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A B S T R A C T

We hypothesize that ventilatory pattern variability (VPV) varies with the magnitude of acute lung injury (ALI).
In adult male rats, we instilled a low- or high- dose of bleomycin or saline (PBS) intratracheally. While re-
presentative samples of pulmonary tissue indicated graded lung injury, coefficient of variation (CV) of TTOT did
not differ among the 3 groups. Broncho-alveolar lavage fluid (BALF), respiratory rate (fR), mutual information
were greater in ALI than sham rats; but did not differ between bleomycin doses. However, nonlinear complexity
index (NLCI), which is the difference in sample entropy between original and surrogate data sets was greater for
high- versus low- dose; but did not differ between low-dose and sham groups. Further, NLCI correlated to an
injury index based on protein concentration of BALF and failure to gain weight. Finally, Receiver Operator
Curves (ROCs) indicated that both mutual information and NLCI had greater sensitivity and specificity than fR
and CVTTOT in identifying ALI. Thus, nonlinear analyses of VPV can distinguish ALI and out performs fR as a
biometric.

1. Introduction

Our diverse group has a common interest in understanding venti-
latory pattern variability (VPV). While variable breathing patterns are
associated with morbidity (Tobin, 1992; Tobin et al., 1983a,b), mea-
suring the variability as the mean, standard deviation and coefficient of
variation (CV) of cycle duration cannot distinguish patterns that are
ataxic like Biot’s breathing from ones that are periodic like Cheyne-
Stokes pattern. We theorized that a measure of variability that can
distinguish linear (random) from non-linear (time-dependent) factors
would be valuable clinically. In other words, current measures of re-
spiratory variability evaluate each breath as an independent entity and
focus on respiratory frequency (fR); whereas we are examining varia-
bility of a pattern both its frequency and waveform, and how the next
breath depends on previous breaths in a series of breaths.

Over the last decade, we have developed analytical tools that assess
the variability of continuous respiratory waveforms, such as those re-
corded by whole-animal, flow-through plethysmography to integrated
motor activities (Dhingra et al., 2011; Dick et al., 2013; Jacono et al.,
2011). We refer to our analytical approach as VPV to distinguish it from

an approach that assesses only variations in respiratory phase-switching
and cycle duration. Our general working hypothesis is that assessing
VPV is a biometric that reflects health status. We theorized that our
metric should evaluate the respiratory system particularly the function
of the ponto-medullary neural circuit that generates the respiratory
pattern and test our analytic approach on a preclinical model of acute
lung injury.

Acute lung injury (ALI) and acute respiratory distress syndrome
(ARDS) are characterized by a severe inflammation of the lung that
damages alveolar epithelial and endothelial barriers increasing: pul-
monary vascular permeability, pulmonary edema, poorly aerated lung
tissue and infiltrates of eosinophils and macrophages in the alveoli
(Atabai and Matthay, 2002). ALI and ARDS remain associated with
substantial mortality (44% mortality between 1994–2006 (Phua et al.,
2009)) despite advances in supportive care including neuromuscular
blockade and prone positioning, as well as lung-protective ventilatory
strategies (Phua et al., 2009). Effective biometrics would identify
clinical features early, provide risk stratification, reflect responses to
therapy and predict outcomes. We have used our analytical approach to
identify changes in VPV early in ALI (Jacono et al., 2011). Here, we test
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its ability to identify ALI 7d after injury when the inflammatory re-
sponse peaks, to determine if nonlinear measures vary with the mag-
nitude of lung injury and to compare the sensitivity of our measures to
fR.

1.1. Heart rate variability (HRV)

For approximately a half century, cardiologists have tested and used
analytical tools of HRV for their diagnostic and prognostic value (Malik,
1996). Analytic approaches examine HRV in both temporal and fre-
quency domains and assess linear and nonlinear properties of HRV.
Nonlinear analyses examine predictability of patterns (Hoyer et al.,
1997; Kurths et al., 1995; Voss et al., 1995). In a recent publication, we
analyzed HR dynamics using a multiscale entropy algorithm, then
plotted values in a physiologic, pathophysiologic state space reflecting
the health-disease continuum (Vandendriessche et al., 2017). Thus,
tracking biometrics is a strong rationale underlying their use as clinical
tools especially in the context of Intensive Care Unit where patient’s
electrocardiogram and other physiologic signals are monitored for days.

1.2. Ventilatory pattern variability (VPV)

The variation in breathing pattern does not have the extensive
history of HRV, but a clinical study compared measures of HRV and fR
variability (fRV) during spontaneous breathing trials to determine if
HRV and fR could predict extubation failure in ventilated patients
(Seely et al., 2014). While changes in HRV predicted extubation failure,
a predictive model using fRV had better accuracy than one based on
HRV (Seely et al., 2014). Their report focused on changes in frequencies
of respiratory and the cardiac cycles and found that fRV was a better
biometric than HRV in weaning from a ventilator.

1.3. Rationale for methodologic approach

We view ventilation as a continuous oscillatory waveform, which
has both a rhythm and a pattern. This distinction emphasizes that the
waveform has not only a rate and magnitude, but also a shape and
predictability from cycle to cycle. We use surrogate data sets designed
to preserve the linear properties of the original data set and to disrupt
its nonlinear, time- and pattern- dependent properties (Schreiber and
Schmitz, 2000, 1996).

The respiratory pattern is generated by a brainstem neural network,
which integrates sensory and central information. In the development
and progression of ALI, we expect that activation of vagal pulmonary
sensory nerves and changes in pulmonary mechanics will be reflected in
alterations in respiratory motor activities and, ultimately, ventilatory
pattern. We and others have theorized that fundamental changes in
waveform include the consistency or variability of the pattern
(Goldberger et al., 2002a, 2002b; Papaioannou et al., 2011; Peng et al.,
2002). Thus, VPV changes can reflect the development of disease
(Jacono, 2013).

In a previous study, we recorded the ventilatory pattern at 6, 12, 24
and 48 h after ALI, and reported that at 24 and 48 h, VPV and fR were
greater in ALI versus sham preparations (Jacono et al., 2011). We
theorized the increased fR did not depend solely on peripheral feedback
from the lungs, because pro-inflammatory cytokines were present in
cardiorespiratory nuclei in the brainstem at the following ALI. We as-
sociated the persistent increased fR and variability to cytokines af-
fecting the respiratory central pattern generator and/or its sensory
input.

