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1. A method of producing an artificial neural network capable of predictin the
survivability of a patient, the method comprising: I /o

storing m an electronic database patient health data, the patient
comprising a plurality of sets of data, each set having at least one of a first parameter
relating to heart rate variability data and a second parameter relating to/vital sign data,
each set further having a third parameter relating to patient survivabilit |

-pr_bviding a network .éf nodes interconnected to. foﬁn an ? cial neural ;netWork, '

the nodes comprising a plurality of artificial neurons, each a fificial neuron haﬁing at’

least one input with an associated weight; and

training the artificial neural network using the paet health data such.that the -
associated weight of the at least one inpllltlof each artificial neuron of the plurality of
artificial neurons is adjusted in response to respective st, second and third parameters
of different sets of data from the patient health data/ such that the artificial neural network

is trained to produce a prediction on the survivapility of a patient.

2. The method of claim 1, wherein thg¢’heart rate variability data is extracted from an-

electrocardiogram (ECG) signal from at/east one patient.

3. The method of claim 2/wherein extracting the heart rate variability data
comprises
filtering the ECG sigpfal to remove noise and artifacts;
locating a QRS cosiplex within the filtered ECG signal; . _
- finding a RR 1 ervalj‘between successive QRS peaks of the QRS compléx; and .‘

- processing thé sequ¢nce of information within the RR interval to obtain fthe heart -

and locaté the QRS complex.
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3. The method of claim 4, wherein the band pass filter frequency range 1s between /
about SHz to about 28Hz. ‘ / ‘

£

/

6. The method of claims 3 to 5, wherein the QRS peaks are located by: / v
locating a maximum peak dafa value first occurring in the filtered ECG s‘fégnal;
determining an upper amplitude threshold and a lower »amplitude threshold from
the located maximum peak value; /

locating a peak value

locatmg minimum values on either side of the peak value; an o
denoting, when the peak value is above the upper ampht\i/i threshold whﬂe the
minimum values are below the lower amplitude threshold the docation of the peak value
as a R position, the location of the minimum value occurring/closest on the left side of the
R position as a Q position, énd the location of the minipium value occurring closest on

the right side of the R positibn as a S position, so as tg form the location of a QRS peak

within the filtered ECG signal.

7. The method of claim 6, wherein the ositions of other QRS peaks within the

filtered ECG signal are located by iterating the process of:

: ldcating another peak value;
locating other minimum valueg/on either side of the another peak value; and
denoting, when the anothey/peak value is abdve the upper amplitude threshold

while the other minimum values/are both below the lower threshold, the location of the
peak value asa R position, the location of the minimum value occurring closest on the
left side of the R positiog as a Q position, and the location of the minimum value

occurring closest on th righ‘c side of the R position as a S position, so as to form the

location of another QRS peak.

8.  The metfod of claims 3 to 7, wherein processmo the sequence of mfonnatlonj

within the
informatiof within the RR interval by:

finding a median value and standard deviation value for the RR interval;‘ﬁ

interval further compnses removmc outliers from the sequcnce of
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caiculatmo a tolerance factor based on the standard deviation value ;"

retaining a portion of mformatmn that lies W1thm the RR interval spanning e1ther

side of the median value by the tolerance factor, so that the heart rate vanablhty da/ tais
f

obtained from the retained portion of mformatlon, and’ : v -/
/

discarding the remaining portion of the information from the §éQuenoe of

information. ' )

9. The method of claims 1 to 8, further comprising classifyin{g/’/the first parameter,
the second parameter or a combination of the first parameter and the second parameter as

feature vectors of the patient health data and tralmng the amﬁmfﬂ neural network w1th the

7

10.  The method of claims 1 t 9, wherein the mi?éal neural network is implemented

as instructions stored in a2 memory that when ex?’t/ed by a processor cause the processor

to perform the functions of the artificial neural pétwork.

