra were selected and grouped from

10 the 22 studies according to the observed pathology at 48h post dose. A balanced data set was

achieved by grouping of the studies #nd profiles according to the toxicity classes rion-toxic (class



S06 M tonycin o Toxin Nephrotoxic Tubules, blood | hae + 3 S08 Mt botrexate
o Toxi cant Henotoxic Liver & kidney rhea - S11 Sodi unbi carbonate ntx
NonToxi c Kidney Alkalosis O + Table 1 Briefly, in these studies urine
sanples frommal e Sprague Dawl ey rats were col |l ected between - 24h pre and
168h post dose j.n 8, 16 aor 24h intervals. In each experinent 10 replicate
ani mal s “%EF@Suﬁﬁﬁ%ﬁéﬁd%ﬁFF%#%mﬁhéﬁﬁﬁCB h)?Wég?ﬂ%ﬁﬁgﬁévg$PlW#mFﬁéOgﬁgnples
descri beglches Bidd gefbxidte frblifeRVbnGesti@Mhymbid) ®1d6al A8 MndTeisa PORRMpsaR! Qfds! es of
the 24h to 48h urine collection from controls and the highest dose |evel
group welVdh giwsgred fisancsiserneraiiondsbcleey e@de el Withrlightoigpatld tisem lesiens dsubglpssdi es
accor di ng,dk Q) fakveR H&uY &Qidk Mu@&)ﬁss%%dé}%r@nﬂ%reﬁ%ﬁ@d wﬁhﬁ%ﬁgeﬁgscgat a set

was achieved by groupi ng o?tthe studies and pro es according to the
toxicity classes non-toxic (class code ntx), liver (class code 1), kidney

(c1 oo CRYRolfd pe PSR RE e BR%r R sRbricHIBEBY AU IR MG olde¥ 6

peroxisoné P eration, testls

appr opr i fabiitate asdRestandirighofolas easert ihveasivg dn@Ghoed abi Be comideddossliBilde te) ,
with slight to mld tissue |esions (subclass code s) and overt tissue

| esi ons YHEIORHEINS¥0de) were differentiated within these classes. It
shoul d be understood that the use of these specific data is by way of
exanple only in order to facilitate understanding of the present invention,
and thouExlwded Spestratoasgndéhisl as |initing the invention in any way.

Excl uded Spectral regions (bins) The COVET1 NVR profiles are preferably

i ni tial | Yhe GOMIE 1Yl pbliles are prefergbly initiadlyl in dedform phwaldr regivg emciridel, bipaad

(i.e., scaled t ni.t i 0t al ). | _ %ﬁﬁﬁ ggg La05,bins 04 ppm,w dt h
coveri ngana Iéoﬁjélc 1;%e§| cl"%’érsl‘éael&?goolflﬁ)ub%r%gm 0%8. nﬁ%}m%%?ﬂsh%%@? g?ms‘gl Ctral
regi ons {dvefisg a spediadl eahgeofrenicd. ¢f epn 1024/ @pmr Wortirmiotss speitab edgidne Ibifish ug
rel ated. conmpounds or DRCs), are alsp preferably excluded fromthese spectra
see ) >1 . € y . ‘ ) - i y ST y ) - rom
(see Eb b@_faéergoff’ NLreto, AR FTULPT 4 meipselbe {dr%*&%e@r eqrgpoueg%%rsﬁﬁlpé)aﬂe&w
met apoNOfiefer AR Bxdifded Frdin URAS spobtrd URBTEMDEES! TORNL, ARPKL&E bt af. Go63IYS Toxicitiy
classification from metabonomic data using a density superposition approach: "CLOUDS"."
Analytica Chimica Acta 490: 109-122). However, these profiles still contain bins known to be
affected by activity or compositional changes of the gut microflora. These bins confound the
interpretation of treatment related effeets and are not considered in any data analysis or
20  prediction procedures. Also, the bins at the extremes of the stored spectra profiles are preferably
excluded from analysis and prediction because of their vatiability seeni in previous explorative

data analysis.

Definition of duta matrices and vectors used for analysis and prediction
25  In a first step, the spectral data of interest are preferably re-arranged to form a matrix X with all
bin values for a givén spectra in one row and with all values for a given bin or spectral region in

one columh;



Anal ytica Chimca Acta 490: 109-122). However, these profiles still contain
~bins known to be affected by activity or conpositional changes of the gut
m crofl ora. These bins confound the inberpretation of treatnent related
effects and are not considered in any data analysis or prediction
procedures. Also, the bins at the extrenmes of the stored spectra profiles
are preferably excluded from &fal ysis and predi ction because of their
variability seen in previous; or ative data analysis. Definition of data

matri ces and vectors used [foffanallysis and predicton In a first step, the
spectral data of interest jarje| prleflet'dbl y re*4Prangdd t6forma matrix X with
all bin values for a given Spectria 1m one row and with all values for a

gi ven bin or spectral region e ori’éz’zcol‘urm:xzf err]jci E x1,1 x12 ... Xt,P
srt. X2,1 X2,2 ... X2,KX¥n,j|Xn,ij .. Xn.p Thus, rjow vectors -*r represent
one binned spectra characterj ging jone sanple," with | binned spectra(sanple 1)
-*rl=(x1,1, x1,2, .,. , Xt L,P) binned spectra(samle 2) -*ri = (x2,1,
X2,2 , ... , X2,p) binned spedtyra(®anpl-e nFas5r" = (xn,1 , xn,2 , ... ,

xn, p), and columm vectors ~cl fepresent the variability of a fixed spectral

region or bin anong the sanples included in the matrix, with bin | (sanples

1t = ‘ o NI TEIN 4 o 1 i L i 8BS lc2 = -, )
ror5 D ity dotoriEpson p bigR e LB RUBRIRL 8 syl Bl ©2 = (112

