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Abstract 

Mechanical ventilation (MV) therapy partially or fully replaces the work of breathing in 

patients with respiratory failure. Respiratory mechanics during pressure controlled (PC) or 

pressure support (PS) are often not estimated due to variability induced by patient’s 

spontaneous breathing effort (SB) or asynchronous events (AEs). Thus for non-invasive model-

based MV with PC/PS, there is a need for improved estimation of respiratory mechanics. An 

algorithm is proposed that allows for the improvement of respiratory system mechanics 

estimation during pressure controlled ventilation, while providing a means of quantifying AE 

magnitude as one indicator of patient-ventilator interaction, which may be valuable to 

clinicians to monitor patient response to care. For testing, 10 retrospective airway pressure and 

flow data samples were obtained from 6 MV patients, with each data sample containing 450-

500 breaths. All data samples with AE present experienced a decrease in 5th to 95th range 

(Range90) and mean absolute deviation (MAD) for the estimated respiratory system elastance 

after reconstruction. These results suggested improved in respiratory mechanics estimation 

during pressure controlled ventilation. The median [maximum (max), minimum (min)] 

decrease in MAD was 29.4% (51%, 18.6%), and the median (max, min) decrease in Range90 

divided by median respiratory system elastance was 30.7% (48.8%, 6.4%). The algorithm is 

robust to many different spontaneous breathing efforts, asynchrony shapes and types. The 

proposed algorithm demonstrates the potential to effectively improve respiratory mechanics 

and quantify the magnitude of AEs.  



1.0 Introduction 

Patients with respiratory failure require mechanical ventilation (MV) for breathing support [1-

3]. To aid the patient’s recovery from the underlying disease, his/her work of breathing is 

partially or fully replaced by the mechanical ventilator [3]. Common MV modes can be divided 

into volume controlled (VC) or pressure controlled (PC). While VC is able to provide a fixed 

tidal volume delivery, some clinicians prefer PC mode. This mode can limit the maximum 

driving pressure delivery during MV. Limiting the maximum pressure can prevent patients 

from incurring pressure induced lung injury, also known as barotrauma [4, 5]. PC ventilation 

is often extended to pressure support (PS) ventilation, allowing the patient to breathe 

spontaneously to potentially aid recovery [6].  

 

During PC/PS ventilation, a predefined driving pressure and a corresponding tidal volume are 

delivered to the patient. Thus, the delivered tidal volume can be variable, depending on the 

patient’s condition. This variability may be beneficial to patients but it affects model-based 

breath-to-breath respiratory mechanics estimation, causing inconsistency. This inconsistency 

in respiratory mechanics estimation is further aggravated during PS mode where patients 

exhibit spontaneous breathing efforts (SB) or an asynchrony event (AE) occurs. An example 

of the flow and pressure waveforms exhibited in normal and asynchronous breaths is shown in 

Figure 1. In pressure control MV, the pressure waveform is the controlled variable and 

therefore is relatively unaffected. 

 

Asynchrony events are problematic as they obscure the process of identifying the underlying 

patient-specific respiratory mechanics [7], and have also been linked to poor clinical outcomes 

including increased mortality [8-10]. A specific problem of consistent asynchronous breaths 



occurring during PS ventilation, termed ‘reverse triggering’, was first documented by 

Akoumianaki et al. in 2013 [7]. It was noted that this form of neuromechanically coupling has 

been largely undocumented by clinicians and can prevent accurate determination of the 

underlying respiratory mechanics [7]. In fact, much of the breathing data utilized in this study 

exhibits the characteristics of reverse-triggering. To the knowledge of the authors, there are no 

current extensively tested methods for identifying patient respiratory mechanics during 

asynchronous pressure controlled MV without the use of invasive protocols or equipment [11, 

12]. Because of this, during PC/PS ventilation mode, relatively little model-based respiratory 

mechanics estimation is performed and it is not used to guide mechanical ventilation. A 

successful method to allow real-time monitoring of respiratory mechanics in pressure-

controlled MV patients must be able to separate the asynchronous breathing or patient’s own 

spontaneous breathing efforts from the support by the ventilator. 

 

While the specific phenomenon of reverse-triggered breaths during phenomenon has only been 

brought to attention in the past few years, the problem of determining the patient’s underlying 

respiratory mechanics during spontaneous breathing has been a long-time subject of research. 

