WO 2011/ 068475PCT/ SG2010/ 000442 1 A nethod for construction and use of a
probabilistic atlas for diagnosis and prediction of a nmedical outcone
Fiel d of wbeoimegsrsi on The present invention rel ates toparTseeiotdoemns system
for using scan data frompatients with a nmedical condition, such as a-
stroke, to construct a probabilistic atlas. It further relates to a nethod
and system for using the probabilistic atlas to generate outcone data
relating to a subject, that is data indicating the probability 10 of a
certain nedigcal outcone for the sybject. The scan data_nmay be brain scan
data, but méyTH japsiryction gnd il aguosis ANder, a
| ung, a heart or prostate. SNB ki 15 It is known to
use data obtained froma pluraltty of patients suitering froma certain
medi cal condition to make predictions concerning a subject suffering from
t he sane gg?gi;ﬁ%ﬂ! §ﬂg. a prediction of whether that subject will survive.
Nor mal | y, = ' s enpl oy paraneters which are believed to be 20
correlmated with prognosis of the nedical condition. The paranmeters are
measured for each of the patients ("paraneter data"), and for each patient
we al so obhainiesentdprentinn telatesdei dimrihad and: systemsr or usirg span ideta fromhe
par amet e dad s fith AUHEATR) L8hAIBRC sUERhe 8 RG] B ThsRLEF b BrbBabRERE ne:
e.g. one using a multiple ,

atlas. It further relates to a method and system for using the probabilistic atlas to

generate outcome data relating to a subject, that is data indicating the probability
10  of a certain medical outcome for the subject. The scan data may be brain scan
. data, but may alternatively relate to any other organ such as a liver, a lung, a-

heart or prostate.

~ Background of the invention
15

It is known to use data obtained from a plurality of patients suffering from . a
éertain medical condition to make predictions concerning a subject suffering from
the same condition, e.g. a prediction of whether that subject will survive. _'
Normally, these techniques emplby parametérs which are believed to be
20 correlated with prognosis of the medical condition. The parameters are measured - |
for each of the patients (“parameter data”), and for each patient we also obtain
outcome data describing an outcome for each patient. The parameter data ahd
outcome data are used to generate a prediction engine, e.g. one using a muItip'Ie ‘
regression equation. Parameter data describing the subject is then input to the
25  prediction engine, and the prediction ehgine generates outcome data which
predicts an outcome for the subject. There are many possibilities for what the
outcome data may describe. In various pieces of research the outcome data has :

described the length of survival, the length the subject had to stay in hospital, the



regressi on equation. Paraneter data describing the subject is then input to
the 25 prediction engine, and the prediction engine generates outcone data
whi ch pr estoebs/me7eut come for the subject. There are namgTpGRGiobsri es for
what the outcone data may describe. In various pieces of research the .

out cone data has described the I ength of survival, the Iength the subject
had to stay in hospital, the WD 2011/068475PCT/ SG2010/ 000442 2 outcone of

i ntravenous and intra-arterial thronbol¥sis in acute ischemc strokes, the

I termout conme,. or the prohability of surviyal at any .instant. For
el o PR BhistaybAgHE B8 BB HOMbe s Bt SCREBE ke | vy,
5 whi ch wafe lRRGUERA oucdife araRE ProBabiftyl dTSuPdvAtdt by iAsfantX) P= 1+ ef (x) -
(1) where 10 ~ 8 - 3 | | S -
Forexample, in [4] the outcome data described the probébility P of fnortality, _

5 which was assumed to be according to the equation:

o) |
T 1@ | M
where
10
f(X) =c+ziaiX,. o (2)

- cis a constant, {X,}are the values of a set of significant parameters, and {a;} _a_re;_

a set of coefficients produced by multinomial logistic regression fit to the data for

15  the patients.

Another example is to predict probability of survival at any particular instant of .

time based on the Cox proportional hazard model [5]
H() )
20 In| ——= |=>'b.X, (3)

H(@)

ol

where ( J is called the hazard ratio, H (¢)is called the hazard function, and

H,(?) is a baseline hazard at a time t-when the value of all the predictors {X g

are equal to 0. Then, the survival curve is as follows
25 |



f (X) = c+Eiai X(2) c is a constant, {X } are the values of a set of
significant paraneters, and {al} are a set of coefficients produced by

mul ti noniwb 2bngicsd7sc regression fit to the data for 15t reTpaRi®AILEM2 ANOt her
exanple is to predict probability of survival at any particular instant of
tinme based on the Cox proportional hazard nodel [5] 201nl111(t)!l =E b. X .
Ho(t) (3) where H(t)is called the hazard ratio, H(t) is called the hazard
function, and ( Ho (t) Ho(t) is a baseﬁine hazard at a tine t when the
value of all the predictors,{égg are ual, to 0. Then, the surviyal curve
is as follows WO 2011/ 068475P¢HTSER0TH/ 0442 3:S(t) = exp(-H (¥?5(4) Such
t echni ques have previously been used for predicting outcones for patients
suffering fromstrokes [6]. However, it is disadvantageous that they do not

take 5 i rggpeeAHuebMEve ;ﬁ@@l@ugl@t&é‘nousé@%rﬁﬁbﬂﬁzﬂhg cisbrideforeutieved ect.,
even though brain scans are known to be a very powerful tool for deC|5|on
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suf f eri norain scans are known to be a very powerful tool for decision making when

handling stroke patients.

Summary of the invention

10
The present invention aims to provide a methodology for using medical scan
~data, such as brain scén data, and otherda'ta, relating to many patients suffering
from a medicai condition, to generate a data structure which can be used to
obtain information in relation to a new subject suffering from the condition.
15

The present inventibn proposes in general terms that scan data from a plurality of
patients suffering froni a medical condition is used to construct a probabilistic
atllas,. A first portion of the atlas indicates, for each location, the cbrresponding
likelihood of a medical abnormality (such as a lesion) associated with the medical |
20 condition being present at that location. A second portion of the atlas includes, for
each location and each of one or more parameters, corresponding parameter .
data indicative of the values taken by the parameter for those patients suffering

from the medical abnormality at the corresponding location.

25 The probabilistic atias makes it possible to use parameter data for a subject to
predict locations of the medical abnormality in the subject (e.g. if no scan for that
subject is yet available), and/or to use scan data for the subject to predict

parameter values for the subject.



froma nedical condition, to generate a data structure which can be used to
obtain information in relation to a new subject suffering fromthe

condi t i onwolbiildsss7pr esent i nvention proposes in general prersGroto/vass4scan
data froma plurality of patients suffering froma mnedical condition is
used to construct a probabilistic atlas. A first portion of the atlas

i ndi cates, for each |ocation, the corresponding likelihood of a nedical
abnormality (such as a | esion) associ at®d with the medical 20 condition
bei ng present _at. that location. A second portion of the atlas includes, for
each 1 ocal B maie At ol b 4 SRS 6 Mi: sPe Tie rbablishe AR5 4 amet er
dat a i ndi pAéir€ t@hstdPryBabidstid 8ireke Path@PIRY. AR Sdarf @dtatrhay Belbthirent s
suffering fromthe nedical abnormality at the corresponding 1ocation. 25
The proba®fdNSstic atlas nakes it possible to use paranmeter data for a
subject to predict |locations of the nedical abnormality in the subject
(e.g. if no scan for that subject is yet available), and/or to use scan
data f3r The psotimtsiidtict atlasr eah bé ppegonted &1 av #hags féromat! MRissallpwacthe VO
2011/ 068475PCT/ SG2010/ 000442 4 The medical condition may be a stroke, in
whi ch casBrabs@ilistis GAE 10 oFiImage ecessade pRAlERd: and yisyalized dbean also ke
Stroke At i - a8 ' ' r ilistic
atl as canhﬁid E)c% g’saﬁgn%tek-(ﬁla?vrll a |Fqngzgég(aﬁ?rf%‘abfpgﬁ1a?ésh gﬁﬁ%%g ttéﬁ-ggg?'gt%bl Q| stic
atl as to Oagnosigetrpatmerdsad pradidtipneas welhds o extrhctzienbwlietge aboat e be used
to extract kIPOV\A edge. For exanple, a PSA can be used to support stroke

di agnosi sS?%at ment and prediction as well as to extract know edge about

t he sjgoke. 10 For exanple, a brain scan can be obtained froma new

subj ect, the location of the nedical abnormality within the scan can be

i dent i fi eHor ex@mples @, brigin seamean hg obtained drom adew subjeet, doe asapiondifng parts

of the prgbabilistic map..Jnftornation (such as pLrognasi robabi it
epeci 11 0. 16 rglc] pbadhainy Wb T StaniGar e MerRisRE" 350 Tadh BRPASAA 1 on,
dat a genetii¢ Ri&atish g thdomesbsriihg phits offfie pibabilRfic hid infofvhatioR As@dret er
data for the subject, is_input to a ﬂr edi ction engi ne, which generates
out put da@® PregnasiePEbgbdity) spasiic tefthasubiechcas hesexttasted.i gur es
15 - ‘ ,
In one form of the invention, data generated using the probabilistic mép and scan
data and/or parameter data for the subject, is input to a prediction engine, which

generatés output dafa for the subject.

