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Abstract
Patient-ventilator asynchrony is associated with intolerance to noninvasive ventilation (NIV) and worsened outcomes. Our 
goal was to develop a tool to determine a patient needs for  intervention by a practitioner due to the presence of patient-
ventilator asynchrony. We postulated that a clinician can determine when a patient needs corrective intervention due to the 
perceived severity of patient-ventilator asynchrony. We hypothesized a new measure, patient breathing variability, would 
indicate when corrective intervention is suggested by a bedside practitioner due to the perceived severity of patient-ventilator 
asynchrony. With IRB approval data was collected on 78 NIV patients. A panel of experts reviewed retrospective data from 
a development set of 10 NIV patients to categorize them into one of the three categories. The three categories were; “No to 
mild asynchrony—no intervention needed”, “moderate asynchrony—non-emergent corrective intervention required”, and 
“severe asynchrony—immediate intervention required”. A stepwise regression with a F-test forward selection criterion was 
used to develop a positive linear logic model predicting the expert panel’s categorizations of the need for corrective interven-
tion. The model was incorporated into a software tool for clinical implementation. The tool was implemented prospectively 
on 68 NIV patients simultaneous to a bedside practitioner scoring the need for corrective intervention due to the perceived 
severity of patient-ventilator asynchrony. The categories from the tool and the practitioner were compared with the rate of 
agreement, sensitivity, specificity, and receiver operator characteristic analyses. The rate of agreement in categorizing the 
suggested need for clinical intervention due to the perceived presence of patient-ventilator asynchrony between the tool and 
experienced bedside practitioners was 95% with a Kappa score of 0.85 (p < 0.001). Further analysis found a specificity of 
84% and sensitivity of 99%. The tool appears to accurately match the suggested need for corrective intervention by a bedside 
practitioner. Application of the tool allows for continuous, real time, and non-invasive monitoring of patients receiving NIV, 
and may enable early corrective interventions to ameliorate potential patient-ventilator asynchrony.

Keywords Noninvasive ventilation · Breathing asynchrony · Ventilator monitoring · Work of breathing · Respiratory failure

1 Introduction

Non-invasive ventilation (NIV) is an effective therapy treat-
ing patients with hypoxia, hypercapnia, and dyspnea associ-
ated with respiratory failure [1–9]. A significant benefit of 
using NIV is to treat and alleviate these symptoms while 
avoiding complications associated with endotracheal intuba-
tion [10]. While NIV has been proven effective for patients 
with various etiologies [11], it is reported that up to 20% of 
patients fail requiring endotracheal intubation [12, 13]. A 
common problem that arises during NIV which may con-
tribute to its failure is patient-ventilator asynchrony [1, 12, 
14–19]. Patient-ventilator asynchrony reportedly occurs in 
40% of patients and has been shown to worsen gas exchange, 
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waste patient efforts, increase discomfort, and increase the 
duration of mechanical ventilation [13, 20–22].

Measuring patient-ventilator asynchrony requires detec-
tion of patient effort through invasive instrumentation such 
as an esophageal catheter [23]. Detecting patient-ventilator 
asynchrony non-invasively can be done by locating the effect 
of patient effort in the pressure and flow waveforms [24]. 
However, the effect of patient effort is not always visible 
in the pressure and flow waveforms. Patient efforts can be 
hidden from waveforms because of an inadvertent dampen-
ing effect caused by leaked flow, which is prevalent during 
NIV [25]. Even trained clinicians have difficulty detecting 
patient-ventilator asynchrony when given waveform data in a 
clinical setting [26, 27]. When patient-ventilator asynchrony 
is detected, it is unclear at what severity level of asynchrony 
corrective intervention is beneficial [28].

Based on these findings, detecting patient-ventilator asyn-
chrony non-invasively during NIV is impractical in a routine 
clinical setting. Thus, there is a need to determine when 
corrective intervention is beneficial to overcome the effects 
of patient-ventilator asynchrony.

Our goal was to develop a clinical tool to suggest correc-
tive intervention when assessed by a bedside clinician due to 
the perceived severity of patient-ventilator asynchrony. We 
hypothesized a new measure, patient breathing variability, 
would indicate when corrective intervention is suggested 
by a bedside practitioner due to the perceived severity of 
patient-ventilator asynchrony.

2  Methods

We first developed a detector to estimate the suggested need 
for corrective intervention due to the perceived severity of 
patient-ventilator asynchrony. Then we performed a prospec-
tive clinical study evaluating the detector’s prediction of the 

suggested need for corrective intervention against skilled 
bedside practitioner’s assessment.

