Virtual patients for mechanical ventilation in the
intensive care unit
Citation for published version (APA):
Zhou, C., Chase, J. G., Knopp, J., Sun, Q. H., Tawhai, M., Moller, K., Heines, S. J., Bergmans, D. C.,
Shaw, G. M., & Desaive, T. (2021). Virtual patients for mechanical ventilation in the intensive care unit.
Computer Methods and Programs in Biomedicine, 199, [105912].
https://doi.org/10.1016/j.cmpb.2020.105912

Document status and date:
Published: 01/02/2021
DOI:
10.1016/j.cmpb.2020.105912
Document Version:
Publisher's PDF, also known as Version of record
Document license:
Taverne
Please check the document version of this publication:
• A submitted manuscript is the version of the article upon submission and before peer-review. There can
be important differences between the submitted version and the official published version of record.
People interested in the research are advised to contact the author for the final version of the publication,
or visit the DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright
owners and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these
rights.
• Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
• You may not further distribute the material or use it for any profit-making activity or commercial gain
• You may freely distribute the URL identifying the publication in the public portal.
If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above,
please follow below link for the End User Agreement:
www.umlib.nl/taverne-license
Take down policy
If you believe that this document breaches copyright please contact us at:
repository@maastrichtuniversity.nl
providing details and we will investigate your claim.

Download date: 09 Jan. 2023

Computer Methods and Programs in Biomedicine 199 (2021) 105912

Contents lists available at ScienceDirect

Computer Methods and Programs in Biomedicine
journal homepage: www.elsevier.com/locate/cmpb

Virtual patients for mechanical ventilation in the intensive care unit
Cong Zhou a,b, J. Geoffrey Chase b,∗, Jennifer Knopp b, Qianhui Sun b, Merryn Tawhai c,
Knut Möller d, Serge J Heines e, Dennis C. Bergmans e, Geoffrey M. Shaw f, Thomas Desaive g
a

School of Civil Aviation, Northwestern Polytechnical University, China
Department of Mechanical Engineering, University of Canterbury, New Zealand
c
Auckland Bio-Engineering Institute (ABI), University of Auckland, New Zealand
d
Institute for Technical Medicine, Furtwangen University, Villingen-Schwenningen, Germany
e
Department of Intensive Care, School of Medicine, Maastricht University, Maastricht, the Netherlands
f
Department of Intensive Care, Christchurch Hospital, Christchurch, New Zealand
g
GIGA-In Silico Medicine, Institute of Physics, University of Liege, Liege, Belgium
b

a r t i c l e

i n f o

Article history:
Received 1 October 2020
Accepted 12 December 2020

Keywords:
Hysteresis model
Hysteresis loop analysis
Digital twins
Virtual patient
Mechanical ventilation
Lung mechanics

a b s t r a c t
Background: Mechanical ventilation (MV) is a core intensive care unit (ICU) therapy. Signiﬁcant inter- and
intra- patient variability in lung mechanics and condition makes managing MV diﬃcult. Accurate prediction of patient-speciﬁc response to changes in MV settings would enable optimised, personalised, and
more productive care, improving outcomes and reducing cost. This study develops a generalised digital
clone model, or in-silico virtual patient, to accurately predict lung mechanics in response to changes in
MV.
Methods: An identiﬁable, nonlinear hysteresis loop model (HLM) captures patient-speciﬁc lung dynamics
identiﬁed from measured ventilator data. Identiﬁcation and creation of the virtual patient model is fully
automated using the hysteresis loop analysis (HLA) method to identify lung elastances from clinical data.
Performance is evaluated using clinical data from 18 volume-control (VC) and 14 pressure-control (PC)
ventilated patients who underwent step-wise recruitment maneuvers.
Results: Patient-speciﬁc virtual patient models accurately predict lung response for changes in PEEP up to
12 cmH2 O for both volume and pressure control cohorts. R2 values for predicting peak inspiration pressure (PIP) and additional retained lung volume, Vfrc in VC, are R2 =0.86 and R2 =0.90 for 106 predictions
over 18 patients. For 14 PC patients and 84 predictions, predicting peak inspiratory volume (PIV) and Vfrc
yield R2 =0.86 and R2 =0.83. Absolute PIP, PIV and Vfrc errors are relatively small.
Conclusions: Overall results validate the accuracy and versatility of the virtual patient model for capturing and predicting nonlinear changes in patient-speciﬁc lung mechanics. Accurate response prediction
enables mechanically and physiologically relevant virtual patients to guide personalised and optimised
MV therapy.
© 2020 Elsevier B.V. All rights reserved.