The flow interrupter technique (FIT), a method of determining the respiratory mechanics 

during spontaneous breathing, was first introduced by Von Neergaard and Wirz in 1927 [13] 

and has been refined in more recent years [14, 15]. However the method involves obstructing 

the flow of air delivered and is most suitable for non-intubated patients. It is not compatible 

with continuous monitoring of respiratory mechanics and does not allow for separation of 

spontaneous breathing efforts from those of the ventilator [16]. Similarly, body 

plethysmography allows for measurement of airway resistance and therefore can be utilized to 

calculate elastance [17]. It requires the patient to be situated in a glass container during use and 

therefore is not appropriate for use in intensive care. 



 

Methods developed for monitoring of respiratory mechanics in intubated, mechanically 

ventilated patients have also been developed, such as the transient flow reduction technique 

described by Younes et al. [16]. However, similar to FIT, the technique requires the flow to be 

obstructed during measurements and is therefore not suitable for real-time continuous 

monitoring of respiratory mechanics. Dubois et al. developed a forced oscillation technique in 

which small-amplitude pressure oscillations are superimposed onto a regular breath, allowing 

for frequency domain analysis of respiratory mechanics [18, 19]. Such methods have been 

demonstrated to allow for titration of PEEP through determining a patient’s respiratory 

mechanics [20]. However, implementation into clinical practice would require modification to 

current ventilator hardware. Other methods include the measurement of esophageal pressure to 

account for pressure changes in the pleural cavity due to muscular efforts [21]. Such methods 

are invasive due to balloon catheterisation of the esophagus and thus have not seen widespread 

clinical application [22].  

 

Non-invasive model-based methods for determining respiratory mechanics during 

asynchronous MV have only appeared in recent years. These methods only require acquisition 

of patients airway pressure and flow data from the ventilator. Redmond et al. developed a 

method for reconstructing a pressure waveform, however this only applies to volume controlled 

MV [23]. A different approach is taken by Rigo et al. in which breathing cycles are uniquely 

selected to estimate respiratory mechanics [24]. While such an approach may be effective for 

times in which only some breaths are affected by spontaneous breathing efforts, it may not be 

suitable for periods of continuous entrainment in which every breath is asynchronous, as has 

been seen in the data utilized in this study. For PC mode, Vicario et al have recently developed 



a constrained optimisation method to account for patient diaphragmatic effort [25]. The method 

demonstrates an ability to improve estimation of respiratory mechanics in mechanically 

ventilate patients, however the method has yet to be extensively tested on human data. 

 

Thus, there is still a need to improve current capabilities of identifying patient respiratory 

mechanics during pressure controlled MV, so that model-based methods of guiding treatment 

may take place. Additionally, there is a need to quantify the size or magnitude of AEs so that 

clinicians may be provided with valuable information on patient-ventilator interaction during 

the course of treatment. 

 

This study presents a proof of concept iterative method to improve model-based respiratory 

mechanics estimation during pressure controlled ventilation. Specifically, an iterative 

interpolative flow reconstruction method is used. This method operates by identifying whether 

a pressure controlled or pressure supported breath is distorted by spontaneous breathing effort 

or an AE. This method then reconstructs the affected airway flow to a single compartment 

respiratory model airway flow profile. This method yields a pseudo airway flow profile that is 

unaffected by spontaneous breathing or asynchrony, allowing estimation of the unaffected, 

underlying patient-specific respiratory mechanics, while quantifying the magnitude of AEs.  

 

2.0 Method 

2.1 Patient Data 

Airway pressure and flow data from MV patients admitted to the Christchurch Hospital 

intensive care unit (ICU) were used in this study. The patients were ventilated with Puritan 



Bennett 840 ventilation using synchronous intermittent mandatory ventilation (SIMV) pressure 

controlled mode to achieve tidal volume of 6~8 ml/kg [26]. Ten data samples, each having 

450-500 breathing cycles (~30 minutes) were extracted from 6 patients included in this study. 

It is assumed that underlying respiratory mechanics and patient condition do not change 

significantly over a short period of time. Therefore, the respiratory system elastance, E 

identified from reconstructed flow profiles is expected to be far more constant than far those 

affected by SB or AE. All data were sampled at 50 Hz and processed using MATLAB (R2014a, 

The Mathworks, Natick, Massachusetts, USA).  

