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Abstract: Patient work of breathing is of significant clinical interest for several decades. It is particularly
relevant when gauging patient-ventilator interaction, patient-specific level of mechanical ventilation (MV)
support, and weaning from full support to spontaneous breathing MV modes or off of MV entirely. Current
monitoring approaches require additional equipment (usually expensive), well-trained clinicians (to collect
and interpret these signals), or/and extra clinical interventions (increases difficulty and cost). This study
extends a digital twin model to estimate patient spontaneous breathing effort (ﬁp curve) with a previously
proposed model-based estimation method using b-spline functions. Data from 22 patients for two assisted
MV modes, NAVA (neurally adjusted ventilatory assist) and PSV (pressure support ventilation), are
employed. Estimation results are compared to breathing effort reflected by electrical activity of the
diaphragm (EAdi) signals. Physiologically-relevant correlations in identified ﬁp curve area (negative and
positive) and EAdi signal can be found in both NAVA and PSV data analysis. While ﬁp curves yield more
negative area (larger PRCTneg), the corresponding breaths tend to have lower peak EAdi values and area
under curve of EAdi signal (AUC[EAJi]) during inspiration. R? values for NAVA data yield an interquartile
range (IQR) from 0.31 to 0.68 for peak EAdi versus PRCTneg and 0.40 to 0.61 for AUC[EAdi] versus
PRCTneg, respectively. Results differ between NAVA and PSV modes based on poorer patient-ventilator
interaction observed in PSV, while the same level of expected physiological relevance is still observed.
Overall, the extended digital twin model with b-spline functions to quantify patient-specific inspiratory
effort shows promising application in helping guide weaning or changes in MV settings at bedside for
assisted breathing modes of MV. In future, the identified ﬁp curves could also potentially be used to replace
the need for costly measurement of EAdi signals.

Copyright © 2023 The Authors. This is an open access article under the CCBY-NC-ND license
(https://creativecommons.org/licenses/by-nc-nd/4.0/)
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1. INTRODUCTION
EAdi (electrical activity of the diaphragm) is one extensively
used method to monitor and study respiratory muscles
activities with multiple electrodes and a nasogastric tube
(Doorduin, J., et al., 2013, Jonkman, A.H., et al., 2020). While
effective and reliable, proper positioning and regularly
adjustment are necessary to ensure correct recordings (Vargas,
M., et al., 2022), requiring more clinician-involved work and
training. Other clinically adopt signals, such as esophageal
pressure (Pes) (Akoumianaki, E., et al., 2014, Telias, 1., et al.,
2019), have similar technical concerns (Akoumianaki, E., et
al., 2014, Jansen, D., et al., 2018). Moreover, most signal
monitoring methods requires intubation or additional devices

and thus less comfort and convenience for clinical use.

Several researches (physiologically relevant models and
derived variables) and clinical tools (invasive and non-
invasive measurements) are designed to monitor respiratory
drive and respiratory muscle unloading (Albani, F., et al,,
2021, Doorduin, J., etal., 2013, Jansen, D., et al., 2018, Knopp,
J.L., et al., 2021, Telias, 1., et al., 2020), aiming for a better
understanding and novel insight for patient lung mechanics
interaction with ventilator support. However, they often need
additional equipment, well-trained clinicians (to collect and
interpret these signals), or extra clinical treatment applications,
increasing the difficulty and cost in routinely use.

from ventilators are

Non-invasive, derived variables
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meanwhile studied to offer better or equally effective
respiratory muscle activities while minimising cost and
inconvenience (Jansen, D., et al., 2018, Telias, 1., et al., 2020,
Telias, I, et al., 2019). WOB (work of breathing) and PTP
(pressure-time product) are mostly considered to be capable to
assess respiratory effort (Akoumianaki, E., et al., 2014).
However, most of them, including WOB and PTP, are
recommended to calculate with Pes or Pdi (transdiaphragmatic
pressure) instead of airway pressure (Akoumianaki, E., et al.,
2014), which thus still need invasive procedure.

