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Abstract Purpose: Ineffective Effort during Expiration (IEE) occurs when
there is a mismatch between the demand of a mechanically ventilated pa-
tient and the support delivered by a Mechanical Ventilator (MV) during the
expiration. This work presents a pressure-flow characterization for respiratory
asynchronies and validates a machine-learning method, based on the presented
characterization, to identify IEEs.
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2 Alberto Casagrande et al.

Methods: 1500 breaths produced by 8 mechanically-ventilated patients were
considered: 500 of them were included into the training set and the remaining
1000 into the test set. Each of them was evaluated by 3 experts and classified
as either normal, artefact, or containing inspiratory, expiratory, or cycling-off
asynchronies. A software implementing the proposed method was trained by
using the experts’ evaluations of the training set and used to identify IEEs in
the test set. The outcomes were compared with a consensus of three expert
evaluations.
Results: The software classified IEEs with sensitivity 0.904, specificity 0.995,
accuracy 0.983, Positive (PPV) and Negative Predictive Value (NPV) 0.963
and 0.986, respectively. The Cohen’s kappa is 0.983 (with 95% Confidence In-
terval (CI): [0.884,0.962]).
Conclusion: The pressure-flow characterization of respiratory cycles and the
monitoring technique proposed in this work automatically identified IEEs in
real-time in close agreement with the experts.

Keywords Respiratory asynchrony · mechanical ventilator · automatic
monitoring · machine learning

1 Introduction

Respiratory asynchrony is a condition experienced by subjects that suffer from
limited autonomous respiratory capability and receive ventilation support that
does not match their requests in terms of duration, volume and flow. Such
poor patient-ventilator interaction affects up to 43% of mechanically ventilated
patients [1,2,3,4] and has been associated with several undesirable phenomena
such as dyspnea [5,6,7,8,9], increased duration of mechanical ventilation [1,
10], raised need of sedative and paralytic agents [11,12,13], need for tracheos-
tomy [1], respiratory muscle injury [14,15,16], and mortality [17]. Ineffective
efforts during expiration (IEE), double triggering and auto-triggering are the
most common patient-ventilator asynchronies [1,18].

Asynchronies are usually detected by observing a patient’s bedside time-
flow and time-pressure graphs. However, given the large variability of asyn-
chronies, the problem is often under-diagnosed due to the difficulty in their
recognition and shortage of specialists [19].

Oesophageal pressure waveform can also be used to detect asynchronies,
but it is semi-invasive and requires strict calibration, the accuracy of the sig-
nal is affected by several variables (e.g., patient’s posture, cardiac activity,
swallowing, position and volume of inflation of the oesophageal balloon) and
specific skills for the interpretation of tracings are required [20,21]. Electri-
cal Activity of diaphragm signal (EAdi) can be used either for monitoring
patient-ventilator interaction [22] and for setting up Neurally Adjusted Venti-
latory Assist (NAVA R©); similarly to oesophageal pressure, careful nasogastric
catheter (EAdi catheter) positioning is needed. Moreover, patients can trigger
ventilators by using solely the auxiliary respiratory muscles: this means, ac-
cording to “first-come, first-served” principle, that even during NAVA R© there

https://doi.org/10.1007/s10877-020-00469-z
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An effective pressure-flow characterization of respiratory asynchronies 3

may be spontaneous ventilatory activity, and therefore asynchrony, even in the
absence of any EAdi evidence because, in the specific case, software switches
to an actual PSV (Pressure Support Ventilation) with a non-diaphragmatic
pneumatic trigger [23,24,25]. The relevance of the problem suggests the need
for an automatic monitoring system able to recognize asynchronies and alert
clinicians. Some dedicated techniques and software have already been devel-
oped to achieve this. Regrettably, their performance is not comparable to that
of a human expert as well as exhibiting limitations in terms of usage [3,4,26,
27,28].

This manuscript presents a new characterization for asynchronies: they
are seen as work overloads which may produce small loops in the pressure-
flow representation of breaths. The suggested approach phases out the need
for EAdi and oesophageal pressure analysis during asynchrony identification
and allows to exclusively focus on flow and pressure evolution. This work also
introduces a method to detect IEEs by targeting and analyzing small loops
and compares its effectiveness and that of a pool of experts in the field.