In this report, we applied analytical tools to quantify VPV as a
technique to assess disease severity in a rodent model of ALI 7d after the
insult. We hypothesize that as severity of the injury increased; the in-
flammatory response would increase and the respiratory system would
become constrained; and VPV would become more deterministic. In
effect the next breath would become more predictable.

Therefore, we measured ventilation after the development of ALI,
quantified the underlying structure of the variability of the breathing
pattern and associated changes in VPV with severity of lung injury. We
expanded beyond the traditional analyses of respiratory intervals (that
is, respiratory rate and duration of the respiratory cycle) to include
assessment of the shape and patterning of the respiratory waveform. In
addition, we applied metrics of nonlinear complexity to determine if
changes in nonlinear measures of VPV would be a better predictor of
the presence of lung injury than the standard linear measures of re-
spiratory variability (i.e., coefficient of variation of respiratory rate).

2. Materials and methods

2.1. Surgical and experimental procedures

Experiments were performed on young adult, male Sprague Dawley
(Harlan Laboratories) rats (n= 26) weighing between 120–200 g. The
Institutional Animal Care and Use Committee of Case Western Reserve
University approved the experimental protocols.

2.1.1. Induction of lung injury
General surgical anesthesia was established with ketamine, xyla-

zine, and acepromazine utilizing a weight-based dose injected in-
traperitoneally as described previously (Jacono et al., 2011). Briefly, we
placed the anesthetized rat supine, exposed the trachea, inserted a 26-
gauge needle between cartilaginous rings of the trachea and injected
phosphate-buffered saline (PBS (50 μl) n= 9 rats) or low- or high- dose
bleomycin (bleomycin) [1 unit in 50 μl (n= 9 rats) or 3 units in 150 μl
of PBS (n= 8 rats)]. The incision was sealed with surgical tissue ad-
hesive and rats were monitored during recovery.

2.1.2. Ventilatory measurements
Whole-body plethysmography: Ventilation was recorded from un-

anesthetized, unrestrained, spontaneously breathing rats using a flow-
through, whole-body plethysmograph (Model PLY4213, Buxco
Electronics, Inc., Wilmington, NC). Briefly, this system has two cham-
bers; an animal and a reference chamber, and the pressure difference
between the chambers is recorded. During inspiration the increased
temperature and humidity of the air in the rat’s lungs causes a slight
increase in pressure in the plethysmograph (Delorme and Moss, 2002;
Lundblad et al., 2002; Nirogi et al., 2012). The animal chamber has gas
in and out ports for continuous flow (1.75 l/min) of gas through the
chamber to prevent depletion of O2 and accumulation of CO2 during the
recording period. The reference chamber is connected to the animal
chamber via a high-resistance port to allow compensation for slow
shifts in pressure between the chambers.

Prior to placing a rat in the animal chamber, we calibrated the
voltage evoked with a pressure difference by injecting and withdrawing
0.5 ml of air in and out of the animal chamber at 2–3 Hz, approximately
a rat’s respiratory rate. After placing a rat in the plethysmograph, it was
allowed 30min to acclimatize to the chamber before the signal was
recorded and stored in a computer using commercial acquisition soft-
ware (Spike2 v6, Cambridge Electronic Design Limited, Cambridge,
England). Data were analyzed ‘off-line’. Plethysmographic pressure was
conditioned (Filter settings: 0.1–30 Hz) and sampled at 200 Hz.
Recordings were obtained at an ambient room temperature of
24 ± 1 °C and between 9 AM and 1 PM to minimize circadian effects
on the results. Baseline respiratory parameters were collected for
10min with the rat breathing normoxia (room air, 21% O2 - 79% N2).
Subsequently, ventilatory responses to hyperoxia (5 min, 100% O2),
and hyperoxic hypercapnia (95% O2 - 5% CO2) were obtained.
Breathing patterns were recorded at day 0 (before lung injury) and day
7, which was 1 week after intra-tracheal administration of either
bleomycin or vehicle.
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2.2. Assessment of lung injury and inflammation

2.2.1. Collection of bronchoalveolar lavage fluid (BALF)
After the plethysmographic recording on day 7, rats were anesthe-

tized and exsanguinated. A midline incision extending from the thorax
to the neck was made, the ventral ribs were removed to allow un-
encumbered lung expansion, and the trachea was cannulated. The lungs
were lavaged with sterile PBS (3 times, 3 ml each time). The collected
bronchoalveolar lavage fluid (BALF) was centrifuged (1500 g, 10 min at
4 °C) and the supernatant was collected for protein analysis.

2.2.2. BALF protein assay
Protein content of BALF was determined using a modified Bradford

Protein Assay (Bio-Rad Laboratories, Hercules, CA). Briefly, 5ml of
diluted dye reagent was added to 100 μl of BALF supernatant and
mixed. Dye-protein complexes were formed during a 10-min incubation
at room temperature and were analyzed spectrophotometrically at
595 nm. Protein concentration was determined by comparison to a
standard curve constructed using known amounts of bovine serum al-
bumin. The results are expressed as μg of protein per μl of BALF.

2.2.3. Pulmonary histology
Lungs from euthanized rats (n=2 in each group and BALF was not

collected from these rats) were inflated and fixed with 10% formalin at
25 cmH2O for 30min. The lungs were removed en bloc, transferred to a
cassette, and embedded in paraffin. Subsequently, 5-μm sections were
cut and stained with hematoxylin and eosin for histological examina-
tion.

2.2.4. Weight
We weighed the rats on days 0 - 7. Vehicle-sham rats gained weight

whereas rats with ALI gained less or lost weight in the most severely
injured. Generally, visual inspection of the rat correlated with its well-
being. For example, rats minimally affected by the intratracheal injec-
tions of bleomycin were mobile and active, had a groomed hair coat,
had clear eyes and gained weight; whereas those affected, were hun-
ched and stationary, had a rough hair coat, had serous discharge from
their eyes and lost weight (Kohn et al., 2007).

2.2.5. Injury index
We devised an objective index of the severity of injury based on a

rat’s inability to gain weight which was the rat’s actual weight sub-
tracted from an expected weight determined by the weight gain of the
sham injury group and on the protein concentration of the BALF.