In this study, a digital twin model is extended with b-splines
function (Knopp, J.L., et al, 2021) with two assisted
ventilation modes, Neurally Adjusted Ventilator Assist
(NAVA) and pressure support (PSV), for patient-specific
respiratory drive estimation. The overall goal is estimate
patient spontaneous effort with only non-invasive breath data
and thus to ease burden on clinicians work and equipment cost,
as well as technique trainings and problems coming behind.
The outcome is compared with recorded EAdi signal and clear
trends/correlations are observed.

2. METHODS
2.1 Patient Effort Estimation Model

This patient effort estimation model is based on the well-
validated digital twin model in (Zhou, C., et al., 2021):

fy(®) + PEEP =V + RV + K,V 4+ Ky Vi + KnaViz (1)

where ¥ is the volume of air delivered to the lungs (V and V
are the corresponding second and first derivatives of V), Vi
and Vj, are hysteretic volume response during inspiration and
expiration, respectively, K, represents the alveolar recruitment
elastance, K; and Kjp, are determined by two nonlinear
hysteretic springs for alveolar hysteresis elastance during
inspiration and expiration, respectively, R is the airway
resistance, and PEEP is the positive end-expiratory pressure.
fr(t) is the steady-state input force (driving pressure over
time) and identified at baseline PEEP level.

An additional negative term, P,, is added to represent pleural

driving pressure and thus to estimate patient spontaneous
effort (Knopp, J.L., et al., 2021):

P—PEEP =V + RV + K,V + Kpy Vi + KnoViz + B, (2)

This Pp term is modelled using 2™ order (d = 2) b-spline
functions with a knot width (k,) of 0.05s to define the
unknown, patient-specific ﬁp:

pp =y, =P ®;,(t) 3

Where P;; are constant coefficients identified from measured

T; . . . .
data. M = % + d by b-spline functions setting. T, is the
w

inspiration duration for each breath in seconds. The
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Where T; are equally spaced division points in time calculated
by Tzﬂ. Finally, (1) can be defined (Knopp, J.L., et al., 2021):

P—PEEP =V + RV + K,V + Kp1Viy + KpaVia
+ 20, =P Dy, (0) (5)

With ventilator breath data (airway pressure and flow), linear
least squares regression can identify patient-specific, lung
mechanics variables and 13p (by identifying the Pg; terms),
using the Matlab (Mathworks, Natick, MA, USA) lIsqlin
function, and constraining elements of P ; >0 (ﬁp negative) to
ensure identifiability (Docherty, P.D., et al., 2011).

2.2 Analysis

22 patients under both NAVA and PSV are analyzed in this
approach. Data from the same 20 breaths per patient under
NAVA ventilation used in (Knopp, J.L., et al., 2021) are tested
and outcomes are compared, thus analysing the differences
between lung mechanics models employed. In addition, PSV
data is also studied for each patient with the first 20 breaths,
which was not used in previous work (Knopp, J.L., et al.,
2021), providing a comparison between modes for the overall
modelling approach.

2.2.1 Negative constraint on b-splines functions

This model currently only focuses on the inspiration phase of
each breath, while originally the first 75% of identified Ps ;
parameters during inspiration are constrained to be positive (ﬁp
negative) and the rest 25% is not constrained in previous study
(Knopp, J.L., et al., 2021). This constraint is applied for each
studied breath per patient and captures negative patient
spontaneous effort and any patient resistance to ventilator
action in the unconstrained portion.

In this study, the amount of values constrained are tested from
0%, 10%, ..., 100%, where 0% represents free identification
of P ; values and likely identifiability issues, and 100% forces
this term to be strictly negative capturing only breathing effort.
An example plot for b-splines functions yielding ﬁp curve
during inspiration phase is presented in Figure 1 with negative
constraint for —Pg ; is 70%.