The characterization of respiratory asynchronies investigated by this article
is part of the EU patent “Apparatus to Identify Respiratory Asynchronies
studied in an Assisted Breathing Machine” No. EP 3308819 (A1) [29].

2 Materials and Methods

2.1 Asynchronies as Work Overloads

In assisted respiratory cycles, patients and MVs interact as a single system
and, whenever they are out-of-sync –because the patient either inhales while
the ventilator pulls air or exhales while the ventilator pumps air into their
lungs–, a deflection on both time-flow and time-pressure graphs occurs (e.g.,
see Fig. 1). Tipically, asynchronies have been identified by human experts on
the basis of the deflection type.

From a physical point of view, any asynchrony is a work overload for the
overall patient-ventilator system due to impedance in the respiratory activity.

Campbell [30,31] observed that any respiratory cycle corresponds to a loop
cycle in the pressure-volume space and the area of the latter measures the
work of breath (WOB) needed to produce the former. This consideration can
be shifted in the pressure-flow space by observing that a constant flow (f)
and the corresponding volume (V ) are related on the basis of the equation
V = f ∗ δt where δt stands for the time interval. Hence, any loop in the
pressure-volume space is connected to a loop in the pressure-flow space whose
area corresponds to the power of breathing (P ) and can be computed as

P =

∫
f(p) dp (1)

where p is the pressure. Moreover, if δt is constant in time –and this is the
case for data produced by MVs–, it also holds that ∆WOB = P ∗ δt. Hence,

https://doi.org/10.1007/s10877-020-00469-z


T
his

is
a

post-prin
t

of
an

article
pu

blished
in

Jou
rn

alof
C

lin
ical

M
on

itorin
g

an
d

C
om

pu
tin

g.T
he

fi
n

alau
then

ticated
version

is
available

on
lin

e
at:

h
t
t
p
s
:
/
/
d
o
i
.
o
r
g
/
1
0
.
1
0
0
7
/
s
1
0
8
7
7
-
0
2
0
-
0
0
4
6
9
-
z

4 Alberto Casagrande et al.

Fig. 1: The pressure-time, flow-time, and EAdi-time representation of a breath
containing an IEE. IEE corresponds to a deflection on flow and pressure wave-
forms between timestamps 4220.0 s and 4221.1 s. In this case, EAdi has a peak
during the deflection around timestamp 4220.1 s. In the figure, the coloured
region highlights the time interval during which the deflection itself occurs.

whenever a smaller loop decorates the breath loop cycle, the former represents
a work overload which is measurable by computing its area (e.g., see Fig. 2).
Such small loops are named sub-breath loops (SBLs).

Even though the presence of a SBL in the pressure-flow space guarantees
that the patient-ventilator system has experienced a work overload, not all
work overloads produce SBLs in the same space. Moreover, work overloads are
not always due to asynchronies and can occur in different situations such as,
for instance, when a patient expectorates.

We observed that this miss-correspondence between SBLs and work over-
load occurs in particular during inspiration and, because of that, despite also
different types of asynchrony (i.e. inspiratory and cycling-off asyncrony) were
initially considered, this preliminary work then focused exclusively on IEE
detection.

2.2 A New IEE Identification Algorithm

The characterization proposed by Section 2.1 suggests a two-step algorithm
to label respiratory cycles as either normal or containing IEEs. The first step
consists in identifying all the SBLs in the pressure-flow representation of a
breath. If the breath does not exhibit any of them, then it is labelled as normal.
Otherwise, the second step classifies the SBLs as either associated to IEE or
“spurious loops”, i.e., not related to any IEE, by means of a machine-learning
technique based on geometric features of the SBLs themselves. Whenever a

https://doi.org/10.1007/s10877-020-00469-z
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An effective pressure-flow characterization of respiratory asynchronies 5
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(b) A breath containing an IEE in the form
of SBL

Fig. 2: Two respiratory cycles portrayed in pressure-flow space: Fig. 2a repre-
sents a normal breath, while Fig. 2b contains an IEE which is associated to a
sub-breath loop (SBL) clearly identifiable inside the coloured rectangle. Fig. 1
and Fig. 2b depicts the same respiratory cycle and the SBL highlighted in the
latter corresponds to the deflection emphasized by using the same colour in
the former.