Sanmpl e descriptors, notably study nunber, animl nunber, sanpling time, dose

group, toxicity. class d toxicol ogical variables, are preferably arranged
in auxiliary c%iﬁ&‘ﬁ‘#R?&E?@%P}iﬁa?fbr%ﬂﬁexlszsawexm ngth and order as vectors
t-cC. binned spectra(sample 2) —12 = (X3,1 , X225 ++v » X2p)

10 binned spectra(sample n) —t, = (Xu1, Xaz 5 o0 5 Xnp)s

and column vectors ¢ represent the variability of a fixed spectral region or bin among the

samples included in the matrix, with

15 bin 1¢samples 1 ton) dc1 = a1, %o s ... 5 X 1)
bin 2(samples 1 ton) ch'z =(X12,%22 2 .+ 5 %n2)

bin p(samples 1 ton) Y&, = (Kip s Xap s o+ » Xnp):

20  Sample descriptors., notably study number, animal number, sampling time, dose group, toxicity
class and toxicological variables, are preferably arranged in auxiliary column vectors Jac of the

same length and order as vectors Jc.

, study number(samples 1 to n) dacege = (snoy, ... , snoy)

25 animal number{samples 1 ton) Lacss, = (anoy, ... , anoy)
sampling time(saniples 1 to n) JraC'sﬁmc = (stimey, ... , stimey)
dose group(samples 1 to n)Jacag = (dgry, ... , dgra)
toxicity class(samples 1 to 0y daceps = (¥1, .v 5 Yn)
toxicological variablel{samples 1 to n) = (v1y, ... , v1y)

30

These auxiliary vectors are used either to sort spectra or, if appropriate, as dependent variable y

or matrix Y to be modelled by X in the sense of a prediction or an estimation.



study nunber(sanples 1 to n) sLacsno = (snot, ... , soon) aninal

nunber (sanples 1 to n) -'acano = (anol, ... ,; anon) sanpling tinme(sanples
1ton) 'Lac,d,,,e = (stinel, |, stimen) 7 dose group(sanples 1 to n)' Lacdg =
(dgr1,, ... , dgr") toxicity class(sanples 1 to n).kacntass = (yi, . ;o yn)

t oxi col o%e%%%f%%éggg_éginég%%%l es 1ton) = (vl i, ... , vln) These

auxi liar u €ither to sort spectra or, if appropriate, as
dependentTheapécalal daty of oratraXrdrx piéfdrablp eddibatally ec-rpceésedy Foh exawiis dn affira.

prediction or,an estinmation. Replacenent. of n.ssipg val.ues. The spectral data
of e 11 R 0} B fRMEE TP i SRS Toy giine B i DRt B ing SaeF & i
first stxepnd & dpphipriste(ifi OF,Li® piEg iy Soplaee bg Hackedah of e Shichighndik Wehtrol
Detected missing values in matrix X and. if appropriate in Y, are

pr ef erdabl §OUeH| e SATEPORdRE suBPlS Whet IRemets detaily dHblih aub e dosk i Betdy t he
cor r espongl SRR o el - . Joht afalVes MBAC LA 1ol 21 upkthe

st udy nlr}ﬁ1 e'rgr and 'sgrrh%fgidr#gg@?titﬂnﬂg@aaﬂoﬁ %ﬁ%@ghlt agh?s%u%)fgﬁhgnggf%/rgi@? é(]‘llllgll,éil
then to geflethatvelues sfitht isaine bin atinibvlee to Hiewaignaly intthe comrnd ghiup oftthe sabgtseddyt o

L 20T S TS e B O U SRy

Thi s r eplBgerRplatenisnd pededige carbeberitwhinidre formmliyas ormal [y as NA in bina for
sno=sno;, slinme=stinei, ano=anok <- replaced by nedian of sublist in bina
for smo=sno;, stine stinel, dgr = CTRL. This replacenent is preferred _
because it is neAH Bin, for sR@BAGCinREsihg, notdnBy\N@pREQTHf 0OCessing steps in

the sense that fdgarpstdemhibmh omBdrisAdshd @imeal 4, f@pLagiiag the m ssing
val ues) does not anount to an artificial deviation fromthe control group.

Recoding of data matrixX by IQRHI LO coding (IQRHILO = inter-quantile range
hi gh | ow)Thinreplaserseids pstferped bgopusgdt irercugnl mhrespeat af thet follewingapre-praspisimged by

det i B ByPOY Reani oL the Blach ool Tk o ol B nBRET AR SO RS

cor r espongicugt wan tartificia deviptionTiners the control group.