/

11.  The method of claim 10, wherein Ke artificial neural network 1s based on support

vector machine architecture, Wherem the associated Wewht of the at least one input of

each artificial netron of the plurality’of artificial neurons is initialized from a library used

12. The method of cldim 11, the support vector machine compﬁées a decision

function, the decision

f(x)= sm@ @,

=]

) ¥ a sign function; (x;x;) is set of feature vector; k(x;x;) s a kernel matrix

- wherein sgné/l
constfucted By x and xy; is 1 or -1; which is the label of feature Vccﬁor X3} a; and b afe‘ -

parametets used to define an optlmal decision hyperplane so that the margin betweun two R

c}asse of patterns can be maxmnzed in the feature space
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y

extreme learning machine architecture, wherein the associated weight of the at least Qﬁe ,
i

. . . ,;jj .
input of each artificial neuron of the plurality of artificial neurons is initialized through -

: A _
14.  The method of claim 13, wherein the artificial neural network is/realized as a
‘ y

single-layer feed-forward network, whereby the prediction on the sugﬁvabﬂity of the

paticnt is derived. from the function, | , ' /

o) = Zﬂg<wx+b)~f N

Wherem Xj is an mput vector to an input of one of the pluralityj of artificial neurons for j =
1,2, ..., N input vectors; w; is the associated weight of thefmput of the artificial neuron.

receiving the x; input vector; g(w;. X; + bj) is an output Of the artificial neuron rccelvmcr

the x; input vector... fori=1, 2, ..., N artificial neurons B; is the output weight vector

that associates an i® hidden neuron with a respectm?’e output neuron; and b; 1s the bias. for

the i* hidden neuron. /

/

4

15. The method of claims 1 to 14, whe;/éin the tramxnc of the artificial neural network

is based on back—propagatxon learning /’j

16, The method of claim Iﬁ{/ wherein thé BaCk—propagation learning. uses the

Levenberg-Marquardt aigori’ch:gt.

17. The method of ¢l ifris 1 to 16, wherein each of the plurality of artificial neurons

ion; the activation function being selected from a group of

has an acfivation fun

functions comprising/hardlim, sigmoid, sine, radial basis and linear.

18, The mepfod of claims 3 to 17, further comprising

partiffoning the sequence of information within the RR interval }ji'n'to ‘non-

overlappig segments; and

@ising the non-overlapping segments to train the artificial neural netWorE., g
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19.  The method of claims 3 to 17, further comprising

extractmg a length of signal w1th1n the RR interval of each of the filtered E?G
A

i

signal; S . S
g . o ‘ : /

partitioning the length of signal into non-overlapping segments; and ﬁg”"

selecting at least one of the non-overlapping segments to train the artificial neural

o

network. : ‘ A ‘ /
. A oy
. \ : s ,
20.  The method of claim 19, wherein each of the non*overlapying segmerits is of
substantially equal length. . / |
. . ﬁfﬁ

: . # ' : :
21. . The method of claim 19, wherein each of the non»g,xferlapping segments is.of an
unequal length. o . « /,f

tﬁ/e/ non-overlapping segments have a

22. The method of claims 18 to 21, wherein
fixed length.

23. The method of claims 18 to 21, w erein the non-overlapping segments have an

adjustable length.

eter relating to patzent characteristics.

24, The method of claims 1 fo 73 wherein each set of the plurahty of séts of data;
further comprises a fourth pa% S

25. " The method :.7}/ im 24, wherein the patient characteristics comprises any one or

more of the following’ age, gender and medical history.

26. A meZA predlctmo the survivability of a patlent the method compnsmo
ng a -first set of parameters relatmc to heart rate vanabﬂlty data of a .

mea
patient;
measuring a second set of parameters relating to vital sign daﬁa. of the pziﬁeht;’- .
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prov1d1ng an artificial neural network comprising a network of mterconnected
nodes the nodes compnsmg a plurality of artificial neurons, each artificial neuron ha ing
at least one mput with an associated -wexght ad;usted by training the artificial ;{ilral
network using an electronic databaee having a plurality of sets of data, each set aviﬁg at”
5  least a parameter relating to heart rate variability data and a parameter reh}f’mg to vital
sign data, each set further having a parameter relatlng to patient survwabxht’y,
processing the first set of parameters and the second set of pararneters to produce
processed data suitable for input into the artificial neural network; f'g |
‘providing the processed data as input into the artificial neeipal network; and

10 ‘obtaining an output from the artificial neural netwogfk, the output providing a

Vi
&

' predietio;i on the, suwiyability of the patient. : /
27.  The method of claim 26, wherein the processeci/cfiv;ta of the first set of "parameters‘

and the processed data of th_e second set of parameters are represented as a feature vector.

15 | /

28. The method of claim 26, wherein the /y{gcessed data is the first set of parameters

and the second set of parameters being represented as normalized data.

29.  The method of claims 26 to 28
20 | herem the processed data fs partitioned into non-overlapping segments so that,

network compnses sets of one or more of the non-

- the mput into the artificial neus
overlappmv segments of proc sed data; and wherein

~a result is obtained f'or each of the sets of one or more of the non-overlappmo

segments of processed a so that each of the results is considered to predict the

25  survivability of the patient.