2.3. Data analysis

The assessment of VPV among experimental groups of rats was
conducted using a complementary set of novel analytical tools to
quantify changes in the morphology of the breathing pattern (Dhingra
et al., 2011). Stationary (without sighs or abrupt changes in pattern),
artifact-free epochs (60 s duration) were identified for analysis from the
recorded respiratory signal, and a video recording of the rat. Epochs
were scored using breath-detection software (Case Western Reserve
University, Cleveland, OH).The analysis of phase durations and re-
spiratory rate consisted of determining the mean, standard deviation
and co-efficient of variation for each variable. These statistics de-
termine the distribution and regularity of the temporal components or
‘rhythm’ of respiration but do not evaluate other sources of variability
in the ventilatory motor pattern. To characterize ventilatory pattern
variability, we conducted a time series analysis on the raw signal, as
well as on surrogate data sets formed from the raw signal. This analysis
included autocorrelation function, mutual information and sample en-
tropy.

2.3.1. Autocorrelation
Autocorrelation (AC) functions were constructed to characterize the

linear relationship between sampled points in the pattern. For each
breathing epoch, AC was calculated using available MATLAB
(Mathworks, Natick, MA) routines across multiple time intervals or lags
(τ) from neighboring points to points separated by one respiratory cycle
length (TTOT). To facilitate comparisons across rats with different re-
spiratory rates, the value of the AC coefficient at one respiratory cycle
length was reported as a measure of the strength of linear correlations
for a time series.

2.3.2. Mutual information
Mutual information (MI) is a measure of statistical dependence in

the data set that quantifies the reduction in the amount of uncertainty
of a point at time-delay x(t+τ) by knowledge of the point at x(t). MI
was computed for each τ between 1 and 1-cycle length. We reported an
average value for MI, excluding the first and last 17.5% of the cycle,
thus limiting those values that are near to and approximately a cycle
length from the reference value, because of the strong linear correla-
tions as defined by the AC function. MI was calculated for both original
and surrogate data sets to detect the presence of nonlinear dependence
over a physiologically appropriate range of time-delays. Specifically, if
there is nonlinear information in the original epoch its MI should be
statistically higher than the MI of the surrogate data (Dhingra et al.,
2011; Weil et al., 2009).

2.3.3. Sample entropy
Sample Entropy (SampEn) is a measure of the predictability of a

time-series signal (Richman and Moorman, 2000). To calculate sample
entropy, a template of m (m=2 for our analysis) points is selected and
the entire epoch is searched for template matches within a certain
tolerance r (r=0.2*SD), let this value be A. The procedure is repeated
with a template of m+1 (m=3) points, let the number of such matches
be equal to B. SampEn is defined as ln(A/B) where self-counting is
eliminated. Computationally, SampEn is the negative natural logarithm
of the conditional probability that epochs of a certain length having a
certain number of matches within a tolerance r for m number of points
will also have matches for m + 1 points within the same r where r is a
percentage of the amplitude maximum for a given epoch (Dhingra
et al., 2011). In addition, a modified SE method was utilized in-
corporating time delays other than unity to quantify contributions to
pattern complexity across time scales relevant to the respiratory cycle
length (Kaffashi et al., 2008).

2.3.4. Surrogate data & nonlinear complexity index (NLCI)
We applied this technique to distinguish linear versus nonlinear

sources of variability in the plethysmographic signal (Dhingra et al.,
2011). Surrogate datasets (n=19) were computed using the iterated
amplitude adjusted Fourier transform (iAAFT) by moving the data into
the frequency domain and back into the time domain while ensuring
that both the frequency distribution (power spectrum/autocorrelation
function) and the amplitude distribution are maintained (Fig. 1). These
surrogate data sets are designed to preserve the linear correlations
while disrupting nonlinear, time-dependent, relationships in the signal
(Dhingra et al., 2011; Schreiber and Schmitz, 2000, 1996).

These data are plotted against τ, which is the time delay or interval
between sampled points in the signal. τ ranged from 1 to 1 cycle length.
The differences between mutual information or sample entropy of the
surrogates and original data sets are used as an index of the amount of
nonlinear complexity present in the data for a given value of τ (Dhingra
et al., 2011; Schreiber and Schmitz, 2000, 1996)

As stated, nonlinear contributions were explored by comparing the
SampEn of the original data set from those of the surrogate data sets
(Kaffashi et al., 2008). SampEn was computed over multiple τs from
one to one cycle length for both original and surrogate data sets. We
report SampEn like MI averaging the values in the middle 65% of the
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curve due to the effect of the strong linear correlations at τ near 1 and at
1-cycle length.

To further determine complexity attributable to nonlinear features,
differences were tabulated between SampEn for original and surrogate
datasets at each individual τ. A nonlinear complexity index (NLCI) was
computed by taking the sum of absolute values of all statistically sig-
nificant differences in sample entropy between the surrogate and ori-
ginal data sets divided by the number of ‘τ's included in the sum.
Greater values of the NLCI correlate with increased contributions of
nonlinear and linear non-Gaussian sources of variability (Seely and
Macklem, 2004; Dhingra et al., 2011).

3. Results

3.1. Lung injury by bleomycin

3.1.1. Lung histology and BALF
The extent of lung injury was examined 7d after intra-tracheal ad-

ministration of either PBS or bleomycin (Fig. 2). Lung histology re-
vealed that alveolar architecture remained intact in the lungs of the
PBS-treated rats (Fig. 2A) but was damaged in bleomycin-treated rats
(Fig. 2B and C). Damage varied; and inflammatory cells infiltrated to
damaged areas indicating an inflammatory response following low- and
high- dose bleomycin (Fig. 2B and C).

We measured BALF protein concentration as an index of alveolar-
capillary permeability, which increases with lung injury (Fig. 2D) and
with the severity of lung injury (Fig. 2E). The average BALF protein
concentration was 0.02 ± 0.01 μg/μl for the Sham group (n=7 rats);
0.13 ± 0.1 μg/μl, (n= 7) for low-dose; and 0.21 ± 0.20 μg/μl,
(n= 8) for high-dose bleomycin groups. The average BALF protein
concentrations of the low- and high- dose bleomycin groups were
greater than that of the sham group (P < 0.05) but were not sig-
nificantly different from each other (Fig. 2D). Bleomycin causes focal
lung injury isolated to the areas of its deposition. This leads to a mottled
rather than homogenous lung injury. The broad distribution of protein
concentrations of the BALF also indicated variation in the extent of lung
injury.