20 Brief description of the ﬁqu_res

An embodiment of the invention will now be described for the sake of example
only with reference to the following figures in which:
Fig. 1 is a flow diagram of a method according to an embodiment of the
25  invention for constructing a PSA in an embodimént of the invention;
| Fig. 2 is a schematic view of a PSA constructed by the method of Fig. 1;

Fig. 3 indicates one possibility for performing a step of the method of Fig.



An enbodi nrent of the invention will now be described for the sake of
exanple only with reference to the following figures in which: Fig. 1is a
fl ow di agwermnfosgs7set hod according to an enbodi ment of the/sg2oiomventi on for
constructing a PSA in an enbodi ment of the invention; Fig. 2 is a schematic
view of a PSA constructed by the method of Fig. 1; Fig. 3 indicates one
possibility for performng a step of thge method of Fig. 1;, WO o
2011/ 068475PCT/ SG2010/ 000442 5 Fig. 4 is a flow di agram show ng a net hodf
according to ap; i : | | s £ El 1 for
obt ai ning inf o’rﬂ'rgglta;iq g% wgﬁ&fﬁ%ﬁ% dgﬂ ﬁgv%t @%miﬁcﬁélgg ,té%%rﬁéo@%{d&%fi cally
a step of thehovemtidrofbr uking the BSA of Rig.gl o obainingtinformatienfrelatipgrtd @r mi ng t wo
steps of the th h(t)_d of Fig. 4, Fig. 7 is experinental data obtained from an
i mpl ement B¥WAHPKCY he i nvention, and overlaid by a I esion contour for a
subj ect; and Fig. 5 showd she AN SHBEBIE AltlodoPFRESSS Which is anot her
enbodi nent of the invention, and conmbines a nethod according to Fig. 3 with
a feedback stebigu§iing stowtrerfer pedfooningi tywo stepef thid methiabet Figt 4on of t he

enmbodi nent s . . ' ' . diment of the invepiion, for .
bt aining a proGagit EEppamiRlel Bakd oBAER e B lrPlemlfaldh 8"T The
starting ipeentiomfarideverkiid by a8k dontber f@ﬂblmjrédtgaﬁd data set froma
plurality of patients suffering froma stroke. The patients will usually be
- Fig. 8 shows schematically a process which is another embodiment of the
human subj ect s'
invention, and combines a method according to Fig. 3 with a feedback step using

10  the method of Fig. 1.

Detailed description of the embodiments

A method which is an embodiment of the invention, for obtaining a probabilistic _

15 stroke atlas is illustrated in Fig. 1.

The starting point of the method (step 1) is collecting a data set from a plurality of -
patients suffering from a stroke. The patients will usually be human-subjects,
though in principle they could instead be animals. The data set ir"ncludes‘
20  volumetric images (three-dimensional brain scans) for each of the patients. The
- scans may be any tomographic scans, such as Cohputed Tomography (CT)
scans, Magnetic Resonance Imaging (MRI) scans, or Positron Emission
- Tomography (PET) scans. Step 1 may include generating these scans, or
obtaining them from an external source. '
25
| In addition, step 1 includes collecting “parameter data”, that is data which for
each of the patients characterizes a set of N parameters for the patient. The -
parameters are labeled by an integer variable n which runs from 1 to N. The

parameters may be any patient-specific data, including demographic data, history



t hough in principle they could instead be animals. The data set includes 20
vol unetric i mges (three-dinensional brain scans) for each of the patients.
The scanswomyii@sany t onographi c scans, such as Conput edcTomgrapiw?2 ( CT)
scans, Magnetic Resonance Inmaging (MRI) scans, or Positron Enm ssion
Tonmography (PET) scans. Step 1 may include generating these scans, or

obt ai ni ng thenrfronran external source. 25 In addition, step 1 |ncludes
collecting "paraneter data", that is ddia whi ch for each of the patients

h terj t, of N f tient. Th net
char acteruaes aiieh Yl RATEKRSubfl Hafa PALEing, RGBS CHRdl S
be any pabibaidrksmedathi Bossitalizalidit Haeh, rwadd@unteerr@p@ata dof exaﬁnlpﬁé Qhé! lish\6¥

2011/ 068475PCT/ SG2010/ 000442 6 data, clinical data, ambul atory data, data
descri bi negramejers: mayninclodgcanyihenparasmetersset oubspTabllesZ‘atz anddhtall ofind

out cone r t

par anet erangn, S (ERReCbe itz RdtAEE i 15 SrBBeRCon AN

si gni fs casttokea! iT’HE earameténedawefdr théss paframetdral istnurheasal._For $xanksie, The
par anmet er data for these paranmeters_is nunerical. For exanple, when the:

par anet erVheR thapasassten has fue essipilitiese(exg theeparameler f;ex”brrmebpf thee
possi bi i dd&shili s9' rvefh aUHl';rhbﬁgérr Yalige Jar@gh%pﬂmdé}tbe"rn V%J mdlafsafiFt ers

in Tabl e are r speci ugs or type een
admi ni st eTatdetZ)armwhablner&mmfm dyigsadri types airdrogs Ihasprttemlnl adrhinisterethto

t i n Tabl t hl Th dified kin Scal
Pk o e dhremanding houas gy Rresili-aian: Koo fesR@etas 10/ Ll 3 8F or
depengdenciuttmid \aritiiby, B hin‘iﬂé%\SRQEkrPieQ%Ig émnsmva?céhhfrﬁ&ﬂf%sad HehRke.

The scale runs fromO (no synptons) The paraneters presented
in the tador eneawrlrtgﬂtlye alegeseof| disabitityr er dapebdembjum ithe alailpaactivittesr of and

f | 5 h S
Soe tiver arsprle wid BaleSuiey A, SrdMe DS shalelnlisilion (hp rIpBame) 2o & o
hospi t al i gektin Thei pAametarst rekestedi il 3hé itables e inty bh @Xahiie] Tﬁéﬁe@d on

Infection during first 24 hrs from hospitalization
be additional parameters and outcomes (e.g. length of stay in hospital) related to

15 the patient.

Sex

Age

History of diabetes mellitus

Intensive Care during first 24 hrs from hospitalization

Epilepsy éttack during first 24 hrs from hospitalization

Infection during first 24 hrs from hospitalization

Heart failure during first 24 hrs from hlospitalization

Infection during hospitalization

Intensive Care during hospitalization
White blood cells
Red blood cells

Hemoglobin

‘Hematocrit

Lymphocyte percentage




Heart failure during first 24 hrs fromhospitalization Infection during
hospitalization Intensive Care during hospitalization Wite blood cells Red
bl ood celwe 2biamegl7obi n Hem atocrit Lynphocyte percent agecTicEem/ 0oeld
distribution width ducose value - energency departnent Sodi um val ue -

ener gency department Urea - energency department Creatinine - errergency
departnent Fi brogen D-diners . :

Red cell distribution width

Glucose value — emergency department

Sodium value - emérgency department

Urea - emergency department

Creatinine - emergency department -

Fibrogen

D-dimers

Cholesterol

Low density lipoprotein

Fasting glucose

Free triiodothyronine

C - reactive protein

Diuretics
Width of red blood cell distribution

Time from the dlsease s beginning to the admnssuon to

hospital (hours)

Heart rate — admlssion 4
National Institutes of Health Stroke Scale NIHSS - at

admission

National Institutes of Health Stroke Scale — 7th day

Temperature - 7th day of stroke
Heart rate - 7th day
Six Simple Variables - 7th day of stroke

Barthel Index - 30 days after stroke

Glasgow Outcome Scale - 7th day after stroke

Glasgow Coma Scale ~ admission

Range of stroke

Etiology of ischemic stroke

Table 1 — significant variables in prediction of mortality



Chol esterol Low density |ipoprotein Fasting glucose Free triiodothyronine C
- reactive protein Diuretics Wdth of red blood cell distribution Tine from
t he di seayoe'2811i@gi7ani ng to the adm ssion to hospital (hegrsc2éeanisssate -
adm ssion National Institutes of Health Stroke Scale NIHSS - at adm ssion
National Institutes of Health Stroke Scale - 7th day Tenperature - 7th day
of stroke Heart rate - 7th day Six Sinple Variables - 7th day of stroke
Barthel Index - 30 days after stroke G &sgow Qutcone Scale - 7th day after

e Ol A Ad ool AN
stroke G asgow Goga Geate (given during hospitalization)

Subcutaneous — heparin (given during hospitalization)

Oral — warfarin (given during hospitalization)

Pentoxifylline (given during hospitalization)

Calcium channel biockers (given during hospitalization)

Steroids (given during hospitalization)