1. Introduction
Mechanical ventilation (MV) is a core therapy for respiratory
failure and acute respiratory distress syndrome (ARDS) patients in
the intensive care unit (ICU). However, non-optimal MV settings
can cause ventilator induced lung injury (VILI), increasing length
of stay, mortality and cost [1–4].
Titration of positive end-expiratory pressure (PEEP) [5] is one
preferred way to keep alveoli open and improve oxygenation. How-
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ever, determining the optimal PEEP for an individual patient is
still unclear in clinical practice [6–9]. Lung protective strategies using a tidal volume of 6-8mL/kg [10,11] and plateau pressures under 30cmH2 O are well-accepted [10,12,13], although recent studies suggest the safe plateau pressure varies over time with patient
condition, and airway pressure should thus be minimised [6,14–
16]. However, suﬃcient PEEP is still needed to provide alveolar recruitment and adequate gas exchange.
Clinical evidence has reported both lower and/or higher PEEP
ventilation reduces mortality in different subgroup analyses [16–
20], confusing choices. It is clear optimal MV settings, particularly PEEP, have signiﬁcant inter- and intra-individual variability.
The ability to accurately monitor, capture, and predict the response
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meaning, physically and physiologically, and is thus more suitable
for virtual patient models [25]. However, deterministic models can
suffer from being too complex to identify or too simple for accuracy [25,28,29].
Currently, deterministic basis-function based virtual patient
lung mechanics models provide accurate modelling and prediction
using a linear single compartment lung model [30–32]. They assume the shape of lung elastance and resistance over pressure, volume and ﬂow. This linear plus basis functions approach was taken
over using the same model structure with nonlinear elements
[33–38] for reasons of computational and identiﬁcation simplicity.
However, while effective, this basis function model approach lacks
precision in fully capturing nonlinear lung mechanics, such as the
added lung volume obtained when changing PEEP. Combining the
single compartment lung model and the hysteresis loop analysis
(HLA) method predicted airway pressure, but required parameters
identiﬁed from multiple prior low PEEP steps [39], which is not
clinically effective.
Finally, while lung mechanics models are common, predictive
lung models are very limited. Mathematical models at cellular, tissue and geometric scales have enabled better understanding of
lung mechanics [12,22,25,40–47]. However, they are complex, have
many unknown parameters, and can suffer overﬁtting issues, excluding personalised model-based prediction. Hence, personalised
models are less common, and predictive personalised models are
very infrequent, as reviewed in [25,48].
This research presents a digital cloning method to create an
accurate, predictive and patient-speciﬁc virtual patient model enabling personalised MV using a nonlinear, physiologically-relevant
hysteresis loop model (HLM). It accurately captures lung mechanics, and predicts clinical important measured responses to changes
in PEEP up to 12cmH2 O from a single PEEP level for both volumeand pressure-controlled (VC and PC) ventilation.

Abbreviations
HLA
HLM
MV
PC
PEEP
PIP
RMs
RMS
V
VC
Vfrc
Vtidal

Hysteresis loop analysis
Hysteresis loop model
Mechanical ventilation
Pressure Control or Pressure Controlled mechanical
ventilation
Positive end-expiratory pressure
Peak inspiratory pressure
Recruitment manoeuvres
Root-mean-square
Volume
Volume Control or Volume Controlled mechanical
ventilation
Dynamic functional residual capacity volume gained
or retained in the lung due to PEEP changes
Tidal volume

