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A thought experiment....

Over the next six months you update everyonebo
there is just one nagalychmagged firthaellGUhpatient in that@me? hi n

| propose the answer is ONOO6. Ap athdarapy ancdantonsated e
CRRT machines, the fundamentals of treatment are no different.

Contrast this with other specialties: advances in cancer treatments, laparoscopic / robotic surgery,
implantable devices, (EVARs, TEVARS), orthopaedic implants, or diagnostics (PCHsliceiEcanners)

Simply put: could you still manage you patien

Could other specialists carry out their dap-day work using equipment 25 yearsoldPr obab |l vy



METEOROLOGICAL

Why....

IMHO intensive care has failed to leverage tlliwge

Innovationsin computer technology to improwv:
processes and systems of care for the critically ill.

What is the Evidence for this?.....

With our new super-fast computers we
can det the forecast wrond TWICE as
fast as we used to!




Who is innovating in healthcare??
Percent of Requests téddvisoryBoard for Technology Evaluation
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Courtesy of Jonatharsackier from a presentation at MTANZ 2010



Where we arenow.....

Where we need to be.....







responsedo therapy
= Model Based Therapeutics (MBT)




Modelling the insulin glucose systenglycaemiccontrol

“The low-fat, \
high-carb diet | put -
you on 20 years ago
gave you diabetes,
high blood pressure
and heart disease.

Oops.”




The O6evohloutoi osnadp ioefns € é .

| t 6 s o0 b-siZe doessnot ditallethis is especially true for glycaemic control protocols.



Model based therapeuticéMBT)

First, we describe the physical systems to analyse




Model based therapeutics (MBT)

Next, we build up a mathematical representation of the system
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Model based therapeutic€ MB T 6

Finally, we use computational analysis to solve these equations to help us design

Implement new, safer therapies.

o5 o Q) mil dBP_)+EGP, - CNS +2N (1)
CTra00) 7,

BT e T

Insulin losses

liver, kidne
f v Plasma

Insulin

Effective
insulin Pancreas



Feedback control

Decision Support

MI SySte m . Insulin

Measured data

> il
L . R 2pz,P,“a,)ﬂ\E/:EFg- CNS+PN(t)
Q=n(I()- Q)- n. 1+§£g(t)
i=- %(3.) RO - (10)- Q(‘)”u%.(m(l_ XL)%‘"’i('G)

| ! — Identify and utilise
2, 5w amm Oi mmeasur
. EX7Y ’ patient
\ﬁ/— — fn B parameters
NG ' ‘ — e.g.insulin
Patient management Standard infuser equipment sensitivity (Sl)

adjusted by nurses

O Nu+dinghe-l oopd system. St andar dostcGmmodityhardwaree nt



Models, Variability and Risk
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Maximum 5% Risk of BG < 4.4 mmol/L

// I.'l_-n

Blood glucose

-

Patient response

forecast can be

recalculated for
different treatments

)

BG
[mg/dl]
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Blood glucose
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Iterative process targets this B
forecast to the range we want:

= gptimal treatment found!
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STAR blood glucose control

PatientSpecific
Forecastin
%’/\4 ’

Targetto-Range

Max
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Risk Riskbased

BG<4.4
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OSTARO i mproves nutrition a