Antibiotics (given during hospitalization) -

Table 2 — drugs given dur_ing hospitalisation

Modified RANKIN scale - 7th day of the stroke
Modified RANKIN scale - 30 days after stroke
Modified RANKIN scale - 90 days after stroke
Modified RANKIN scale - 180 days afterﬁstroke
Modified RANKIN scale - 360 days after stroke
Barthel 30 days

Barthel 90Adays

Barthel 180 days

Barthel 360 days

Table 3 — outcome -variables

5 Optionally, for one or more of the patients, the data set may include scan data ,
and corresponding parameter data.describing the patient at a number of times K
where K is an integer greater than one. These times are labeled by an integer
variable k=1,....K. One i/vay of defining the K times is based on a respective set |
of times after a starting point such as the respective onset of the stroke. For

10 example, the scan data and parameter data ihay be collected for some or all-
patients K=3 times, e.g. 7 days, 30 days and 90 days after the onset of the .
stroke. ' ’



Range of stroke Etiology of ischemc stroke Table 1 - significant
variables in prediction of nortality WD 2011/ 068475PCT/ SG2010/ 000442 8

Si nvast atwo 20pi0égsvsduri ng hospi tal i zation) Subcut aneous peTisepanionoigi ven
during hospitalization) Oral - warfarin (given during hospitalization)
Pentoxifylline (given during hospitalization) Calciumchannel bl ockers
(given during hospitalization) Steroidg (given during hospitalization)
Antibiotics (given during h-ospitalizatidn) - Table 2 - drugs given during
hospi t al Aftetnativelyb thd dath s8N\ ot dlecgeneratedi ay erbctiynthesertivhes. Instead,

we may define K “bins” (that is non-overlapping time ranges measured from the
starting point), such that data relating to a given one of the patients is allocated to
one of the bins if it desqribes a patient at a time which is within the corresponding

5 time range.

In another alternative, the K “times” may not be defined by chronological time, but
instead by stages of the medical condition (e.g. stroke stages). For instanbe, k=1
may be defined as a time before stroke-occurrence. k=2 may be defined as the
10 time of a primary stroke. k=3 may be defined as the time 6f a secondary stroke,

and so on.

The data set may contain a number of gaps (i.e. missing élements of data).' For
example, for some patients there will be no scan data available describing times
15 before the stroke onset. In this case, the values of PSA are calculated, for -

instance, as the averages over the patients for which data is available.

Note that the parameters will typically not depen'd upon k. For some parameters,
this is because their value is intrinsically constént (e.g. “sex” is constant). For
20 others, the parameter is defined at a specific time,’ such as the time of -
admission/hospitalization. Thus, for example, if the n-th parameter is 1 if a certain
drug has been administered and zero otherwise, this means whether the drug
had been administered by the time of admission’/hospitalization, not whether it
had been administered at time k. So, the value of PSA_Px is calculated over all "
25 scans for time k, but only for patients to whom the drug had been administered

by the time of admission/hospitalization.

In possible variations of the embodiment, some of the parameters are-defined

such that the parameter values can change. One way of doing this would be to



Modi fied RANKIN scale - 30 days after stroke Modified RANKIN scale - 90
days after stroke Modified RANKIN scale - 180 days after stroke Modified
RANKI N scuaiDeotr1/@8gsdays after stroke Barthel 30 days BaPCHRSIG2010/00¢3

Bart hel 180 days Barthel 360 days Table 3- outcone variables 50ptionally,
for one or nore of the patients, the data set may include scan data and
correspondi ng paraneter data describing the patient at a nunber of tinmes K
where K is an integer greater than one. OThese times are | abel ed by an

I nt L abl = e way. of defining the tines is sed on a
Fespact i VAPHRY kcpaEhaters, Sasi BolBlpg whsths hubiaals REPpeBRE N o onee:
of the st&erkespdridding Qif¥akplesy. Whetlieraa dald ad bednaERinfhisted, Bty tHee
collected for sone or all patients K=3 tines, eﬁg/.di 7 days, 30 days and 90

days af t efevalepmastbef spmerfiseasesiush asdigbetasiaeart dispasereichat a set may not
be generated at exactly these tinmes. Instead, we nmay define K "bins" (that
i s .non-overl apping tinme ranges neasured fromthe starting point), such that
dat a rel aFongedch gpatientn amde fof dduh [t itleat K ititned, | theatdatat & gnecessdde

glt ,n?rel I.ah%\gggggéér?ﬁ b%l ;?é" Ar?nrilrtlg %%epias §-|4r.n|3n \g{]elpcg, elasles\.li\f)rg ?érg] '%nt%grc%oirr'lroensepgp ding
the brain scans is delineated (e.g., “contoured”, which is to say that a contour is
‘drawn around its outline) by applying a manual or aufomatic approach, for
instance, that presented in [1]. Then in step 3, the scan is normalized to a
10 common space (the “atlas space®) using any brain warping technique, for ‘
instance, the Fast Talairach tranéformation [2] or an ellipse-based fitting method
[3]. In step 4, the data deﬁning' the delineation of the lesion is normalized in the
same way. Thus, we have transformed the original data to data in the common
~ space describing the locations of points exhibiting the medical abnormality (ie.

15 the lesion).

~ Note that there is some ﬂexibility in the order in which these ste'ps are performed.
For example, step 3 may be performed before step 2. Also, for a given patient,
steps 2-4 may be performed for all the K times, before going on to the next _
20 patient; alternatively, the method could perform steps 2-4 for k=1 for all patients,

and then perform steps 2-4 for k=2 for all patients, and so on.

In steps 5 and 6, the PSA is generated. The PSA includes two components:
PSA_S (the “scan part’) and PSA_P (the “parameter part”). Each of the PSA_S
25 and PSA_P is composed of three-dimensional (3D) image volumes. Furthermore, :

each PSA_S and PSA_P is partitioned into K parts, corresponding to the K times. -

For a given écquisition time k, the PSA scan part (PSA_Sy) is a single volume,
and the PSA parameter part is composed of N volumes (PSA_Pxn, n=1,...N),



In another alternative, the K "tinmes" may not be defined by chronol ogi cal
time, but instead by stages of the nedical condition (e.g. stroke stages).
For inst amoepiiksdssry be defined as a tine before strokecoscuineoeaz k=2
may be defined as the 10 tinme of a primary stroke. k=3 nay be defined as
the time of a secondary stroke, and so on. The data set may contain a
nunber of gaps (i.e. missing elenents if data). For exanple, for sone .
patients there will be no scan data av L1 abl e descri bi ng tines 15before the

2 the avanars, eloh Yoyfig ordcPBnlE oiois PR8I 10l kB S beh o

t he par andémoted\wislfoliéwsi cal |y not depend upon k. For sone paraneters, this
is because their value is intrinsically constant (e.g. "sex" is constant).
For 20 others, the paraneter is defined at a specific tinme, such as the

time of adm ssion/hospitalizatign. Thus, for examle, if the n-th parameter
Is 1 if a certain drug has p@pgqaﬁmqni‘gﬁ gisgd I%ng}zge 0 ot herw se, (g)hi S nmeans
whet her the drug had been admi nilstered™hy the ti jm 0f=

adm ssion/ hospitalization, not whether it had been adm nistered at tine k.
So, tHe value of PSA Pk,n is calculated over all 25 scans for time k, but

only for RN st om { he drug_had _been adn ni stered by the tine,of
adm ss1 o] ROEST &7 BeeBIdeld S5 dSatiRor B heeah Sobimen asahoh Rerb. 29ome
of the paThereiuriiserase reles idmedcoluathst 6Rthis hafix 8FE ke and VHEST @cﬁm8.ge-
One way of doing this would be to WD 2011/ 068475PCT/ SG2010/ 000442 10
. 'Each of the cubes represents a numerical function defined at each location in the
3D atlas space. In other words, each of the numerical functions is “volumetric”. In
10 practice, the common space is discrete, so that each “location” corresponds to a

voxel of the common space.

~ Preferably, the parameters are chosen so as to be statistically independent.

Initially, for example, when it is decided to apply the invention to a certain medical '

15 condiiion, a number of parameters N’ may be considered which is greater than .
N, and a screening _stép may be perfo'rmed to extract from the set of subset of N -
parameters which are statistically independent. This would remove a p'otehtial :
problem which may exist in certain aspects of the invention that the parameters .
exhibit co-linearity (or multi-co-linearity). The potential probiem of co-linearity may

20  be illustrated by supposing that two parameters are highly correlated. In this |
case, aIIowi'ng a prediction to be influenced by both of them might be equivalent

to giving one of them a too high prominence in making the prediction.

