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Tauli, Universitat Autònoma de Barcelona,
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Abstract Purpose: Ineffective
respiratory efforts during expiration
(IEE) are a problem during
mechanical ventilation (MV). The
goal of this study is to validate
mathematical algorithms that auto-
matically detect IEE in a
computerized (Better Care�) system
that obtains and processes data from
intensive care unit (ICU) ventilators
in real time. Methods: The Better
Care� system, integrated with ICU

health information systems, syn-
chronizes and processes data from
bedside technology. Algorithms were
developed to analyze airflow wave-
forms during expiration to determine
IEE. Data from 2,608,800 breaths
from eight patients were recorded.
From these breaths 1,024 were ran-
domly selected. Five experts
independently analyzed the selected
breaths and classified them as IEE or
not IEE. Better Care� evaluated the
same 1,024 breaths and assigned a
score to each one. The IEE score
cutoff point was determined based
on the experts’ analysis. The IEE
algorithm was subsequently vali-
dated using the electrical activity of
the diaphragm (EAdi) signal to
analyze 9,600 breaths in eight addi-
tional patients. Results: Optimal
sensitivity and specificity were
achieved by setting the cutoff point
for IEE by Better Care� at 42%. A
score [42% was classified as an IEE
with 91.5% sensitivity, 91.7% spec-
ificity, 80.3% positive predictive
value (PPV), 96.7% negative pre-
dictive value (NPV), and 79.7%
Kappa index [confidence interval
(CI) (95%) = (75.6%; 83.8%)].
Compared with the EAdi, the IEE
algorithm had 65.2% sensitivity,
99.3% specificity, 90.8% PPV,
96.5% NPV, and 73.9% Kappa
index [CI (95%) = (71.3%; 76.3%)].
Conclusions: In this pilot, Better
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Care� classified breaths as IEE in
close agreement with experts and the
EAdi signal.
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Introduction

Patient–ventilator dyssynchrony affects 35–43% of
mechanically ventilated patients [1–3]. Patient–ventilator
dyssynchrony has been associated with patient outcomes:
increasing duration of mechanical ventilation (MV), need
for tracheostomy, and respiratory muscle injury [1, 4–6].
The most common patient–ventilator dyssynchronies are
autotriggering, ineffective inspiratory efforts during
expiration (IEE), and double triggering [1, 6]. IEE are
defined as muscular contractions of the inspiratory mus-
cles, primarily the diaphragm, which are unable to trigger
the ventilator to inspiration. Currently, IEE can only be
detected at the bedside by directly observing the patient’s
inspiratory muscle contraction, by observing physiologic
waveforms displayed by the ventilator, or by applying
dedicated algorithms in investigational studies [3, 6–10].
Esophageal pressure tracings are also used for this pur-
pose, but this technique is invasive, tracings are
contaminated by artifacts that often require repositioning
of the esophageal catheter, and interpretation requires
special skills [11].

Neurally adjusted ventilatory assist (NAVA) is a new
mode of assisted MV [12–14]. During NAVA, the elec-
trical activity of the diaphragm (EAdi) is assessed by a
special nasogastric tube. NAVA detects a representative
EAdi signal that can be used to trigger the ventilator and
manage gas delivery or to monitor the activity of the
diaphragm [15]. We hypothesized that IEE can be
detected by continuous automated monitoring of airway
pressure and flow waveforms (Better Care�). The goal of
this pilot study is to determine the accuracy of the Better
Care� system for automatic detection of IEE compared
with expert clinicians and the diaphragmatic EAdi signal.
Presented here are pilot data on the first application of the
Better Care� system to a group of critically ill mechani-
cally ventilated patients. Preliminary results of this study
have been reported in abstract form [16].

Materials and methods

Software

We developed software (Better Care�, Barcelona, Spain)
capable of acquiring, standardizing, synchronizing, ana-
lyzing, and recording signals from digital medical
devices, mainly bedside monitors and mechanical

ventilators. Better Care� interacts with the output signal
of medical devices rather than directly with patients.
Specific drivers were also developed to allow connection
to each medical device. Mechanical ventilators and bed-
side monitors were connected to Better Care� using an
ED41000P2-01 remote access server (Lantronix, Irvine,
CA). Better Care� standardizes the signals (associates
each recorded curve) and resamples the signals at 200 Hz
(i.e., 200 samples per second). Standardized signals are
then analyzed, tagged, converted to digital imaging and
communications in medicine (DICOM) format, and stored
in the hospital picture archiving and communication
system.