2.1  Study patients and data collection

With approval from the IRB of the University of Florida, 
adults with respiratory failure from various etiologies 
receiving non-invasive ventilation (NIV) in the emergency 
department, surgical intensive care unit, or medical inten-
sive care unit were studied. All patients were ventilated with 
a dedicated NIV ventilator (Respironics V-60; Philips). 
Patients were ventilated with the dedicated NIV ventila-
tor per hospital protocol which, in brief, included use of 
the “S/T” (spontaneous/timed) mode delivering an inspira-
tory pressure (IPAP) when triggered for inhalation and an 
expiratory pressure (EPAP) otherwise. Pressure and flow 
sensors were placed between the breathing circuit tubing and 
NIV facemask. Data were directed to a respiratory monitor 
(Respironics NM3, Philips) and recorded on a laptop with 
proprietary data collection software (Convergent Engineer-
ing, Gainesville FL).

2.2  Phase I—develop the breathing variability 
detection tool

A scale with 3 categories was developed to categorize the 
need for a corrective intervention due to the perceived sever-
ity of patient-ventilator asynchrony. The three categories, 
as seen in Table 1, are (1) no to mild patient-ventilator 
asynchrony, no corrective intervention required; (2) mod-
erate patient-ventilator asynchrony, non-emergent correc-
tive intervention required; and (3) severe patient-ventilator 
asynchrony, immediate corrective intervention required to 
reverse on going or imminent NIV failure.

A panel of eight experts in mechanical ventilation, criti-
cal care, and NIV therapy (RRT—5, PhD—2, MD—1) was 
formed to categorize the need for corrective intervention due 

Table 1  Definitions of breathing asynchrony used by clinicians to categorize patient-ventilator asynchrony and the need for corrective interven-
tion are shown

Patient-ventiltor asynchrony category Description

1 No breathing asynchrony—patient breathing in phase with ventilator Patient appears to be breathing comfortably
Ventilator matches the patient’s breathing efforts

Mild breathing asynchrony—ventilator occasionally out of phase 
with patient

Occasional mismatch between patient’s breathing pattern and ventila-
tor

Asynchrony does not necessitate changes
2 Moderate breathing asynchrony—ventilator frequently out of phase 

with patient
Patient appears to be uncomfortable
Apparent mismatch between patient’s breathing patterns and ventilator
Asynchrony should be addressed

3 Severe breathing asynchrony—ventilator always out of phase with 
patient

Patient is uncomfortable
Patient is breathing out of phase with ventilator
Difficult to detect breathing
Asynchrony is severe enough to require immediate intervention
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to the perceived severity of patient-ventilator asynchrony. 
The panel was given 88 waveform data segments, taken ret-
rospectively from 10 patients. The 88 data segments were 
chosen to represent varying breathing patterns, ranging from 
consistent to highly variable. The data segments included a 
45 s period including: age, weight, gender, diagnosis, ven-
tilator pressure settings, leak flow, ventilator oxygen set-
ting, oxygen saturation, breathing frequency, tidal volume, 
breathing frequency/tidal volume (f/VT), POB J/min (power 
of breathing) [29], minute ventilation, respiratory system 
compliance [30], total resistance [30] as well as the pressure, 
flow, and volume waveforms. Each of the experts individu-
ally categorized the perceived patient-ventilator asynchrony 
for the 88 data segments. After which, the experts met and 
agreed to a single value for each data segment.

A positive linear logistic model was developed using the 
88 categorizations of the indication for corrective inter-
vention due to the perceived severity of patient-ventilator 
asynchrony. The method for developing the model was a 
stepwise regression with a F-test forward selection criteria 
[31]. Parameters used in the method were those given to 
the expert panel with additional parameters that were newly 
developed for the task. The additional parameters were esti-
mates of breathing patterns and estimates of breathing vari-
ability as detailed in online supplemental material 1. This 
method used parameters estimating breathing variability to 
build the model, thus the model was called the breathing 
variability detection (BVD) algorithm. The BVD algorithm 
was programmed as a proprietary software package operat-
ing on a laptop computer. A laptop with the BVD algorithm 
and data connection to the ventilator and respiratory monitor 
comprise the BVD tool.

2.3  Phase II—breathing variability detection tool 
implementation

The BVD tool was attached to a respiratory monitor at a 
patient’s bedside that measured the pressure and flow wave-
forms at the patient’s airway and the NIV ventilator. The tool 
measured the breathing variability to classify the prospective 
data into the three categories of suggested need for correc-
tive intervention due to the perceived severity of patient-
ventilator asynchrony.

