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Abstract The aim of our study was to employ novel
nonlinear synchronization approaches as a tool to detect
baroreflex impairment in young patients with subclinical
autonomic dysfunction in Type 1 diabetes mellitus (DM)
and compare them to standard linear baroreflex sensitivity
(BRS) methods. We recorded beat-to-beat pulse interval
(PI) and systolic blood pressure (SBP) in 14 DM patients
and 14 matched healthy controls. We computed the infor-
mation domain synchronization index (IDSI), cross-multi-
scale entropy, joint symbolic dynamics, information-based
similarity index (IBSI) in addition to time domain and
spectral measures of BRS. This multi parametric analysis
showed that baroreflex gain is well-preserved, but the time
delay within the baroreflex loop is significantly increased
in patients with DM. Further, the level of similarity
between blood pressure and heart rate fluctuations was
significantly reduced in DM. In conclusion, baroreflex
function in young DM patients is changed. The quantifi-
cation of nonlinear similarity and baroreflex delay in
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addition to baroreflex gain may provide an improved
diagnostic tool for detection of subclinical autonomic

dysfunction in DM.
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Abbreviations

BRS Baroreflex sensitivity

BRS index BRS calculated by cross-spectral method
from PI and SBP signals.

BRSf index BRS calculated by cross-spectral method
from heart rate and SBP signals

bslope Slope of bradycardic sequences
(sequence method)

CrossMSE Cross-multiscale entropy analysis

Cross-SampEn
DM

Cross sample entropy
Diabetes mellitus

HRV Heart rate variability

IBSI Information-based similarity index

IDSIeq Information domain synchronization
index (equiprobable symbolization)

IDSIreg Information domain synchronization
index (regular symbolization)

JSDdiam Portion of diametric word types (joint
symbolic dynamics method)

JSDsym Portion of symetric word types (joint
symbolic dynamics method)

PI Pulse interval

SBP Systolic blood pressure

tslope Slope of tachycardic sequences
(sequence method)

xBRS Baroreflex sensitivity calculated by

cross-correlation method
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xBRS delay Baroreflex loop time delay (cross-

correlation method)

1 Introduction

One of the most overlooked and serious complications of
diabetes mellitus (DM) is cardiovascular autonomic neu-
ropathy, which encompasses damage to the autonomic
nerve fibers that innervate the heart and blood vessels and
results in abnormalities in heart rate control and vascular
dynamics [34]. Early detection of subclinical autonomic
dysfunction in diabetic patients is of vital importance for
risk stratification and subsequent management for the
prevention of serious adverse consequences [31].

The diagnosis of cardiovascular autonomic neuropathy
is based on cardiovascular tests (Ewing battery) and the
analysis of spontaneous heart rate oscillations—heart rate
variability (HRV) analysis [6, 20].

With noninvasive beat-to-beat blood pressure measure-
ment via the volume-clamp method [23], the neural modula-
tion of the sinus node mediated by arterial baroreceptors can
now be easily quantified (baroreflex sensitivity, BRS) [34, 39].

Decreased BRS was found in both Type 1 and Type 2
DM patients, using time domain (sequence method) and
frequency domain (cross-spectral method) analyses [5, 15,
29]. Several studies have shown that BRS measures have a
higher sensitivity to detect the cardiovascular dysregulation
in DM than HRV measures [4, 15, 19].

Both, experimental studies and mathematical models [7,
8, 27] indicate that significant nonlinear components are
involved in the cardiovascular control system. Our previ-
ous studies [18, 33] showed that nonlinear HRV analysis
methods are more sensitive to cardiovascular dysregulation
in DM patients than linear measures. Based on these
findings, we hypothesized that recently developed nonlin-
ear methods for the quantification of synchronization
between signals (e.g. blood pressure and heart rate) are

more sensitive to baroreflex impairment in young patients
with Type 1 DM than standard BRS indices.

The aim of this study was, therefore, to employ those
novel nonlinear synchronization approaches to heart rate
and blood pressure data and to compare their performance
to various linear standard BRS methods.