Recoding of data matrix X by IQRHILO coding (IQRHILO = inter-quantile range high low)
In a second step, all values of the data matrix X are replaced by 0, 1 or 2, depending whether the
20 value 18 below, in or above the range defined by 10® and 90% quaritile (inter-quantile range or

IQR) of the corresponding control group. Thus,

( 2 x> q(QO)CT‘RL
x in bin, for sno=sno;, stime=stime;, ano=anoy = {1 otherwise
25 Lo x<q(10)crme
with
q(..)errr, = (--)th quantile of sublist in bin, for sno=sno, stime = stime;, dgr = CTRL.
30 _ '
In contrast to, for example, piecewise linear coding (fuzzy coding), the IQRHILO coding-
strategy according to the invention neutralizes variability within the inter-quantile range (IQR)
and emphasizes extra-IQR variability. This corresponds better with the objectives of data
analysis in the context of toxicity testing and prediction. IQRHILO coding integrates filtering
35  and scaling by a time and condition matched refetence range, whereby the reference range and
scale could be freely defined. The present IQRHILO coding is. thus comparable to a deviation

rating. It keeps for all values of the spectral data matrix X the information that a deviation from



(2 x >q9(90)crnL x in bina for sno=sno;, stine=stinel, ano=anok =j 1
otherwise ( 0 x < q(l0)CTRL with g( )CTRL (. _)th quantile of sublist in
‘bin, for sno=sno,, stime = stinel, dgr & CTRL. In contrast to, for exanple,
pi ecewi se |inear coding (fuzzy coding), the | QRH LO codi ng- strategy
according to.the invention neutraliz variapility within the inter-quantile
range (| %Q)ref%ﬁ’iﬁe PSR 28T Erpred ’CJ?\%PP% Fientagpd =TH; 88 3t telisslawatiofet t er

Wi th-t he gphiies ihMese@ts 4358 = o/ dkkades if i\T ohdlf= GP%@ﬁmdhfmstt%h%qﬁay uk@ﬁﬁﬁgﬂg and

prediction. 1 QRIHLO coding | ntegrates filtering and scaling by a tine and
condi t i off HbIPEFEd binsBreiR@aepratRgRionAlTPEHTA! ﬂﬁ‘éatf@ft@téiﬁk@dﬁ aﬂg@né}mun@erm e
coul d beald @tkiofide0faflng TPk GReRt add Bt bl GRdRAG & sldiau g BIRRLARLE. L0 2
deviation rating ps for "a val ueso e . spectra ata matrix X the
i nf or rat IQRHLAtoding esdoeding o fheanventien rsecfoemécreé to m@asmﬂmwmmdvuyffox sreqll aced

;& 1) or i Xrge )g.as.wel L as, th evi gt on's ect

(i ncreasg?ii) F@Lg%gaggeﬁglfs;?ctr%l d@?@%@édw @e 3‘&33@&5 qfcayverga?ﬁ ?8%8%93 to
an equal oM&itigdt intPmistdadBglindifRers bAlleviMtids on latiSinkin AofsaflspEeitiGlan@Rarhce
spectral deviation that depends only on the nunber and direction of

devi at i n§f2Blitys Hegee te 5@@@?% STl Petedoristimenalgiticaten g8 vielms\aredigionping,

devi at i Ofgay g (Rl b1 Hegih %@@Eﬁ“sﬁ@let Lﬁﬂem ?Hx‘{gl%nh'd%ohzﬁl ﬂ{ésﬂeg&feg%ahﬂﬁ
increase the sensitivity for snal "sho Iving” overall spectra

devi a0 oXsurumdnimightklese psedgiot drewrd bkat omapc@fnﬂlerspmi@l shénges abrtadoby ¢he awilupt | i er s
intom 5'}?3%@%{& ndl‘ﬁ*‘ U of deviation on a mninmm (loss of specificity
and vari anc B f/' “hence to enhance spectra based clustering,
classification as well as prediction and, finally, to enable prediction
based on single urine sanplings. Additi onal ly, the recoded matrix Xl QrRHn.O
m ght be draw a heat map of the spectral changes sorted by the

auxi liar ﬁ%)zg?sffz‘?f V/Claﬁtors and the bins. CLOUDS classifier Finally, the
present Ffil\dﬂ-’ﬂtth@lpr@ér&ﬁﬁﬁﬁhby pisesblyhee CLHAUDISOUDESShdsi fRE (feecEbbRRbEl 81, . M,