3.1.2. Weight gain and BALF
The mean ± SD changes in weight for the three groups were: the

sham group, 49 ± 7.0 g; the low-dose bleomycin group, 16 ± 18.3 g
and the high dose, -10 ± 32.8 g. The large standard deviations for the

means in the change in body weight in the rats receiving bleomycin was
similar to those observed with BALF. To assess the potential range of
lung injury with bleomycin, we plotted the change in weight from d0 to
d7 against the BALF protein concentration value on d7 and identified
each point as receiving PBS or 1U or 3U of bleomycin (Fig. 2E). It was
apparent that: 1) 3 rats (2 received 1U and 1 received 3U of bleomycin)
had mild lung injury with weight gain and BALF protein concentration
similar to the group of PBS-treated rats, 2) 2 rats that received 3U of
bleomycin had the greatest weight loss and highest concentrations of
protein in their BALF so had the most severe lung injury, and 3) 8 rats
(5 received 1U and 3 received 3U of bleomycin) were between these
extremes and had a wide distribution of values(Fig. 2E). We present our
the data based on the dose of bleomycin the rats received bu include an
assessment of our analytical tools against the severity of injury as in-
dicated by the change in body weight multiplied by the BALF protein
concentration.

3.2. Impact of lung injury on breathing pattern

Representative respiratory tracings from a rat in each exposure
group are shown in Fig. 3A, left column with the corresponding cycle-
triggered averages (CTAs) of the tracing shown in Fig. 3A, right column.
Averaging was triggered at zero, e.g., when airflow crossed from ne-
gative (expiration) to (positive) inspiration. This increased the signal-
to-noise ratio of the plethysmographic signal and revealed the under-
lying change in the ventilatory pattern (Fig. 3A, right column). Quali-
tative assessment of the CTAs suggested that the respiratory pattern
became more similar to a sine wave after lung-injury compared to sham
treatment. In particular, pattern variability that was expressed as os-
cillations or ‘ripples’ during inspiration and late expiration in PBS-
treated rats diminished progressively after lung injury.

3.2.1. Respiratory frequency (fR)
Lung injury increased fR (Fig. 3). In unanesthetized rats breathing

room air, respiratory rate (fR) was slower in PBS- compared to bleo-
mycin- treated rats (fR= 100 ± 8 breaths/min in the PBS-treated
group (n=9); 191 ± 81 breaths/min (n= 9; P < 0.05) in the low-
dose and 206±78 breaths/min (n= 8; P < 0.01) in the high-dose
bleomycin-treated group (Fig. 3B). The difference in fR between the
low- and high-dose bleomycin-exposed rats was not significant (P=
0.72).

3.2.2. Coefficient of variation (CV)
We calculated the coefficient of variation (CV) of cycle length

(TTOT) to assess total variability in the timing of the respiratory cycle.
Comparing to d7, the means (± SD) of CVTTOT were: 1) for the PBS
group, 0.13 ± 0.03 at d0 and 0.13 ± 0.04 at d7 (n= 9); 2) for the
low-dose group, 0.14 ± 0.05 at d0 and 0.30 ± 0.21 (n= 9), and 3)
for the high-dose group, 0.21 ± 0.20 at d0 and 0.41 ± 0.20 at d7
(n= 8). Similar to fR, CVTTOT increased in the rats that received
bleomycin compared to those that received PBS but the bleomycin-
treatment groups did not differ from each other (Fig. 3C).

In summary, fR increases with induction of lung injury and quali-
tative differences were apparent in the shape of the respiratory pattern
especially with the CTAs. CVTTOT increased from d0 to d7 in the
groups receiving 1 and 3U of bleomycin. Thus, variation in cycle
duration across breaths in an epoch were significant in the bleomycin-
treatment groups compared to the sham group, even though the bleo-
mycin groups included rats with mild lung injuries

3.3. Effect of lung injury on ventilatory pattern variability (VPV)

In addition to measuring variation in the time domain (mean,
standard deviation of fR and CVTTOT), we measured variation in the
waveform produced by airflow across a pneumotach attached to the
plethysmograph. We refer to these measures as ventilatory pattern

Fig. 1. Representative examples of original and surrogate data sets. A1 Black
tracing: an original recording from the plethysmograph (specifically from a rat
treated with PBS, the vehicle for bleomycin, breathing normoxia). A2 Gray
tracing: surrogate data generated from the original data. B Distribution of va-
lues for the amplitude of the waveforms of the original (black) and surrogate
(gray) data sets. The surrogate data replicates the amplitude distribution of the
original data. C1 Black tracing: The autocorrelation function of the original
data plotted against τ (τ=1 to 4 cycles). C2 Gray tracing: Surrogate data sets
were selected because their autocorrelation function matched within tolerance
that of the original data.
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variability (VPV), which was quantified using a set of complementary
tools (Fig. 4) as described in 2. METHODS, 2.3 Data Analysis.

3.3.1. Autocorrelation coefficients (r)
On d0 prior to intratracheal instillation of PBS or bleomycin, the

values of r at one cycle length were not significantly different among
the groups: for the sham group, r=0.73 ± 0.07; for low- and high-
doses of bleomycin, (0.75 ± 0.09, 0.71 ± 0.11 respectively). Even
though r tended to increase a week following treatment, it did not
distinguish groups: sham, r=0.72 ± 0.07; low-dose, 0.78 ± 0.05;
and high-dose, 0.77 ± 0.07.

3.3.2. Mutual information (MI) and sample entropy (SampEn)
The results of the nonlinear deterministic analysis for the re-

presentative respiratory tracings are shown in Figures 4A&B. The pre-
dictability of the breathing pattern was evaluated by calculating the
mutual information (MI) during stable breathing when the rats were
quiescent (Fig. 4A1 & B1). To have a single number represent MI, we
averaged the values of MI over middle 65% of τ (red horizontal lines
from 17.5% to 82.5% in Fig. 4A1). The mean MIs of the original data
sets were greater than the surrogate data sets for all the groups

(P < 0.01; not shown in Fig 4A1 for clarity), at d7, the mean values of
MI were greater (P < 0.05) for the bleomycin-treated groups (low
dose, 0.74±0.08 bits n=9; high dose, 0.75±0.07 bits, n=8) com-
pared to the Sham group (0.47±0.08 bits, n=9). The difference in the
mean MIs between low- and high- dose was not significantly different.
The mean MI of the surrogate data sets was greater for the low-dose
bleomycin group compared to the PBS group (0.51±0.05 bits, n=9 vs.
0.39±0.06 bits, n=9; P= 0.02).