Variables
Vh 1
Volume associated with viscoelastic inspiratory hysteresis response
Vh 2
Volume associated with viscoelastic expiratory hysteresis response
R
Airway resistance
Ke
Alveolar recruitment elastance
Ke1
Alveolar recruitment elastance at PEEP1
Kh1
Inspiratory nonlinear recruitment elastance
Kh2
Expiratory nonlinear recruitment elastance
K
Instantaneous elastance over time
Vm 1
Lower inﬂection point
Vm 2
Upper inﬂection point
δ
Controls the end-inspiratory stiffness
q
Controls the smoothness of end-inspiratory stiffness
Kc
Controls stiffness changes from inspiration to expiration
Em 1
Maximum inspiratory hysteresis energy
Eh 1
Calculated inspiratory hysteresis energy
fV
Input force
b
Coeﬃcient for recruitment basis function
E
Coeﬃcient for distention basis function
Vm
Upper limit tidal volume
α
post-yielding ratio
k1
Identiﬁed HLA stiffness or elastance for the ﬁrst inspiration segment as airways ﬁll
k2
Identiﬁed HLA stiffness or elastance for the second
inspiration segment during recruitment
k3
Identiﬁed HLA stiffness or elastance for the ﬁrst expiration segment as airways release air
k4
Identiﬁed HLA stiffness or elastance for the second
expiration segment during derecruitment

2. Methods
2.1. Hysteresis loop model (HLM) for lung respiratory mechanics
The key features to represent lung respiratory dynamics include
the recruitment of alveoli and alveolar distension in inspiration,
as well as the recoil of lung elastance in expiration. An identiﬁable HLM [49] is proposed with a linear spring, Ke , to represent
the alveolar recruitment elastance, and two nonlinear hysteretic
springs, Kh1 and Kh2 , for alveolar hysteresis elastance during inspiration and expiration, respectively. The proposed HLM is illustrated
in Fig. 1.
The dynamic equation of motion for Fig. 1 is deﬁned:

V̈ + RV˙ + KeV + Kh1Vh1 + Kh2Vh2 = fV (t ) + P E E P

(1)

where V is the volume of air delivered to the lungs, Vh 1 and Vh 2
are hysteretic volume response during inspiration and expiration,
respectively, R is the airway resistance, PEEP is the positive endexpiratory pressure, and fV (t) is the steady-state input force.
The nonlinear stiffness, K(t), for a breath can thus be deﬁned in
a differential form [49]:

to changing MV settings would offer insight and capability current
care and equipment cannot provide.
An accurate, predictive virtual patient or digital clone based
on a mechanical model of patient-speciﬁc lung mechanics would
augment clinical data, provide a more comprehensive picture of
patient-speciﬁc state, and predict response to care [21,22]. Accurate prediction enables more personalised, conﬁdent, and eﬃcient
MV delivery, minimising the risk of VILI, and could potentially reduce the length of MV, which is clinically and economically important [23].
Statistical models eﬃciently provide best mathematical combinations for predictive relationships, but offer little understanding of the underlying mechanics [24–27], even if prediction accuracy is acceptable [26,27]. A mechanical model offers more explicit

K (t ) =

d fr
V˙
V˙
= Ke + Kh1 h1 + Kh2 h2
dV
V˙
V˙

(2)

where fr is the total restoring force calculated from Eq. (1):

fr (t ) = fV (t ) − V̈ − RV˙ + P E E P

(3)

Thus, the change of nonlinear stiffness is determined by the
V˙

two hysteretic springs Kh1 h˙ 1 and Kh2
V
characteristic shape in Fig. 1.
2

V˙ h2
,
V˙

giving the PV loop its
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Fig. 2. Deﬁnition of HLM parameters in a schematic PV loop.

•

Fig. 1. Schematic diagram of the proposed HLM for lung mechanics.

It is important to note that this proposed model is more directly identiﬁable [50,51] than more complex existing lung mechanics models [51–54].

In particular, the inspiratory hysteretic spring is deﬁned:



 V 2

V˙ h1
+
h1
= fsign 1 −
Vm1
V˙

−δ

 E q 
h1

Em1

+ Kc fsign

−

(4)

where Vm 1 is the lower inﬂection point, δ controls the endinspiratory stiffness due to distention or a pause, Eh 1 is the dissipated energy due to inspiratory hysteresis, q controls the smoothness of plateau stiffness, and Em 1 is the maximum energy without inspiratory pause at peak alveolar pressure. Kc controls stiffness changes from inspiration to expiration via signum functions
fsign + and fsign − :













