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Designing Therapeutics So They Work: 

Engineering Solutions to ICU Problems



We live in extraordinary timesê



Imagine you have fallen through a worm 
hole; it is 1994.  

You are working in your ôoldõ ICU.  You are 
up-to-date with the latest (2019) 
knowledge, but only have access to the 
equipment available at that timeê.

A thought experiment.... 
2019

1994



Over the next six months you update everyoneõs knowledge with 25 yearsõ of ICU RCTs and the likeê but 
there is just one nagging thoughtê.have things reallychanged for the ICU patient in that time?

I propose the answer is òNOó. Apart from a few new US scanners, high flow O2 therapy and automated 
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 (PCR, multi-slice scanners)

Simply put: could you still manage you patient satisfactorily?  òProbably.ó 

Could other specialists carry out their day-to-day work using equipment 25 years old? òProbably NOT!ó 

A thought experiment.... 



IMHO intensive care has failed to leverage the huge 
innovations in computer technology to improve the 
processes and systems of care for the critically ill.

Why.... 

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



Who is innovating in healthcare??
Percent of Requests to Advisory Board for Technology Evaluation

INNOVATORS òUNNOVATORSó

Courtesy of JonathanSackier from a presentation at MTANZ 2010



Where we arenow.....

Where we need to be.....



Vs.



Simulation (modelling) of physiological
responsesto therapy

= Model Based Therapeutics (MBT)



Modelling the insulin glucose system: glycaemiccontrol 



The ôevolutionõ of homo sapiensêê.

Itõs obvious one-size does not fit-all; this is especially true for glycaemic control protocols.



Model based therapeutics(MBT)

First, we describe the physical systems to analyse



Model based therapeutics (MBT)

Next, we build up a mathematical representation of the system



Model based therapeutics Č òMBTó

Finally, we use computational analysis to solve these equations to help us design and
implement new, safer therapies.



Standard infuser equipment 

adjusted by nurses
Patient management

Measured data

òNurse-in-the-loopó system. Standard ICU equipment and/or low-cost commodity hardware.

Decision Support 

System
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Identify and utilise 

òimmeasurableó 

patient 

parameters

e.g.insulin

sensitivity (SI)

Feedback control
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Stochastic model shows the 
bounds (5thς95th percentile) 
for insulin sensitivity variation 
over next 1-3 hours from the 
initially identified level
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distribution can be forecast 
using the model
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Iterative process targets this BG 

forecast to the range we want:

= optimal treatment found!

Patient response 

forecast can be 

recalculated for 

different treatments

Stochastic model 
predicts SI

SI percentile bounds

+
known insulin

+
system model 

= ...

Models, Variability and Risk
P
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Forecast BG percentile bounds:

A predicted patient response!

5th, 25th, 50th (median),75th,

95th percentile bounds for

SI(t) variation based on

current value
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Forecast BG percentile bounds:

A predicted patient response!

SI percentile bounds

+
known insulin

+
system model 

= ...

Iterative process targets this BG 

forecast to the range we want:

= optimal treatment found!

Maximum 5% Risk of BG < 4.4 mmol/L
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Patient response 

forecast can be 

recalculated for 

different treatments



Patient Specific
Forecasting

Target-to-Range

STAR blood glucose control

Model-Based

Risk-based

Max 

5%
Risk 

BG<4.4
mmol/L



òSTARó improves nutrition and reduces time on protocol

Shaw GM, Pretty CG, Thomas F, Tomlinson H, Stewart K, Chase JG, Increased nutrition with equal glycaemic control associated with 

shortened insulin therapy, Poster Presentation SG-ANZICS 24-26th March 2015, Singapore

0.03



PerformanceSTAR

STAR (Target study)
Nutrition management independent of STAR

Unknown (Blinded) glucose calories

2011-2016 Standard of Care in Christchurch ICU

Modulates Nutrition and Insulin
%BG between 4.4-8.0mml/L

STAR: 90%

STAR-T: 63%

Safety
%BG <4 mmol/L

STAR: 1.2%

STAR-T: 0.6%

%BG>10 mmol/L

STAR: 2%

STAR-T: 19%

Median BG

STAR: 6.8 mmol/L

STAR-T: 7.9 mmol/L

Workload

BG Measures/Day

STAR: 12.7

STAR-T: 16.5

Glycaemic control 
is harder when:

ÅThe protocol is 

blind to nutrition

ÅNutrition is not 

modulated (esp. 

for persistent 

hyperglycaemia)

ÅExtra calories are 

delivered as 

dextrose

Low Hypos (<0.1%)

T

STAR-TARGET

STAR



Blood Glucose 

levels

Controller

Fixed dosing systems

Typical care

Adaptive control

Engineering approach

Variability flows through to BG 

control
Variability stopped at controller

Models offer the opportunity to identify, diagnose and manage variability directly, to a guaranteed risk

Fixed protocol treats everyone 

much the same

Controller identifies and manages 

patient-specific variability

Patient response 

to insulin

Variability, not physiology or medicineê



Holy Grail of glycaemic control?
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ICU Costs

Pfeifer L, Chase JG, Shaw GM, òWhat are the benefits (or costs) of tight glycaemic control? A clinical analysis of the outcomes,ó 

Univof Otago, Christchurch, Summer Studentship 2010

At ê yesterday's costê



Virtual Glycaemic Control Using Continuous Glucose Monitors



Use STAR Controller for virtual glycaemic 

control.

Can implement extra safety features on 

top of normal glycaemic control Ą Use 

òguard railsó to detect BG drifting 

outside optimal target range i.e. 4.0 

and 8.0 mmol/L.