We quantified the linear and nonlinear property of entropies of
ventilatory waveform predictability by calculating the Sample Entropy
(SampEn) (Fig. 4A2 & B2). Again, to have a single number represent
SampEn, we averaged the values of SampEn over middle 65% of τ (red
horizontal lines in from 17.5% to 82.5% Fig. 4A2, Note the cycles were
normalized to one cycle length on the x-axis so 1 red line represented
the averaged section in the 3 traces).The mean SampEn of the original
data sets were less than the surrogate data sets for all the groups
(P < 0.01; not shown in Fig 4A2 for clarity). At d7, the mean value of
SampEn was less (P < 0.05) for the lung-injured groups (low dose,
1.17±0.17 bits n=9; high dose, 1.14±0.07 bits, n=8) compared to
the sham rats (1.31± 0.11 bits, n=9). The difference in the mean
SampEn between low- and high- dose did not differ significantly. The

Fig. 2. We characterized lung injury by histology, protein con-
centration in broncho-alveolar lavage fluid (BALF) as measured
on d7 and changes in body weight between d0 and d7. A-C: Lungs
were harvested from 2 rats in each group, sectioned and stained
with hematoxylin and eosin. Representative paraffin sections of
pulmonary tissue exposed to, PBS (A); low- (B, 1U) and high- (C,
3U) dose bleomycin. Sections of pulmonary tissue from lung ex-
posed to bleomycin had evidence of injury with inflammatory
cellular infiltrates in the alveoli. D: The means of the protein
content of BALF from low- and high- dose Bleomycin-treated rats
were greater than that from PBS-treated rats (*= P > 0.05) but
were not significantly different from each other. E: Plot of change
in body weight against BALF protein content for each rat (coded
for treatment) revealed that: 1) 3 rats that received bleomycin had
similar weight gains and BALF protein content as the PBS-treated
rats indicating mild lung injury, 2) 3 rats that received 3U bleo-
mycin had the greatest weight loss and highest BALF protein
concentration indicating severe lung injury; 3) 5 rats that received
1U and 3, that received 3U of bleomycin had overlapping and
widely distributed changes in body weight and protein con-
centration in BALF (points encircled with dashed in red line),
which indicated moderate lung injury. Bleomycin damages only
the lung tissue, which it contacts directly resulting in mottled
rather than homogenous lung injury.
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mean SampEns of the surrogate data sets did not differ.

3.3.3. Nonlinear Complexity Index (NLCI)
The apparent progressive increase in the difference of SampEn be-

tween the original and mean of the surrogate data sets indicate that the
nonlinear component of total variability increased with lung injury. We
quantified this difference by subtracting the values of SampEn for the
original data set from the values for the mean minus the standard de-
viation of the surrogate data sets (lower dashed gray line in Fig. 4A2);
then, dividing the summed differences by the number of τ in which a
difference occurred. We refer to this value as the nonlinear complexity
index (NLCI). On d0 NLCI did not differ among groups, (PBS,
0.059 ± 0.26, n=9; 1U, 0.049 ± 0.24, n=9; 3U, 0.048 ± 0.23,
n=8). On d7 and compared to the rats that received PBS
(0.074 ± 0.031 bits), NLCI increased after low- (0.213 ± 0.062 bits,
P<0.05) and high- doses of bleomycin rats (0.271 ± 0.107 bits, P <
0.05; (Fig. 4C). However, NLCI did not differ between groups receiving
low- and high- doses of bleomycin.

3.3.4. NLCI correlated to severity of lung injury
For an index of lung injury we multiplied the protein content of the

BALF on d7 by the difference between the expected and the actual
weight of the rat on d7 (Fig. 5). We derived this index based on Fig. 2E,
in which the change in body weight from d0 to d7 was negatively
correlated to the protein concentration in the BALF on d7. The expected
body weight was based on growth of the sham group, so subtracting the
actual from the expect body weight provided positive numbers. Thus,
the product of the difference between expected and actual body weight

multiplied by the protein concentration in the BALF should be corre-
lated to severity of lung injury and serve as an index of the severity of
lung injury. The strong correlation (r= 0.904) between NLCI and lung
injury supports NLCI as a sensitive biometric for lung injury. In a linear
regression model, the equation is y= 0.00973x + 0.0567 bits.

3.4. Increased inhaled CO2 decreased ventilatory pattern variability only in
the sham group

In the experimental protocol, we exposed the rats to normoxia
(room air), hyperoxia, and then to hyperoxic hypercapnia. The NLCIs
did not differ between normoxia and hyperoxia for the sham
(0.07 ± 0.03 vs 0.08 ± 0.05; P > 0.05); the low-dose (0.18± 0.11
vs 0.20± 0.10; P > 0.05); and for the high dose groups (0.27± 0.15
vs 0.24±0.13; P > 0.05). Hyperoxic hypercapnia increased NLCI in
the sham group (0.19±0.12; P < 0.05) but not in the lung injured
groups, (1U bleomycin, 0.21±0.10; 3U, 0.26± 0.12; Fig. 6)

3.5. Nonlinear measures of ventilatory pattern variability outperformed fR

We applied Receiver Operating Characteristic (ROC) curve analysis
(Griner et al., 1981; Zweig and Campbell, 1993) to evaluate the ability
of linear and our nonlinear measures to discriminate disease variance in
the ventilatory pattern (Fig. 7). We calculated the area under the curves
(AUC) to compare the analytical approaches (Fig. 7). Both fR and CV of
TTOT were able to identify lung injured rats. CVTTOT had the least
sensitivity for a given specificity and consequently, had the lowest area
under the curve (AUC=0.78). In contrast, the nonlinear indices had

Fig. 3. Breathing patterns 7d after either receiving PBS or bleo-
mycin. A1 Raw traces from plethysmographic chambers in which
rats breathed room air 7d after intra-tracheal instillation of PBS
(vehicle) or bleomycin (low- (1U) or high-dose (3U)). A2 Cycle-
triggered averages revealed underlying differences in breathing
patterns among sham rats and those with acute lung injury. In
these examples, the respiratory cycle shortened progressively
from sham to higher doses of bleomycin; and the waveform be-
came progressively more similar to a sine wave. B&C Respiratory
rate (fR) and the coefficient of variation of cycle duration (TTOT)
were greater in the bleomycin-treated compared to PBS-treated
rats. * = P < 0.05.
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similar AUC values (MI= 0.94 and NLCI= 0.93) and high sensitivity
for a given specificity.