H. Keun et al evel oped within, t V] ET1 ro ect (see Li ndon J.C
et afl? ). K?% et al)) as evelopecP v%thm the COM:ET?OPIOJCC'( (sere) Lndon .C. et al). The

implementation of the CLOUDS classifier requires an assignment of individual spectra fo a

group. The predictive output is generated for the group only, normally for a specific compound
and dosing level, and not for individual replicate: spectra. More precisely, the predictive output
for each group is a list of n values indicating the similarity between the test group and each of the
20  n reference groups of the training set used to calibrate the classifier. This list allows tanking of
the reference groups, representing specific compounds and dosing levels and ultimately an
associated toxicity class, in an order of ascending similarity. The test group has eventually to be
classified according to defined rules to a toxicity class represented by the most similar reference

groups. The preferred rules of prediction are:
25

Glassify test group to the class of the most similar study or as non-toxic if one of the
following statements applies:

first hit sifmilarity <0.5

first hit corresponds to class 0

first hit corresponds to a study with sub toxic outcome

first hit corresponds to a study with regeneration only which itself classifies

to a study of class O



i npl enentation of the CLOUDS cl assifier requires an assignnent of individual
spectra to a group. The predictive output is generated for the group only,
normal |y for a specific conpound and d8sing | evel, and not for individual
replicate spectra. Mre precisely, the predictive output for each group is
alist of it values |cat n the simlarity between the te roup and
each of the nr ?dgﬁ SIOB?’BCUB f%rmecFPé&%‘t?% HC%SJ@é'fseﬁ%’eeﬂ‘t f’%pIE%F?C%‘r ate the
classifier. Thnﬁmhqst al lows ranking of the reference groups, representing
speci fic conmpounds and dosing levels and ultimately an associated toxicity
class, in an order of ascending simlarity. The test group has eventually to
be classified according to defined rules to a toxicity class represented by
the nost simlar reference groups.. The preferred rules of prediction are:
C assi f y Briskdeseintion of ghetdiawinpss of the nost simlar study or as non-toxic
if one of the follomnng statenents applies: first hit simlarity <0.5 first
hit corresponds to class O first hit corresponds to a study with sub toxic
out cofie fIhe §tveltidn widimosspodedsritied imneteudbyaihvithrespgenahahdcompanyiyg Painek) in t sel f
cIaSS|f|e§k1 to a study of class O Consider followng hits for

i nterpret g i ncludi ng assessnent of prediction quality. Brief

descri ption of the drawi ngs The invention will now be described in nore
detail with respect to the acconpanying Figures, in which Fig. 1 provides a
schemat i EloVer ProdesR sehranatisoneiest Of the melpd of sinemtion svd how jitgs embeddebd i n
pr e- processi ng esist o0 shows correspondence anal ysis of

bi nned- nornal|§z@%g%%§?$§£%ﬁ%’é¥?binned- normal i zed- 1 QRHI LO coded profiles.
Det ailDed Fip8cr ispdworcookspondericay emdlysim of binfied-normalized spectra and of binned-

normalized-TQRHILO coded profiles.

Detailed description of the Invention

15  The present invention introduces interquantile range (IQR) coding, a novel data coding method
conceived to overcome the disadvantages of known methods as outlined in the Background
section above. The inventors tested IQR. coding first with urinary metabonomic profiles and
gther toxicological data from the COMET1 project (se¢ Lindon, J.C.). IQR coding was then
applied to data from other initial preclinical toxicity studies with rats. Typically; in these latter

20  studies urine, serum, and tissue samples were collected from 5 to 10 individuals per dosing level,
including controls, within 48h after a single dose. The resulting data included metabonomic
profiles based on urinary 1H NMR spectra, clinical chemistry and histopathology assessments.
IQR coding was. used prior to multivatiate analysis and metabonomics based toxicity
classification.

25
Fig. 1 shows a sumrary and positioning of data pre-processirig by IQR coding accordirig to a
preferred embodiment of the present invention. On top the main steps from data acquisition to
interpretation are indicated. In the midsection a typical flow of pre-processing steps, including
IQR coding of the preserit invention, is detailed. At the bottom the objectives of individual steps

30 are given. The annotated workflow reflects the principal steps and objectives of a common
‘omics’ data analysis scheme. This scheme exemplifies one possible application of IQR coding

on metabonomics profiles. It should be noted that IQR coding in this preferred embodimerit is



The present invention introduces interquantile range (I QR coding, a novel
dat a* codi ng net hod conceived to overcone the di sadvantages of known net hods
as outlined in the Background sectionl@bove. The inventors tested IR
coding first with urinary nmetabonom c pr ofi | es and other toxicological data

fromthe see Lind codi ng was .t hen lied to
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"omts' data anal ysi's schene schene exenplifi €S one possi
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reduct i o;lmcmevtauam pfmgile(s fand kseéffantjw)e 1& nﬁb ﬂﬂmmﬂ d togicologichlexperiters ld)ﬂ‘surTé}eBSﬂhOWn

conbination is n Iuslve ut be ¢hange rtened or
extendedsupémﬁto’qcp%&'l‘gﬁ%l’éh IGHFSAEE B Og‘ﬁ}/é‘?ﬁ%gr P@gh'ﬁ%ql Bfg%%tapl at f or ns
and characterize other entltles - It can be seen that data pre-processing

foll ows sanpl e anal ysis and basic transformati on of neasurenents into raw
dat al5 TH# éndicgted imhigi 1.8 c@dl@&@@@ﬁfmsmnmmdaatcﬁ nrefilen &l dn heollisstragat a