STAR SPRINT P-value
e - Number of patients: 203 340
Clinical actions
86 Total hours analysed: 17421 42686
Insulin
Y measurement Mean time on protocol (days): [ 4.1 5.1 ] 0.045
Nurse inputs Number of BG measurements: 9779 27819
C;';g:ti::::f;:t: Mean measures/day: [ 13.5 15.6 ]
BG (mmol/L) 6.60 [5.88 - 7.53] 5.60 [5.00 - 6.40] <0.001
in— it Work out how
l:,::&;::g;f: sensitive to insulin BG within bands - hourly resampled data
e
MERZENE  4.4-6.5 mmol/L (%) 44.8 70.7
4.4 - 8.0 mmol/L (%) 80.5 86.6
0,
Predicted changes in Sl used to\ Predict how that BG < 4.0 mmol/L (%) 2L 2
guide the control protocol to sensitivity is going BG < 2.22 mmol/L (%) [ 0.03 0.01 ]
select an optimum insulin to change over the
treatment next few hours BG measurements < 2.22 mmol/L 3 3 0.69
Tablet calculations
Nutrition rate (% goal): [ 97.5[57.9-103.8] 67.0[28.7 - 83.8] ] <0.001
Total glucose rate (g/hour): 5.4 [3.2-6.8] 4.1[1.9-5.6] <0.001
Enteral glucose rate (g/hour): 49[1.6-6.1] 3.6[1.6-5.2] <0.001
Insulin rate (U/hr): 2.5[1.0-4.0] 3.0[2.0-4.0] <0.001

Data are shown as median [interquartile range] where appropriate

Shaw GM, Pretty CG, Thomas F, Tomlinson H, Stewart K, CHastncreasedutrition with equal glycaemic control associated wit
shortened insulin therapy, Poster Presentation-2®IZICS 2426th March 2015, Singapore



20112016 Standard of Cari Christchurch ICU
STAR Modulates Nutrition and Insulin Performance
- _ %BG between 4.48.0mmi/L
STAR (Target Study)Nutrltlon mar?agement mdepende.nt of STAR STAR: 90%
Unknown (Blinded) glucose calories

START: 63%

Glycaemic control
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Vari ability, not physiology or me

Fixed dosing systems Patient response Adaptive control
Typical care to insulin Engineering approach

Fixed protocol treats everyone
much the same

Controller identifies and manages
patient-specific variability

W

Variability flows through to BG Blood Glucose Variability stopped at controller
control levels

Models offer the opportunity to identify, diagnose and manage variability directtya guaranteedrisk




Holy Grail of glycaemic control?

Hyperglycaemia
+

Hypoglycaemia
+

Glucose level
+ = =
Variability Time in Range
+ (TIR)
Exposure

(“Dose”)




At e yesterday's cost é

$2Mm

ICU Costs
Laboratory
Glucose control
Antimicrobials
Inotropes
Dialysis
Ventilation
Transfusions
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Cost per year

I
PreSPRINT SPRINT

Pfeifer L, Chase JG, ShawGMWh at ar e the benefits (or costs) of tig
Univof Otago. ChristchurchSummer Studentship 201



Virtual GlycaemiaControl Using Continuous Glucose Monitors
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Virtual Trials

Use STAR Controller for virtual glycaemic
control.

Can implement extra safety features on
top of normal glycaemic controlA Use
oguard railsdé to d
outside optimal target range i.e. 4.0
and 8.0mmol/L.

Sensor is recalibrated every 8 hours for
sensor drift, i.e. 3 times per day
minimum, as well as when a guard ralil
IS crossed. An intervention is then
recalculated, and sensor recalibrated
simultaneously.
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Results

Clinical 23 Hr STAR CGMenabled STAR, guard rails of 4.0 and 8.C
Bolus mmol/L, minimum 8 Hr recalibration
Whole Cohort Statistics
BG True BG SG

Number of patients 236 708
Total hours 20863 62520
No. interventions (clinical STAR) or
recalibrations (CGMnabled STAR) [ 12.7 3.3
per day
Percentage of patients < 2.2 miio
(No. of patients) 0.85 (2) 1.13 (8) 1.27 (9)

Hourly Resampled Statistics S
% BG within 4.4 7.0 mmol/L 62.8 76.6 77.4 \
% BG within 4.4 8.0 mmol/L [ 837 87.9 88.4 1EfficacyE saII;EsTI.Y :
% BG < 4.mmolL [ o051 1.37 1.31 |Safety M Ha9E 1