+
fsign = 0.5 ∗ 1 + sign Vh1V˙
−
fsign = 0.5 ∗ 1 − sign Vh1V˙

+

2.2.1. Step1: HLA identiﬁcation
HLA is an automated, well-proven algorithm for identifying the
change of slopes and breakpoints for any general hysteresis loop
[49,55–58]. The measured PV loop is divided into inspiratory and
expiratory half cycles using the turning point Tmax at maximum
volume point (Fig. 3). The inspiration half cycle is approximated as
two segments with HLA identiﬁed stiffness k1 , k2 and the breakpoint Vm 1 for inspiration. HLA for the expiration half cycle yields
k3 , k4 and breakpoint Vm 2 .
The HLA identiﬁed stiffness values can be used to calculate
model parameters Ke , Kh1 , Kh2 and Kc ,:

(5)
(6)
+

where fsign = 1 in inspiration and fsign = 0 in expiration, with
fsign − = 0 and 1, respectively, thus asserting which term is active
in Eq. (4).
The expiratory hysteretic spring is deﬁned similarly to inspiration for alveolar derecruitment:



 V 2
V˙ h2
−
h2
= fsign 1 −
Vm2
V˙



(8)

Kh1 = k1 − k2

(9)

Kh2 = k3 − k4

(10)

Kc =

k4 − k2
k1 − k2

(11)

The end-inspiratory parameter δ can then be calculated:

δ=

k2 − k2end
k1 − k2

(12)

where k2 end is the end-inspiratory stiffness identiﬁed in HLA
shown in Fig. 3. Note, if δ <0 distention exists, and δ >0 captures
an end-inspiratory pause.

2.2. Automated creation of a lung-mechanics virtual patient model
This section creates a virtual patient by identifying the proposed HLM parameters at a given PEEP to enable prediction of
patient-speciﬁc lung dynamic response at higher or different PEEP
levels. The identiﬁcation process presented can be automated, requiring no human input, and includes:
•

Ke = k2 = α k1

(7)

where Vm 2 is the upper inﬂection point.
Therefore, ten (10) parameters, comprising: Ke , Kh1 , Kh2 , R, Vm 1 ,
Vm 2 , Em 1 , Kc , q and δ , are deﬁned to model the lung hysteresis mechanics using the proposed HLM. The input force, fV (t), also needs
to be identiﬁed for model forward simulation. Fig. 2 shows the
deﬁnition of HLM model parameters controlling the shape of a
schematic PV loop.

•

Step3: Forward simulation of patient-speciﬁc response using
the mechanics model identiﬁed from measured PV data at the
given PEEP, to, in turn, use it to identify Em1 and q.

2.2.2. Step2: Input force (fV ) and resistance (R)
The chest-lung system is assumed to be highly overdamped
with relatively negligible higher frequency oscillation during
breathing [59], as observed in clinical data. The volume changes for
one breath cycle can be modelled using a steady-state harmonic
input force:

Step1: HLA identiﬁcation of Ke , Kh1 , Kh2 , Vm 1 , Vm 2 and Kc ;
Step2: Calculation of R and fV ;

fV (t ) = Pamp sin(w ∗ t + ϕ )
3

(13)
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Fig. 3. HLA identiﬁcation of a measured PV loop.

where the amplitude Pamp and phase ϕ can be calculated [60]:



Pamp = Vtidal ∗ k

ϕ = tan−1

w2
1− 2
wn

2



+ 2ξ

w
wn

2.3. Prediction using an identiﬁed virtual patient model

2

2ξ (w/wn )

2.3.1. Prediction of Ke (= k2 )
In the identiﬁed HLM, the alveolar recruitment elastance, Ke
(Fig. 2), is a key physiological feature whose changes capture the
change of recruitment lung dynamics during a change of PEEP.
Prior basis functions [30,31] have proven a good representation of
observed mechanical lung behaviour during inspiration, considering the trade-off between alveolar recruitment and distention. In
particular, linear and exponential shaped basis functions deﬁned
[31]:

(14)

(15)

1 − (w/wn )2

where Vtidal is the breathing tidal volume, and k is the equivalent
initial inspiratory and expiratory ﬁlling (emptying) elastances estimated from:

k=

1
( k1 + k3 )
2

E = E1 ∗ ebV + E2 ∗

(16)

(17)