Patients

Data were prospectively obtained from eight patients
older than 18 years of age admitted consecutively to four
specific beds in a general intensive care unit (ICU)
equipped with Better Care� in Hospital de Sabadell
(Sabadell, Spain). All patients were ventilated for at least
24 h. Table 1 summarizes clinical characteristics, venti-
lator settings, and respiratory mechanics [also see
Electronic Supplementary Material (ESM) Table 1] of
these patients. Subsequently, we studied eight selected
patients admitted to the Department of Perioperative
Medicine, Intensive Care and Emergency, Cattinara
Hospital (Trieste, Italy) and ventilated with Servo i
(Maquet, Sweden) with a NAVA EAdi catheter recording
EAdi data [15]. For this analysis, patients with suspected
phrenic nerve dysfunction, neuromuscular disorders
capable of altering EAdi signal quality, or gastroesopha-
geal surgery were excluded, and only stable patients with
good EAdi signal were included. This ensured that the
EAdi data were appropriate for analysis. The EAdi data
were time-synchronized with the Better Care� system. In
addition, use of the EAdi catheter and NAVA in sponta-
neously breathing patients is the standard of practice for
the unit. Table 2 summarizes clinical characteristics,
ventilator settings, and respiratory mechanics (also see
ESM Table 2) of these patients.

The investigators were not involved in any clinical
decisions. The Institutional Ethics Committees at both
institutions approved the study and decided to waive
informed consent because the study was observational,
signals were encrypted to ensure privacy, and no extra
effort for personnel or changes to usual treatment were
required.
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Medical devices

Patients were ventilated with one of two ventilators: the
Evita 4 (Dräger, Germany) or the Servo i (Maquet,
Sweden), and mainly in two modes: volume assist control
(VCV) and pressure support (PS), as described in
Tables 1 and 2. We recorded a total of 2,608,800 breaths
from the eight patients monitored with Better Care�. In
the eight patients ventilated with the EAdi catheter,
57,323 breaths were collected. From these, 9,600 breaths
were randomly selected and analyzed with Better Care�.

IEE analysis with Better Care� software

For each breath, the Better Care� software calculated a
theoretical mono-exponential expiratory flow curve and
compared it with the actual expiratory flow curve by
evaluating its percentage deviation (0%, no deviation;
100%, maximum deviation). The method used to identify
an IEE was as follows: First, the patient’s theoretical

expiratory flow curve was estimated by examining expi-
rations in which there was no deviation that could be an
IEE. These curves were then averaged to produce the
ideal curve. Second, the ideal curve was then compared
with the patient’s actual expiratory flow curve. Third,
during this analysis four deviations that represented the
configuration of the missed inspiration and the subsequent
expiration were compared with the ideal expiratory curve.
Fourth, each of these four comparisons were given a
weight that was eventually converted into a percentage
deviation. Fifth, in addition, the algorithm also identified
the presence of secretions and corrected the IEE identi-
fication algorithm to account for their presence. Sixth,
based on our expert comparison, if the level of deviation
equaled or exceeded 42%, the breath was considered an
IEE. Figure 1 illustrates a number of breaths with dif-
ferent levels of deviation from the theoretical mono-
exponential flow curve. From the recorded breaths, we
selected the first 128 breaths spanning the whole range of
deviation from the ideal expiratory curve from each of the
eight patients to obtain a sample of 1,024 breaths. We

Table 1 Patient characteristics, ventilatory setup, and sedation of the eight patients admitted to four ICU beds equipped with the Better
Care� platform

Patient Diagnosis Age
(years)

Gender Weight
(kg)

COPD Analyzed
breaths

Recorded
breaths

Ventilatory
mode

VT (ml) AutoPEEP
(cmH2O)

PEEP
(cmH2O)