30.  The metfod of claim 29, wherein majority voting is used to determine the

predxcnon on/the surv1vab1hty of the patient, the majority votmg represented by the _

funet;\on

30
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‘of 1 if a m™ classifier chooses class j in the decision ensemble, and 0 otherwise. /

WO 2011/115576 PCT/8G2011/000102

wherein Dy is an intermediate variable for-final decision making, ij assigned a value /
&
&

/f

31 The method of claims 26 to 30, wherein the reSult of the artificial neural nsp&fork

is coded as a two class label, so that ﬁhe method fuorther comprises /
applying a label-based algorithm to each of the two class label _rcsults’f!to decide

the output from the artificial neural network, thereby providing a prcdi‘éﬁon on the
survivability of the patient. /

/4

32.  The method of claims 1 to 31, wherein the heart rate varfability data comprises

time domain data, frequency domain data and geometric domag;a*'data.

g

ff.

33, Thé method of claim 32, wherein the time domai}pf data comprises'infdrmafion on.

- any one or more of the following parametcrsﬁ mean oﬁ’f{R intervals (mean RR), standard

deviation of RR intervals (STD), mean of the }ﬁé&ntaneous heart rate (mean HR),
standard deviation of the instantaneous heart/rate (STD_HR), root mean square of
differences between adjacent RR interval;’ (RMSSD), number of consecutive RR
intervals differing by more than 50 ms {50), and percentage of comsecutive RR
intervals differing by more than 50 ms 954/:::)\)

/

34, Thej method of claims 3%’61‘ 33, wherein the frequency domain data ﬁéomperCS' .

information on any one o;/;f{ore. of the following parameters: power in very low
)

frequency range (<= 0.04H; (VLF), power in low frequency range (0.04 to 0.15 Hz)

(LF), power in high flr,quency range (0.15 to 0.4 Hz) (HF), total power which is

estimated from the {\/{}ﬁance of NN intervals in the segment and is measured in ms”® (TP),
ratio of LF po?j to ‘HF power (LF/HF), LF power in normalized units: LF/(TP-
VLF)x100 (LFnérm), and HF power in normalized units: HF/(TP-VLF)x100 (HFnorm)..

35 ?e method of claims 32-to 34, wherein the' geometric domain data compnses .

informgdtion on any one of the following data: total nuﬁlber of all RR intervals ;fii'\('idéd by
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height of histogram of intervals (HRV Index) and base width of triangle fit into RR

Vi

/

histogrém using least squares method (TINN). f/
,f,f

. 36. The method of claimé 1 to 35, wherein the vital sign data comprises an}yéne or -

more of the following: systolic blood pressure, dfastolic blood pressure, puls;}ége, pulse
oximetry, respiratory rate, glasgow coma scale (GCS), pain score, temperat\;g and age.

/
37.  The method of claims 1 to 36, wherein the patient health da}a{' used to train the
artificial neural nétwork are standard deviation of the instantanéous}x’éart rate (STD__HR),
power in low frequency range (0.04 to 0.15 Hz) in normalized unifs (LFnorm), age, pulse

rate, pulse oximetry, systolic blood pressure and diastolic blood/pressure.

38.  The method of claims 24 to 37, wherein the meagured first set of paraxﬁeters a.rAe‘

standard deviation of the instantaneous heart rate (ST}J_HR) and power in low frequency

}; and the measured second set of

range (0.04 to 0.15 Hz) in normalized units (LFn

parameters are age, pulse rate, pulse oximetry, systolic blood pressure and diastolic blood

pressure.

39.  The method of claims 1 to 38?zlérein the prediction on the survivability of the

patient is either death or.survival of ? patient.

40. A patient survivability p e{d;ction system conipz‘i‘sing: :
a first input to receivé/jf;xrst set of parameters fe]ating fo heart rate variébility data.
of a patient;
a second. input t¢ receive a second set of parameters relating to vital sign data of
the patient; |
a memory fodule sforing instructions to ifnplement an aﬁiﬁcial neuraljnetwofk
comprisihg a pétwork of interconnected nodes, the nodes compﬁsing ‘a | plurality bf

artificial neyfons, each artificial nenron having at least one input with an jassociatéd

weight adjusted by training the artificial neural néﬁx)ork using an e'lectrom'é c_iatzibase’ _