2.2.2 EAdi signal analysis

Clinical EAdi signals available in this studied trial for both
NAVA and PSV provide a reference for muscle action for
inspiratory effort. In particular, peak EAdi and AUC[EAdi]
capture measured metrics of inspiratory effort for comparison
to model-based metric. Thus, collected EAdi signal offer the
opportunity to assess the resulting model-based inspiratory
breathing effort identified.

Note, since the studied ﬁp curves only focus inspiration phase
to identify patient inspiratory effort, AUC[EAJi] is limited to
inspiration phase to keep consistent, as presented in Figure 2.
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Figure 1. Identified weights (—Pg;) for b-splines (®; ;) and yielded
I3p curve with associated measured airway pressure, P(t), during
inspiration phase. Negative constraint is 70% for —P; ;, b-splines.
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Figure 2. The analysed variables in EAdi signal over a complete
breath.

2.2.3 ﬁp curve analysis

While P ; values constraint level is adjusted and tested, ﬁp
curve can have positive areas (ﬁp values > 0) and negative
areas (B, values < 0). Thus, B, curve is separated into positive
and negative areas while the area is calculated as its product
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over time (denoted as AUC [ﬁp Jpos and AUC[ 13,, Ineg), as
presented in Figure 3. To note, AUC[I%,]neg is calculated as a
positive value without regard to its under-zero curve.

Finally, the area under the complete B, curve (AUC[Z,]) is
calculated as the sum of AUC[P,Jpos and AUC[P, Jneg, defined:

AUC[B,] = AUC[pp]neg + AUC[pp]pos (6)
Meanwhile, PRCT,; is calculated as the percentage of
AUC[B, Jneg over AUC[B,], capturing the percentage of work
of breathing committed to inspiratory effort, defined:

PRCTypy = Auc[ﬁp]neg /AuC|B,] ™

Specially, to differentiate with the negative constraint for P ;,
PRCTpeg is described in 0, 0.1, ..., 1.0, while negative
constraint for P ; is described in 0%, 10%, ..., 100%.

In this study, peak EAdi and AUC[EAJi] are analysed and the
associated breaths are separated into two groups according to
PRCT g values, while one group contains all breaths that have
PRCTpeg < PRCTreg limit and other group for PRCTpeg >
PRCTpeg limit. PRCTyeg limit is tested from 0, 0.1, ..., 1.
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Figure 3. The analysed variables in B, curve during inspiration

phase of a breath.

3. RESULTS
3.1 Outcome with NAVA data

Figure 4 shows an example for peak EAdi values for tested
breaths (440 breaths in total) grouped via PRCT e limit (0.1,
0.2, ..., 0.9, 1.0), with a b-splines function constraint level of
50%. It can be seen lower peak EAdi breaths (< ~3000uV) tend
to locate in PRCTyeg > limit group, especially when PRCT e
limit = 0.6-0.9. This performance can be observed with
constraint levels of 30%-60%.

Correspondingly, Figure 5 shows the results for AUC[EAdi]
with the same b-splines constraint level of 50%. The similar
trend in peak EAdi outcome can be also observed in
AUC[EAdi] (£ ~2000pV*t) with constraint = 10%-60% and
PRCTpeg limit = 0.5-1.0.
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NAVA, Digital-twin Model, Constraint = 50%
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50%. Patient data under NAV A mode are used.

Table 1 provides the correlation analysis with R? values among
studied variables, PRCThyeg, AUC[Pp Jnee, peak EAdi, and
AUC[EAdi] while Pp negative constraint levels = 0%, 10%,

, 100% with NAVA data. Higher R? values are observed
with PRCT,ee versus AUC[EAdi] with constraint levels of

50%-

Table 1.

negative constraint levels = 0%, 10%, ...,

90%.