SAS

1 Head injury 17 Male 60 NO 128 172,800 VCV 461 0 7 4
2 Abdominal surgery 85 Male 99 NO 128 28,800 PS 518 0 5 4
3 Abdominal surgery 61 Female 81 NO 128 360,000 VCV 481 0 6 2
4 Abdominal surgery 76 Male 88 NO 128 532,800 VCV 477 0 6 3
5 Sepsis 68 Male 96 NO 128 460,800 PS 237 0 7 4
6 Cardiac arrest 57 Male 91 YES 128 444,000 PS 387 0 7 4
7 Cardiac arrest 72 Male 74 NO 128 489,600 VCV 470 0 8 3
8 Head injury 61 Male 68 NO 128 120,000 VCV 448 0 5 1
Mean 62.1 82.1 326,100 434.9 0 6.4 3.2
SD 20.4 13.9 191,615.8 88.1 0 1.1 1.1

COPD chronic obstructive pulmonary disease, VCV volume control ventilation, PS pressure support, VT tidal volume, autoPEEP auto
positive end-expiratory pressure, PEEP positive end-expiratory pressure, SAS sedation–agitation scale, SD standard deviation

Table 2 Patient characteristics, ventilatory setup, and sedation of the eight patients ventilated with the EAdi catheter in place

Patient Diagnosis Age
(years)

Gender Weight
(kg)

COPD Analyzed
breaths

Recorded
breaths

Ventilatory
mode

VT

(ml)
AutoPEEP
(cmH2O)

PEEP
(cmH2O)

SAS

1 Pneumonia 56 Male 108 NO 1,200 21,977 PS 551 0 6 3
2 Pneumonia 63 Male 54 NO 1,200 7,450 PS 475 0 5 4
3 Closed-chest trauma 81 Male 99 NO 1,200 11,772 PS 433 0 5 2
4 Closed-chest trauma 76 Male 86 NO 1,200 3,308 PS 595 0 10 5
5 Abdominal sepsis 84 Female 61 NO 1,200 8,237 PS 463 0 7 4
6 Pneumonia 58 Female 52 NO 1,200 1,649 PS 450 1 8 3
7 Pneumonia 74 Female 51 NO 1,200 1,425 VCV 348 0 5 2
8 Pneumonia 67 Male 89 NO 1,200 1,505 VCV 572 0 8 4
Mean 70.3 75.0 7,165.4 485.9 0 6.8 3.4
SD 10.4 23.1 7,092.6 82.2 0 1.8 1.1

COPD chronic obstructive pulmonary disease, VCV volume control ventilation, PS pressure support, VT tidal volume, autoPEEP auto
positive end-expiratory pressure, PEEP total positive end-expiratory pressure, SAS sedation–agitation scale, SD standard deviation
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considered the 1,024 breaths a fair estimate of the number
of breaths an expert can evaluate without getting tired or
losing concentration. A randomized sequence of the 1,024
JPEG images showing airflow and airway pressure was
presented to the study team (Fig. 2). After the percentage
deviation of each breath was determined and each record
was labeled, we compared the results of the Better Care�

software analysis with the experts’ decision about each of
the 1,024 breaths. We did not analyze the first 100 ms of
expiration to avoid confusion with prolonged inspiration
due to premature termination of mechanical inspiration
with IEE [6].

IEE analysis by experts

A team of five expert intensivists, each trained in identi-
fication of IEE, analyzed the previously selected 1,024
breaths using software designed for this purpose. Indi-
vidually, each expert categorized each selected breath as
IEE, not IEE, or unknown (Fig. 2). The team was
instructed to classify a breath as an IEE if a positive tidal
swing occurred during expiration whether or not a small
negative swing was present in the airway pressure tracing
without triggering the ventilator to mechanical inspira-
tion. The study team was unaware of the system’s