having A plurality of sets of data, each set having at least one a pérametcr rélatiﬁg fto‘}lcart ;
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rate variability data and a parameter relating to vital sign data, each set further having i,a!
£

s

parameter relating to patient survivability;
a processor to execute the instructions stored in the memory module to pérform

the functions of the artificial neural network and output.a prediction on the surr?ivability
ofthe patient based on the first set of parameters and the second set of paramefers and

a display for dlsplaymg the prediction on the survzvabrhty of the pa,tlent

3

/-

41.  The patient survxvabmty prediction system of claim 40, furthér compmsmo a port

to receive the first set of parameters from the first input and the second set of parameters

from the second input. ‘ v

42. The patlent survivability prediction system of clamr’f 40, further compnsmg

a first port to receive the first set of parameters from the first mput and

a second port to receive the second set of pa;ameters from the second mput
43. A method of predicting the survivability’ éa patient, the method comprising:
measuring a first set of parametj?/relatin g to heart rate rfaz'iability data of a
patient; v
measuring a second set of pararr{e{ters relating to vital sign data of the patient;
obtaining a third set of parandeters relating to pa’aent characteristics;
provxdmg the first set of a’rameters the second set of parameters and the third set

of parameters as sets of n;)/x;mahzed data values, Where required, to a scoring model

associated to cach paraméter of the first set of parameters, the seeend set of parameters

1mp1ernented in an electronic database, the scoring: model having a respectlve cateoory '

and the third set of parameters, each category having a plurality of pre-defined value

ranges, each of the ;ﬁurality of value ranges having a pre-defined score; _
determyé a score for each parameter of the first set of parameters, the second

set of parametérs and the third set of parameters by assigning the sets of normalized data

to respecti/ pre—deﬁned vaIue ranges, encompassing the sets of normalized data values, .

/

7

S

of the p 4ahty of value ranges of the category assocrated to the respectwe parameter of ‘

the ﬁ t set of parameters, the second set of parameters and the thzrd set of parameters, e
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obtaining a total score, being a summation of the score for each parameter of the

, ' y
first set of parameters, the second set of parameters and the third set of parameters, the

total score providing an indication on the'survivabilivty'of the patient. ;ff_
| ) | /
44. The method of claun 41, wherein the scormg model further compnse;é a plurahty

of risk categories, each category having a pre- ~defined range of values, the rﬁethod ﬁn’ther
comprising assigning the total score to the category having the pre;éeﬁned range of

values encompassing the total score, to determine which of the plura}i%y of risk categories

the total score belongs to. LS
g

45, A system for the detection of impending acute cardr‘opulmonary medical eventS'
/
that, left untreated, would Wlth a reasonable likelihood Isesult in elther severe .imjury or
/’ .

_/

death compnsmg _
an electro-cardiogram (ECG) module mchifdmo a piurahty of electrodes for
sensing a patient’s ECG and having an ECG outpy ‘ |
a sensor for sensing a patient’s physioj?gic parameter other than ECG;
a first input for receiving the ECG oyfput;.
a second input for receiving sighals from the sensor for sensing a patient’s
physiologic parameter other than ECG ;/
a third input constructed and/Aarranged to receive:

Darametric information deécribing at least one element of a patient’s demographic

mformatlon and

parametnc informatién describing a patlent s medlcal history; :

a digitizing um/t/{o/r digitizing the ECG and the physiologic 51gnal other than'
ECG; ‘ '

a housing AContaining a memory unit and processing unit, for storing and
processing, Te . ctively, the ECG, the physiologic signal other than ECG, patient
demographic iZ;rmation and medical history; and - | - :

a ugtr communication unit; »

erein the processing unit calculates at least one measure of heart rate variability.

(HRYV)), combines that at least one measure of HRV with at least one jparametér éaCh éf '
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probability of an ACP event within 72 hours of the calculation. ' fi
. ) AN
. _ /
/

¢

46. The system of claim 45 constructed and arranged to be carried by the p&ti@iﬁt ina

patient demographic information and medical history, and calculates a statistical ;"i

4

wearable configuration. S /

47. The system of claim 45 wherein the sensor measures the peffusigﬁ status of the

s

microvasculature. . ' f

, ‘ , /

48.  The system of claim 47 wherein the sensor is a pulse oximeter.

A

/
/

/s

&

49.  The system of claim 45 further comprising: /

#
&

an electromagnetic stimulator of physiologic tissuc;f!