2 Methods
2.1 Subjects

In this study we included a sample of 28 subjects subdi-
vided into two groups. The first group consisted of 14
patients with Type 1 DM (seven women, seven men) aged
21.4 (20.3-24.2) years [median (interquartile range)]. The
mean duration of DM was 12.9 (10.4-14.2) years. We used
the same groups of probands as in our previously published
study [33].

Based on anamnestic data, only one patient showed
clinical symptom of autonomic dysfunction (orthostatic
intolerance). The Michigan Neuropathy Screening Instru-
ment, composed of a history questionnaire and a physical
assessment (foot sensation), did not reveal neuropathy in
any patient. Physical examination showed excessively dry
skin in one subject and reduced vibration sensation was
found in another subject. Ankle reflexes and monofilament
sensation testing were bilaterally normal in all subjects.

The second group consisted of 14 healthy gender and
age matched probands (age: 22.3 (20.7-25.0) years). The
basic subjects’ characteristics of both groups are presented
in Table 1. All subjects gave their informed consent prior
to examination. Subjects were instructed not to use sub-
stances influencing cardiovascular system activity (caf-
feine, alcohol). Smokers (three probands in both control
and DM groups) were instructed not to smoke 12 h prior to
examination. None of the examined subjects used medi-
caments affecting cardiovascular functions and all subjects
were normotensive. The only medication used was insulin

Table 1 Study groups
characteristics

Values are presented as median
(interquartile range) and

P values were obtained using
Mann—Whitney U test. Asterisk
indicates significant (P < 0.05)
between-groups difference

CON control group, DM group
of patients with Type 1 diabetes

CON DM P
Sex (m/f) 717 717 -
Age (years) 21.4 (20.3-24.2) 22.3 (20.7-25.0) 0.646
Body mass index (kg m~?) 21.0 (20.4-23.8) 21.7 (21.0-24.5) 0.292
Plasma glucose (mmol 1_1) 49 (4.3-5.1) 8.8 (6.8-13.5) 0.001*
HbAlc (%) 4.7 (4.5-5.0) 9.7 (8.7-9.9) 0.001%*
Systolic blood pressure (mmHg) 125 (114-135) 117 (113-124) 0.217
Diastolic blood pressure (mmHg) 73 (64-76) 70 (67-76) 0.776
Duration of DM (years) - 12.9 (10.4-14.2) -
Age at DM diagnosis (years) - 9.8 (8.0-11.6) -
Smokers (1) 3 3 -

mellitus
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in the DM group. The study was approved by the Ethics
Committee of Jessenius Faculty of Medicine, Comenius
University.

2.2 Procedures

All subjects were investigated in a quiet room from § a.m.
to 12 a.m. Continuous finger arterial blood pressure was
measured noninvasively by the photoplethysmographic
volume-clamp method, using the Finapres (Ohmeda 2300,
USA). The device’s analog output was transferred into a
PC by an analog—digital converter (PCL-711, Advantech,
Taiwan) at a sampling frequency of 500 Hz. Custom-made
software was used to detect systolic blood pressure (SBP)
values for each heartbeat. Pulse interval (PI) was defined as
the time interval between subsequent SBP peaks. The SBP
peak was detected as the local maximum after the time
instant where the first derivative of blood pressure
recording reached individually selected threshold. The
detection accuracy was visually validated. All recordings
were obtained under standardized conditions (supine rest)
and the subjects were instructed to avoid voluntary
movements and speaking. The subjects were resting for
20 min before the recording started, allowing the cardio-
vascular system to reach a quasi-stationary condition.

2.3 Data analysis

Analysis was performed off-line on recordings with 60 min
duration using custom-made software. The analysis inclu-
ded quantification of BRS measures and nonlinear
synchronization.

2.3.1 Baroreflex sensitivity measurement

All BRS indices were computed from the whole 60 min of
recording.