anal yoi oo paiaeiet Ma SORILa oo DRRLAG MUREL BB cleh BBRE i ol o,
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coneept of IQR coding are the procedures to identify and to estimate deviations and, implicitly
20 connected to this, the definition of the appropriate reference. As the term “IQR coding” suggests,
deviations were defined as values outside a reference interquantile range. The 10" and 90%
percentiles of the appropriate control range -are preferably chosen to specify the reference IQR.
The control values belonging to exactly the same experimental condition, i.e. study, mede of
treatment, sampling time (age, exposure to experimental factors), generation and genetic line are
25  defined as the appropriate control values, or reference. This means in the frame of typical data
sets with repeated samplings and 10 replicates in the control group that for each sampling
instance its time matched reference IQR is calculated, whereby the highest and the lowest control
values are not used. This specification of the IQR may be easily adapted for other data sets or
objectives by choosing different limiting percentiles as well as a different definition of the
30  appropriate reference condition, Finally, all values are replaced by otdinal values indicating the
order to deviation from the reference IQR. For example, all values of the data are replaced with
0, 1 or 2 to code abnormal deécrease (0), deviation within normal range (1) ot abnotmal increase
(2). This variant with a 3 level ordinal scaling is regarded as IQRHILO coding according to the

invention. Preferably, one can select easily finer or coarser granularities of the ordinal scale. For



scaling (e.g. scaling to unit integral). IQRH LO coding is a one step
procedure to isolate significant treatnment related differences between
groups (sanples) of interest by re-codilhg data into deviation profiles and
is effective in the frane of a toxicol ogical experinent or survey. Both

support toxicol ggi cal or. pharmacol ogical objectives and not only "omts" but
a1 TPRE nd Rl PTIaKE SGofisEAEUEP IR HELch 15 CSPRG DOUCIHY 18 FORASTS IS BPPIIER dat
or profi k@btoChleBateivaridtlwist Indfenitads aRAdHMRe bagdeed and nornal i zed

spectra) into deviation profiles giving for each sanple in each variable an
ordi nal deviation value (i.e. an ordinal fold change) or a binary deviation
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i 7 exonthel R N o MBUHALY damiinifReiiia o6 PeEupracare L fErs he Mhesd et
appr opr i ﬁfe_@isibﬁf(ﬁﬁ@ﬂ%@nﬁﬁﬁgﬂ dti a0dharcliofBhdl ¥eald) dr ¥FILSIBCiG0R. SiRRY RE eboBrigy di nal
values indicating the order to deviation fromthe reference | QR For

exanp$ e, and qnuparafies obsignifieandyticrensed sudpsleereesad wiablesgonstitye npst ajtep digernly
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| QRHI LO highésngscAdpeactliong to the invention. Preferably, one can sel ect
easily finer or coarser granularities of the ordinal scale. For exanple, a
bi nary scale is enconpassed, which is especially useful to condense data

gr oupw sEronBtatifticaRbeitt at GewalQRRbEME SRy HRGeEe BE tn bRlMTedichusNg bfignGEe:
stat IZCS)t ! (f:ilstér which can be used in place of other recently suggested, less robust or less sensitive
methods. Furthermore, IQR coding is an alternative way to avoid difficulties (e.g. spurious
correlations, absence of an interpretable covatiance stfucture) asscciated with the analysis of
multivariate compositional data as normalized ‘omics’ profiles-usually are. And last, IQR coding

weighs all variable changes equally. The overall effect is that after IQR coding, profiles with

25  changes in similar subgroups of variables (i.¢. high overlap in nuinber and identify of changed
variables) are identified as beirg associated, or in other words, being members of the same

cluster. These characteristics let us argue that IQR coding, if applied in the frame of any
perturbation experiment, extracts perturbation related information and facilitates NA, i.e. un-

supervised as well as supervised multivariate data analysis. This is supported with two €xamples

30  of metabonomics based toxicity modeling, which build on experiments where a test compound is

administered to cause perturbation of metabolism.

Example 1



| QR codi ng according to the invention is nore in accordance with
t oxi col ogi cal practice than other data pre-processing procedures because it
filters out confounding variance relatdd to normal inter-individual

variability (i.e. variability within and across generati ons and genetic
l'i nes), | opment .and conti nued adapt ati on. shoul d be noted. that I QR
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Furthernore, |1 QR codi n is an alternatiye wag to avoid difficulties (e
spuri ousPaTE‘B?tF’éltattﬁ‘%ﬁ Qéfbsse‘ﬁc"éc o5langr, Witk (ap Shasrvad) severyy fihistelagical lesiansy e)

associ at eghyMnk fgeérhanemhsyailbé tcPdontrBl hbd y@kh@b@@@ﬁ&%&ﬂﬁ@ hpy ﬁ& fheRBimed
nornmal i zed "omts' profiles usually are. And | ast codi wei ghs al |

vari abl etoslealogisat relpyamqeyof IQRabPegoding: &f sveernary sIQRIBH.(hfeding se@ms dodiiragee