_ PSA_S is calculated in step 5. It is composed of K frequency functions (or “atlas

25  functions”) PSA_S for k=1,..,K. Each PSA_Sy takes a single value for each of
point of the common space (atlas space). Each PSA_Sy is calculated using only
images for the corresponding value of k. The value PSA_Sy at each location in

the atlas space is obtained from the normalized lesion outlines (that is, 3-



define k paraneters, each indicating whether sonething has happened by the
corresponding tinme k (e.g. whether a drug had been adm ni stered, or the
devel opmewd 20f1/weume di sease such as di abetes/ heart di seae®/SGa0®)000432 For
each patient, and for each of the Ktines, the data is processed -

I ndependently, by performng steps 2-4. In step 2, a lesion (e.g. infarct)
in one of the brain scans is delineatefh (e.g., "contoured", which is to say
that a contour is drawn around its outline) by applying a manual or

aut onat i dimepsionahsurffaces (fedraogs;) suredurding esluatks) of fHd bralhebandwghep 3,
the scan js normalized tP af10 comon space (the "atlas space") using any
brai n warlPfFgMESRARTIRE & aluesef £ mRegically  iee apy givendpaation I the H9M®BPRat i on
[2] or a | =ty ial iq 13 ling
t he deli %e%ltcibbn ofé??ﬁggrgél—?ﬁﬁ?gaﬁ%p ﬁgri&?}é@ t%ér]: Oﬁkgﬂgéﬁewnm%&geﬁﬂnugggr\‘/\% have
t r ansf or rfettheheorespginding \iiue of & hdare andrmalihed comtwors @esioas whichi bi ng t he

| ocati.ons_of points. exhibiti t.he nedical abnor it i.e, 15the |esion).
Not e lshateqcﬁgf%aﬁsstﬁ?gﬂ‘éatfqneﬁgiqtgﬂfupﬁt'qm%arbpaté‘?@& R/%Péwﬁ!?@ééﬁ& eps are

per f or nednsteAte HAERIdING BbFRhS toRY nBMbRE 6T Brdiedched Rirthstiudof Y 0. for a
given patient, steps 2-4 may be perforned for all the K tines, before going

on to t hdenessenpefias peaabiliy.t ernati vely, the nethod coul d perform steps 2-4
for k=1 for all patients, and then performsteps 2-4 for k=2 for all
patients, and so on. In steps 5 and 6, the PSA is generated. The PSA.

i ncl udes RSA_Roispoalentated RSAstSp( 6hat ‘is empuried" bf e\ ARy huncagranet er

part"). ‘ g f {he PSA S°25 and PSA P is conposed of three-di nensional

(3D) 1pm&1§z§ 9'? K Bur #h28hddrd, - eNe ANgatn eacinBSASR P takesarsingleo@iée i nt o K
parts, ¢ ngi | [V A6qURL§i L1 Qnpki k,:.the
PA soan Dot el ROADGOh M helebinfioh shake fatts Siadhiths ddrESA ™ ale ' 's
conposed aalculated| usieg anBSArdM , stans\ior 204 toae8panding/\aled bd/K0TA4 A/alde wher e

ggcp OYFL%AE‘%;J Sf gg,gi}@scasggg% %&%lﬂ%&ps?pra%geig ecro'mp;mgg ’byttli]nedir?gs é :gtg vbaelued enot ed

which is indicative (;s defined beBw) of the values taken the n-th parameter over

15 those patients having a lesion encompassing that location, and normalizing this
value by PSA_S for the same location. The indicative data value may be an.
average value. In other words, each PSA_Py, in each location may be the
average value of parameter n for those patiehfs who at time-k had a lesion
encompassing this location. The “average” may be a mean value. Alternatively,

20 the indicative data value may be another type of average, such as a median.
Alternatively, the indicative data value may be any other value derived from
values for parameter n for those patients who at time k had a Iesior'l' ‘
~encompassing this location, such as the minimum/maximum value bf the
parameter, or any percentile of the distribution of the parameter over those

25 patients.

Steps 5 and 6 may employ some additional information, for instance the
distances to the PSA lesions or the size of patient’s lesion and/or the shape

and/or pattern of lesion. This possibility may apply to the calculation of either or -



'n=1k=1 N }K (5) 5 The PSA can be considered as matrix of conponent

vol umes, as shown in Fig. 2. The nunber of rows and columms of this matrix
are K andwddii/oeespecti vely. Each of the cubes representsTaGRom®NI4ARI
function defined at each location in. the 3D atlas space. In other words,
each of the nunerical functions is “volunmetric". In 10 practice, the conmon
space is discrete, so that each Iocatlon corresponds to a voxel of.the
comon space. Preferably, t he paraneter are chosen so as to be '

statistic |alI exanpl en it js. d idedto
ool vt neBPRRNESARS HRP A, B frid Hubraled udhg Bt AR chlkulainb e 1
par anmet er ;elannRifudieata paiten doddticH) wesaskig iire WsightY toahe stmillgreeni ng
step may be perforned to extract fromthe Set of subset of N paraneters

whi ch ar e|e§to<§1§|@tth@dPqumJ@pfeiﬁd@qauswhs lagal cantour® (ie. Haymoesmaber pr obl em

whi ch ma | t

exhi bi t %:/o [ nec)ilap?lﬁﬁ{é?)apn talﬂqgl: Olq'];uaaae? ﬁo“‘?\fﬁ%&&o %qtttﬁgﬁolgg%ﬁ%fg

co | i rear éxampieytha29 rbaresbhuelbsertmiuég of Baly phrnétenthArarpavaecationsr e
ghly coEreIated In this se, allowing a prediction_to be inf]uenced by

borh f RnPXATGRIE: pRieiNg Han? @lbpamwghwe@ont%%af%éalﬂygme to
prom nence. 4y el ek tea%&'hst/égg aity-simlidr GALEL LA | of taP 5. 1t is

conposed of guenc unctions unc I ons A Sk for k=1
, K. Eap&r@ﬁatg@k whedceas thescombar Gal also irmudssclbcationsoventy faf frohel conmon
space (atl as, space). Each_.PS I s cal cul ted usln onl es for the
corres pon‘HF‘lWS '6 vgﬁlgplfeﬁ{@y\;ﬁffqgnggg‘l@Q At SYBe P %’@Ef‘%/réngaﬁg\mtyﬁ@”at I as
spacej( s Bdgiend nae@nredrmr@%rramd ahrliGRbPR O im%v&éh@é%s S

di mensi onal "surfaces ("contours") surroundi ng vol unes Eral n scans
wi th the examplepteiefiectar losation k. fragpdar awaxaldopilonsmambegedmed byation in

h f PSA .Sk h nb f
whose. br =fHCERGAG FgF ¥ Ry EaPpa sl far & Uen parematss gt neranBl cont our s
(lesi ons)m‘dghcaswm?pass this location. The atlas function can optionally
be normalized (for 3 o

Wipi

S ®

15 where p,indicates the value of the given parameter for a patient i whose lesion

includes the corresponding location, and w, is higher for smaller contours. w,

may for example be defined as 1/( three-dimenSional volume surround_éd by the 5

contour), or any other expression which gives priority to local regions’ afound L.

The weighting may aiso include priority of directions (e.g. posterior to inferior, left
20 to right or inferior to superior) as well as underlying anatomy taken from the

standard brain atlas. -

Fig. 4 illustrates a method which is an embodiment of the invention, to use the
PSA to obtain information in relation to a person referred to as a “subject”. In a
25 first step 11, a brain scan for the patient is received (e.g. generated), and so is

parameter data describing the subject in terms of the parameters. Note that in-



instance, by dividing it by the total number of brain scans for that val ue
of k) to represent atlas probability. PSA P is calculated in step 6. It is
conposed Wb 2868476 quency functions 10 PSA Pk, n for | c=PCT/SGRO1ANA0442
n=1,...,N Again, each PSA Pk, n takes a single value for each of |ocation
of the common space (atlas space), and each PSA Pk,n is cal cul ated using
only brain scans for the correspondl ng vaI ue of k. The val ue PSA Pk, n at
any location in the atlas space is compdted by finding a data val ue WhICh

is indicative d belo of the ue a n the n- par anet er
over | 15' (TRINE GaEs s A el bEoranticat Iarallbitt e paramstels SnéE

nor mal i zi a&hiditien Ydyi6e l@ﬁsﬂﬁsgnﬁofghet&&m | ocation. The indicative dat a
val ue nmay be an average value. |In other vvords each PSA Pk, n in each

| ocation may be the average val ue of parameter n for those patients who at

t|rrekh ra be a nean
Vel ver A bRy Bl SOAGTRRE SietbRun b 1S Dainiiad ¥ B O8Re R, (Ve of

averagie, slethodssofd2ed[3Anin stép 4BNEd s@iryis rﬁd‘rmalizddﬁﬁtblth@ atﬂats%puaéue may be
any ot her value derived fromval ues for parameter n for those patients who

at time k(CREHMAN SR3reh aBAJR iR 4 Hie dalineatsddesion is Baunalizediipto the atlas
mni-mun nggd U Rab Bfniglied f6 &ﬂﬁ?ﬂ%@ﬁ& 0?%5%{?158{&8‘9@ e% th staprf? as o

di stributi'on of the paraneter over ose

enpl oy somesadntledumsbéps :Bnbndrﬂad)ﬁlag 1for instance the distances to the PSA
| esions or the size of patient's |esion and/or the shape and/or pattern of
| esion. This possibility may apply to the cal cul ation of either or

2011/ Rﬁ84|?5§@6/1§6%18é Edath |§QH&d°cB &é@éﬂt@t PaAnetet tfal'ué rhh%é@t rated

using Fig. 3. Wii'le cal culating the mean val ues at a particul ar cation,
we assi gnThefistpargmetertvaluthmngesldrerrahges castrad onithe parameternvaldéi s i s
because the |

t i hayi | |
par 1 oul s9vpBEcg FoBiRhhekemites fale TaSUBtr Arerdit PhBath BRAMGET S8kampl o
they reprgganh vﬁbfhs@frzb(aWﬁéreOB @ﬁ&hbe%ms&%tﬁé@ﬁot Barsaifthd Ocations. For
exanple, referring to Fig. 3, points wthin the contour C3 are fairly

close to meagufémdfq)aeémrgd to have generally simlar values of each of
the paranmeters, whereas the contour O also includes |ocations very far

from15 whi ch may have significantly different values for sone paraneters.