SBL in a breath is classified as corresponding to an IEE, the breath itself is
labelled as containing IEEs.

2.3 Data Collection

We retrospectively analyzed data collected for a previously published study [27].
Flow (F ), airways pressure (p) and EAdi samples for a total of 50 228 breaths
by eight critically ill mechanically ventilated patients were considered.

The patients were ventilated with Servo-i R©(Maquet) in different modal-
ities: Pressure Regulated Ventilation Controlled (PRVC), Pressure Support
(PS), Synchronized Intermittent Mandatory Ventilation-Ventilation Controlled
(SIMV-VC), Synchronized Intermittent Mandatory Ventilation-Pressure Con-
trol (SIMV-PC), Volume Control (VC), Volume Support (VS), and NAVA R©.

Full details on inclusion and exclusion criteria, informed consent, Ethics
Committee approval, study registration, study location, as well as the start
and the end date of inclusion can be found in [27].

2.3.1 Expert Classifications

Two disjoint sets of 500 and 1000 breaths were randomly selected among the
considered 50 228 respiratory cycles. The breaths in the former set were used
to train the SBL classifier. These cycles were collegially evaluated by three
experts in mechanical ventilation and patient-ventilator asynchronies (the au-
thors L.B., R.F., and E.L.) in order to maximize the training accuracy. Con-

https://doi.org/10.1007/s10877-020-00469-z
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6 Alberto Casagrande et al.

versely, the latter set was adopted as the test set for the overall classification
process and its breaths were individually evaluated by a team of three experts
different from those who curated the training set (L.B., R.F., and M.F.). In
this manner, a clinical environment was simulated where a single physician
gauged the respiratory cycles of patients.

The 1500 breaths were shuffled and each of them was presented as a fig-
ure containing the pressure-time, flow-time, and EAdi-time evolution of the
breath itself (e.g., see Fig. 1). A breath could be classified as either normal,
containing respiratory asynchronies, or presenting artefacts –which may be due
to spurious measurements rather than asynchronies–. Whenever a breath was
classified as containing respiratory asynchronies, the experts further specified
whether the asynchronies were inspiratory, expiratory, or cycling-off; one or
more types of asynchronies could be selected for a single breath.

The results of these evaluations were a single classification for each cycle
in the training set –due to the collegial evaluations of the experts– and three
distinct classifications for each of the breaths in the test set.

2.4 Implementation of the Proposed Procedure

A software prototype which implements the proposed procedure was coded in
Python. The SBL identification procedure and the features extraction were
coded in plain Python. On the contrary, the process to automatically gather
the SBL classifier from the training set –i.e., the training phase– and the
SBL classifier itself also took advantage of NumPy [32], Pandas [33,34], and
scikit-learn [35] libraries.

2.5 SBL Identification and Features Extraction

The first step of the proposed algorithm considers flow and pressure samples
of a single breath at a time. The pairs of subsequent samples are coupled
and segments in pressure-flow space are built; the time order of the samples
is inherited by these segments. Finally, all the intersections were spotted: the
values in the segment sequence between two intersecting segments form a loop.

In order to select SBLs, all the loops lasting either less than 0.1 s or more
than 3.0 s are arbitrary discharged. The former are most likely due to mea-
surement disturbances, the latter are more likely to be complete respiratory
cycles. Moreover, since the aim is to both reduce computational time and find
significant IEEs, the SBLs whose area feature is below 8 × 10−3 cmH2Ol/s
(i.e., ≈ 7.84 × 10−4 J s−1) are also filtered out.