profiles r S overl ap
nnu nbetr:h\é%r}rgmgtg%n t| Féfx é%lge deLé P gﬁ%eg% r}aﬁr?ljesen l’l% t d1¥‘f'e1‘e 1 to lgllae gfor
assotf at geurtmations) a@t»ieﬂras diffecksit ghadésy tomeitygbspepfurtiatiensane ¢l ust er. These
characteristics let us argue that 1QR coding, if applied in the frame of any
perturbation experinent, extracts perturbation related information and

facilitapgs zuﬁmwg c&resHEhdeﬁéhoﬁfastsQﬁ @fﬁw&%hnﬁﬁe@si%&weﬁqn@ tméaf i/l data
anal ysis. "This Is supported w th two exanpl es of netabonom cs based toxicity

nmodel i ngdisplay @%lmflt@abwremé endqrehbisnaginersaliyed- QRHERwodadprpfles (left map in
Fig. 2, F1-F2 display 30.5% of total variance). The maps are drawn with the row scores only.

20  The analyzed profiles represent 1H NMR spectra of 215 urine samples, collected 24h to 48h
after dosing from 10 male Sprague Dawley rats in 22 foxicity. studies with well known
compounds. The green circles and the letters CTRL indicate the position of the controls. Colors
code toxicity classes: green = controls and non toxic, black = kidney, red = liver, yellow =
subtoxic kidney, grey = subtoxic livet, filagénta = régeneration, cyah blue = renal compensation,

25 dark blue = other (pancreas, thymus, blood), orange = subtoxic other. Labels indicate the
COMET1 study number.

To help visual comparison, two arbitrary dxes, crossing at the coordinates of the controls, are
added to the maps. IQRHILO coding isolates the controls and increases the overall spread of
30  sample scores. Within groups of samples the inverse, i.e. better sphering, may be seen (e.g. 107,
105, 801, R01). With a few exceptions (é.g. N15, L03), the relative positions (proximities) of the
samples persist (e.g. S01, RO1, 101, R12, 107, 811, S04). IQRHILO coding emphasizes small
deviations from controls while maintaining and stabilizing the overall dispersion. Most

importantly, after IQRI-'DLd coding the distance of most samples to the controls is in accordance



adm nistered to cause perturbation of netabolism Exanple 1 The first

exanpl e contrasts an un-supervi sed correspondence anal ysis (CA) of binned-
nor nal i zed and bi nned-normal i zed- | QRHI LI3 coded spectral profiles (see Fig.
2). The purpose of CAis to visualize how far the hidden patterns in the

data set correspond with._pre-defin Gl asses. i s chosen
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resulting maps I n t e plane of the firs axes are shown in Fig. 2.
It is3concluded that | QRHI LO codi ng enphasi zes smal |l devi ations from
controls Furtg@r it is noted that after I QRHILO coding the distance of
nmost net &S6TBtic paraneters to the controls is in accordance with the
obser ved severlty of histological lesions. Thus, the geonetrical distance

to contr@ls has a toxjcql ogical ning. This supports the claimed
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Classifier 4-class model 9-class model
' b-n ~ IQRHILO b-n ~ IQRHILO
profiles profiles profiles . profiles
ID | 13.0 | 233 14.4 2838
KNN 102 6.1 14.9 8.8
SVM 8.8 | 42 18.1 0.8
Table 2

20 Table 2 shows Prediction error rates (%) for 4- and 9-class toxicity models indicating the
percentage of spectra misclassified (false pesitives + false negatives) by linear discriminant
(LD}, k-nearest neighbour (KNN) and supported vector machines (SVM) classifiers, calculated
after 9-fold cross validation. The 4-class model discﬂmin-ateé non-toxic, liver toxicity, kidney
toxicity and other toxicity, whereas the 9-class model discriminates additionally the subclasses

25  regeneration liver, regeneration kidney, Subtexic changes liver, subtoxic changes kidney and
subtoxic changes other tissues. Either binned-normalized (b-n) or binned-normalized-IQRHILO

(IQRHILO) coded spectral profiles of the same sample set were used. The profiles represent in



COMET1 study nunber. To hel p visual conparison, two arbitrary axes, crossing
at the coordinates of the controls, are added to the maps. | QRH LO codi ng
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the sanple set used in the first exanple (previous paragra were tested.
First, thenpeediteseyes petlifasrfmmiiedeangiion o, a«mlawdmwvl(ﬁictess m‘orlércs’ Tablenlg

A L e L A
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! (‘RHIIIS © bgl{w -Illclyr?nsahged or b1nned n[)roxgallhjzgg I(Eﬁﬁ{l.d coded %p[%c%rg for tﬁg 453 1a%s4 modeﬁ detailed
above. Error rates indicating the percentage of m:sclass1f1ed groups (false positives + false
negatives) were calculated after groupwise Ieave one out cross validation, whereby a group was
defined by 10 replicates of a single study and conchuon (1 . same compound, same dose level,
only spectra of samples taken 48h post dose). An efror rate of 27% with binned-normalized
20  spectra and of 14% with additional IQRHILO coding w?s achieved. In summary, using non-
linear and non-parametric classifiers like KNN, SVM and ?ECLOUDS, IQRHILO coding makes it
possible to predict five organ toxicity classes and two sevéirity levels with low error rates of 9 to
14%, even undet the restriction of a single sampling occafs-_iou-.- To the inventors knowledge, no
other pre-processing of data was reported to be sinﬁlarly‘ggeffecﬁve and religble in the frame of
25  pre-clinical toxicity testing of dmgs. Within _toxicol.c)g'y% similar performance has only been
reported for classifiers based on less restricted data sets with rather dense time series of samples

or for classifiers based on two class models.