4

‘ / - _
50. The system of claim 49 wherein the electrox/%égneﬁo stimulator stimulates cardiac
tissue. | /

51. The system of claim 45 wherein thi}é/ér communication unit has key entry.

:f&’!
he third input 1s a key enfry.

52. The system of claim 51 wherel

53. The system of claim 45 Avherein the user ‘communication unit is in the main

/-

housing; : /
/

54.  The system of clagim 45 wherein the user communication 1_init is separate fromb

main housing. /-

55, The systeryf of claim 45 wherein the user communication unit is a display.

56.

© The g¥stem of claim 50 wherein the stimulation is pacing.

81
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58.  The systcfn of claim 50 wherein the stimulation is magnetic stimulation.

-physiologic parameter other than ECG; /

WO 2011/115576 _ PCT/5G2011/600102

57.  The system of claim 50 wherein the stimulation is defibrillation. | S/

59. A system for prcdlctmg mortahty of a patxent bemg treated for traunia or as part

/
of a mass casualty occurrence compnsmg S /f :
an electro—cardlogram (ECG) module including a plurahty ;(‘)f electrodes for.
/‘ .
sensing a patient’s ECG and having an ECG output; /

a sensor for sensing a patient’s physiologic parameter ,othg;ffthan ECG;

a first input for receiving the ECG output;

&

a second input for receiving signals from the sensor for sensing a patient’s
f‘f

/
a third mput constructed and arranged to rccelve
parametric information describing at least oﬁe element of a patient’s demographzcl

fﬂ”

information; and » /
parametric information describing a p f?cnt’s medical history;
a digitizing unit for digitizing the//gCG and the physiologic signal other than
ECG;
a housing containing a memory unit and processing unit, for storing and

.processing, “respectively, the ECG, the physiologic signal other than ECG, patient

: demograpluc information and }}aedlcal history; a.nd

- auser commumcatloﬁf umt

- wherein the proccﬁ/mg unit calculates at least one measure of hcart ratc vanabﬂxty ’

- (HRV), com:/l;f/cs that at lcast one measure of HRV with at Icast one parameter -

each of patiént demographic information and medical history, and calculates a

statistical/probability 6f mortality for the patient.

60. The/system of c}aim 59 constrcted and arfanged to be carded by the patient in a

wearablg configuration.
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61.  The system of claim 59 wherein the sensor measures the perfusion status of th@/’/

microvasculature.

l S

Vs

62.  The system of claim 61 wherein the sensor is a pulse oximeter. j/

B . N . i”ff -

. a
63.. A method of treating a cardiac condition of a patient, comprising: / -
measuring heart rate variability (HRV) of the patient; jf{
/.

measuring vital sign data of the patient; /
predicting, using a computing apparatus éon'struct’ed and a:}énged for the purpose,

a likelihood of survival of the patient to one or more selected tﬁze limits based on HRV
.?fl

in -combination with the measured vital sign data; and /

y, .
treating the cardiac condition as indicated by the vital sign data when the-

hkehhood of survwal of the pat1ent to one or more sel/g:{/ ed time limits is below a desired

threshold. /o
| /
64. The method of claim 63, further compnsing
collecting at least one of patient d@fgographlc mformanon and patient history
information; wherein predicting further corhprises:
computing the likelihood of supvival additionally in view of the collected patient

istory information.

demographic information and patien

65, . The method of claim 63/ further comprising:

selectmg a time hm1 v'of between 4 and 24 hours

aim 63, further comprising: -

selecting a ti xKe 11m1t of between 4 and 72 hours

67.  Appargtus for predicting a likelihood of survival of a patient to one or more

selegted time limits due to cardiac causes, comprising:
a/heart rate sensor having a heart rate output;

a vital sign sensor having a vital sign output;-

83
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a computational module receiving the heart rate output and the vital sign outpyt,
g
4
and performing: f/

* computing heart rate variability (HRV) related measures from the heart

rate output received; and ‘ S/

/

s

: computmg the hkehhood of survival of the patient to thg one or more.

sclected time limits due to card1ac causes, from a combmatxol}abf the HRV related

,/
measures computed and the vital sign output and /

an output device displaying to a user the likelihood oi;§1frv1va} of the patlent to the

one or more selected time limits due to cardiac causes j/f A

/

e
68.  The apparatus of claim 67, further compnsmg/

a data mput device constructed and ﬁnged to collect at least one of patlent

demographlc information and patient history information; and

computmc the likelihood of su /{;1 additionally in view of the collected patient

demographic information and patient History mformanon

69.  The apparatus of claim/67, further cdmpnsmg:

a time limit of betwéen 4 and 24 hours.