Priority fPBeb®and el acrlobaeaycs AN BaTLIGHAL ihaRAE on. T

several wayS. " For ex he et Tect I on |'0cat i ons
may be reeseemouulecwhwhl p@érfdrgtsF\‘Muﬁteim analysise digyriosis, amd ptredmogluwsg

paranet er aengA ge erta?gd rg;at?te r%zthod o? Flg:] E\I\tologerltzera{e6 )results describing the
subject. This analysis may be enhanced with standard brain atlases W|th 3
20 anatomy, vasculature, and blood supply territories, by providing additional .
information from anatomy, vessels and their supply and drainage regions, tracts
(that is, systems of organs and tissues which perform a specialist function) which
are modified in a treatment, and/or large vessels that are crucial to treatment. - -
These atlases can be mapped onto the scan data, and included in the database. -
25 . : v
The operation of a PSA module which performs step 15 is shown schematically
in Fig. 5. The PSA module receives the normalized lesion. It also receives the
first parameter value ranges. The process of Fig_. 5 uses only the part of the PSA

which has the same k-value as the k-value for the subject.



15 where pi indicates the value of the given paraneter for a patient i
whose | esion includes the corresponding |ocation, and wi is higher for
smal | er cwotowrmsss™;, may for exanpl e be defined as 1/( trorsezdiowengz ona

vol ume surrounded by the contour), or any other expression which gives
priority to local regions. around L. The weighting may al so incl ude
priority of directions (e.g. posterior to inferior, left 20 to right or
inferior to superior) as well as under I |ng anatony taken fromthe standard

brain atl no e i ment, of t he
"mvent | onoPPB reedvipdd pattBhh RsiBsPifi 8 st oo 3R ratledlseson
referred P8AAP @ ouipblj Qértond paramelaf vdlgé raidds (Hat i, Mirkficsicaludr the
patient is receiv enerated), and so is par ameter data descri bi ng

the subj e@fi'qqii'\'?éf me §‘FCQ PREAMALET Kalye fﬂb@%s)td%"bﬁlg the respective
2011/ 068 43RBTS0} BaBAYH o boseiife AARESIUIS, HREAdBYa MBIt oduced |

for all e paraneters e acqui sitron nmay y_and/ or
ti me conswaluegange fartpgrat@teran farsthe isubject betimell sddblad lblyc’sxtra&ﬂragl friodn

nor i 2 2o th yalih %fhﬁ§§ %ﬁﬁ@@%@@éy[théﬁabm siipnandien " 'S
del i neat egoH&sd 80t the dl@fr%knbﬁ%@thdﬁe%él@@s atl as space. The technl ques for
nornal i zation of the subject's data are the sane as those used in st eps 3
and 4 of Fig. 1.
" For each parameter for which data descnblng the subject is received in step 11,
10 upon receiving the corresponding first parameter value range, the PSA module
uses PSA_P to output a corresponding bfain region, meaning a volume in the
brain which is a potential location of a stroke. This is called a “parameter region”.
The parameter region is the set of locations for which PSA_Py , is within the
- corresponding first parameter value range. Thus, if in step 11 data was received
15  for all N parameters, the PSA module generates N parameter regions
corresponding to each of the N parameters. The PSA module then uses the
generated parameter regions ahd the PSA_S to produce a predicted stroke

region.

20  Figs. 6 illustrates a structure including a modulé 20 which performs st'ep 15, and -
a PSA module which 'performs step 16. The PSA module is shown |n Fig. 6 as
having two components: a first module 21 for generating the second parameter . '
vailue‘ rangés and a predicted stroke region, and a prediction engine 22. As
shown in Fig. 6,‘when the first parameter value ranges obtained from the:

25 subject’'s parameter data are input into the PSA module, th'e output is respective
pa.rameter regions. These parameter regions, and the PSA_S are used to
prodube a probability distribution indicating the likelihood of each point in :the' |
-atlas space beihg part of the subject’s lesion. Specifically, for each parameter for

which data was received in step 11, the corresponding PSA_Py, is used to



10 In step 15, the paraneter data is used to generate first paraneter val ue
ranges. The first paraneter val ue ranges are ranges centred on the

par anet erwoabuaegi7gen by the subject's paraneter data. Poescace/odedit er ent
for each paraneter and have a wdth of 2 An , where An may be related to
the error bars on the neasurenent of paraneters. 15 In step 16, the first
par anmet er val ue ranges and delineated | esion are input to a PSA nodul e

whi ch perfornms volunetric analysis, di é@nosi s, and prediction using the PSA

di
generate e ' . Fi g, ner resul describing th
subj ect . dgﬁtw}lyesrg{aéngﬁ%%ﬁg'é"ﬁeg%m%%gdgﬁﬁoﬁhai'fsaf?dﬁ}ed%qgﬁno(?atb_?a cg'gnw h 20
anat ony, spapeufoahich thenfitsbpaeenetepphiuet ehgelintlu@ss they correspshdiy sdiiet i onal
i nformati on_from anatony, vessels and their supply and drai nage regions,

tracts (t¥HdtoNsPrsyldtedrarapreter waipnsa® ¢armbined bisme poeralpmar instanca i st
f ti ' i f ' " : are
cruol o VNP GRO ko TBh d retifidh LGRS PEGlon SHHAR thp D SCORCogerElY
i ncl uded ¢an beeapplicabéisst. TAE PBA_Speaiapt benusdd do RSMtrod hdve théipanametdror s

step 15 is shown schematically in Fig. 5. Th SA_nodul e receives the -

or el § 298 B Canibaed §for ekemiis. usino O PSR BT TURG BN gEEe The
process obhrRGAND ofcrstiorl i gdHorRd), of the PSA which has the sanme k-val ue
as the k-value for the subject. WD 2011/068475PCT/ SG2010/ 000442 15 Upon

receiving a contour representing the subject's |esion, the PSA nodul e uses

PSA P to put .Se d paraneter val ue r es hat.,i s, nunerical val ues

i ndi cat i s8%B{ar'fbecg368r?c%r%@g§%tegF°r\§a?r§egpn§H'§é’(s o gﬁ?ﬁl'ﬁbsi‘w&c*se%ct ive
di st riigbutwieers tié et ffbjédte HRSAgsdrtiv@aNcBATLERION &f thEBaffsetee vaRicaet er
5 value range for parameter n for the subject at tinme k 1s found by

ext ract i iyhi¢horist sinilesAot Hre \aubirctbf certainpsiroke rregiaits lincthei seans were

For. each O] fof Mose RBUER) GltnBiting e P Rimedet | &loRt SR IE AT
step 11, dgerafiom wasdeiprodgcé fall pesdilsie pesibintd obséved NdLEENE faly@ | pasithvange,

t he PSA nodul e us%s PSA P to output a correspondi ng brain region, nmeaning a
vol une i regiansyr wnereds dhe AN prRIatioN awoulg: Rraduseothes oyeHamINg TRIONSS

cal l g& a (WHar8 bt pfob3bRregions could be located depending on the frequency of
occurrence of regions at a particular location). Both operations could be applied
to get an idea of least probable or the most probable regions. The combination of

parameter regions from the PSA_P is performed by PSA _S.

© 20 Note thét in principle there are other ways of prbducing a predicted stroke region
from the parameter regions without using the PSA_ S, such as measuﬁng '
whether any given voxel was inside more than half of the parameter regions, and

- taking the predicted stroke fegion as those voxels which are within most of the
parameter regions. However, use of the PSA_S is preferred. The way.in which

25 the PSA__S is used to combine the parameter regions may employ information -
from probabilistic neural networks or régression models, which would be -

optimized for accuracy.