Fig. 1 Representative tracings
of four different levels of
deviations from the ideal
expiratory flow curve. The
curve with the smoothest
expiratory configuration is the
ideal curve. The curve showing
variation from a smooth
expiratory pattern is the actual
curve. a No ineffective
expiratory effort, defined by
deviation of 2% from the actual
expiratory flow curve. b No
ineffective expiratory effort,
defined by deviation of 27%
from the actual expiratory flow
curve. c Ineffective expiratory
effort, defined by a deviation of
65% from the actual expiratory
flow curve. d Ineffective
expiratory effort, defined by a
deviation of 84% from the
actual expiratory flow curve.
Black lines: ideal flow and
airway pressure waveforms.
Red lines: actual flow and
airway pressure waveforms.
Shaded area: Ineffective
expiratory effort. Definition of
abbreviations: Paw = airway
pressure
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evaluation of the breath until the end of the data analysis.
Provided there were at least three valid responses from
the experts (no abstentions), the ad hoc program labeled
the breath as IEE or not IEE. Otherwise, the breath was
then evaluated in consensus. During consensus evalua-
tion, the breaths were presented to all the members of the
study team on a large screen and they were encouraged to
discuss why they considered it was or was not an IEE
(Fig. 2). After discussion, the members were again asked
for a decision. Breaths in which at least three members
did not provide a valid vote were discarded from analysis.
Breaths in which the winning decision did not achieve at
least four votes were excluded from the analysis.

IEE analysis with EAdi signal

Increases in EAdi of [1 lV from basal expiratory EAdi
not followed by a ventilator breath during expiration were
considered IEE. The cutoff point for EAdi of [1 lV was
arbitrarily determined and corresponds to the mean value
of the NAVA trigger [14, 17]. Airway pressure, flow, and
EAdi were acquired at 100 Hz from the ventilator via a
RS232 interface connected to a computer using commer-
cially available software (Servo i RCR, version 2; Maquet
Critical Care). Once captured, the signals were converted
to the extensible markup language (XML) standard used
by Better Care�. The processing module of the software
was modified to detect a value higher than 1 lV in the

EAdi curve during expiration, so we were able to test the
Better Care� software to detect IEE against the EAdi value
during expiration for every single breath (Fig. 3).

Statistical analysis

We used a receiver operating characteristic (ROC) curve
to determine the diagnostic accuracy and the optimal
cutoff point for the IEE score. Agreement between
experts regarding the presence of IEE in expiratory air-
flow was assessed with the Kappa statistic. A Kappa
statistic [0.75 is considered excellent agreement [18].

A true-positive result was defined as the presence of
an IEE in the Better Care� software analysis of expiratory
airflow and a positive decision by experts. A true-negative
result was defined as the absence of an IEE in the Better
Care� software analysis of expiratory airflow and a neg-
ative decision by experts. A false-positive result was
defined as the presence of an IEE in the Better Care�

software analysis of expiratory airflow and a negative
decision by experts. A false-negative result was defined as
the absence of an IEE in the Better Care� software
analysis of expiratory airflow and a positive decision by
experts. Standard formulas were used to calculate sensi-
tivity, specificity, positive predictive value (PPV), and
negative predictive value (NPV).

For the eight additional patients ventilated with an
EAdi catheter in place, a true-positive result was defined

Fig. 2 Interface for board specialist members’ evaluation of each breath. Each of the experts, blind to system’s or other members’
decisions, decided whether an IEE was present
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as an IEE detected with the Better Care� software and a
positive EAdi signal. A true-negative result was defined
as the absence of an IEE detected by the Better Care�

software and a negative EAdi signal. A false-positive
result was defined as an IEE detected with the Better
Care� software and a negative EAdi signal. A false-
negative result was defined as the absence of an IEE
detected with the Better Care� software and a positive
EAdi signal.

Results

Tables 1 and 2 describe patient characteristics, ventilator
setup, and respiratory mechanics (also see ESM Tables 1
and 2). Of the total 1,024 breaths analyzed by the experts,
87 were sent to consensus, and experts failed to reach a
consensus on 17 of these 87 breaths. These 17 breaths

were excluded from analysis. The experts found 271 IEE
in the 1,007 breaths analyzed. Table 3 shows the con-
tingency table for the comparison between IEE analysis
by the expert intensivists and Better Care�. From the
expert study, the area under the curve (AUC) of the
receiver operating characteristic (ROC) curve was 0.964
[CI (95%) = (0.952; 0.975)], demonstrating good per-
formance of the IEE algorithm (Fig. 4). When an IEE
score of 42% (percentage deviation from the ideal