*More resultsin Zhou, T., Dickson, J. L., Shaw, G. M., & Chase, J. G. (2018). Continuous glucose monitoring measures can be usethior glyce
control in the ICU: an irsilico study. Journal of diabetes science and technology, 12¢19.7



Non-invasivemonitoring -Discrete Spectroscopy

Sa0, and SvO, CGM

A Continuous SvQ A Inexpensive ($150

A Cerebral oxygen $300)/year
consumption

~

dHT = i8R a0

0 18KIN
il o

v/




Measurement of, Sp©and SvQ

Ll R
Fig. 3 Typical equipment set up for this study. Key components are labelled. 7 dash monitoring screen, 2
air supply and regulator, 3 PO sensor, 4 thermocouple sensor, 5 digit pressure cuff, 6 blood pressure cuff, 7

venous line and catheter, 8 masimo SET sensor, 9 PO system, 10 solenoid vales, 11 pressure gauge, 12 PC run-
ning LABVIEW, 713 ITVOO1 pressure regulator, 14 NI DAQ system, 15 power supplies
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No APG

With APG

APG signal
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Fig. 6 Baseline PPG signals showing pre APG and post APG phases

~

100

Measured Oxygen Saturation %

30

1

1

Spv02=111-40.5'RVen
— — —Spa02 = 110 - 25*RArt

1

04

06

08

1

12

14
R value

16

18

2

22

Fig. 7 Correlation (~ = 0.95) between all estimated Ry, and measured SvO, samples across the whole
cohort from the 3 tests. The solid blue line is the proposed SpvO, calibration model and the dashed red line is
the empirical Spa0, calibration model related to Ry, [25]
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Sensor Design

660, 940 n
800 nm

1450 nm

1550 n
A Microcontroller based sensors 1650 n
A Simple, low cost
A 8 MHz clock
A Flexible PCB
A 2D array

A MeasuresSvO, SaC,, PWV




Absorptivity formalised

Not to scale

1450nm

1550nm A // Glucose

/4
/}//— Albumin
‘¢,,

Haemoglobin

600 800 1000 1200 1400 1600 1800 2000 2200 2400 2600
Wavelength (nm)



A clinical method for flow waveform and SV estimation.

4

A Quantifying heart ejection
performance

A European Society of Intensive Care
Medicinewant it*.

"I'd like a second opinion.”

*M.Cecconiet al ., o0Consensus on circulatory shock and hemodynamic monitorinﬁ Task

force of the European Society of Intensive C@ria Me(d O "} 0 tntér\Mlaar‘IyE e‘t'yonev

40, no. 12, pp. 1798815, 2014



ldeal SV Monitoring

Q, X e

Patient Specific Not additionally Capture Variability
Invasive



StrokeVolume Estimation using Aortic Pulse Wave Velodtross SectionalArea

Pulse Wave Velocity (PWV) Pressure Contour Analysis
PWV along the aorta is calculated using two pressure The aortic pressure waveform is separated irtt@o components
measurements at different location3.he transit time by analysing its shape

Is calculatedfrom the pressure waveform {td t,). This 1.
PWV is related to theharacteristic impedancef the
aorta.

/ U T T T
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801 Paorta rog ¢ F)aorta distal
/ tl _p t2 —

0 0.65 O.rl 0.r15 O.r2 0.25
Time (s)

PWYV = Distance between two catheters / Transit time

ReservoiPressure which accounts for the potential
energy stored/released by the arterial wall

Exces$ressure is the difference between the measured
pressure and the reservoir pressure. Tikpresents the
excesavork of the ventricle and is related tdow in the aorta
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g00 DI1 O.IZ 0.3 U.Id 0.'5 0?6
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Example aortic pressure waveform separated into reservol

(Peo and excessK,,) pressure components



StrokeVolume Estimation using Aortic Pulse Wave Velo&tyross Sectional

Area

PressureFlow Ratio

Previous work bywWang et al[1] describes the linear
relationship between excess pressufe, and flow
entering the aorta from the ventricleQ),,. The slope
betweenP,, and Q,, describes thecharacteristic
impedanceof the aorta.