70.
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CLAIMS

1. A method of producing an artificial neural network capable of predicting the

survivability of a patient, the method comprising:

storing in an electronic database patient health data, the patient health data comprising
a plurality of sets of data, each set having at least one of a first parameter relating to heart rate

variability data and a second parameter relating to vital sign data, each set further having a

third parameter relating to patient survivability;

providing a network of nodes interconnected to form an artificial neural network, the

nodes comprising a plurality of artificial neurons, each artificial neuron having at least one
input with an associated weight; and

training the artificial neural network using the patient health data such that the
associated weight of the at least one input of each artificial neuron of the plurality of artificial
neurons is adjusted in response to respective first, second and third parameters of different
sets of data from the patient health data, such that the artificial neural network is trained to

produce a prediction on the survivability of a patient within the next 72 hours.

2. The method of claim 1, wherein the heart rate variability data is extracted from an

electrocardiogram (ECG) signal from at least one patient.

3. The method of claim 2, wherein extracting the heart rate variability data comprises
filtering the ECG signal to remove noise and artifacts; locating a QRS complex within
the filtered ECG signal;
finding a RR interval between successive QRS peaks of the QRS complex; and
processing the sequence of information within the RR interval to obtain the heart rate

variability data.

4. The method of claim 3, wherein a band pass filter is used to filter the ECG signal and

locate the QRS complex.

5. The method of claim 4, wherein the band pass filter frequency range is between about

5 Hz to about 28 Hz.

6. The method of claim 3, wherein the QRS peaks are located by:
71



locating a maximum peak data value first occurring in the filtered ECG signal;

determining an upper amplitude threshold and a lower amplitude threshold from the

located maximum peak value;

locating a peak value
locating minimum values on either side of the peak value; and

denoting, when the peak value is above the upper amplitude threshold while the
minimum values are below the lower amplitude threshold, the location of the peak
value as a R position, the location of the minimum value occurring closest on the left
side of the R position as a Q position, and the location of the minimum value
occurring closest on the right side of the R position as a S position, so as to form the

location of a QRS peak within the filtered ECG signal.

7. The method of claim 6, wherein the positions of other QRS peaks within the filtered

ECG signal are located by iterating the process of:

locating another peak value;

locating other minimum values on either side of the another peak value; and

denoting, when the another peak value is above the upper amplitude threshold while
the other minimum values are both below the lower threshold, the location of the peak value
as a R position, the location of the minimum value occurring closest on the left side of the R
position as a Q position, and the location of the minimum value occurring closest on the right

side of the R position as a S position, so as to form the location of another QRS peak.

8. The method of claim 3, wherein processing the sequence of information within the

RR interval further comprises removing outliers from the sequence of information within the

RR interval by:

finding a median value and standard deviation value for the RR interval;
calculating a tolerance factor based on the standard deviation value;

retaining a portion of information that lies within the RR interval spanning either side

of the median value by the tolerance factor, so that the heart rate variability data is obtained

from the retained portion of information; and
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discarding the remaining portion of the information from the sequence of information.

9. The method of claim 3, further comprising
partitioning the sequence of information within the RR interval into non-overlapping
segments; and

using the non-overlapping segments to train the artificial neural network.

10.  The method of claim 9, wherein the non-overlapping segments have a fixed length.

11.  The method of claim 9, wherein the non-overlapping segments have an adjustable

length.

12.  The method of claim 3, further comprising

extracting a length of signal within the RR interval of each of the filtered ECG signal;
partitioning the length of signal into non-overlapping segments; and |
selecting at least one of the non-overlapping segments to train the artificial neural
network.
13.  The method of claim 12, wherein each of the non-overlapping segments is of
substantially equal length.
14.  The method of claim 12, wherein each of the non-overlapping segments is of an
unequal length.
15.  The method of claim 1, further comprising classifying the first parameter, the second

parameter or a combination of the first parameter and the second parameter as feature vectors

of the patient health data and training the artificial neural network with the feature vectors.

16.  The method of claim 1, wherein the artificial neural network is implemented as
instructions stored in a memory that when executed by a processor cause the processor to

perform the functions of the artificial neural network.

17.  The method of claim 16, wherein the artificial neural network is based on support

vector machine architecture, wherein the associated weight of the at least one input of each
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artificial neuron of the plurality of artificial neurons is initialized from a library used by the

support vector machine.