R? values (median [IQR]|) for PRCTneg and
AUC[ P, |neg versus AUC[EAdi] and peak EAdi with P,

under NAVA mode are used.

100%.

Patient data

B, R? values of
negative = =
constraint| PRCTuee | PRCTueg |AUCIE, lucg| AUCIB, Juce
level VS VS Vs V8
AUC|EAdi]| peak EAdi |[AUC[EAdi]| peak EAdi
0% 0.19[0.06 | 0.12[0.05 | 0.02 [0.01 | 0.04 [0.01
0.32] 0.22] 0.19] 0.18]
10% 0.2[0.08 | 0.13[0.06 | 0.02[0.01 | 0.05[0.01
0.37] 0.23] 0.21] 0.18]

neg
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0.9, 1.0) with ﬁp negative

, 0.9, 1.0) with ﬁp negative constraint =

500, | 0-1910.09 [ 0.1570.06 [ 0.02[0.01 [ 0.04[0.01
0.32] 0.25] 0.17] 0.16]

3005 | 02910.15 | 0.150.07 | 0.04[0.01 | 0.04 [0.02
0.42] 0.33] 0.17] 0.1]

400, | 03700.17 [ 020.13 [ 0.04[0.01 | 0.04 [0.01
0.57] 0.51] 0.18] 0.11]

5005 | 0-33[0.19 (036 [0.21 | 0.06 [0.03 | 0.05 [0.01
0.64] 0.61] 0.28] 0.19]

sovs | 051032 | 0.450.31'] 0.090.03 | 0.06 [0.01
0.69] 0.67] 0.31] 0.23]

Zovs | 0381036 [0.47[0.33 [ 0.12[0.04 | 0.120.02
0.74] 0.65] 0.33] 0.24]

g0vs | 0-5810.32 | 0.50[04 | 0.16[0.05 | 0.17[0.03
0.68] 0.6] 0.32] 0.28]

000, | 0-4610.34 | 0.4370.37 [ 0.15[0.04 | 0.17[0.03
0.6] 0.59] 0.37] 0.31]

R 0100] 0[00] | 0.17[0.03 | 0.14 [0.04
100% 0.35] 0.3]

3.2 Outcome with PSV data

Overall, the outcome with PSV is more variable compared
with NAVA. To contrast, the R? values for PSV data are much
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lower than NAVA data stated in Table 1, with a maximum
median R? value of 0.21.

However, trends are still observed, differing only based on
PRCT g limits. Figure 6 presents the same analysis in Figure
4 for PSV data as an example. It can be seen when PRCT g
limit = 0.1-0.4, higher peak EAdi breaths tend to locate in
PRCTpeg > limit group. While PRCT e limit > 0.7, higher peak
EAdi breaths tend to locate in PRCTy < limit group,
conversely.

For AUC[EAJi] analysis, with constraint levels of 30% and
40%, lower AUC[EAdi] (< ~2000uV*s) tends to locate in
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However, with constraint levels of 50% and 60%, same trends
are observed with PRCTg limit = 0.4, while opposite trends
(lower AUC[EAJi] tends to locate in PRCT e < limit group)
are observed with PRCT peg limit = 0.9-1.0.

In short, trends are observed for PRCTh, versus EAdi signal
analysis for both NAVA and PSV data. The trend is consistent
across PRCTpee limits in NAVA, while two trends are
observed and being opposite for PRCTyee limit < 0.4 and
PRCTpeg limit > 0.7 in PSV, which is thus more variable. This
variability and the low correlation R? values (Pp curve versus
EAdi signal) match other studies showing PSV did not match
tidal volume and EAdi well.

PRCTpneg > limit group while PRCTyee limit = 0.3-1.0.
PSV, Digital-twin Model, Constraint = 50%
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Figure 6. Peak EAdi values for tested breaths (440 breaths in total) grouped via PRCTheg limit (0.1, 0.2, ..., 0.9, 1.0), while 13p negative

constraint level = 50%. Patient data under PSV mode are used.