 

2.1.1 Ethics, Consent and Permissions 

Acquisition and use of patient data was approved by the New Zealand Southern Region Health 

and Disability Ethics Committee (HDEC) under informed consent (13/STH/84 and 

URA/12/EXP/022). 

 

2.2 Reconstruction Method 

In this section, the sequence of the iterative interpolative flow reconstruction method is 

presented. Figure 2 illustrates an example of the airway flow reconstruction for an 

asynchronous breathing cycle in 9 total steps. Each step is specifically defined. 

 

Step 1: Filtering data: 

Pressure and flow waveforms are first filtered to remove noise, using a first order zero-phase 

Butterworth Filter with a normalized cut-off frequency of 0.3 Hz. An example of raw and 

filtered flow data is shown in Figure 2, Step 1. 



 

Step 2: Locating the shoulders of airway pressure: 

The left and right shoulders of the airway pressure curve are identified. The location of these 

shoulders is important because the fitting of physiological parameters is most dependent on 

this region. The identified shoulder locations are shown as crosses on the pressure curves in 

Figure 2, Step 2. 

 

A first approximation to the location of the left shoulder is found by taking the maximum of 

the shear transform [27] between the first data point and the point of maximum pressure. The 

second shoulder, corresponding to the end of inspiration, is found by taking the maximum of 

the shear transform between the point of maximum pressure and the point of minimum flow. 

The shear transform lines for the first and second shoulders are indicated in Figure 2, Step 2 

by the dashed and solid lines, respectively. 

 

For a more reliable identification of the left shoulder, a second shear transform is performed. 

The left shoulder is defined as the location of the maximum of the shear transform between the 

first data point and a quarter of the way between the first approximation to the shoulder and 

the end inspiratory point. For most cases, the final identified location of the left shoulder and 

the first approximation will be the same. 

Step 3: First single compartment model fitting: 

A single compartment linear lung model is then fit to the data using an integral based linear 

regression method [28], with the model defined: 

 



𝑅
𝑑𝑉(𝑡)

𝑑𝑡
= (𝑃(𝑡) − 𝑃𝑃𝐸𝐸𝑃) − 𝐸𝑉(𝑡)         (1) 

 

Where R is the respiratory system resistance, V is the tidal volume, t is time,  P is the airway 

pressure, PPEEP is the offset pressure or positive end-expiratory pressure (PEEP), E is the 

respiratory system elastance.  

 

During PC ventilation, pressure is the controlled variable in this case, the model is fit to the 

volume and flow data and is indicated by the dashed line in Figure 2, Step 3. The model is fit 

between the two identified shoulders to avoid non-physiological changes in R and E induced 

by the mechanics of the ventilator. The PEEP is defined as the minimum pressure between the 

first data point and the end inspiratory point. If the area between the model fit and actual flow 

curves is below a user specified threshold, the flow is deemed to be free of patient induced 

effort or with no AE, the flow reconstruction will not occur. 

 

Step 4: Locating patient-induced effort: 

The intersections between the flow data and the model fitted curve are identified. Intersections 

due to asynchrony are selected based on the gradient of the pressure curve at the crossings. 

Asynchronous regions can be identified by a rise in an otherwise monotonically decreasing 

flow inspiration waveform. If the asynchrony is significant in magnitude, it will cause an 

intersection between the model fit and raw flow data at this upwards sloping region. Therefore 

if the gradient at an intersection is positive, the breath is detected as asynchronous. The 

asynchronous crossing is shown in Figure 2, Step 4 as a cross. 

 



Step 5: Reduction of patient-induced effort: 

Inspiratory flow unaffected by patient efforts takes a ramp shape. Therefore, the asynchronous 

crossings are used to estimate the appropriate gradient of the ramp. The flow profile is 

constructed by using a straight line intersecting two points, referred to from here as ‘flow 

reconstruction points’. 

 

The first flow reconstruction point used is two data points after the first fit point of the flow 

data. The first two data points are not used as there is usually some error in the data close to 

the maximum of the flow due to interaction between the patient and the ventilator. 