The BVD was implemented prospectively on 68 patients 
receiving NIV therapy. Patients were in the medical inten-
sive care unit, surgical intensive care unit, and emergency 
department. The implementation of the BVD included 
simultaneous categorization of the need for corrective inter-
vention due to the perceived severity of patient-ventilator 
asynchrony by the tool and the bedside practitioner. Prior 
to their evaluation, the bedside practitioners were given 
a synopsis on patient-ventilator asynchrony as shown in 
online supplemental material 2. None of the practitioners 

evaluating patients were involved in the BVD development 
phase. The bedside practitioners (n = 10 MDs and 19 RRTs) 
were blinded to the BVD information, but could use any 
information available, including: pressure and flow wave-
form data from a respiratory monitor, cardiovascular data 
from an attached physiologic monitor, NIV ventilator set-
tings, recent laboratory results, and observed patient agita-
tion or accessory inspiratory muscle use. The practitioners 
were asked to assess the need for corrective intervention due 
to the perceived severity of patient-ventilator asynchrony 
and if the NIV ventilator settings were to be changed, up to 
a maximum of three evaluations per patient.

The plan for corrective intervention due to the perceived 
severity of patient-ventilator asynchrony was collected 
simultaneous to the data measured by the breathing vari-
ability detection tool. All data were collected by a study 
investigator on a laptop, along with patient demographics, 
ventilator settings, and respiratory monitor parameters.

We calculated the level of agreement of the corrective 
intervention/asynchrony categories as determined by the 
bedside practitioner and calculated by the BVD tool with a 
Cohen’s Kappa statistic (K) and a contingency table using a 
Fischer’s exact test. Area under receiving operator charac-
teristic curves was used to assess the predictive ability for 
categorizing the need for corrective intervention between the 
bedside practitioner and the algorithm during NIV. Unpaired 
t-tests were used to compare respiratory measures between 
the developmental and implementation patient groups, alpha 
was set at 0.05 for statistical significance.

3  Results

In total, data were collected on 78 patients receiving NIV at 
UF Health between 2012 and 2017. During the first phase 
of the project, data were collected on 10 patients (develop-
ment group). During the second phase of the project, data 
were collected on 68 patients (implementation group). The 
demographics, ventilator settings and respiratory data were 
similar between the two populations, as described in Table 2.

During the development phase, the BVD algorithm was 
developed. The algorithm uses two parameters to esti-
mate the expert panel’s indication for corrective inter-
vention due to the perceived severity patient-ventilator 
asynchrony. The first parameter estimates the variability 
of the exhalation time and the second parameter estimates 
the variability of the breath waveform (online supplemen-
tal material 1). All the parameters in the BVD the algo-
rithm are measures of breathing variability, thus the BVD 
tool calculates asynchrony based on breathing variability, 
none of the parameters given to the expert panel are used 
in the BVD tool. While the BVD algorithm was calculated 
every breath, it was observed that the BVD algorithm did 
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not show variation from breath to breath. The parameters 
in the BVD algorithm are measures of variability over 
45 s which filtered breath to breath variation.

During the implementation phase, 122 bedside evalu-
ations were collected. The need for corrective interven-
tion due to the perceived severity of patient-ventilator 
asynchrony was correctly categorized by the BVD tool for 
95% of the evaluations (Table 3), indicating a highly sig-
nificant agreement between the tool and the bedside prac-
titioners [kappa = 0.85 (p < 0.001)]. Sensitivity was 99% 
and specificity was 84% (Table 4). The high sensitivity 
and specificity indicates the BVD tool was able to deter-
mine the need for corrective intervention based on the 
bedside clinician’s rating of patient-ventilator asynchrony 
[Fig. 1, AUC = 97%]. The category “No to mild breath-
ing variability” was the most common observation. How-
ever, moderate and severe breathing variability occurred 
in 19% of the evaluations (Table 3). Demographic data, 
ventilator settings, and patients’ physiologic response to 
NIV are listed in Table 1.  

It was observed that the BVD was not highly variable 
during data collection. The BVD is calculated on a breath 
by breath basis; however, the parameters are both meas-
uring variability of breathing. The variability over a 45 s 
period did not change.