4. DISCUSSION

The negative area of ﬁp has been considered as representation
for patient negative spontaneous breathing work in original
approach (Knopp, J.L., etal., 2021). Considering it is a patient-
specific and breath-specific variable, PRCTy is analysed in
Figures 4-6 and Table 1 for NAVA and PSV data.

An appreciable correlation for NAVA data is observed for
PRCTyee versus AUC[EAdi], where a P;, negative constraint
level of 70%, with a median R? value of 0.58 and IQR = 0.36-
0.74 compared to R? values in (Knopp, J.L., et al., 2021) with
median 0.55 and IQR = 0.38-0.70. The 60% and 80%
constraint levels also offers similar or better performance, as
presented in Table 1.

Then, Figure 4 as an example shows a trend that breaths have
larger PRCTye tend to yield lower peak EAdi values (<
3000uV), when 15;, negative constraints = 30%-60%.
Meanwhile, this trend is also found for PRCTye versus
AUC[EAdi] when constraint level is between 10%-60%.
Therefore, for NAVA data, the 60% ﬁp negative constraint
level yielded the overall best compromise, with strong
correlation between peak EAdi and 13p values and
physiologically-relevant meaning for I3p curve negative area.

Compared with NAVA ventilation, which allows proportional
assist basing on measured EAdi signals, PSV simply delivers

airway flow up to a targeted driving pressure (peak inspiratory
pressure - PEEP). There is thus significant mismatch for many
patients between inspiratory effort measured by EAdi and the
tidal volume achieved (Chiew, Y., et al., 2013, Chiew, Y.S., et
al., 2011, Moorhead, K., et al., 2013, Piquilloud, L., et al.,
2011). This mismatch is expected to yield a correspondingly
lower correlation between inspiratory effort identified, or
measured via EAdi, and outcome work of breathing or tidal
volume.

The correlations with PSV data all resulted in lower R? values
than NAVA outcome, with maximum median R? value of 0.21
to 0.58. However, trends observed between EAdi signals and
PRCTpeg for NAVA, Figures 4 and 5, can still be observed in
PSV while being relatively more variable. The results match
expectations from prior studies (Chiew, Y., et al., 2013,
Chiew, Y.S,, et al., 2011, Moorhead, K., et al., 2013), and as a
result of observed poorer patient-ventilator interaction
(Piquilloud, L., et al., 2011). The variability between patients
is based on how well NAVA and PSV provided good patient-
ventilator matching and interaction (Chiew, Y., et al., 2013,
Chiew, Y.S., et al., 2011, Moorhead, K., et al., 2013).

Overall, physiologically-relevant correlations in 13p curve
negative area and EAdi signal can be found in both NAVA and
PSV data analysis. A Pp negative constraint level of 40-70% is
required to ensure identifiability and physiological relevance
in comparison to measured inspiratory effort in the studied
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trial. Results differ between NAVA and PSV modes based on
the poorer patient-ventilator interaction observed in PSV, and
these trends are patient-specific. Moreover, basing on previous
studies for digital-twin model in lung mechanics identification
and prediction in other mechanical ventilation (MV) modes
(Sun, Q., et al., 2021, Sun, Q., et al., 2022, Zhou, C., et al.,
2021), this approach is promising in wider use in clinical.
More clinical trials and data are required for further studies.

5. CONCLUSION

In conclusion, the proposed b-spline estimation method for
inspiratory effort functions well for both NAVA and PSV data.
Physiologically-relevant information is found within the
identified ﬁp curve for both NAVA and PSV modes, which
could be used to help guide weaning or changes in MV mode
settings. Further, its efficacy for the digital-twin model is
promising for creating a more general overall model-based
approach to personalised and predictive MV monitoring and
care. In future, the identified Pp could potentially be used to
replace the need for costly measurement of EAdi signals in
these clinically common MV patients.
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