The resistance parameter, R, in Eq. (1) can then be calculated:

R = 2ξ w = 2ξ

k

α1 =

α1 = α1 ∗ eb

(20)

q = ar gmin
i=1

Pi − Pˆi
P̄

2


+

Vi − Vˆi
V̄

(24)

PE E P1
k1

+ E ∗ PE E P1

(25)

For hysteresis behavior, the maximum possible value for the
post-yielding ratio is α = 1 [58] at the upper limit volume Vm ,
yielding:

Thus, the maximum energy parameter, Em 1 , without considering distention, is obtained using forward simulation with the identiﬁed Vm 1 , Ke , Kh1 and Kh2 values found for the inspiratory half cycle in Step1.
The smoothness parameter, q, is found by minimizing normalized residual errors between the forward simulation and measurements during inspiration, using:
n

Ke1
k1

where Ke1 is the identiﬁed value of Ke at PEEP1. In addition, the
identiﬁed α 1 at the ﬁrst low PEEP level, PEEP1, can provide:

(19)

which yields:



(23)

where α 1 is the post-yielding ratio at the ﬁrst low PEEP level,
PEEP1, calculated:

2.2.3. Step3: Forward simulation to ﬁnd Em1 and q in Eq. (4)
The dissipated energy Eh 1 due to the nonlinear hysteresis force
fh 1 can be calculated [49]:

Eh1 = Kh1 ∫ Vh1V˙ dt

Ke
k2
b PE E P
=
= α1 ∗ e k1 + E ∗ P E E P
k1
k1

α=

(18)

dEh1 = fh1 dV = Kh1Vh1 dV

(22)

where E1 is the coeﬃcient for recruitment basis function and E2 is
the coeﬃcient for distention basis function. Vm is the upper limit
tidal volume and is set to 1L, while E1 is equal to zero for V>Vm
[30,31].
Similarly, the same shape basis functions are employed to predict changes in the ‘post-yielding’ ratio, α , representing the change
of stiffness from alveolar recruitment to distention in the HLM, as
seen in Fig. 3, and deﬁned:

A highly overdamped system is assumed with a large damping
ratio (ξ >10) eliminating the effect of free vibration or oscillation,
which is not clinically observed in respiratory data. Thus, the volume attains its peak when the input force returns to zero, as seen
at end inspiration, with the condition w=wn , which gives ϕ =π /2.
Eq. (14) can then be simpliﬁed and rewritten:

Pamp = 2ξ Vtidal k

P
60

E=

1
k1Vm

(26)

Combining Eqs. (25) and (26) to solve b, yields:

2

b=
(21)

k1
(α1 − E PE E P1)
log
PE E P1
α1

(27)

2.3.2. Vfrc prediction
The predictive virtual patient model based on an identiﬁed,
physiologically relevant HLM can simulate future changes of residual volume or functional residual capacity (Vfrc ) at the end of expiration when a change of PEEP level occurs. In particular, increasing

where P and V are the measured pressure and volume, Pˆ and Vˆ
are the modeled pressure and volume based on forward simulation
of the identiﬁed model, and P̄ and V̄ are the mean values of the
measured pressure and volume (P and V), respectively.
4
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Fig. 4. Change of Vfrc due to change of PEEP levels.

PEEP leads to an earlier end of expiration at a higher PEEP, retaining an additional lung volume, Vfrc , as shown in Fig. 4. The resulting change of volume Vδ for ࢞PEEP can be calculated:

Vδ =

P E E P
k3

=

P E E P(n+1) − P E E Pn
k3

Table 1
Patient demographics for both cohorts. Each cohort has 6 x PEEP = 2 cmH2O RM
increments from a base PEEP1 level (to PEEP2-7), except Patient 18 in the McREM
cohort, which has 4 steps. There is thus a total of 190 predictions from PEEP1 to
PEEP2-7 (106 for McREM and 84 for Maastricht).