Once a SBL has been identified, the software computes its features to
establish whether it corresponds to an IEE. Different traits were considered
to achieve this goal and the scikit-learn’s selector SelectFromModel (see
[36] and [37] for more details about scikit-learn’s API) was used to choose
the most effective features to classify SBLs in the training set by using logistic
regression (see Table 1).

https://doi.org/10.1007/s10877-020-00469-z
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An effective pressure-flow characterization of respiratory asynchronies 7

Table 1: These features are used to classify loops as either associated to an
IEE or spurious loop. All of them, except the last two –i.e., switch time and
ventilation mode–, were selected from the scikit-learn’s feature selector
feature selection.SelectFromModel as the most significant ones to clas-
sify the loops in the training set by using logistic regression. The switch time
feature exclusively helps in distinguishing expiration loops from the inspira-
tion ones, while the ventilation mode feature is used to provide a ventilation
mode-specific classification. It ought to be noted that, while some of them are
related, –e.g., length ratio, # of insp. samples, and length–, they are linearly
independent.

begin time time elapsed between the breath begin time and the loop
begin time

length time frame of the loop data-set
area area of the loop in the pressure-flow space
work work overload associated to the loop and computed as∫

s∈samples
ps ∗ fsdts

bounding box area area of the smallest rectangle in the pressure-flow space
containing the loop

maximum flow maximum flow value among the samples participating
to the loop

# of insp. samples number of samples in the inspiratory phase preceding
the loop

length ratio ratio between the begin feature and time frame of the
whole respiratory cycle in which the loop occurs

begin ratio ratio between the begin feature and time frame of the
whole respiratory cycle in which the loop occurs

switch pressure pressure value in the first sample of the expiratory phase
in which the loop occurs

switch flow δ difference between the flow value at the beginning of the
expiratory phase and that in the first sample of the loop

switch pressure δ difference between the pressure value at the beginning
of the expiratory phase and that in the first sample of
the loop

switch time time elapsed between the breath begin time and the
switch from inspiration to expiration phase

ventilation mode MV operating mode: NAVA R©, PRVC, PS, SIMV-PC,
SIMV-VC, or VC

The patient’s respiratory phase is inferred from the data supplied by the
MV. Each sample reports the ventilator respiratory phase which, from time
to time, is quickly switched from inspiration to expiration and back in an
attempt to equalize patient demand and ventilator supply. We discretionarily
consider 20 samples in a row reporting the same phase for MV to be a clue that
the patient is going through that phase too. By making this assumption, the
software is able to both label SBLs as either inspiratory or expiratory events
and filter the former as not useful for identifying IEEs.

The SBL features are also enriched with the ventilation mode –i.e., NAVA R©,
PRVC, PS, SIMV-PC, SIMV-VC, VC, or VS– provided by the MV. This

https://doi.org/10.1007/s10877-020-00469-z
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8 Alberto Casagrande et al.

helped in establishing whether the traits of IEE SBLs are dependent on the
MV operating mode and, if this is the case, in providing a mode specific clas-
sification.

2.5.1 Training the SBL Classifier

The experts’ evaluations and the loops identified by our software were paired
by using a Python script. In order to deal with breaths that were labelled
as containing IEEs by the experts and exhibited more than one expiratory
SBL, we arbitrary decided to exploit also the EAdi data and associate the
IEE labels only to those expiratory SBLs that have the greatest EAdi in their
breath. EAdi was not used during any subsequent classification.

The loops were partitioned according to the ventilation mode reported
by the MV during the loop itself and seven different classifiers, CSIMV-PC,
CSIMV-VC, CNAVAR© , CPS, CPRVC, CVS, and CVC, were trained by using lin-
ear logistic regression as implemented by the class LogisticRegression in
the scikit-learn library. The features presented in Table 1 were automati-
cally scaled by scikit-learn’s StandardScaler and used as classifier inputs.
SBL classifications and, thus, classifier outputs were encoded in binary val-
ues: 1 if the considered SBL was associated to an IEE, 0 otherwise. The class
SelectFromModel was also used to filter the irrelevant features and reduce the
classifier input size.

For any set of features, the classifiers return the probability that those
features have to be related to an IEE loop. Probabilities greater than 0.5 were
interpreted as “the features come from an IEE loop”, while those smaller or
equal to 0.5 as “the features come from a spurious loop”.

A global classifier CS was then built by composing all the mode-specific
classifiers: for each SBL to be evaluated, the opportune classifier is selected
among those ventilation specific by using the ventilation mode feature; this
classifier evaluates the odds for the loop to be related to an IEE.