As mentioned above, IQR coding is also a way to integrate data from different sources and
30  technologies. It shall be noted without exetaplification that the inventors practiced also IQR.
coding of histopathology, serum chemistry, microarray and proteomics data for combined NA,
and that the statistical correspondence of histbpéthongic"a’l grading and serum chemistry,
differentially expressed genes, urinary proteins and mctébolit‘es by CCA, CVA and CDA was

tested, In other words, IQR coding was used to prepare (i-at-a for multi-table analyses which are



KNN 10.2 6.1 14.9 8.8 SVM 8.8 4.2 18.1 9.8 Table 2 Table 2 shows
Prediction error rates (% for 4- and 9-class toxicity nodels indicating the
percentage of spectra misclassified (fdPse positives + fal se negatives) by
linear discrimnant (LD), k-nearest neighbour (KNN) and supported vector
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subcl asses regeneration liver, regeneration kidney, subtoxic changes liver,
subt oxi ¢ changes ki dney and suthX|c changes other tissues. Either
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spectral profi he sanme. sanple set were used profiles represent
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KNN cl asddvkiopmeiiyand @dapaanibn@érotiie changingf‘s\iﬁﬂr@im&ll toetitidng, hdmBut reduced t he
performance of the LD classifier. The |lowest error rate (4.2% was achieved
with | QRHI LO coded data and the SVMcl assifier. As one m ght expect,

| QRHI LO coded data is | ess adequate for the LD classifier. In principle, the
conclusions drawn fromthe 4-class nodel also apply for the 9-class nodel.
However increasing the class nunber reduces the predictive performance.
This reduction was | ess severe in the case of the KNN classifier, resulting
in an inversed performance rank of the KNN (8.8% and SVM (9. 8%

classifiers. The sane trends were noticed (not shown) for the transition to
nore extended and conplex data sets as well as for the transition to an
11-cl ass nodel. (9-class nodel of Table 1 wth "liver and kidney toxicity"
and "subtoxic liver and kidney" added). In a second i ndependent eval uation
the inventors contrasted the performance of the CLOUDS cl assifier using
ei t her binned-normalized or binned-normalized-1QRH LO coded spectra for the
4-cl ass nodel detailed above. Error rates indicating the percentage of

m scl assified groups (fal se positives + fal se
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negatives) were cal cul ated after groupw se | eave one out cross validation,
whereby a group was defined by 10 replicates of a single study and
condition (i.e, sane conpound, sane dodé |level, only spectra of sanples

t aken 48h post dose). An error rate of 27% w th bi nned-normalized spectra
and of 14%w th additional | QRH LO codi ng was achi eved. |In summary, using
non- |inear and non-paranetric cl assi‘H ers like KNN, SVM and CLOUDS, | QRHI LO
coding makes it possible to predict ¥ organ toxicity classes and two
severity levels with low error rates of 9 to 14% even under the
restriction of a single sanpling occasion. To the inventors know edge, no
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based on | ess previdiigchmgledhtaa sets with rather dense tinme series of sanples
or for classifiers based. on twd cl.ass nodel As nentioned above, | QR coding
is also a vsz?/ %Cgﬁ?%tgggﬁglgﬁggﬁc r%nﬁlgis?l%l@?g%t?’ sources and technologies. It
shal | be notcedclwsifiay thexodapddtiziaaat i on that the inventors practiced also I QR
codi ng of hi stopathol ogy,, serum chemi stry, mcroarray and proteom cs data
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hi st opat hol ogi cal gradi ng and serum chem stry, differentially expressed
genes; urinary proteins and netabolites. by CCA CVA and CDA was tested. In
ot her woids MetarRl ebdlay Inhuthes eemprising éptovengisitp a,che step tail} vhbinaingwéitheses

whi ch are V‘%lrclw‘ée'ﬂicfa?ad to quantify associ ations. between hypot hesi zed

expl anat ory and response variables related to sane objects. 1TQR or IQRHILO
coding is applicable wherever perturbed states of biological systens are to

be [fferentiated, and expl ained by heterogengous data collections in
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(e.g. interyoRgansirsuae faryari ability, devel opment and adaptation (grow h,
changi ng environnental conditions, rhythns). Cains 1. Method for
predi cting biological, biochem cal, biophysical, .or pharmacol ogi cal

charact ey Stl\i(l@tﬁod) b ﬁlys&ftkﬁlf?lr?, SvhefeRIRE (dfia Ak ﬁ&ﬁaﬁ%e%%n@fe’ wise to unit integral in
order to convert the data into sample profiles.
20-
5. Method of claim 4, wherein the sample profiles are nuclear magnetic resonance (NMR)

profiles.