4. Discussion

This study presents an analysis of the nonlinear deterministic
properties of the variability in the ventilatory pattern as a diagnostic
and predictive strategy. Following ALI the ventilatory waveform be-
comes more predictable; MI increases and SampEn decreases indicating
a loss in VPV. In addition, we utilized surrogate data sets constructed
from the original data set to isolate non-linear sources of variability in
VPV. These data sets preserve the linear autocorrelation function but
destroy the nonlinear deterministic properties of the original data. Thus
we calculate a NLCI by comparing the values of sample entropy of the
original and surrogate data sets. The ROC supports that NLCI is a di-
agnostic biometric for distinguishing rats with and without ALI.

4.1. Relevance to neural control of respiration

Our analytic approach revealed a nonlinear, deterministic compo-
nent to VPV at baseline; and this became a greater part of VPV with
increasing severity of lung injury. The presence of deterministic
variability indicates that properties of the underlying neural circuitry
generating the respiratory pattern relate one breath to the next. The
increase in time-dependence in the ventilatory pattern indicates that
variability is itself dynamic and perhaps a controlled property of
breathing. Our general working hypothesis is that breathing becomes
more predictable as a result of brainstem inflammation; evoked by
sterile and septic lung injury with the production of damage-associated
molecular pattern molecules (DAMPs) and pathogen-associated mole-
cular pattern molecules (PAMPs) respectively (Dhingra et al., 2011;
Dick et al., 2013; Jacono et al., 2011; Litvin et al., 2018)).

Deterministic properties were not evident in the reduced neural
circuits present in in vitro Pre-Bötzinger Complex even though these
small circuits generate a rhythm. Using multiunit recording of spiking
activity, a cycle-by-cycle analysis revealed stochastic rather than de-
terministic variability in the onset of neuronal activity. Specifically,
neurons that initiated one cycle would follow in another (Carroll et al.,
2013; Carroll and Ramirez, 2013). The authors concluded that each
breath was generated by a “de novo assembly of a stochastic colla-
boration of network topology and intrinsic properties”. While we have
focused on the identified changes in the deterministic variability in the
ventilatory waveform, we must note that the sample entropy of the

Fig. 4. Nonlinear measures of ventilatory pattern variability. A1 Representative
plots of mutual information (MI) as a function of τ the time lag between points,
for each experimental group. Thus, the time lag depended on sampling fre-
quency, which was 200 Hz so 5ms for τ=1. As fR increased, the cycle was
captured by fewer τ. A2 Representative plots of sample entropy (SampEn)
against τ normalized to one cycle length. As deterministic nonlinear variability
becomes a greater component of total variability, MI increased and SampEn
decreased in the original datasets; whereas these values remained similar for
the surrogate data. B1 Group data: On d7 after lung injury MI had increased
compared to the sham group indicating that the respiratory pattern became
more predictable, more stereotypic. B2 Group data: Consistent with the dif-
ferences in MI on d7, SampEn had decreased compared to the sham group in-
dicating that patterns in the shaped of the waveform had increased. C Group
data: For sample entropy we summed differences (highlighted in yellow) be-
tween the original data set (black trace) and the surrogate data sets (mean-1
standard deviation, grey dashed trace) and then divided the total by the number
of t in which differences occurred. We refer to this value as the nonlinear
complexity index (NLCI) because the NLCI reflects the presence of nonlinear
contributions to ventilatory pattern variability. The NLCI increased progres-
sively from sham to 1 and 3U of bleomycin indicating a more consistent pattern
in the waveform across breaths after lung injury. * = P < 0.05.

Fig. 5. NLCI, a nonlinear measure of ventilatory pattern variability, correlates
highly to the product of BALF protein concentration multiplied by the differ-
ence between the expected and actual body weights. The expected body weight
was based on the sham group, which gained 47 ± 5.875 g in the week after
tracheal instillation of PBS. The three rats identified as sustaining either mild or
no lung injury after bleomycin (yellow filled black (1U) or red (3U) boxes)
obscure the saline-treated rats (blue circles). The most severely lung injured rats
received 3U of bleomycin (red filled boxes), but the moderate range between 2
and 20 had rats that were treated with 1 of 3U of bleomycin.
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surrogate datasets, which theoretically retains the linear (stochastic)
properties of the waveform signals, remained similar before and after
lung injury appearing unaffected by brainstem inflammation. Thus, we
speculate that the mechanisms modulating VPV after ALI act on non-
linear (deterministic) rather than linear (stochastic) mechanisms.

Our working hypothesis is that synaptic efficacy is affected by
brainstem inflammation associated with ALI (Litvin et al., 2018). We
recorded evoked excitatory postsynaptic potentials (eEPSCs) from
neurons that received monosynaptic glutamatergic input from the
tractus solitarii. The average amplitude of TS-eEPSC was less in tissue
harvested from a juvenile rats a week after ALI compared to that of
uninjured rats (Litvin et al., 2018). These data are consistent with de-
creased responsiveness to sensory input; thus, less variability due to
random or transient sensory input. While the details need to be de-
termined, these data support the working hypothesis that brain in-
flammation affects the nonlinear dynamics of the ventilatory pattern
through neural circuits.

Variability of the ventilatory pattern is the final product of the re-
spiratory pattern generator and of sensory, postural and behavioral
inputs. In other words, this variability reflects convergence of multiple
inputs affecting respiratory pumping and valvular muscles and airways.
Convergence of neural activity as well as synchrony of functionally
equivalent neurons may act in a circuit to modulate deterministic
variability in the ventilatory pattern.