18.  The method of claim 17, the support vector machine comprises a decision function,

the decision function given by

N
f@)= sgn{z @ yik(x, x;) + b)

i=1

wherein sgn( ) is a sign function; (x;x;) is set of feature vector; k(x;x;) is a kernel
matrix constructed by x and x;;y; is 1 or -1; which is the label of feature vector x;; o; and b are
parameters used to define an optimal decision hyperplane so that the margin between two

classes of patterns can be maximized in the feature space.

19. The method of claim 16, wherein the artificial neural network is based on an extreme
learning machine architecture, wherein the associated weight of the at least one input of each

artificial neuron of the plurality of artificial neurons is initialized through random selection

by the extreme learning machine.

20.  The method of claim 19, wherein the artificial neural network is realized as a single-
layer feed-forward network, whereby the prediction on the survivability of the patient within

the next 72 hours is derived from the function,

-
Si) =2 Belw x,+b) =1, j=l.,N

=1

wherein x;is an input vector to an input of one of the plurality of artificial neurons for
j=1, 2, ..., N input vectors; w; is the associated weight of the input of the artificial neuron
receiving the x; input vector; g(w;,x+b;) is an output of the artificial neuron receiving the x;
input vector . . . for i=1, 2, . . ., N artificial neurons; B; is the output weight vector that

associates an i” hidden neuron with a respective output neuron; and b; is the bias for the i*

hidden neuron.

21. The method of claim 1, wherein the training of the artificial neural network is based

on back-propagation learning.
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22.  The method of claim 21, wherein the back-propagation learning uses the Levenberg-

Marquardt algorithm.

23.  The method of claim 1, wherein each of the plurality of artificial neurons has an
activation function, the activation function being selected from a group of functions

comprising hardlim, sigmoid, sine, radial basis and linear.

24.  The method of claim 1, wherein each set of the plurality of sets of data further

comprises a fourth parameter relating to patient characteristics.

25.  The method of claim 24, wherein the patient characteristics comprises any one or

more of the following: age, gender and medical history.

26.  The method of claim 24, wherein the measured first set of parameters are standard
deviation of the instantaneous heart rate (STD_HR) and power in low frequency range (0.04
to 0.15 Hz) in normalized units (LFnorm); and the measured second set of parameters are age,

pulse rate, pulse oximetry, systolic blood pressure and diastolic blood pressure.

27.  The method of claim 1, wherein the vital sign data comprises any one or more of the
following: systolic blood pressure, diastolic blood pressure, pulse rate, pulse oximetry,

respiratory rate, glasgow coma scale (GCS), pain score, temperature and age.

28.  The method of claim 1, wherein the patient health data used to train the artificial
neural network are standard deviation of the instantaneous heart rate (STD_HR), power in
low frequency range (0.04 to 0.15 Hz) in normalized units (LFnorm), age, pulse rate, pulse

oximetry, systolic blood pressure and diastolic blood pressure.

29.  The method of claim 1, wherein the prediction on the survivability of the patient

within the next 72 hours is either death or survival of the patient.

30. A method of predicting the survivability of a patient, the method comprising
measuring a first set of parameters relating to heart rate variability data of a patient;
measuring a second set of parameters relating to vital sign data of the patient;

providing an artificial neural network comprising a network of interconnected nodes,
the nodes comprising a plurality of artificial neurons, each artificial neuron having at least

one input with an associated weight adjusted by training the artificial neural network using an
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electronic database having a plurality of sets of data, each set having at least a parameter
relating to heart rate variability data and a parameter relating to vital sign data, each set

further having a parameter relating to patient survivability;

processing the first set of parameters and the second set of parameters to produce

processed data suitable for input into the artificial neural network;
providing the processed data as input into the artificial neural network; and

obtaining an output from the artificial neural network, the output providing a

prediction on the survivability of the patient within the next 72 hours.

31.  The method of claim 30, wherein the processed data of the first set of parameters and

the processed data of the second set of parameters are represented as a feature vector.

32.  The method of claim 30, wherein the processed data is the first set of parameters and

the second set of parameters being represented as normalized data.

33. The method of claim 30,

wherein the processed data is partitioned into non-overlapping segments, so that the

input into the artificial neural network comprises sets of one or more of the non-overlapping

segments of processed data; and wherein

a result is obtained for each of the sets of one or more of the non-overlapping

segments of processed data, so that each of the results is considered to predict the

survivability of the patient within the next 72 hours.