 

The second flow reconstruction point used is the point halfway (in time) between the identified 

asynchronous crossing and the minimum of flow up to that point. This choice results in the 

estimated true ramp flow being constructed underneath the area of identified asynchrony and, 

as such, is a more accurate estimate of the unaffected flow waveform. The two flow 

reconstruction points are shown as crosses in Figure1, Step 5, and the reconstructed flow is 

shown as the thin line. 

 

 

Step 6: Single compartment model refitting 

The single compartment lung model is fit a second time to the new reconstructed flow in Figure 

2, Step 6. The refit curve is shown as the dashed line. The magnitude of asynchrony is found 

by taking the absolute value of the area between the final curve fit and the flow data. 



 

Step 7a: First special case - Breaths with early asynchrony, initial reconstruction: 

Note that the choosing of the two points in Step 5 for flow reconstruction is only valid if the 

asynchrony is sufficiently far away from the beginning of inspiration. If the asynchrony is too 

close to the flow maximum, then there will be no region unaffected by asynchrony between the 

two points usually used. The estimation of the ramp gradient will thus fail. 

 

Therefore, if the first asynchronous crossing detected is within 8 data points of the first fit flow 

point, a modified approach is taken to reconstruct the flow. In this case, the second flow 

reconstruction point is the point of last crossing in inspiration between the fit flow and the 

actual flow data. This region is the most likely to be free of asynchrony if there is an asynchrony 

near the beginning of the breath. In addition, having the maximum distance between the two 

flow reconstruction points, it results in the least error. After this point, the reconstructed flow 

is set as the same as the actual flow. An example of a flow reconstruction with an early 

asynchrony is shown in Figure 2, Step 7a, with the flow reconstruction points indicated by 

crosses and thin lines indicating the flow reconstruction. 

 

 

 

Step 7b: First special case – Breaths with early asynchrony, iterative reconstruction 

The reconstruction method for early asynchronies usually results in the flow curve being 

reconstructed too high, resulting in an incorrect E estimation. Therefore, an iterative procedure 

is taken, using the model fit to guide further reconstruction. A new flow curve is constructed 



using the refitted model curve. The first flow reconstruction point is the same as in Step 6. 

However, the second flow reconstruction point used is the new intersection at the end of the 

flow curve between the data and the new model fit. Using this method, the flow is iteratively 

driven down until convergence or a set number of iterations is reached. This method typically 

converges within 4 iterations. A convergence criterion could be applied based on the change in 

the final pressure intercept, however for this study the number of iterations was set to be 

constant at 5. An example of the iterative procedure is shown in Figure1, Step 7b, with the final 

reconstruction indicated by the lowest solid line. 

 

Step 7c: Second special case – Breaths where a linear extrapolation is not suitable: 

Another special case is where extrapolating a line would result in negative flow. This issue 

occurs in situations where either the actual flow becomes negative or where the model fit 

approaches zero flow early and levels out. In these cases, the flow data is kept the same up to 

the crossing before the first asynchronous crossing. After this point, the initial model fit is used 

instead of the raw data. This approach generally acts to raise the final model fit slightly, which 

does not include a negative flow in inspiration, as seen in the magenta line in Figure 2, Step 

7c. Figure 3 shows a basic flowchart of the process described.  

 

 

2.3 Data Analysis 

2.3.1 Respiratory mechanics estimation 

The pseudo airway flow generated by the IIFR presented is used for respiratory mechanics 

estimation. The estimated respiratory mechanics are compared to the respiratory mechanics 



estimated using the original airway flow prior to reconstruction. A two sample Kolmogorov-

Smirnov test is used to test the difference of respiratory mechanics distribution. A p-value of < 

0.05 is considered statistically significant. 

 

The magnitude of asynchrony for each asynchronous breathing cycle can be estimated as the 

difference between the pseudo reconstructed airway flow during inspiration and the 

asynchronous pressure: 

𝐴 =  
∫ |𝑄𝑎−𝑄𝑟|𝑑𝑡

𝑡𝐼𝐸
𝑡𝐼𝑆

∫ 𝑄𝑎
𝑡𝐼𝐸

𝑡𝐼𝑆
𝑑𝑡

             (2) 

 

Where 𝑄𝑟 is the reconstructed airway flow, and 𝑄𝑎 is the asynchronous flow. The limits tIS and 

tIE are the times of the occurrence of the ‘shoulders’ of the pressure curve at the start and end 

of inspiration respectively. Equation 2 can be used for both the initial model fit, and the 

reconstructed model fit. Although reconstruction can take place on all breaths where an 

asynchronous crossing has been detected, if the initial model fit error area is less than 5%, 

calculated using Equation 2 for the model fit and data, the original value of elastance is used 

for the elastance estimate. This avoids needless changes to the estimated elastance in breaths 

with a very low level of asynchrony. An exception to this is where the initial model fit is 

satisfactory but the breath is actually highly asynchronous, with a threshold on the final 

asynchronous area of 9% where all breaths are considered asynchronous regardless of the initial 

model fit. These thresholds were determined by inspecting breaths with low or high levels of 

asynchrony. 