The paraneter region is the set of locations for which PSA Pk,n is within
the corresponding first parameter value range. Thus, if in step 11 data was
recei ved Wb 2bomosgd7s N par aneters, the PSA nodul e gener ares/sk2pmranat er

regi ons corresponding to each of the N paraneters. The PSA nodul e then uses
t he generated paraneter regions and the PSA S to produce a predicted stroke
region. 20Figs. 6 illustrates a structure including a nodule 20 which
perfornms step 15, and a PSA nodul e whi ¢h perforns step 16. The PSA nodul e

is shown in Fig. as-. i t \W0. C onent.s...a first nodul e 21 for
generat i ré%ﬁ?ﬁs@?@n%'%?”aﬁgﬁeﬁo \')salﬂb G %B@tloihgf ascepgdgé gdwg’t ?'?ﬁ(gnlryegji on,
and a pr aftepésted BNYProdicidy vibats hRipehs fd Ppatients\h@iht iReidns’ Shiypan atrel er -
val ue ranges obtained fromthe 25 subject's paraneter data are i_nE)u-t into

the PSA rjERP@MPYS regioputwiths ar earaipt Volunsmeadeskars, colynine PREsS paranet er
[ nai cat neo PRVl PRSI Hei s A7 e LRl ruF Rl S AP PR o

the sybject's lesion. Specifically, for each parameter for which data was
received jn step 11, the correspondjng. PSA Pk, n is used t WO _

2011/ 0684%@9@69%%&862@9"1%%%@03{EPﬁTecEf g'BBrﬁﬂg'fbeggrarret er region.
This is the region of the commbn space for which the first paraneter val ue

range i ncludes the correspondi ng val ue of PSA Pk, n. The paraneter regions
ar e conbi heelpradictedestrokerragion, maybe additionallyAbDcessad e.g.0by thhenpredigiioedi ct ed

trok i on"....Ei ther the AND.or OR,oper at b lied.first. T
Pon s myehsine 24 FB7 cxaiple: Mis G oarane: By TS 188 Sresdlinte nasiupt o
exanploe, ditchimiensf the gatents EaraQicHdind € HE e8ntelrd [¥h %rﬁpewmige@ésﬁd ons

is perforned). As explained, the paraneter regions are obtained fromthe

earlier shelpwovith refeggncedoltign’)t kisingaPSAeS, debpading amtheanwaber oticases

conbi nat i f, t er I i i.s..Sim.l e supj ,
certain s@%bo et°r§§f‘§ﬂ%8i”ﬁ"t‘°t h%g'gtéﬁgllt@g]eg%bé?’végbpﬁg ﬁ%gbepaﬁ%;gﬁ?gj '
Conbi ni ngAdditionalr anwiriar uséditenfenieve Jalsee poRtiees may te \upplidd Prald tisssel |
possi bl e regi ons observed (but also false positive regions), whereas the
AND oper ateginnsnean dhen heuused fie psodict dhpiasgorialpd pytcome.wREgdictggsstrolebabl e
regi ons ¢ i £ 1 f ' '

ogi e APdidhs ol REAANREG NG £ rERVERA bl o SRR R T 0, oo
an i dea odurirepfitst fevobabfscafter 4 sieokeast probabl e regi.ons. The conbi nation of
paraneter regions fromthe PSA P is performed by PSA'S. 20 Note that in
principle there are other ways of producing a predicted stroke region from

the paranph&beb&id Mptt W HEORSt Hioiduk m? Esﬁ?l%malﬁé@ihﬁi%nﬂ%‘fdﬂ isNd ket her
a 0 1

any given voxel was inside nore than h he paraneter regions, and
t aki ng t hiorprafdi egion.skheoRSAr Byjenerates: senondwaremetenvalbe aarges tanieachost of

the pgraneter regions. However, use of the PSA S is preferred. The way in
whi cit%s BHEMSSThEse seePndpaamtag el TpapeaIR PresPenLY Mmeiloy
i nf or mat i eflués TP haRRAchl Vliiss ARIY 5 i@l foF of FirstiFaEEStatiSic et a5 Whi ch
woul d be optimzed for accuracy. WO 2011/068475PCT/ SG2010/ 000442 -

‘ range, minimum and maximal values, or mean. The numerical values are input

into the prediction engine 22.

25 Thus, as shown in Fig. 6, the data input to the prediction engine 12 comprises

o both the second parameter vaiue ranges and the predicted stroke region.
Typically, the unit 21 performs a process of using the predicted stroke regioh to
extract a number of variables characterizing the predicted stroke region (e.g. the

volume of the lesion, location of centre, direction of principle axis, texture of the



17 As seen fromFig. 2, PSA Sis the conbination of scans. So if we are
only interested in predicting what happens to patients, with I esions only
in the hiwpaoampsgsregion, with a certain volunme and shapeiscaaiopoddae PSA S
part- would typically be helpful in this case, as the scan information is
only in PSA'S. 5 The predicted stroke region is then input to the

predi ction engine 22. The predicted stagke region may be additionally -
processed, e.g. by the prediction engi 22. For exanple, this can be done

by 111l Nasighe HBRRCHRURE @SR aroCEOITORL FSRAIGE i, SOBESRRRI. 1O

to the contours n exarr%lle I's dl scusse erence 7).
Usi ng PSPeqatidepahdiach soxelhes.gurbingistic cegressionedquaticenamat & ishehd¥BA,

mul tiple co ct reqions . be prodyced. Additjiognal criteria used to
renove faY%rg%g%%Y"h% erfﬁgg%l'@i)oaﬁ% F?'Sa'.c I8N SNy 81 egi ons can then be used
to predict the associated outcone. Predicted stroke 15regi ons would be

hel pful in case the stroke is not visible on a subject's scan e.g. during
first ¥ evWNatauihat aptienally (@ndosshowe irs Eigo 6l then prediction eegiher22 additiohally21 i s

a "normal j Lesion” which is.in the for f _a region.. The PSA P generates
second'pa?%%&fegﬁﬁ%%ﬁﬂ%m?g%éjﬁaf@m C?Ptﬁ%crpﬁﬁl}@ﬁ&{jé&??eﬂqéie second par anet er
val ue ranges are expressed by nunerical values. The nunerical values nmay be

inthe formof first order statistics such as range, m ni mum and maxi nal
val ues, of\s merionedahayeeliic Rrssibietbst by steprifudatarvas natcollestied froonthengi ne

compr 1 soc RipfToR 2RI ddtafierstr S tpdinBalithal ohdly bIYD, Bresf iherBirSll ok
regi o0, Typiaawtens, élge asi an2averagbooner ahpr eabjst’ of lesiimadnisurdiofdite ed

stroke region to exth% nupber of variabl es characterizing the predicted
st roke re‘g‘?rﬁﬁ%’é‘.d{:l‘.g HunEheresyiant eqlees -may dhen P usedntar @rodigeect i on

e T T ey

predi cti cand/quinriinputdo teephediotia enging.22a | ogi stic regression equation),
and it is these variables which are input into the prediction engine 22.
SNote that optionally (and as shown in Fig. 6) the prediction engine 22

addi tinathy output from the prediction engine 22 is outcome data describing the patient,
e.g. predicting survival, outcome (measured in stroke scales), hospital stay, etc.
Also, the prediction engine 22 may output a selected one of a set of pre-
generated time evolution curves, e.g. curves illustrating th_e evolution of
penumbra at particular locations.

20 _ L o
 The prediction engine 22 can be generated uSing the known techr‘\ique'sv 4, ‘5] .
described above. The prediction engine may for example be generated.using:
regression models based on outcome data for the patients. It may employ an:
- equation, e.g. a multivariate regression model, which can input the parameterf

25 data from the patients, and the data generated by the first module 21 when:
| presented with the data set relating to the patients, and use them to make af
prediction of a particular outcome. An experimental demonstration of the use of

the technique has been performed in which data from about 150 ischemic Iesipns



receives the paraneter data fromthe subject obtained in step 11. As

nmenti oned above, it is possible that in step 11 data was not collected from
t he subj ewd 20mwoesd7s N paraneters. |If so, the nodul e 21 mway/sahew/opiszli ct the
m ssing 10 paraneters, e.g. as an average over the subject's |esion contour
of the corresponding PSA_Pk,n. The resultant values nmay then be used to
produce correspondi ng paranmeter regions to help produce the predicted
stroke region and/or for input to the dPedi ction engine 22. 15 The out put

o L BB, BoRa i S SO AR N B So Bl o ©
et c. Al soThépeedittich fdte Wasfouindao bé aFprofividiely gs%el ected one of a set of

pre-generated tinme evolution curves, e.g. curves illustrating the evolution
of penunmbra at particular |ocations. 20 The prediction engine 22 can be .

gener at edNHfé'ﬂgatHﬁ@re%%h&?ﬁﬁgéi?léeésés‘lof thie [PSAC 'éPQPtdfr&IﬁgiéﬂeBém i‘ﬁ%ﬁ% ction
engi ne may r exanpl e be geherated usi ng regressfon no S based on v
out cone dtt a predidtive grdinenAsy Jdlumesrice afkd yompotgmttdabnalse . tgs irspected

mul tivariate Ireg ession nodel,. whig¢ch_can igqul]lt the, parapeter 25 data from
the pati elf42 '%néef)héh%lai 'écﬁ%'ﬂ%?apgdﬁﬁy fhdaowst | BN39€ preRepFIBBent ed

with the galgizfion %hatrjnaﬁiph%ttibheoﬁ@%\ﬁ&% gan ¥aa éfeot RPtRdsE VBRiRe& For

predi ction of a particul ar outcone. An experinen denonstration-of the
use of t himstangdenitopeshbldingean fpeilifate reetedtionwdfi sib-slalumés imcatiaint ranges,

I schem c. laﬁale nﬁinayéo régicl)%/sov?n ﬁ7lg\|13vc|;;/rcﬁ>%%(?|?tpe/sogp4vﬁ%c%g.were caused by small
10  number of the patients. Also the predicted stroke regions could  assist the‘_j
clinicians in providing the ROl and the related - outcome using only the patient

parameters.