34.  The method of claim 33, wherein majority voting is used to determine the prediction
on the survivability of the patient within the next 72 hours, the majority voting represented by
the function

2 M

jemun,

J

wherein D,,,; is an intermediate variable for final decision making, D,,, assigned a

value of 1 if a m” classifier chooses class j in the decision ensemble, and 0 otherwise.
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35.  The method of cléim 30, wherein the result of the artificial neural network is coded as

a two class label, so that the method further comprises

applying a label-based algorithm to each of the two class label results to decide the
output from the artificial neural network, thereby providing a prediction on the survivability

of the patient within the next 72 hours.

36.  The method of claim 1, wherein the heart rate variability data comprises time domain

data, frequency domain data and geometric domain data.

37.  The method of claim 36, wherein the time domain data comprises information on any
one or more of the following parameters: mean of RR intervals (mean RR), standard
deviation of RR intervals (STD), mean of the instantaneous heart rate (mean HR), standard
deviation of the instantaneous heart rate (STD_HR), root mean square of differences between
adjacent RR intervals (RMSSD), number of consecutive RR intervals differing by more than

50 ms (NN50), and percentage of consecutive RR intervals differing by more than 50 ms

(PNN50).

38.  The method of claim 36, wherein the frequency domain data comprises information
on any one or more of the following parameters: poWer in very low frequency range (<=0.04
Hz) (VLF), power in low frequency range (0.04 to 0.15 Hz) (LF), power in high frequency
range (0.15 to 0.4 Hz) (HF), total power which is estimated from the variance of NN intervals
in the segment and is measured in ms’ (TP), ratio of LF power to HF power (LF/HF), LF

power in normalized units: LF/(TP-VLF).times.100 (LFnorm), and HF power in normalized

units: HF/(TP-VLF)x100 (HFnorm).

39.  The method of claim 36, wherein the geometric domain data comprises information

on any one of the following data:

total number of all RR intervals divided by height of histogram of intervals (HRV
Index) and base width of triangle fit into RR histogram using least squares method (TINN).

40. A patient survivability prediction system comprising:
a first input to receive a first set of parameters relating to heart rate variability data of

a patient;
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a second input to receive a second set of parameters relating to vital sign data of the
patient;

a memory module storing instructions to implement an artificial neural network
comprising a network of interconnected nodes, the nodes comprising a plurality of artificial
neurons, each artificial neuron having at least one input with an associated weight adjusted by
training the artificial neural network using an electronic database having a plurality of sets of
data, each set having at least one a parameter relating to heart rate variability data and a

parameter relating to vital sign data, each set further having a parameter relating to patient
survivability;
a processor to execute the instructions stored in the memory module to perform the

functions of the artificial neural network and output a prediction on the survivability of the

patient within the next 72 hours based on the first set of parameters and the second set of
parameters; and
a display for displaying the prediction on the survivability of the patient within the

next 72 hours.

41.  The patient survivability prediction system of claim 40, further comprising a port to

receive the first set of parameters from the first input and the second set of parameters from

the second input.

42.  The patient survivability prediction system of claim 40, further comprising
a first port to receive the first set of parameters from the first input; and
a second port to receive the second set of parameters from the second input.

43. A method of predicting the survivability of a patient, the method comprising:
measuring a first set of parameters relating to heart rate variability data of a patient;
measuring a second set of parameters relating to vital sign data of the patient;

obtaining a third set of parameters relating to patient characteristics;

providing the first set of parameters, the second set of parameters and the third set of
parameters as sets of normalized data values, where required, to a scoring model
implemented in an electronic database, the scoring model having a respective category

associated to each parameter of the first set of parameters, the second set of parameters and
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the third set of parameters, each category having a plurality of pre-defined value ranges, each

of the plurality of value ranges having a pre-defined score;

determining a score for each parameter of the first set of parameters, the second set of
parameters and the third set of parameters by assigning the sets of normalized data to
respective pre-defined value ranges, encompassing the sets of normalized data Vahies, of the
plurality of value ranges of the category associated to the respective parameter of the first set

of parameters, the second set of parameters and the third set of parameters;

obtaining a total score, being a summation of the score for each parameter of the first
set of parameters, the second set of parameters and the third set of parameters, the total score

providing an indication on the survivability of the patient within the next 72 hours.

44.  The method of claim 43, wherein the scoring model further comprises a plurality of
risk categories, each category having a pre-defined range of values, the method further
comprising assigning the total score to the category having the pre-defined range of values

encompassing the total score, to determine which of the plurality of risk categories the total

score belongs to.
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