Table 2  Patient demographic 
data, NIV ventilator settings, 
and patient respiratory data for 
the study implementation group 
and the breathing variability 
detector development group

IPAP inspiratory positive airway pressure, EPAP expiratory positive airway pressure, f spontaneous breath-
ing frequency, MV spontaneous minute ventilation
*Other diagnoses in both groups included: Pulmonary embolism, coronary artery disease, pneumonia, pul-
monary edema, ketoacidosis, post-extubation respiratory failure, diabetes, myocardial infarction, cholecys-
tectomy, Marfan syndrome, liver abscess, mesenteric ischemia, and perforated bowel

Implementation 
group (n = 68)

Development group
(n = 10)

p

Demographics
 Age (years) 61 ± 15 56 ± 20 0.50
 Weight (lbs) 198 ± 86 247 ± 126 0.28

Gender (male/female) 36/32 6/4 –
 Male/female 53/47 60/40 0.68
 % Admitting diagnosis with previous respiratory 

disorders (COPD, lung cancer, and cystic fibrosis)
56 50 0.50

 % Other diagnosis* 44 50 0.60
NIV ventilator settings
 IPAP  (cmH2O) 13 ± 5 13 ± 3 1.0
 EPAP  (cmH2O) 8 ± 4 6 ± 2 0.13
 FIO2 (%) 0.38 ± 0.04 0.42 ± 0.09 0.03

Patient respiratory data
 SpO2 (%) 96 ± 3 95 ± 3 0.34
 f (bpm) 23 ± 7 19 ± 7 0.10
 VT (L) 0.59 ± 0.16 0.66 ± 0.26 0.26
 MV (L/min) 13 ± 4 12 ± 4 0.47

Table 3  Contingency table for the category of breathing asynchrony 
and the need for corrective intervention generated by the breathing 
variability detector and bedside clinician

Category 1—no/mild breathing asynchrony with the recommenda-
tion for no corrective intervention suggested. Category 2—moder-
ate breathing asynchrony with the recommendation for corrective 
intervention to improve patient-ventilation interaction. Category 3—
severe breathing asynchrony with the recommendation for immediate 
corrective intervention suggested to improve patient-ventilator inter-
action
Very significant agreement (diagonally italicized cells) between 
detector generated and clinician generated rankings (Fisher’s exact 
test, p < 0.001). 116 matched categories (diagonally italicized cells)
Rate of agreement =

116 matched categories (diagonally shaded cells)

122 total observations
= 95%  . 

Kappa = 0.85, p < 0.001 (indicates substantial agreement between the 
tool and the bedside clinician categories of patient-ventilator asyn-
chrony and the suggested need for corrective intervention)

Bedside clinician category

1 2 3 Total

Breathing variability detector tool category
 1 96 (79%) 3 (2%) 0 (0%) 99 (81%)
 2 2 (2%) 11 (9%) 1 (1%) 14 (11%)
 3 0 (0%) 0 (0%) 9 (7%) 9 (7%)

Total 98 (81%) 14 (11%) 10 (8%) 122 (100%)
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4  Discussion

Our primary goal was to develop a tool to detect when 
corrective intervention is suggested by a bedside clinician 

due to the perceived severity of patient-ventilator asyn-
chrony. We hypothesized a new measure, patient breathing 
variability, would indicate when corrective intervention is 
suggested. The results indicate that a breathing variability 
detector can predict a bedside practitioner’s suggestion for 
corrective intervention due to the perceived severity of 
patient-ventilator asynchrony.

To our knowledge this is the first project designed to 
detect when practitioner’s corrective intervention is required 
because of patient-ventilator asynchrony. Previous work 
on this matter has focused on methods measuring patient-
ventilator asynchrony with an Asynchrony Index [24, 32, 
33], while others have determined when patients will have 
successful outcomes [12]. A fundamental flaw in using 
an Asynchrony Index to determine the need for corrective 
intervention has been raised; because, the link between a 
high Asynchrony Index and successful clinical outcomes yet 
remains uncertain [9]. While the analysis of results from this 
study are inadequate to ascertain if the breathing variability 
detector can improve outcomes, it may better describe the 
patient population that fails NIV. Since the methods in this 
project are a novel interpretation of patient-ventilatory asyn-
chrony, the discussion on the presented results are limited. 
Future work will further analyze this novel interpretation of 
patient-ventilator asynchrony and how it differs from an the 
Asynchrony Index.