(28)

McREM VC MV patient demographics (N=18)

where k3 is the alveolar decruitment stiffness identiﬁed in HLA
in Step1 at PEEPn and is also held constant over all PEEP values (Fig. 3). Therefore, the breakpoint Vm 2 also changes with the
change of volume drop Vδ , which can be described:



Vm2 P E E P(n+1)
Vm2 (P E E Pn )
=
VD
VD − Vδ



(29)

Combining Eqs. (28) and (29), the change of Vm 2 can be updated:





Vm2 P E E P(n+1) = Vm2 (P E E Pn ) − Vm2 (P E E Pn )

P E E P(n+1) − P E E Pn
VD k3
(30)

Hence, the change of Vfrc can be readily predicted by forward
simulating the identiﬁed virtual patient model using the updated
Vm 2 over PEEP changes, as shown schematically in Fig. 4.

Patient

Sex

Age

Clinical Diagnostic

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Male
Female
Female
Female
Male
Male
Male
Male
Male
Male
Male
Male
Male
Male
Male

74
50
30
49
34
67
39
42
51
77
37
41
62
39
74

16
17
18

Male
Male
Male

59
45
42

Subarachnoid and subdural hemorrhage
Pancreatitis, pneumonia
Peritonitis, sepsis
Pneumonia
Traumatic open brain injury
Post resuscitation
Perf. sigma, peritonitis
Pneumonia, pancreatitis
Traumatic brain injury, pneumonia
Pneumonia
Pneumonia
Peritonitis
Subarachnoid hemorrhage
Traumatic brain injury, pneumonia
S/P coronary artery bypass grafting,
pneumonia
ARDS
Blunt abdominal trauma, pneumonia
Acute GI bleeding, sepsis

Maastricht PC MV patient demographics (N=14)

2.4. Patient data
Clinical data includes 18 VC ventilated patients from the
McREM trial in Germany and 14 PC ventilated patients from the
Maastricht trial in Netherlands. Ethics approval for the McREM trial
was granted by local ethics committee for each of the eight participating German ICUs [61]. The 14 patients in the Maastricht trail
(METC17-4-053) [32] were treated using Bi-level Positive Airway
Pressure (BIPAP), a common PC mode. Each patient in both cohorts
underwent a 6-step staircase RM using PEEP=2cmH2O/step, except Patient 18 in the McREM cohort who had only 4 steps. Pressure and ﬂow data were recorded from the ventilators. Patient demographics for both cohorts are in Table 1.
5

Patient

Sex

Age

Clinical Diagnostic

1
2
3
4
5
6
7
8
9
10
11
12
13
14

Male
Female
Male
Male
Male
Male
Female
Male
Female
Female
Female
Female
Female
Male

77
85
57
47
73
75
71
76
64
68
78
18
71
36

Coronary Artery Bypass Grafting
Coronary Artery Bypass Grafting
Coronary Artery Bypass Grafting
Coronary Artery Bypass Grafting
Aortic Valve Replacement
Coronary Artery Bypass Grafting
Aortic Valve Replacement
Coronary Artery Bypass Grafting
Subarachnoid Hemorrhage
Pneumonia
Pneumonia
Mitral and Tricuspid Valve Replacement
Pneumonia
Coronary Artery Bypass Grafting
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Fig. 5. McREM cohort prediction under VC MV for all patients and PEEP prediction intervals (106 predictions). Left: Prediction of PIP with R2 = 0.86, or R2 = 0.91 for 104
predictions when excluding two outliers (circled) from one patient. Right: Prediction of Vfrc with R2 = 0.90.

2.5. Validation analyses

tilation modes. Accurate prediction for clinically-relevant changes
and unrealistically high PEEP is critical for clinical utility and
full model validation, respectively, and is increasingly relevant in
Covid-19 [62]. The HLM model is identiﬁed from clinical data using HLA combined with proven basis functions [30–32] for Ke to
predict elastance evolution. Accurate prediction using only measurements from the current PEEP is unique in requiring no changes
to PEEP to identify the model or perform prediction, as in [63,64],
which also increases clinical validity.
Detailed individual per-patient prediction results are shown in
Appendices A-D.

Validation uses the hysteresis PV loop at the starting PEEP
level (PEEP1) to identify model parameters for the HLM and create the virtual patient model. Response is then predicted for all
patients (N=32) at all higher PEEP levels over PEEP intervals up
to 12cmH2O (PEEP2-7; 6xPEEP steps), comprising 106 predictions
for McREM VC patients and 84 for Maastricht PC patients.
Prediction results are compared using correlation plots with R2
values for the 1:1 equivalence line, and error comparing clinically
relevant measured and model predicted responses:
•

•

•

Peak inspiratory pressure (PIP) absolute error (cmH2O) for
volume-controlled McREM cohort;
Peak inspiratory volume (PIV) absolute error (L) for pressurecontrolled Maastricht cohort;
Vfrc absolute error (L).