6. Method of claim 3, wherein the NMR profiles are in the form of NMR spectral data.

25 -
7.  Method of claim 6, wherein the spectral data are arranged to form a matrix.
8.  Method of claim 7, wherein the datd are arraniged in the matrix such that all bin values for a
given spectrum are in one row and all values for a given bin or spectral region are in one
30 column.

9.  Method of claim 8, further comprising the step of arranging one or more sample descriptors
in one or more auxiliary column vectors of the same length and order as the column vectors
of the data matrix.
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a) providing sanple data; b) scaling the. sanple data by coding the sanple
data; c¢) classifying the coded data; and d) providing a prediction out put
on the basis of the classification resufft. 2. Method of claim1l1, further
conprising, followi ng step a), the step al) of binning of the provided
data. 3. Method of claiml or 2, further conprising, followng step a) or

al ), thel®t dfethod ofrdaimed, iwhieredn thi enelerTaore sample dprstpiors %myelgfte@?@nmh@roupher ein

the data ar ?‘ﬂ?%lre afhs e I e ert

t he data |nt%8 gﬁgﬂ% Eﬁ?o iles. b. I\/g%1 b%n %mfélFHag’egH% b eﬁglﬁlﬁ E(ﬁ&&tg

profiles aretommibgeaivm@lmtl c resonance (NVR) profiles. 6. Mthod of cI aim
5, wherein the NWR profiles are in the formof NWR spectral data. 7. Method
of claim®6, wherein the spectral data are arranged to forma matrix. 8.

Met hogl ofi.clMétod of WieoE RN t6ld0afuathe cnipaismgths Bieh UF ropthdink nBigly dabbat al |
bin values for a given spectrumare in one row and all values for a given
bin or spect"laBIF ¢BAHre in one colum. 9. Method of clai m 8, further
conprising the step of arranging one or nore sanple descriptors in one or
nore auxiliary colum vectors of the same |l ength and order as the col um :
vectors 1%f MethodieftchaimeliZ: wherenomissipg fasears fforgled ibphties median of mfcrdnec valessor nor e
sanpl e descriptors are selected fromthe group conprising study nunber,

ani mal nunber, sanpling tinme, dose group, toxicity class, toxicologi cal

vari &bl e$3. Methdbohdainoi3, avheradd midsaigrdatare forh6d bf dret hediarc ofhe icetresgoridirg st ep

of replacin sin values in the matrix. 12. Method of claim 12,
wherein ni S%OH@(%?‘%%%@HPWQB B%Swnﬁéla} an of reference val ues.

14. Method of any of claims 7 to 13, wherein the step ¢) of coding the data comprises replacing

all values of the matrix in accordarice with a given rule.

15
15. The method of claim 14, wherein the values of the matrix are replaced by ordinal values
indicating the order of deviation from a reférence region.
16. Method of claim 15, wherein the replacement is made as n-level ordinal scaling.
20

17. Method of claim 16, wherein 3-level ordinal scaling is used, and the values of the matrix
were replaced by 0, 1, or 2, depending on whether the value was below, in, or above the
range defined by the x™ and y™ inter-quantile range of a corresponding control group.

25 18 Method of claim 17, wherein x is 10 and y 15 90.

19. Method of claim 16, wherein binary scaling is used.

20. Method of any one of the preceding claims, wherein step ¢) comprises assigning the

30 individual coded data to: groups.

21. Method of claim 20, whetein the groups correspond to specific dosing levels of a specific

compound.



13. Method of claim 13, wherein mssing data are fornmed by the nedian of the
corresponding control group at the corresponding sanpling tinme. 14. Method
of any of clainms 7 to 13, wherein the diep c) of coding the data conprises
replacing all values of the matrix in accordance with a given rule. 15. The
met hod of _cl ai wherein_the values of the matrix are replaced by ordinal
val ues ??Idll\é%qu%)% tHE o etls Stherpi, ingtep ﬂF"rHﬁﬁhﬁu‘fee‘?UéP%ﬁ%%eqe@&dofﬁr atjgpst

Met hod of ckﬁh%gﬁﬁ wherein the replacenent is made as n-1level ordinal

scal i ng. od of claim 16, wherein 3-level ordinal scaling is used,
and the values of the matrix were replaced by 0, 1, or 2, depending on

whet her bhe M@thfﬁf o33 %%L:ggf ' thé rec%m% s, WMereih & %mq'@gﬂ&mﬁllmla&ﬁ}gﬂﬁoﬁ 41 and

yth inter-quantile Fan ge orres ng cont group

clai n$17, wsebstinge 5 itssfodifitand vy is 90. 19. Method of claim 16, wherein

bi nary scaling is used. 20. Method of any one of the preceding clains,
wherein step c) conprises assigning the individual coded data to groups.
21. Method of claim 20, wherein the groups correspond to specific dosing
| evel s of a specific conpound. 22. Method of claim20 or 21, wherein in
step d) the predictive output is generated for at |east one group 23.
Met hod of any one of the preceding clains, wherein the biological
characteristic of a substance is its toxicity.