~ Additionally, the predicted stroke region is itself of interest, since often in the first
15 hours after a stroke, it is not logistically possible to perform a scan, so the

predicted stroke region provides an alternative.

The PSA in addition. provides a range of actual outcome of previous patients
having lesions in the same locations as the current patient. This is because the - |
20  set of parameters includes the outcome parameters shown in Table 3. These two -
predictions could be combined to provide “best and worst scenario” of odt'com'e
from actual cohort of previous patients in addition to the outcome predicted by '

the predictive engine 22.

25 In one example, patient 'parameteré_ (for example, Age = 55; NIHSS =15, sex =
female) are- input to the first module 21 an'ld the prediction engine 22. 'Thef
prediction engine then uses a mode! equation (for example [4]) to predict the;
probab'ility of survival of the patient within a year (the actual value of this may be.
80% for example). At the same time, the first module 21 uses PSA_P and the



was used to predict outcones, such as nodified RANKIN scales and nortality.
The prediction rate was found to be approximately 95% Note that there are
ot her poswokba/wsegs of the PSA, apart from generating i prpwiss2810t0004a2
prediction engine. Any volunetric atlas conponent can al so be inspected
visually (see the discussion of Fig. 7, below. Sone inage processing,

vi sual i zati on, and mani pul ati on operations can be applied to these vol unes.
For instance, thresholding can facili td%e sel ection of sub-vol umes in

t ai . | i;n.nat.e i Vit h | biliti whi ¢ch
caused by QEzerJ8ef MhE Baicht i ARAY WA e HBBIRlariduafe ShrtiR T " ©
regi ons chattbrastacsttal peviusnpaticnts who laddilgsiog ih fise BBmeldatibve acahat ed

out cone usi ng only the patient éfparamaters. . 4Additional ly, the predicted
stroke reglibentiRatient and syrvived oe sxample, dhe @& epereantiipoffiiaction oitastval af t er

a stroke, pidvid hStd, e th ' the,.. -
predi ct edp'lseiv;do e@tg&kﬁg}h%r%@?'gég rgﬁﬁa%?} e?;’/ﬁa |é\?§5£ %%17352"%? ﬁergitggin]é%gﬁe
provi des 85%angkunfthactheateticat owde! oésytse(foresappld € sduayicggatiesi[ops i n

th | ti . tr ti his i b t he 20 _ set of
T anat or &1 R ICOHRAed i 158 b1 sPaheR Hbe SRsTiAn of Seti Bravionh it
predi cti ogfoCauvRel] TABDHRRGLILA B Virste mdkid ﬂh%%ﬁhs e 15 0f

outconme from actual cohort of previous patients in tion to the outcone
pr edi ct edPligyidesdepipadiegian presigiioms (Cpreditted stroke regianp! @ Figath)dram the

par amet er X, . = 55. NIHSS =15, sex = fenmale) are input to
the fi rsta%%hﬁétggﬁhglr\gﬁggﬁ}@%d tion engine 22. The prediction engine

t hen Wgses a nodel equation (for exanple [4]) to predict the probability of
survival of the patient within a year (the actual value of this may be 80%
for exanpl 8§ .Pregictiop engine g2nakes iator peequnidhel scap and darpmatersaed thee 20
nor mal i zegl. b9 af j t i L i - qu ile
ange. of oiant pater ald i K6 el oAbl dr HielRUTI-ARA PO Th sare
| ocat i on predidiiencengere @Eahprsds atwb scategures (dOrinpupliE, Attial 25p4tial
percentile of fraction 0{.. acﬁu J%%gevi ouys patients who survived may be 72%
wher eas .t FIICHPAraRGRISHt §il) rfﬁa' 5Pg8ah regiiuparemetetse o hile aacksdel
resulitss (psantergiesidnh [WaYo¥E LD '

act ual sc%nar_i_ o] (t.hglof‘nr gocl{ri@gﬁel %f\ewég(% Eg?m%%i @?gaggp}icgﬁt?gy \%ﬁg&@&%‘ﬁ@%d) .
The pr edi trgaific sutdett (esg. fravd prediictivakewdedi the predidisA parametarsiesgibesi on

region predjcti "predicted stroke regions". in Fig. 6) fromth -
par aneter(goq“é(gg)éé)\fq‘%? %g&§ﬁ§u§% 85{ an ﬂvofﬁ’gsmpcf‘?'ﬁﬁﬁﬁl‘?é% cgg]o[taiggsi nt o
account tthe peedictiurd domilsings e Sricdel t baserl dbroddd it8Nh aBrhdifipgelikerat he
popul ation of preciously treated patients. The prediction engine conprises
two cat eg®FeRabilitic; ngnetmoyk Applrachs hak where egneriephpassaiblerscenarip is

Predigt e i ale regian/ ‘ S ' t ugl a 2 r egicon
coul dbe. send %) fof oThRY PRI ennrloeS, ) Wourakd BRHCPBARE B "
subj ect (predictibnom a predicti on nodel), the predicted paraneters/regions
could provide a distribution/best and worst scenario fromthe actual
cohort. Thus the prediction conbines a nodel based approach to a sonething
like a "pcekabbt hsih n ) "estkin -
possi bl e scenario i sﬁlgg&ingélghgélw%??é%@%g%{gb%ﬁ nggﬂi@ggﬁ? ekln i
accur acy ealecomRSYeAt thevftime édicotresponding to the 30" day, PSA_Py, can be

25  denoted by PSA_mRS30. A 2-D slice through this 3-D volume is illustrated in Fig. ;
7. ' '

Fig. 7 also indicates by 31 a line which is the projection into the 2-D slice of a |

contour which is the outline of a delineated lesion for a certain subject. The |



Consi der a sinple exanple. Let us use as the paraneter n, the Mdified
Rankin Scale (nRS). At the time k corresponding to the 30th day, PSA Pk, n
can be 25senotiadsdry PSA nRS30. A 2-D slice through thisp8TRGeelowI®I4L S
illustrated in Fig. 7. Fig. 7 also indicates by 31 a line which is the-
projection into the 2-D slice of a contour which is the outline of a
delineated |l esion for a certain subject. The WO :
2011/ 068475PCT/ SG2010/ 000442 21 contou!31 is overlaid on the PSA nmRS30.
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provi des a range o ues whi ch are—be ply tot

fact for takes walbg=dt the hanget 44, sﬁﬂ;isaﬂ;]mmd% Ei@jlf‘rengétdjf d?}aewafﬁh'lr&h ard\ot e
that the PSA S.is an inportant part of the enbodiment, and useful even
apart fr oh?sfthsd#S@pp‘m@D thexgubiert In fast far this subieshttharactyalanBSovalbeian t he

PSA_S. Evigg 3yt §piva@y paraneters, if the doctor is interested i-n know ng
the outcone of a patient with the lesion at a particular |ocation, he.can
directy use the PSA S 10part of the prediction engine. Many vari ations of

he embodj i ab ossible within.th f th |
nvent | onOo e IERTTSRCE S pPafeRopatnl the BROUMERtgand USSR Ye coul d
onmit obt afdrferofh tHeAPBAS dde fcisod i® Batedlf theSortbds SbaisreliSinapd Agavwgul d 15

al so be onmitted. Instead, the just paraneter data for the patient “coul d be
used wi t hEver witbpubany pgeametars, ifdhedoctor is dofierested dn dpovingthe abisose and

Thi's. predct BRUGE BHE el loRi ol S RaN i BBt o R s BBE RS the
nor melg zegart 66 thpredittibheerifife can be updated dynamically. This is
illustrated schematically in Fig. 8. -
Many variations of the embodiments described above are possible within the
scope of the invention. For example, in a variant of the method of Fig. 4, step 11
- could omit obtaining a brain scan for a patient, so that steps 13 and 14 would
15 also be omitted. Instead, the just parameter data for the patient could be used
with 'the PSA_P to generate p_araméter regions as described abové, and from
these a predicted stroke regio'n, would be produced as described above. This
predicted stroke region could then be used in Fig. 6 in place of the normalized -
lesion. | '
20
The PSA can be updated dynamically. This is illustrated schematically in Fig. 8.
Here data concerning a new subject (e.g. the brain scén and parameter data -
collected in step 11) ié processed to output results (e.g. by a method as shown in .
Fig. 3), but also used to update the PSA (e.g. by repeating the method of Fig. 1 :