4.2. Magnitude of acute lung injury

Low- and high- doses of bleomycin caused appreciable lung injury,
increased respiratory rate, and increased coefficient of variation of
TTOT. These changes in the pattern were apparent in the CTAs of air-
flow. However, the severity of the lung damage varies greatly in and
between rodents as models of ALI caused by a single dose of bleomycin.
Within a rodent, adjacent areas in the lung can be damage severely or

normal (Izbicki et al., 2002). Between animals, both histology and
biochemical biomarkers in the BALF are highly variable (Manali et al.,
2011; Polosukhin et al., 2005; Ruscitti et al., 2017). Our data reflect this
variability in ALI

Due to this variability, we sought an objective measure of the
magnitude of the effect bleomycin on the health and well-being of the
rats. We reasoned that an index based on the failure of the rats to gain
weight like the sham surgical control and on the amount of protein in
the BALF would reflect lung damage and its effect on the rat’s health.
Body weight is a good indicator of rodent health (Hawkins, 2002; Kohn
et al., 2007). NIH animal care and use guidelines require measuring
body weight at least once a week in monitoring rodents in experimental
protocols that occur over an extended period. Further, recent studies
using rodent as a preclinical model report that weight loss is correlated
to intensity of the exposure to aerosolized ammonia or to imminent
death in the days after whole irradiation (Koch et al., 2016; Perkins
et al., 2016). Further in a rodent molecular model of cystic fibrosis,
weight loss following an intratracheal inoculation with Pseudomonas
aeruginosa (or sterile) agarose beads was greatest 3 d after infection and
was correlated with the inflammatory process rather than with altered
pulmonary responsiveness. These studies support using weight loss as a
marker of health, in particular associated with lung injury.

Finally, we interpret the increase in predictability in the respiratory
waveform in the context of brainstem inflammation but the marked
weight loss indicates that hypothalamic inflammation is affecting
homeostatic control (Burfeind et al., 2016). The loss of effective con-
nectivity to cardiorespiratory control networks due to inflammation of
hypothalamic and other suprapontine inputs must considered as a
possible mediator of this effect.

The other variable in our injury index was multiplied the protein
content of BALF. In ALI, protein in the alveoli increases due to leaky
airway epithelium, pulmonary vascular endothelium cellular debris and
the recruitment of cells to the damaged tissue by DAMPs. Given that we
collected BALF from three washes of the lung, BALF protein content
would average the high protein levels from the damaged areas and low
protein levels from the undamaged areas. So even though the damage
heterogeneous, the magnitude of overall lung injury would be reflected
in BALF.

Thus, it is consistent that NLCI as a biometric for ALI to be highly
correlated to an objective measure of the severity of lung injury.

We quantified nonlinear characteristics of the plethysmographic
waveform using MI, which measures the probability of knowing a
second point given the value of a prior point, and SampEn, which
measures the frequency of matches of a third point based on the match
of two prior points. Both of these techniques analyze the consistency of
the waveform from breath-to-breath (Dhingra et al., 2011).

We developed the nonlinear complexity index (NLCI), which nor-
malizes SampEn to compare SampEn from different epochs and dif-
ferent rats. For the groups, the mean NLCI of the VPV from the rats that
received bleomycin was significantly greater than the sham rats.
Further, NCLI showed a trend and tended to increase progressively from
the sham to low- to high- dose of bleomycin. A priori the number of rats
required to test our hypothesis depended on the higher dose of bleo-
mycin to cause greater lung injury consistently. This was not the case.
The observed overlap of weight gain (or loss) and the protein con-
centration of BALF was leveraged to create an index of lung injury

Fig. 6. Summary of the effect of inspired gas on NLCI.
Hyperoxia did not impact measurement of NLCI sig-
nificantly. Hyperoxic hypercapnia increased the NLCI
in the sham group but not bleomycin-lung injured rats.
In the PBS-treated rats breathing hypercapnia, NLCI
became similar to NLCI of bleomycin lung-injured rats.
The absence of changes in NLCI in rats with lung injury
could indicate a ceiling effect or a mechanism or both.
* = P < 0.05.

Fig. 7. Receiver operating characteristic (ROC) curves were plotted to compare
the diagnostic accuracy of different indices of ventilatory pattern variability for
the diagnosis of acute lung injury. The area under the ROC curves (AUC) for CV
of TTOT (AUC=0.78) was the least whereas MI (0.935) and NLCI (0.933) were
comparable.
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based on weight (the difference between expected (based on the growth
of the sham rats) and actual weights) and on the protein concentration
of BALF. Using this index, NLCI was highly correlated to the magnitude
of lung injury. This was confirmed by receiver operating curve analysis
in which nonlinear indexes had a high diagnostic accuracy for ALI.

4.3. Limitations of the analysis

In a similar approach to that applied here, the effectiveness of an
assessment algorithm for predicting sepsis was determined by opti-
mizing the area under the under receiver operating characteristic
curves (Nemati et al., 2018). In their approach, they analyzed heart rate
and arterial blood pressure data. Here, we used primarily the re-
spiratory waveform. Consequently, additional physiologic variables
that are monitored like blood gases and body temperature are not
considered in development of the tool.

The limitations of a biometric, are its specificity and selectivity. A
relevant example is sabermetrics, which refers to analytics developed in
part by members of the Society for American Baseball Research
(SABRmetrics) (Costa et al., 2007). For instance, since the 19th Century
players have been characterized batting average, which treats each at
bat equally. Thus, these statistics are independent of the circumstances
of the game; such as runners on base and quality of the opposing
players. Sabermetrics applies a statistical approach to evaluate a
player’s performance given the probable outcome of at bat given the
game’s situation. So like sabermetrics, we are interested in developing
statistics based on the situation, in our case, the predictability of the
breathing pattern to distinguish subtle but physiologically substantive
differences in seriously ill patients to track illness and recovery.

4.3.1. Specificity
Nonlinear measures of the VPV evaluate the mathematical com-

plexity of a complex, integrated behavior, with NLCI greater than 0.075
accurately detecting lung injury. In two rats that received 3U of bleo-
mycin, the product of BALF protein concentration and the difference
between predicted and actual body weight was slightly greater than 2.0
indicating mild lung injury. The NLCIs in these two rats were less than
0.075, which would indicate a false negative error. NLCI had a high
correlation to the severity of lung injury, as indicated by the protein
concentration in the BALF alone and even higher when multiplied by
the difference between predicted and actual body weight.

Inhaling hyperoxic hypercapnic gas, evoked a regular breathing
pattern that also had NLCI greater than 0.075. In this regard, specificity
depends on the patient’s history. Further even though hypercapnia in-
creased NLCI in the sham group to that of the injured group, hy-
percapnia may be acting through a different mechanism. Inhaled CO2

recruits respiratory-modulated activity in the brainstem and increases
central respiratory drive (Cohen, 1968). With a strong drive, the pattern
became highly predictable.