 



2.3.2 Respiratory system elastance variation and spread analysis 

To analyse the spread and variation of the estimated respiratory system elastance, E, the mean 

absolute difference (MAD) and Range90 is calculated [29]. Range90 is the difference between 

the 95th percentile and the 5th percentile of the E distribution. To normalise the results, the 

Range90 value is divided by the median non-asynchronous E value. Hence, the spread or the 

range of the parameter can be quantified and compared within different data sets, as it is a form 

of dimensionless variation. 

  



3.0 Results 

The algorithm was run on all data sets. Four example reconstructions on different asynchrony 

shapes are included in Figure 4, with the dashed line indicating the reconstruction. Note that 

any ‘wobbles’ in the reconstructed flow fit are generally due to the pressure waveforms being 

slightly affected by spontaneous breathing efforts. 

 

Table 1 displays the associated median elastance of all asynchronous breaths before and after 

reconstruction alongside the median of the non-asynchronous breaths. Range90 and mean 

absolute distribution (MAD) are also calculated for both the original and reconstructed set of 

breaths. n is the total number of asynchronous breaths in a given sample and h is the result of 

a two-sample Kolmogorov-Smirnov test with p-value < 0.05 implying a significant difference. 

The asynchronous area is the median of all breaths identified as asynchronous. 

 

The cumulative distribution (CDF) plots for the original and reconstructed E of data samples, 

3, 8, 9 and 10, are displayed in Figure 5. The asynchronous area for each sample is also plotted. 

Figure 4 shows E before and after reconstruction for all breaths in data sets 3, 8, 9 and 10, 

where reconstruction is expected to yield greater consistency as no MV parameters were 

changed during a 30 minute sample. Note that sample 9 contains only 31 non-asynchronous 

breaths, resulting in the jagged appearance of the non-asynchronous CDF line. Plots depicted 

in Figures 5 and 6 for all 10 data sets are attached in the online Appendix A for completeness.  

 

  



Table 1. Flow Reconstruction Results 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

* AE: Asynchronous breaths, O: Original airway flow, R: Reconstructed airway flow, + 

indicates p<0.05 comparing reconstructed respiratory elastance to baseline unreconstructed 

elastance using Kolmogorov-Smirnov test. 

 

 

 

  

Data 

Sample 

Number 

of AE 

Breaths 

(n) 

Median Respiratory 

System Elastance, Ers 

(cmH2O/L) 

MAD Range90/ 

median 

Async 

Area 

Median 

(%) 
Non 

AE* 

AE 

(O) 

AE 

(R) 

(O) (R) (O) (R) 

1+ 181 27.42 17.51 23.76 5.71 4.03 0.80 0.57 18.16 

2+ 141 27.51 18.34 24.37 4.74 3.40 0.69 0.53 15.77 

3+ 246 24.46 15.58 23.23 5.64 3.32 0.88 0.61 19.48 

4+ 164 16.23 9.73 15.60 7.74 6.52 2.72 2.55 14.85 

5+ 194 28.88 23.17 25.96 9.75 7.29 1.65 1.12 17.06 

6+ 209 25.39 21.20 24.99 10.00 6.05 2.02 1.03 18.10 

7+ 273 22.35 9.49 16.62 12.63 6.15 2.36 1.22 16.19 

8+ 238 24.24 23.86 25.84 3.03 2.47 0.63 0.43 11.58 

9+ 469 36.86 27.28 33.91 8.61 5.21 0.67 0.52 24.53 

10 1 16.16 15.82 16.85 1.03 1.03 0.18 0.18 6.52 



4.0 Discussion 

In this study, all data samples with asynchronous events experienced a decrease in 

Range90/median E and MAD after flow reconstruction. The extent to which the E changes not 

only depends on the performance of the algorithm, but also on the number and magnitude of 

AEs. The median [maximum (max), minimum (min)] decrease in mean absolute deviation 

across these data samples, not including Data sample 10, which contained only one AE, was 

29.4% (51%, 18.6%). A decrease in Range90/median or MAD indicates a decrease in 

variability of E due to asynchrony, and thus, improved the consistency of identification of 

patient specific, underlying respiratory mechanics. The median (max, min) decrease in the 

Range90 divided by median E was 30.7% (48.8%, 6.4%). 