25 treating the subject as an additional one of the patkiénts)._

In summary, the PSA is a tool for aggregating data and krioWledgéfrom previous
patients. It includes a matrix of 3D volumes, and each of them can be processed, .

analyzed, and visualized, and knowledge can be extracted from them. This is a »



Here data concerning a new subject (e.g. the brain scan and paraneter data
collected in step 11) is processed to output results (e.g. by a nethod as
shown i n Wwo@o11d)s47But al so used to update the PSA (e.g. poy/Scepeabismy t he
met hod of Fig. 1 25treating the subject as an additional one of the

patients). _In sumary, the PSA is a tool for aggregating data and
know edge from previous patients. ggl udes a matrix of 3D vol unes, and
each of them can be processed, anaI yze and visualized, and know edge can
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PSA is colPtSAae(touﬂpammbobnanmommnelﬁpﬁnehts litsisppreferable t Use s pradiction

predi ction engine to process data generated using the PSA. 5 The use of -the
PSA was o‘?’!ﬂiﬂgé‘bar%?és 3ty gepgraled UsingdBedtifext of strokes, but this type
of atlas can be used to handl e any pathol ogi cal cases, for instance, brain
tunors or hematomas. It can be applied to a spectrum of probl ens to nonitor
st agi rig, 'élmalusatofdhe ROA wasdisesssed aatntutrated dotthe enetext of stiokesnbae, t he

dat d b t | t t | | ate t
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generating a first segnment (PSA_S) of the database as a plurality of data
val ues corresponding to respective points in the comon space, each said
data 10 wabueilnwssrg i ndi cati ve of the nunber of said volpursGriwobemges for
whi ch one of the corresponding transforned | ocations is at that point .in

t he common space; - for each of the paraneters, generating a
correspondi ng second segnent of the daéibase (PSA Pn) as a plurality of
data val ues corresponding to respectivé®l ocations in the common space, each
sai d datacﬁﬁ%ge bei ng indicative 15 of the paraneter, and each said data
val ue beifig-cal cul ated over those volunetric i mages for which one of the-
correspondi ng transforned |locations is at that location in the comon -
space. 2, A tho\%9 ccording.to claim1 in which said data val ue of each

par anet er 120 i & efedgiaenerEing 3 gliag dafghase; fromiaghralihe phyelymatec A
associ at e i ‘ idd Sssdmeed Vi ' ' sfor med
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accor di ng(n=d, cIN)i andlincludinga rsef oflloeations bhsvaated veith a speditalvabritbeility,
plurality of vglumetric .i es, for .each of a set of Ktine sanples -
(k=1, ... Ke 'Hﬁg‘,o ?ﬂmaﬂﬁﬂggg‘? §epSRfal ity of volumetric inmges, the method

i ncl udes gener ghh&Brilingeshi@ IddatiBns b trahifotined988RUnsth 4 E6mARrPORRR:
(PSA _Sk), and for each paraneter a respective sald second segnent -

of dat abase (PSgemerating a fingt memﬂ@%@m@mw&gamﬁm of data hoddoL
lyzi subject! Ao} | C..l » i : t
" et noa veSy Shfistedndify W FedsEoL T BB 1) P Enilon Shethe BARE SaBARRS! ng

t he stepsvdllie being indicative @ fiié himb@r of Baidn\®IGRBTR Infuteee forawlsieh obk of
| ocations in the Slil_.l&[ ect's 5 volunetric i rrag; associ ated with a nedi cal

abnor nal i thg, correspondilg tsarsfopred incatiapaieatinat peist in HenepromeNosPaas; e

cal | T ' Sy . h
I e I
cor r espongfi the databask (RINER]) a3f a phealitgtciliate valaes espesgondingdot he

identified set of Io%‘_ati ons in the subject's
- respective loca

ions in t?1e common space, each said data value being indicative
15 of the parameter, and each said data value being calculated over those _ |
volumetric images for which one of the corresponding transformed locations is at

that location in the common space.

2. A method according to claim 1 in which said data value of each parameter
20 is a weighted mean value, wherein higher weights are associated with ones of
the volumetric images for which the transformed locations span a smaller portion -

of the common space.

3. A method according to claim 1 or claim 2 wherein there is a respective -
25  said plurality of volumetric images for each of a set of K time samples (k=1,...K),
| and, for each said plurality of volumetric images, the method includes generating
a respective said first segmént of the database (PSA_Sk), and for each -

paramefer a respective said second se'gme'nt of the da’tabase (PSA;PK,;,).' '



10 volunetric inmage; and usi ng the numerical values to obtain outcone
data indicating a predicted outcone for the subject. 5. A net hod

accor di ngvoeoclmss4rs4 i n which the obtained nunerical valruescaswdbiazised

i nputting the obtained one or nore nunerical values into a prediction:
engine to obtain the outcone data as an output of the prediction engine.

6. A nmethod according to claim5 furtgﬁg I ncl udi ng, for one or nore of the
paranmeters, inputting to the predicti engi ne val ues of the paraneter

Cn i oh Gai o AFe6e B BbE a2 slhiBEty SELTEREILRRe 1Srid A s s, acrer | ve
t he di st rddbbasegonerabed b arrsthoddtdtordiagaseirsofithe ppeckdiy tiaimsothet he

correspondi ng second segnent of 25 the database. 8. A nmethod according to
any of clmeiedromnpisingihestersi®) udi ng usi ng one or nmore of the second

segments of trl&rﬁ#@%ﬁu?;aﬁﬁtt}t?%dmﬁw%% %eérsss%%@'id&%upﬁémeé%s&isons of the
conmon space, conbrnr-hg the pararretper Fegions to forman _ : _
2011/ G68AthktnatrisGaiabe AddotiEle@ withoy meghical abegirmalityysi ng the first segnent

of the database to extract a data value for each point of the aggregate
Cegi on, and | ABLEAFRG! IHPABMA RS OBIATRNG e AGMSTe BRIETIcRbYAERT pont of

the aggr e&f’atr%ctéﬁﬂhﬁ'ihe A4 Qélgggtvﬁtﬁtéﬁi;ﬂﬁgn of B EoPesOrditd 86cskad a val ues,

into the prediction englne. according to claim8 in which the
aggr egat esagmperdrofitihe tatabasebgaidrpostion of treRcapespanding pecdnst segment ohe

oo br o BRI Ae f e sinda folefaE TR B8 Shiogations i 1R BABieRFS tr "9
brai not unRluktrt ikRIGY:; @8- ' :

using the numerical values to obtain outcome data indicating a predicted

outcome for the subject.

5. A method according to claim 4 in which the obtained numerical values are
15 . used inputting the obtained one or more numerical values into a prediction

engine to obtain the outcome data as an outputv of the prediction engine.

6. A method accbrding to claim 5 further including, for one or more of the
parameters, inputting to the prediction engine values of the parameter obtained

20 from the subject.

7. A method according to claim 5 or claim 6 in wHich said one or more

numerical values for each parameter characteriZe the distribution of the o

corresponding parameter in said portion of the corresponding second segment of
25  the database. . ' ’ '

8.~ A method according to any of claims 4 to 6 further including using one or .
more of the second segments of the database to obtain corresponding parameter .

.regions of the common space, combining the parameter regions to form an-



11. A nethod according to any preceding claimin which the volunetric inmages

are brain scan i mages,

12. A conpoterymwyessem havi ng a processor arranged to pertoseeoweddind

according to any of the preceding clains.

such as a tangi bl e data storage device, 20 readable by a conputer and

containing instructions operable by a processor of a conputer systemto

and the atlas database is a brain atl as dat abase.

13. A computer program product

15

cause the processor to perform a methodbaccording to any of claims 1 to 11.

10

15

20

‘aggregate region, using the first segment of the database to extract a data value

for each point of the aggregate region, and inputting the obtained extracted data

values for each point of the aggregate region, and/or data obtained from the

-extracted data values, into the prediction engine.

9. A method according to claim 8 in which the aggregate region is formed by

an AND or OR operation performed on the obtained pai‘ameter regions of the

common space.

10. A method according to any preceding claim in which the abnormality is a

_lesion, an infarct, a brain tumor or a hemotoma. .

1. A method according to any preceding claim in which the volumetric

~ images are brain scan images, and the atlas database is a brain atlas database.

12, A computer system having a processor arranged to perform a method

according to any of the precedihg claims.

13. A computer program product such as a tangible data storage device,

readable by a computer and containing instructions operable by a processor of a

'computer'system to cause the processor to perform a method according to any of -

claims 1 to 11.