4.3.2. Sensitivity
Theoretically, the range of NLCI should be broad, bounded by 0 and

the average SampEn of the data but practically it was between 0.01 and
0.55. Further, we plotted a curve for the quadratic regression, which
indicates a weak ceiling-effect. A ceiling, or a practical maximal pre-
dictability, is also supported by the absence of an increase in NLCI in
the injured rats; whereas NCLI increased in sham control rats exposed
to increased inhaled carbon dioxide. In our sample entropy analysis we
measured a pattern of only three points (m=3) with a standard tol-
erance (5%). We have not investigated optimizing these parameters.
While NLCI was effective with these standard parameters; optimization
of parameters may increase sensitivity without sacrificing specificity.

4.4. ALI changes the breathing pattern

The breathing pattern following lung injury could be due to many

factors (Jacono, 2013). In systems engineering terms, the determinants
of VPV include: a) the properties of the controller; specifically, the
brainstem neurons that generate the respiratory pattern; b) the latency
and gain of sensory feedback from chemo-, mechano- and pulmonary
edema- receptors; and c) the physical properties of the plant, which
includes the airway, pulmonary and chest wall. Which determinants of
the breathing pattern are responsible for increasing the predictability of
the ventilatory pattern in ALI? In ALI injury to the plant (lungs) is a
primary determinant. The physical constraints of the cardiopulmonary
system including changes in lung mechanics, interstitial fluid and gas
exchange (Jacono et al., 2006; Jubran and Tobin, 2000; Jubran et al.,
1997; Fiamma et al., 2007; Van den Aardweg and Karemaker, 2002).
Pulmonary edema would activate J-receptors, which are innervated
vagal C fibers and evoke rapid shallow breathing (Widdicombe, 1982).
Reductions in vital capacity (VC) in the setting of gas exchange re-
quirements that necessitate maintenance of a relatively normal tidal
volume (VT) may narrow the VC/VT ratio and result in a more uniform
rate and depth of pattern. However, mechanical properties of the lung
are not the sole determinants of breathing patterns (Benchetrit, 2000;
Bruce, 1996; Webber and Zbilut, 2006).

In addition to the “plant,” the sensors may be altered. The chemo-
reflex sensitivity or ‘gain’ of sensory receptors increased following lung
injury(Jacono et al., 2006). However, the role of sensory input in af-
fecting VPV is not clear as it can both increase and decrease variability
(Dhingra et al., 2017). Further brainstem cytokine expression alters
neural processing of afferent feedback; altering the deterministic
structure and patterning of respiration after elicited by chemo- and
mechano- reflexes (Coles and Dick, 1996; Siniaia et al., 2000). Speci-
fically, pro-inflammatory cytokines are expressed in the nTS after ALI
and may decrease in synaptic efficacy of sensory input (Litvin et al.,
2018). Thus, the sensory and controller components of the respiratory
system are affected by ALI and we are pursuing experiments to eluci-
date specific causes and mechanisms.

As well as the causes, the physiologic relevance of the ventilatory
pattern becoming more predictable is unclear. Changes in the ventila-
tory pattern may be adaptive or pathogenic. For example, adoption of a
breathing pattern with low variability minimizes dyspnea in patients
with restrictive lung disease (Brack et al., 2002). In contrast, biologi-
cally variable ventilation preserves lung compliance after lung injury
(Arold et al., 2002) In summary, we hypothesized that ALI would lead
to a change in measured variability based on analyses of VPV in pa-
tients recovering from respiratory failure. In our rodent model of ALI,
we observed a significant increase in nonlinear determinants of pattern
variability.

4.5. Changes in inhaled gases

We addressed the impact of inspired concentrations of oxygen and
carbon dioxide on the changes in nonlinear features of the respiratory
signal with ALI. The observation that hyperoxia did not reverse the
increase in nonlinear complexity suggests that hypoxemia and in-
creased carotid body sensitivity are not the primary drivers of pat-
terning in our animal model. In contrast, hyperoxic hypercapnia leads
to significant changes in nonlinear complexity in sham but not ALI rats.
These results are consistent with a weak ‘ceiling effect,’ that is increases
in the nonlinear component of variability in the ventilatory pattern was
reaching a maximal value. This finding has potential clinical relevance
as related to the use of permissive hypercapnia as a ventilatory strategy
in patients with ALI/ARDS. Specifically, hypercapnia may mask a re-
duction of nonlinear variability during recovery.

4.6. Variability of the ventilatory pattern as a biometric

Many prior investigations have measured breathing pattern varia-
bility by analyzing cycle duration and tidal volume. For instance, re-
spiratory pattern variability decreases in restrictive lung disease and
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increases in COPD. Using measures of the coefficient of variation of
tidal volume (CVVT), patients with restrictive lung disease, mean CVVT
was less than that of normals; 50% less in one (Kuratomi et al., 1985)
and upto 80% less in another study (Brack et al., 2002). In contrast,
CVVT almost doubled in patients with obstructive lung disease
(Kuratomi et al., 1985). In normal humans, resistive and elastic loads
affected expiratory and inspiratory durations (TI and TE) differentially.
Depending on the added load, resistive loads increased CVTI and CVTE
(Brack et al., 1998) and elastic loads decreased the variability of TE
(Brack et al., 1997)

Our analysis considered both respiratory cycles (that is fR and TTOT)
and the morphology of the plethysmographic signal. The analysis of the
waveform examined the relationship between data points throughout
the respiratory cycle to those from one cycle to the next, capturing
intra- and inter- breath dynamics. Further, in neural control of the re-
spiration that rhythm (or rate) and pattern (shape of the waveform) are
regulated independently (Rybak et al., 2007). That is, the morphology
of the waveform may be altered even without a change in respiratory
rate, and our analytical approach would be sensitive to this type of
change.

In summary, the present study demonstrates that NLCI can quantify
change in VPV after lung injury and is highly correlated to the mag-
nitude of the injury. We expect that NLCI will identify decreases in
variability due to increases in the predictability of the pattern and such
changes occur in sepsis and that increase lung resistance. This result is
of potential relevance to strategies for diagnosis and stratification of
ALI/ARDS as performed in the emergency department and intensive
care unit. In the long term, we envision measures of pattern variability
as an “additional vital sign” providing diagnostic and predictive in-
formation to clinicians identifying patients in need of a higher level of
care or more intensive therapy.
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