Sensor is recalibrated every 8 hours for 

sensor drift, i.e. 3 times per day 

minimum, as well as when a guard rail 

is crossed. An intervention is then 

recalculated, and sensor recalibrated 

simultaneously.

I = total insulin        Q = Interstitial Insulin

Virtual Trials



Clinical 1-3 Hr STAR 

Bolus

CGM-enabled STAR, guard rails of 4.0 and 8.0 

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 (CGM-enabled STAR) 

per day

12.7 3.3

Percentage of patients < 2.2 mmol/L

(No. of patients)
0.85 (2) 1.13 (8) 1.27 (9)

Hourly Resampled Statistics

% BG within 4.4 ς7.0 mmol/L 62.8 76.6 77.4

% BG within 4.4 ς8.0 mmol/L 83.7 87.9 88.4

% BG < 4.0 mmol/L 0.51 1.37 1.31

*More results in Zhou, T., Dickson, J. L., Shaw, G. M., & Chase, J. G. (2018). Continuous glucose monitoring measures can be used for glycemic

control in the ICU: an in-silico study. Journal of diabetes science and technology, 12(1), 7-19.

Results

Effort

Efficacy
Safety



Non-invasivemonitoring -Discrete Spectroscopy

SaO2 and SvO2 CGM

ÅContinuous SvO2

ÅCerebral oxygen 

consumption 

Å Inexpensive ($150-

$300)/year



Measurement of, SpO2 and SvO2



Digits only extract 7% O2; could 

digital O2 extraction ratiosbe:

(i) The  ôcanary down the mine shaftõ in 
detecting low output states?

(ii) Useful in titrating treatments given for 

shocked states?

. 



Sensor Design

Å Microcontroller based sensors

Å Simple, low cost

Å 8 MHz clock

Å Flexible PCB

Å 2D array

Å Measures SvO2, SaO2, PWV

800 nm
660, 940 nm

1450 nm
1550 nm
1650 nm

5 mm



Glucose Absorption Spectrum
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A clinical method for flow waveform and SV estimation.

òI donõt want to dieó ðNearly Everyone

Å Quantifying heart ejection 

performance

Å European Society of Intensive Care 

Medicine want it*.

* M. Cecconiet al., òConsensus on circulatory shock and hemodynamic monitoring. Task 

force of the European Society of Intensive Care Medicine,ó Intensive Care Med., vol. 

40, no. 12, pp. 1795ð1815, 2014



Patient Specific Capture Variability

IdealSVMonitoring

Not additionally 
invasive



Stroke Volume Estimation using Aortic Pulse Wave Velocity & Cross-Sectional Area

Pulse Wave Velocity (PWV)
PWV along the aorta is calculated using two pressure 

measurements at different locations. The transit time 

is calculated  from the pressure waveform (t2ðt1). This 

PWV is related to the characteristic impedance of the 

aorta. 

PWV = Distance between two catheters / Transit time
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Pressure Contour Analysis
The aortic pressure waveform is separated into two components 

by analysing its shape

1. Reservoir Pressure which accounts for the potential 

energy stored/released by the arterial wall

2. Excess Pressure is the difference between the measured 

pressure and the reservoir pressure. This represents the 

excess work of the ventricle and is related to flow in the aorta

Example aortic pressure waveform separated into reservoir 

(Pres) and excess (Pex) pressure components

Paorta_prox Paorta_distal



Pressure-Flow Ratio
Previous work by Wang et al [1] describes the linear 

relationship between excess pressure, Pexand flow 

entering the aorta from the ventricle, Qin. The slope 

between Pex and Qin describes the characteristic 

impedanceof the aorta. 

Figure taken from Wang et al [1] 

[1]  Wang J-J, OõBrien AB, Shrive NG, Parker KH, TybergJV (2003) Time-domain representation of ventricular-arterial coupling as a Windkessel

and wave system. American Journal of   Physiology - Heart and Circulatory Physiology 284: H1358ðH1368.

Estimating Characteristic Impedance
The characteristic impedance (pressure-flow ratio) of the aorta can 

be estimated for a specific patient using the Bramwell-Hill 

equation: 

Characteristic Impedance = (PWV  x  Blood density) / CSA

Where CSA = aortic cross-sectional area

Stroke Volume Estimation

Using the value of excess pressure, Pex identified from pressure 

contour analysis and characteristic impedance from value of PWV 

and CSA, the amount of flow entering aorta from the ventricle 

every heart beat can be calculated:

Flow from Ventricle (SV) = Excess Pressure/ characteristic impedance

Stroke Volume Estimation using Aortic Pulse Wave Velocity & Cross-Sectional 

Area



Results in sepsis

Measured Estimated Q & SVPres



The secret isê..
Finding end of systole (when there is no dichroticnotch)

BalmerJ, Smith R, Pretty CG, et al. Accurate end systole detection in dicrotic notch-less arterial pressure waveforms, submitted for 

publication (02-04-2019)



Patient 
Specific

Lung mechanics monitoring

Not 

additionally 

invasive

Low patient 

effort



Paw(t) = RrsQ(t) + ErsV(t) + P0

Q = (Pi -PEEP)/Rrs e -tErs /Rrs

?
Any difference





There are thousands of opinions as to how this person should be ventilated.





Protective impact of PEEP in ventilation-induced lung injury

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

[2] Jonson B. Elastic pressure-volume curves in acute lung injury and acute respiratory distress syndrome Intensive Care Med 31:205ð212, 

2005, with permission from: Jonson B (1982) In: Prakash O (ed) Applied physiology in clinical respiratory care. Nijhoff, The Hague, pp 123ð139