4. Discussion
A virtual patient model is identiﬁed at the lowest PEEP level
(PEEP1) using the proposed HLM, and accurately predicts response
at higher PEEP up to PEEP=12cmH2 O for clinical validation. HLM
model parameters are identiﬁed using the proven HLA method. A
process requiring no human intervention makes it clinically applicable. It also avoids divergence and model mismatch issues found
in nonlinear identiﬁcation of similar hysteretic problems/models
[50,65]. The overall results show very good accuracy in predicting
clinically relevant peak values, Vfrc , and patient-speciﬁc PV loops.
A more complex model with more nonlinear elements in the
HLM might improve accuracy. However, identiﬁability and ability
to automate identiﬁcation would be reduced [25,50]. Equally, relatively higher accuracy with a more complex model is not necessarily more clinically useful. In particular, there are many models
of lung mechanics, particularly at multiple scales, levels of linearity, and complexity [12,22,25,40–47], but while they match dynamics well, only a very few are predictive of outcome PV loops and
mechanics, especially from a single breath, as reviewed in [25,48].
Thus, the utility of adding further nonlinear HLM model elements
might add very little, considering the model presented already provides very good accuracy using clinical data and is better than predictive models to date [30,32,48].
While basis-function methods yield reasonably accurate Vfrc , PIP
and PIV estimates using the single compartment model [30–32,
48,66], the virtual patient model presented is signiﬁcantly more
accurate in calculating these values using the more detailed mechanics model presented. Predicted Vfrc errors average 0.018L compared to 0.093L using prior basis-function methods [66], and are

Low prediction errors in these clinically relevant values would
validate the model’s ability to guide the design and delivery of
safe, effective, patient-speciﬁc MV.
3. Results
Fig. 5 summarizes PIP and Vfrc prediction results for the VC
(McREM) cohort, showing very good PIP prediction with R2 =0.86
to the 1:1 perfect match line, increasing to R2 =0.91 with 2 outliers
(~2%) from one patient excluded (circled). Predicted retained lung
volume, Vfrc compared to clinically measured Vfrc , is very good with
R2 =0.90. Overall, PIP prediction has median [IQR] error of 0.99
[0.55, 1.93]cmH2O and Vfrc errors are 0.014 [0.006, 0.021]L with
smaller errors at lower PEEP intervals in Fig. 5. Appendices A-B
have per-patient results.
Fig. 6 shows PIV and Vfrc prediction for the PC (Maastricht) cohort, for 84 predicted cases over 14 patients. PIV prediction yields
R2 =0.86. Cumulative Vfrc , prediction yields R2 =0.83 for all patients
or R2 =0.91 excluding 3 outliers from the highest prediction intervals for 1 patient. Overall, PIV prediction has median [IQR] error of
0.030 [0.012, 0.049]L and Vfrc errors are 0.016 [0.009, 0.032]L with
smaller errors at lower PEEP intervals in Fig. 6. Appendices C-D
have per-patient results.
These results validate the ability of the virtual patient model
to achieve good prediction for both VC and PC modes, and that it
is robust across different patient conditions and both major ven6
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Fig. 6. Maastricht cohort prediction under PC MV for all patients and PEEP prediction intervals (84 predictions). Left: Prediction of PIV with R2 = 0.86 Right: Prediction
of Vfrc with R2 = 0.83 or R2 = 0.91 excluding 3 outliers (81 predictions) from the highest three prediction intervals for one patient.