25

20 -

5 0 5 0 15 20
Q;, (L/min)
Figure taken fromWang et al[1]

Estimating Characteristic Impedance

The characteristic impedancgressureflow ratio) of the aorta can
be estimated for a specific patient using thieramweHHill
equation:

Characteristic Impedance = (PWV x Blood density) / CSA

Where CSA = aortic crossectional area
Stroke Volume Estimation

Using the value of excess pressufe, identified from pressure
contour analysis and characteristic impedance from value of PW?
and CSA, the amount of flow entering aorta from the ventricle
every heart beat can be calculated:

Flow from Ventricle (S\H Excess Pressufecharacteristic impedan

[1] Wangdl, OO6Bri en AB, JyibergJV (2003) Gmalomanrrdpresentaliad of ventriculaarterial coupling as aVindkessel
and wave system. American Journal of Physiologieart and Circulatory Physiology 284: H13%8L368.



Flow {ml/s) Pressure (mmHg)

stroke Volume (ml)

Results irsepsis

Control High PEEP Before endotoxin  Start endotoxin End endotoxin
60 - . . . .
40 . . . .
T T T T T T T T T T T
100 - . . . .
50 . . . .
D . . . . .
T T T T T T T T T T T
842 844 562 564 3182 3184 3804 3806 5804 5806 5808
30 - | | .N'\A“N\/V\w | |
NWV\.A.M’VV\ W
25 - . . . .
20 PSS AU ' '
s L W
I I | | I | I | I | I
830 840 550 560 3160 3170 3180 3780 3790 3800 5790 5800 5810
Time (s)

Measured — P —— Estimated Q & SV



The secret 1 sé..
Finding end of systole (when there Is raichrotic notch)

140
130
— 120
5%
3
E 110
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90 -
0.04
§
0.03 10 £
WA 0,02 w
s 0.5
£ 001 @
a E o
s E
0.0 =
0.0 S
I -0.5
-0.02
Tsys, iR Tyy.lﬂ
) —
. .
sys,
—— ———
. )

T
400
time (ms)
—— Primary y-axis label, respectively ® Prem foot location

—— w(t) normalized beta function A Pgm peak location
——— Weighted 2nd derivative B tmaxbeta

¥ tes,a?piar
Fig. 1: Example of beta weighted end systole detection, using the 3rd and 4th beats of Pig 2. Note, beats 1-3 use

Equation 3 to define ,,4, . location. Subsequent beats move ;4. using the mean systolic duration of the previous
three beats, thus, beat four uses the mean of beats 1-3, Tiys | 5 5-

BalmerJ, Smith R, Pretty CG, et al. Accurate end systole detectiaharotic notch-less arterial pressure waveforms, submitted for
publication (0204-2019)



Lung mechanics monitoring

additionally effort Specific
Invasive
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P, .;.,(t) = RrsQ(?i +'E;r;'V(t)"+'P(',"

_ Pressure drop to PEEP
in expiration
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There are thousands of opinions as to how this person should be ventilated.




Untortunately, this 1s
how the Drain WorKs:

"Sir! We are receiving

informadion thad contlicts
with fhe core belief System!
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Protective impact of PEEP wentilation-induced lung injury

/ ke o \‘
O O R

\\\ \‘\ \ q 4
Shear forces in the zone of lung opening, A \}‘\3*’ X
caused by stretching of densely distributed - &%E \ 240K
alveolar membranes, obliquely attached to ‘Qg‘., '

bronchiolar basal membranes

[1] Webb& Tierney ARRD 1974;110:556

[2] JonsonB. Elastic pressureolume curves in acute lung injury and acute respiratory distress syndrdniensive Care Med 31:28512,
2005, with permission frondonson B (1982) In: Prakash &) Applied physiology in clinical respiratory carghoff, The Hague, pp 123139