2.6 Testing the Approach

A software pipeline, consisting of the SBL identification, the features extractor
and the SBL classifier, was applied to the breaths in the test sets and an
automatic classification for each of the discovered SBLs was produced. This
naturally induced a classification also for the breaths: every breath containing
at least one IEE loop is is labelled as containing IEEs.

In order to analyze the differences between the automatic classifications
of breaths and those due to the experts, a consensus of the latter was assem-
bled. In particular, only those cycles on which at least two experts yield the
very same evaluation were considered. The classifications for these respiratory
cycles were synthesized by majority and compared to those output by the
pipeline.

https://doi.org/10.1007/s10877-020-00469-z
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An effective pressure-flow characterization of respiratory asynchronies 9

3 Results

According to the experts, 69 breaths, among the 500 in the training set, con-
tained IEEs. All the breaths in this set that contained IEEs exhibited at least
one SBL during the expiratory phase and 11 of them had more than one SBL
(see Table 2 for more details).

Table 2: Statistics from the training set referring to the experts’ classifications
(either IEEs or No IEEs) and MV ventilation mode. Since the proposed al-
gorithm tags as not affected by IEEs all the breaths lacking expiratory SBLs
and leaves the remaining ones to the judgment of the SBL classifier, the table
distinguishes the classifications for former (columns “With SBLs”) from those
for latter (columns “No SBLs”). None of the breaths lacking expiratory SBLs
was classified as affected by IEEs by the experts (column “IEEs” under “No
SBLs”). The training set did not contain any breath produced in VS.

With SBLs No SBLs

V. Mode IEEs No IEEs IEEs No IEEs Total

PS 16 75 0 109 200
SIMV-VC 8 10 0 128 146
NAVA R© 1 11 0 45 57
SIMV-PC 10 8 0 24 42
PRVC 33 1 0 1 35
VC 1 18 0 1 20
VS 0 0 0 0 0

Total 69 123 0 308 500

The three experts that evaluated the test set (1000 breaths) fully agreed
only on 182 respiratory cycles, while the consensus, which was produced by
considering only those cycles on which at least two experts fully agreed on the
classification, accounted for 903 breaths.

None of the SBLs in the training set occurred in the VS mode and, because
of this, it was not possible to train the CVS classifier. As result CS is not able
to identify IEEs in VS at the moment. Unfortunately, one the breaths in the
test set that contains a SBL was controlled by this mode and, thus, we decided
to label it as “not classifiable”.

The training set and the test sets contained 1500 breaths and consisted of
about 4897 seconds of total recordings. The SBL identification and the feature
extraction took 179 seconds –i.e., 2 minutes and 59 seconds– to process all of
them on a Intel R© CoreTM i7-6700HQ CPU at 2.60GHz and a GeForce R© GTX
960M with 2GB of RAM; it was able to identify 223 expiratory SBLs in 192
cycles among the 500 breaths of the training set and 351 expiratory SBLs in
302 different respiratory cycles among the 1000 breaths in the test set.

https://doi.org/10.1007/s10877-020-00469-z
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10 Alberto Casagrande et al.

The training phase required, on the same hardware, less than 0.1 seconds
to build the overall CS classifier and the subsequent classification of the SBLs
in the test sets took about the same amount of time.

The proposed method tagged as normal 11 breaths among the 114 con-
taining IEEs, while it correctly labelled 784 cycles among the 789 that do
not contain IEEs (see Table 3 for more details). It follows that its sensitiv-
ity is about 0.904 (with 95% CI is [0.834, 0.951]), its specificity 0.995 (95%
CI is [0.987, 0.999]), its positive (LR+) and negative likelihood ratios (LR-)
177.991 and 0.097, respectively (95% CI are [66.85, 473.94] and [0.06, 0.17],
respectively), its accuracy 0.983 (95% CI is [0.973, 0.991]), its PPV and NPV
0.963 and 0.986, respectively (95% CI are [0.906, 0.986] and [0.976, 0.992],
respectively), and its Cohen’s kappa is about 0.983 (95% CI is [0.884, 0.962]).

4 Discussion and Conclusions

All the considered indexes highlight the strength of the proposed technique
and advocate in favour of its adoption in clinical environments as a support
tool to automatically identify IEEs and, if needed, to alert physicians.