 

Dataset 10 contains a minimum amount of AEs and correspondingly has the smallest number 

of reconstructions. Thus, the Range90/median and MAD of E is minimal, indicating that the 

algorithm has a minimal effect on non-asynchronous breaths. This result can be seen in Figure 

5, Sample 10, where all the three CDF lines are steep. This result is reiterated in the results of 

the Kolmogorov-Smirnov test, with all data sets having p<0.05 except for the non-

asynchronous case of Data sample 10. 

 

Performance of the algorithm in determining the true underlying respiratory system elastance 

can also be assessed by comparing the E of the reconstructed breaths to the E of non-

reconstructed breaths. Breaths that have not been reconstructed are those which do not have 

upwards fluctuations in flow large enough to result in the model crossing the data at these 

points, or those which exhibit a high conformation to the model during the initial fit.  These 

breaths are likely to not contain AEs. Therefore, the median of these breaths gives a measure 



of the underlying true E if no physiological or external processes, such as MV recruitment 

manoeuvers or change of ventilator settings, occur over the time period.  

 

For the 9 data samples containing spontaneous breathing or AEs, 8 resulted in the median of 

the reconstructed E moving closer towards the true E. The median shift was 65.7% closer to 

the true E, from its original estimate, with a maximum of 89.5%. As a result, E for reconstructed 

breaths shifted from median 33.3% to 8% deviation from the true E.  

 

After reconstruction, Data sample 8 did not see its E values improved after flow reconstruction, 

because the median E of the asynchronous breaths was already within 1.7% of the true E value. 

Thus, the flow reconstruction had a minimal change, as expected in such a case. Improvements 

in the consistency of elastance values, all else equal, gives evidence that the asynchrony 

magnitudes being calculated are accurate, resulting in reliable asynchrony detection and 

estimation. 

 

The range of asynchronous magnitude for datasets used in this report range from 6.52% to 

24.53%. The magnitude of asynchrony can vary between datasets containing similar amounts 

of asynchrony. This can be seen in Datasets 3 (246 AE) and 8 (238 AE), which had median 

asynchronous magnitudes of 19.48% and 11.58% respectively. The IIPR allows for asynchrony 

magnitudes to be accurately measured and quantified and for the possibility of further 

development in this area towards an aid to monitor patient recovery.  

 



An interesting and unique consequence of the method is that the tidal volume may change after 

reconstructing the flow.  This change can occur because during patient spontaneous breathing, 

the movement of the patient’s diaphragm and intercostal muscles creates an elastance demand 

effect [30]. Therefore, during the asynchronous portion of a breath, where a patient is 

attempting to breathe in, there must be more volume to create the same pressure. Thus, for 

example, if this portion occurs at the end of inspiration, there is an increased tidal volume. 

However, the algorithm is attempting to reconstruct the flow or volume which would have 

resulted if the patient was not spontaneously breathing. This extra volume would thus 

‘disappear’, as it would not have occurred in the absence of spontaneous breathing effort. 

 

A limitation of the study is that the ‘true’ elastance had to be assumed to be the median 

elastance of non-asynchronous breaths. This ‘true’ elastance is likely to be accurate, as the 

underlying elastance of patients is not expected to vary significantly over a time period as short 

as 30 minutes, or per Figure 6, even shorter periods, because it is clear in the figure that the 

behaviour is stable. Thus, if variation did occur a clear trend in elastance would be expected in 

the elastance over time plots. An extension of this study in the future may be to utilize data pre 

and post sedation, so that a more reliable comparison to the true underlying patient elastance 

can be made, when the patient is sedated. 