Remarkably, analysis of the results changed our view on 
how patient-ventilator asynchrony is perceived. During the 
development phase, we anticipated the detection algorithm 
would be based on predictors of patient-ventilator asynchrony 
as found in previous studies; in particular, the quantification 
of gas leak, and f/VT (rapid shallow breathing index, RSBI) 
[15, 17, 34, 35]. Our original hypothesis during the develop-
ment phase was that we could develop an algorithm to detect 
patient-ventilator asynchrony as an expert panel. However, the 
stepwise regression method determined that the best param-
eter for detecting patient-ventilator asynchrony was breathing 
variability (additional results included in online supplement 
material 1). This result changed our hypothesis for the clini-
cal implementation study to be as stated in the introduction, 
breathing variability would detect clinical intervention and 
perceived patient-ventilator asynchrony. We conclude that 

Table 4  Performance analysis of the breathing variability detector tool in predicting bedside clinician score of patient-ventilator asynchrony and 
the need for corrective intervention

PPV positive predictive value, ACC  accuracy, AUC  area under curve

Sensitivity Specificity PPV ACC AUC 

Category 1—no/mild breathing asynchrony suggesting no corrective intervention 98 88 82 96 0.997
Category 2—moderate breathing asynchrony suggesting corrective intervention 98 73 91 95 0.971
Category 3—severe breathing asynchrony suggesting immediate corrective intervention 100 90 93 99 0.985
Average 99 84 89 97 0.98

Fig. 1  Areas under the curve for receiver operating characteristic 
analyses of the breathing variability detector tool for categoriz-
ing patient-ventilator asynchrony during non-invasive ventilation 
are shown. (“1” refers to the tool’s ability to correctly classify the 
asynchrony category of 1—no to mild patient-ventilator asynchrony, 
no corrective intervention required; similarly “2” predicts the asyn-
chrony category of 2—moderate patient-ventilator asynchrony, non-
emergent corrective intervention required; and “3” predicts the asyn-
chrony category of 3—severe patient-ventilator asynchrony, emergent 
corrective intervention required to reverse on going or imminent NIV 
failure)
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no specific breathing patterns are associated with patient-ven-
tilator asynchrony, which is consistent with previous literature 
from Longhini et al. [27], but rather the variability in breath-
ing pattern is associated with patient-ventilator asynchrony. 
Specifically, the events of patient-ventilator asynchrony are the 
Asynchrony Index (ineffective triggers, double triggers, pre-
cycling, and delayed cycling) but the effect of patient-ventilator 
asynchrony is breathing variability.

The breathing variability detector may be useful as a 
continuous monitor of NIV patient breathing status and 
assist the clinician in indicating when to deploy resources 
to prevent deterioration. Prompt corrective intervention may 
have a positive clinical impact since it has been reported that 
early respiratory failure (1–48 h after institution of NIV) is 
primarily due to progressive deterioration during unsuper-
vised time [19]. If the breathing variability detector can be 
used to alert a clinician that the effects of patient-ventilator 
asynchrony are present, the clinician may be able to timely 
correct the situation [36].

We aknowledge that our study design is limited because 
the development of the breathing variability tool, the bed-
side clinician perceptions of patient-ventilator asynchrony, 
and the need for corrective intervention were all subjec-
tive assessments. No invasive measurements of esophageal 
pressure were recorded; thus, our results cannot be directly 
compared to the reported Asynchrony Index. Furthermore, 
Longhini et al. [27] indicated that patient-ventilator asyn-
chrony can’t be detected by visual interpretation of the wave-
forms. Because of this limitation we refer to the patient-ven-
tilator asynchrony measurements as a ‘perceived’ estimate. 
We postulated that a clinician can determine when a patient 
needs corrective intervention due to the perceived severity of 
patient-ventilator asynchrony. However, while the breathing 
variability detector appears to be able to determine when 
the bedside practitioner would act, we have no indication 
whether the intervention could have resolved the patient-
ventilator asynchrony or improved patient outcomes.

5  Summary

In summary, we have showed that experts’ bedside evalua-
tion of patient-ventilator asynchrony is likely positive when 
the breathing pattern is highly variable. A breathing variabil-
ity detector can interpret non-invasive waveforms and thus 
continuously suggest when a bedside corrective intervention 
due to patient-ventilator asynchrony is necessary.

6  Conclusion

This project presents a new way to assess patient-ventila-
tor asynchrony. Rather than searching for the occurrence 
of patient-ventilator asynchrony, as does the Asynchrony 

Index, this project evaluates the possibility of searching for 
the effects of patient-ventilator asynchrony with breathing 
variability. These positive results merit continued studies 
to determine if the effects of patient-ventilator asynchrony 
will correlate, better than other published indexes, with NIV 
failure.
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