Fig. 3 Waveforms of airflow,
airway pressure, and electrical
activity of the diaphragm. Left
panel (a) Ineffective expiratory
effort. Variation [1 lV from
basal expiratory EAdi to EAdi
peak not followed by a
ventilator breath during
expiration was considered as an
ineffective expiratory effort.
Right panel (b) No ineffective
expiratory effort was considered
when no EAdi activity (defined
as B1 lV) was observed during
the whole expiration. Shaded
area: ineffective expiratory
effort. Definition of
abbreviations: Paw = airway
pressure; EAdi = electrical
activity of the diaphragm

Table 3 Contingency table for the comparison between IEE anal-
ysis by expert intensivists and by Better Care� software

Better Care� software Total

[42% (positive) B42% (negative)

Experts ‘‘yes’’ 248 23 271
Experts ‘‘no’’ 61 675 736
Total 309 698 1,007
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expiratory curve) was used as a cutoff, Better Care�

achieved sensitivity of 91.5%, specificity of 91.7%, PPV
of 80.3%, NPV of 96.7%, and Kappa index of 79.7% [CI
(95%) = (75.6%; 83.8%)].

When compared with an EAdi change of [1 lV from
baseline expiratory EAdi during expiration and not fol-
lowed by a ventilator breath during expiration, Better
Care� yielded sensitivity of 65.2%, specificity of 99.3%,
PPV of 90.8%, NPV of 96.5%, and Kappa index of 73.9%
[CI (95%) = (71.3%; 76.3%)]. Table 4 shows the con-
tingency table for the comparison between EAdi data used
to identify IEE and Better Care�.

Discussion

Our pilot study in a limited number of patients demonstrates
that Better Care� can identify IEE during MV with similar
accuracy to clinicians observing the waveforms displayed
on the ventilator’s interface. Moreover, all records of IEE
can be stored for later processing. The Better Care� system
is designed to work with any ventilator.

The capabilities and performance of mechanical venti-
lators have evolved dramatically over the last 30 years;
however, they are still unable to detect patient–ventilator
asynchronies. IEE may increase duration of MV, ICU stay,
number of tracheostomies, and costs [1, 5]. Furthermore,
even in an ideal situation in which a highly trained physician
or respiratory therapist would always be available in the
ICU, patient–ventilator synchrony cannot be ensured at all
times because the patient’s needs change over time. Thus,
an automated monitoring system capable of detecting
asynchrony could have a significant clinical impact.
Moreover, de Wit et al. [19] found that deep sedation is a
predictor of ineffective triggering, highlighting the need for
automated systems that can detect IEE in comatose patients.

The Better Care� IEE algorithm analyzes perturbations
in the expiratory flow pattern and detects IEE with good
accuracy. During exhalation, however, other perturbations
in the flow pattern can occur (noise) [20, 21]. So, the cutoff
point for the algorithm’s identification of IEE must be
chosen to minimize false positives while keeping the rate of
undetected IEE low. Colombo et al. [10] found that the
ability to recognize patient–ventilator asynchronies by
visual inspection of flow and airway pressure tracings was
overall quite low, although clinician expertise increased
sensitivity for breath-by-breath analysis. This article high-
lights the need for computerized systems to facilitate
recognition of these events. Chen et al. [3] also designed
software that analyzes pressure and flow signals to detect
IEE. They connected patients to an external monitoring
system and recorded flow and pressure values for
10–30 min. Subsequently, they used changes in the slope of
the airway pressure and flow curves to detect IEE. This
method, however, is highly affected by noise. The authors
found good sensitivity (91.5%) and specificity (96.2%), but
patient’s airways were carefully suctioned before the mea-
surements. As secretions and/or cardiogenic oscillations are
the main source of noise [20, 21], specificity could have
been overestimated since the method was not evaluated in
the presence of secretions. Mulqueeny et al. [8] used a
pattern classification algorithm to detect IEE by analyzing
flow waveforms in 23 patients ventilated invasively and
noninvasively with PS in a general ward. Data were limited
to 10–20 min of ventilatory records. They found good
specificity (98.7%) and overall accuracy (94.5%) but low
sensitivity (58.7%). The low sensitivity was attributed to
timed PS breaths (ventilators that intentionally ignored
patient’s inspiratory efforts) and early cycling. In our study,
variations from the theoretical mono-exponential expira-
tory flow curve in the first 100 ms of expiration were not
analyzed to avoid confusion from prolonged inspiration due
to premature termination of mechanical inspiration and IEE
[6, 22]. Finally, other authors have reported good accuracy
in detecting IEE and double cycling with software devel-
oped for a specific noninvasive ventilator [7] or using the
equation of motion to generate a signal in real time that
reflects respiratory muscle pressure output [9].