 

While the flow reconstruction has been shown to perform satisfactorily across multiple patients 

and asynchrony types, the performance of the algorithm has some limitations. Flow 

reconstruction is hindered by the multitude of possible asynchrony shapes, with the unaffected 

flow being difficult to determine even by eye. While the algorithm is capable of both lowering 

and raising apparent E towards a true underlying unaffected E value, it is more effective at 



raising a low E. This behavior may be due to the majority of ‘standard’ asynchronies resulting 

in a lowered apparent E. The more aberrant breaths, which the algorithm is unable to 

reconstruct effectively, often result in a raised E.  

 

Of note is the presence of seemingly normal breaths that have E values significantly higher 

than the median, appearing in 2.5% of all breathing cycles. These breaths have inspiration flow 

curves which appear to be the standard ramp shape, however the peak flow may be lower than 

usual, or the time of inspiration may be abnormally short. Additionally, the inspiratory volume 

is often smaller than the expiratory volume. These breaths have a lower than normal tidal 

volume and therefore have a raised identified elastance. Because of the shape of the flow curve 

being undistorted, these breaths are not classed as asynchronous by the algorithm. Breaths such 

as these result in the 7 ‘outlier’ values seen in Dataset 10, and the period between breaths 200-

400 in Dataset 7 where there are breaths with high elastance values. Interestingly, in Dataset 7 

the seemingly non-asynchronous breaths with abnormally low tidal volumes are generally 

followed or preceded by highly asynchronous breaths with negative initial elastance estimates. 

These ‘catch-up’ breaths may have high identified elastance values due to activity of the 

diaphragm that is not visible in the shape of the curve and demonstrates a limitation of the 

algorithm, which relies on geometric abnormalities in the flow curve. 

 

This method currently only applies to square wave pressure delivery. However, this is a 

commonly used pressure shape which is present on many different ventilators. As such, the 

method applies to a range of ventilators. The method may also be adapted to other pressure 

shapes.  

 



While flow reconstruction is currently not as effective for some types of asynchronies, 

determination of a true unaffected, underlying E is improved in all cases seen in this study. 

Because the algorithm works on single breaths, it is able to be utilized in situations where every 

breath is asynchronous, or where there is only a short time period available to identify  

respiratory mechanics, such as during PEEP recruitment manoeuvers [26]. Therefore, the 

algorithm exhibits the potential for improvement for guiding MV using model-identified 

respiratory mechanics. Further improvements may be possible by considering further types of 

asynchrony and changing the way early asynchronies are handled. 

 

 

 

 

 

 

 

 

 

 

 

 

 



5.0 Conclusion 

The proposed iterative interpolative flow reconstruction algorithm is able to improve 

respiratory system elastance estimation for a wide variety of flow anomaly cases during 

pressure controlled ventilation. These results have shown the potential use of respiratory 

mechanics to guide MV therapy in this ventilation mode. Equally importantly, reconstruction 

allows for an effective measure of asynchrony magnitude, which will enable improved 

monitoring of patient-ventilator interaction and assessment of the impact of AEs on outcomes 

given an automated detection and quantification method. Additionally, IIFR allows an 

objective quantification of asynchrony event magnitude which can be used in future studies or 

in intensive care. The algorithm allows for a more optimized and efficient MV therapy and 

thereby has a potential to improve patient outcomes in intensive care. 

 

6.0 Main Outcomes 

1) A novel iterative flow reconstruction method is presented and validated (on clinical data) 

2) Method enables improved estimation of underlying elastance to guide MV  

3) Automated detection and (first ever) quantification of AEs will enable further study of 

impact on clinical outcomes.  
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Figure Legend 

Figure 1 (Single Column). Example airway flow and pressure plot for a normal and 

asynchronous breath 

Figure 2 (Two Column). Airway flow or pressure plots for each step of iterative interpolative 

flow reconstruction process  

Figure 3 (Two Column). Flow reconstruction process 

Figure 4 (Single Column). Example reconstructions for different asynchrony shapes, 

encountered in three different patients  

Figure 5 (Two Column). CDF plots of elastance for the initial and reconstructed breaths 

affected by AEs, breaths without AEs and asynchronous area for data sets 3, 7, 9 and 10.  

Figure 6 (Two Column). Plots of elastance for the initial and reconstructed breaths for data sets 

3, 7, 9 and 10, where ‘x’ is the elastance using the given data, and ‘o’ using reconstructed data. 
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