also measurably lower for PIP and PIV. Improved accuracy and robustness increase potential clinical utility.
Clinically, Vfrc has potential to guide care. Considering Patients
12 and 13 in Appendix B (McREM cohort), the slopes of Vfrc over
PEEP intervals are very different between these patients, reﬂecting typical signiﬁcant inter-patient variability, as seen across all patients. However, a large slope, as in Patient 13, indicates a high
level of recruitability. In contrast, the low slope of Patient 12 indicates a lack of recruitability. Clinical decisions on PEEP, given this
previously unavailable information, could be different because the
recruited lung volume obtained by changing PEEP would now be
quantiﬁed.
In particular, lung recruitability is currently broadly estimated
using PEEP tests with calculations and/or imaging [67–71]. The results are neither patient-speciﬁc nor as accurate as Vfrc predictions
here. Recruitability is an open issue in Covid-19 care, as with the
earlier H1N1 outbreak [69,70]. The slope of predicted model-based
Vfrc over PEEP thus offers a new and potentially more accurate approach to assess recruitability in MV patients.
The chest-lung system is considered overdamped with negligible chest wall and lung accelerations in breathing [59]. Thus, a
large damping coeﬃcient enables a steady-state simulation matching observed clinical data. While the choice of ξ is non-unique, a
sensitivity analysis in Appendix E shows good prediction accuracy
across a range of ξ >10. Therefore, a ﬁxed value (ξ =20) should
generalise well.
The proposed HLM has less nonlinearity for expiration than inspiration, producing relatively higher errors during expiration, as
seen in detailed results in Appendices A-D. More complex expiration mechanics might increase the prediction accuracy for Vfrc
since this residual volume is gained during expiration. However,
the ability to automate the identiﬁcation of a more complex model
with more parameter would be reduced. Equally, more complexity
can provide greater physiological relevance, but does not guarantee
improved prediction accuracy. Promising results over 32 patients in
two independent trials using different MV modes indicates signiﬁcant robustness, minimising this limitation.
A second limitation could be higher errors for some patients
and predictions in Appendices A-D and Figs. 5 and 6. However,
larger errors are not randomly distributed and occur at clinically
unrealistic and large PEEP intervals. They also cluster in speciﬁc
patients. These errors could also be a function of the ventilator or
PEEP valve, rather than the model. Equally, they occur at clinically
unrealistic PEEP changes, and would have no clinical impact.

Inter-disciplinarity could be a limitation or strength. The HLM
derives from similar civil engineering mechanics [72–74], and the
HLA elastance identiﬁcation method was developed for earthquake
engineering damage monitoring [49,55–58, 75–77]. These models
and methods are unproven in biomedical engineering and clinical
medicine applications. However, the accuracy of the results, particularly in prediction, indicates this limitation has minimal impact
and the fundamental mechanics generalise well.
Finally, creating the virtual patient model requires no clinical or
engineering input. It could thus be automated for real-time monitoring, decision support, and personalisation of care. Virtual patient guided care has demonstrated clinical beneﬁt in glycemic
control [78], and this model enables extension of this approach to
MV.
5. Conclusions
Patient-speciﬁc digital twins or virtual patients built on clinical data and a proven nonlinear mechanics model offer accurate
prediction of patient-speciﬁc lung mechanics response to changes
in mechanical ventilation settings, enabling personalised, precision
care to improve outcomes and cost. The model and method developed provide very good prediction accuracy, as well as mechanical
and clinical insight not previously available and not provided by
data-driven methods or less complex models. There is also the potential to merge the developed underlying mechanical model and
machine learning using patient-speciﬁc and breath-speciﬁc data
generated by the model. Overall, this work provides a very promising proof-of-concept, validated across multiple patients and ventilation modes.
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Appendix A. PV loop predictions for McREM VC MV cohort (N = 18 patients)
Volume in L, Pressure in cmH2 O, PIP error in cmH2 O for Patients 1-18. Identiﬁed at PEEP1 and predicted from PEEP1 up to PEEP7 (12
cm H2O higher in 2 cmH2o increments).
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Appendix B. Accumulated Vfrc prediction for McREM VC MV cohort (N=18 patients)
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Appendix C. PV loop predictions for Maastricht PC MV cohort (N = 14 patients)
Volume in L, Pressure in cmH2 O, PIV error in L. Identiﬁed at PEEP1 and predicted from PEEP1 up to PEEP7 (12 cm H2O higher in 2
cmH2O increments).
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Appendix D. Accumulated Vfrc prediction for Maastricht PC MV cohort (N = 14 patients)
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Appendix E. Sensitivity of Prediction to Damping Coeﬃcient ξ
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