Fig. 4 ROC curve for choosing the cutoff for the algorithm to
separate IEE from non-IEE breaths; the optimal threshold for the
deviation index was 42%

Table 4 Contingency table for the comparison between electric
activity of the diaphragm (EAdi) signal data used to identify IEE
and Better Care� software results

Better Care� software Total

[42% (positive) B42% (negative)

EAdi [ 1 lV 595 317 912
EAdi B 1 lV 60 8,628 8,945
Total 655 8,688 9,600
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The main condition for Better Care� to detect an IEE is
the presence of an abrupt increase in expiratory flow
preceded by an abrupt decrease in expiratory flow. So, an
abrupt increase in expiratory flow (because alveolar
pressure is increased by inspiratory muscle relaxation)
with a previous abrupt decrease in expiratory flow
(because alveolar pressure is decreased by inspiratory
muscle contraction) will be considered an IEE by the
system if not followed by a ventilator breath [22]. How-
ever, an abrupt increase in expiratory flow (expiratory
muscle contraction) followed, instead of preceded, by an
abrupt decrease in expiratory flow (expiratory muscle
relaxation) will not reach the 42% deviation threshold and
will be ignored by the Better Care� system. Our approach
considers the airflow curve from a dataset recorded con-
tinuously, 24 h a day under normal conditions. Better
Care� is not limited to a specific device or ventilation
mode. Although the ability of Better Care� to detect IEE
has been validated against both human experts’ judgment
and physiological measurements obtained using NAVA
technology in this pilot, it still requires validation in a
much larger cohort of patients.

The current study has some limitations. First,
although the breaths analyzed were obtained over a
period of several days, suggesting they could be repre-
sentative of many clinical situations, they came from a
limited number of patients. Thus, there is a risk that the
study population is not fully representative of the ICU
population. Clearly, studies with more patients at more
centers are necessary to fully validate Better Care�.
Second, instead of using recordings of esophageal
pressure tracings to track variations in intrathoracic
pressure originating in the diaphragm or in any other
inspiratory muscle, we used EAdi, which has limitations,
including diaphragm paresis, neuromuscular weakness,

and technical problems related to the position of the
EAdi catheter in critically ill patients [15, 23]. We
sought to minimize this problem by excluding patients
with neuromuscular disorders, when the EAdi signal-to-
noise ratio was too low to ascertain whether a neural
effort was present, and ensuring patients were stable
during data acquisition. Interestingly, the Kappa statistic
indicated excellent agreement between experts. This
indirect evidence suggests that IEE were correctly
detected by the specialists, and these findings were
further confirmed after comparing Better Care� with the
EAdi signal. In fact, waveforms obtained from ventila-
tors’ digital outputs can be used to noninvasively detect
IEE and alert professionals not necessarily present at the
bedside. Third, the algorithm will not be able to dis-
tinguish whether or not an IEE is followed by an
expiratory muscle contraction, because in both situations
an increase in the expiratory flow will be preceded by a
decrease in the expiratory flow. However, when the IEE
algorithm built into the Better Care� system was further
validated with EAdi in an independent group of patients,
specificity was still very high with only a moderate
decrease in sensitivity. Finally, we have studied only
patients with invasive MV; therefore, further investiga-
tion is necessary before we can extrapolate our results to
patients receiving noninvasive MV.

In conclusion, in this pilot, Better Care� reliably
detected IEE in patients receiving MV with accuracy
similar to that of expert intensivists and the EAdi signal.
However, further validation on a larger group of patients
is needed.
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