While a direct comparison on the very same data set is required to establish
relative effectiveness, a rough observation of the data published in [27] suggests
that the proposed approach has a higher specificity with respect to Better
Care R©, the leading software for IEE automatic identification. Consequently,
the PPV and Cohen’s Kappa of the former are also higher than those of the
latter. This is even more impressive in light of four main observations.

First of all, our classification pipeline does not take advantage of EAdi
unlike the experts who had the chance to do so. We used EAdi exclusively
during the training phase which was performed once for all and no longer
requires re-running. The presented results seem to suggest that this signal is
not needed to provide an accurate identification of IEEs.

Secondly, the timing collected during tests certifies that, although the
pipeline is a prototype written in a programming language not known for
its efficiency (e.g., see [38]), it can analyze respiratory cycles in real-time and
still maintain good accuracy. This is not always true for human experts since
they may spend a significant amount of time evaluating controversial cases.
The small number of respiratory cycles in the test set that receive identical
evaluation from the three experts –i.e., 182 among 1000 breaths– vouches to
how difficult is for clinicians to diagnose respiratory asynchronies despite a po-
tentially unbounded amount of time and the availability of EAdi. Moreover,
Vaporidi et al. pointed out the importance of variability of IEEs occurrence
over time rather than their mere incidence (i.e., Asynchrony Index, which can
only be identified retrospectively) in the same patient in terms of duration
of mechanical ventilation and hospital mortality, suggesting the need for real-
time analysis of breaths [26].

Thirdly, the lack of expiratory SBLs seems to be a sufficient condition to
guarantee the absence of IEEs (see Table 3 columns “No SBLs”). This testifies

https://doi.org/10.1007/s10877-020-00469-z
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Table 3: Some statistics about the test set. By using the experts’ classifica-
tions as a reference standard, we labelled each automatic classification as true
positive (TP), false positive (FP), false negative (FN), or true negative (TN) if
it reported the presence of IEEs as the experts did, if it reported the presence
of IEEs differently from what the experts did,if it did not identify any IEE
whereas the experts did so, or if it did not identify any IEE consistently with
the experts’ classification, respectively. Each row of the table corresponds to
a ventilation mode and reports the number of TP, FP, FN, and TN classifi-
cations about breaths in the consensus of the test set. Similarly to Table 2,
this table distinguishes between breaths exhibiting expiratory SBLs (columns
“With SBLs”) and breaths lacking expiratory SBLs (columns “No SBLs”). It
should be pointed out that the breaths that were missing expiratory SBLs
were always evaluated as not exhibiting IEE by the proposed procedure, thus,
neither TP nor FP classifications are produced for this kind of breaths and
thus missing from the report. The number of the FN and TN classifications
of the proposed procedure are the sums of the corresponding values in the
columns With SBLs and No SBL. As mentioned in the text, CVS was not
trained because the training set did not contain any breath in VS. Unfortu-
nately, one such breath was present in the consensus and, because of this, was
labelled as not classifiable (NC).

In Consensus

With SBLs No SBLs Not in
Consensus

V. Mode TP FP FN TN NC FN TN Total Total

PS 25 3 7 119 0 0 212 366 30 396
SIMV-VC 13 1 2 11 0 0 249 276 22 298
NAVA R© 0 0 1 20 0 0 82 103 5 108
SIMV-PC 19 0 0 12 0 0 52 83 9 92
PRVC 46 0 1 1 0 0 1 49 21 70
VC 0 0 0 20 0 0 5 25 9 34
VS 0 0 0 0 1 0 0 1 1 2

Total 103 4 11 183 1 0 601 903 97 1000

the effectiveness of the proposed characterization for expiratory asynchronies.
It remains to be investigated whether an analogous condition also holds during
the inspiration phase.

Finally, the SBL classifier gives proof of good performances despite the
small cardinality of the training set and its simplicity –it is a linear model–. We
believe that considering more SBLs for the training set and re-implementing
the classifier itself by means of a more advanced machine learning technique
can further improve the classification outcomes. We plan to investigate this
aspect as well as the applicability of the characterization proposed in this
work to the identification of both inspiratory and cycling-off asynchronies in
the near future.

https://doi.org/10.1007/s10877-020-00469-z
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