2.3.1.1 Sequence method SBP time series were scanned
for sequences of monotonically increasing/decreasing blood
pressure values over at least three consecutive heart beats
that were paralleled by sequences of monotonically
increasing/decreasing values in PI shifted by one heart beat
[22]. Such sequences were interpreted as cardiac baroreflex
response to blood pressure increases/decreases. Minimal
beat-to-beat changes in SBP and PI that were considered by
the sequence method were 1 mmHg and 5 ms, respectively.
If the correlation coefficient computed between the SBP and
PI sequences was >0.8 the sequence was considered valid
and linear regression slope were computed for those ‘baro-
reflex’ sequences. We computed average slopes for brady-
cardic (an increase in blood pressure accompanied by an
increase in PI) and tachycardic (a decrease in blood pressure

accompanied by a decrease in PI) sequences (bslope and
tslope indices, respectively) according to the dual sequence
method [21] as well as the overall average slope.

2.3.1.2 Time domain cross-correlation method The time
domain cross-correlation technique is based on calculating
BRS values for different time delays between SBP and PI
signals [35]. First, beat-to-beat values of PI and SBP were
interpolated at 1-s intervals using cubic splines. Subse-
quently, cross-correlation coefficients and linear regression
slopes were computed within 10-s windows of PI and SBP
time series. For each 10-s window, the cross-correlation
function between SBP and PI was computed as a function
of PI delay in the range of 0-5 s. At the delay of maximum
correlation, linear SBP/PI regression coefficients (BRS
slope) were computed. The averages of all 10-s window
maximum correlation delays (xBRS delay) and regression
slopes (xBRS) of each recording were used to quantify
baroreflex delay and sensitivity, respectively.

2.3.1.3 Cross-spectral method BRS was also assessed by
a cross-spectral method, using fast Fourier transform [37].
Heart rate and blood pressure time series were linearly
detrended and resampled at 4 Hz. Fourier Transform was
conducted on subsequent windows of 256 samples with an
overlap of 90% after applying the Hanning window. The
transfer function gain was calculated in the frequency
range of 0.04-0.15 Hz [32]. The values of baroreflex sen-
sitivity (BRS index) were determined as average of the
transfer function between SBP and PI signals at frequencies
where the coherence was higher than 0.5. The BRSf index
was calculated by the identical technique but instead of PI,
instantaneous values of heart rate were used. The respira-
tory frequency was above 0.2 Hz in all subjects so that
respiration related oscillations did not influence the transfer
function analysis in low frequency band.

2.3.2 Analysis of nonlinear synchronization

Since nonlinear synchronization indices are influenced by
the number of beats used for their computation, we com-
puted the following indices for the 1-3,200 beats of
recordings.

2.3.2.1 Information domain synchronization index (IDSI)
The information domain synchronization index (IDSI)
quantifies the maximum amount of information exchange
between PI and SBP signals and was calculated according
the algorithm described by Porta [25, 26]. This index
quantifies to what extent a signal can be predicted from
another signal—when SBP and PI signals are uncoupled,
IDSI is equal to 0, while it equals 1 in the case of complete
synchronization.
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The first step of an algorithm for IDSI computation is to
encode SBP and PI time series into set of limited number of
symbols. We have used two encoding rules: regular
encoding (six symbols, equal width of the range of values
used for each symbol)—IDSIreg, and equiprobable encod-
ing (six symbols, each symbol occurring with equal fre-
quency)—IDSlIeq. For details see Appendix.

2.3.2.2 Cross multiscale entropy (CrossMSE) Cross
sample entropy (Cross-SampEn) was recently introduced
as an index of asynchrony and dissimilarity between two
signals, where lower values correspond to a higher degree
of the signals’ joint synchrony [28].

Since cardiovascular parameters oscillate on various
time scales, we extended the originally proposed method
by computing Cross-SampEn values for various time
scales using coarse-grained signals according to concept
of Costa [9]. The Cross-SampEn values were plotted as a
function of the scale factor—the resulting curve describes
the cross-multiscale entropy analysis (Cross-MSE). Cross-
MSE was computed for various combinations of input
parameters m (m = 1 and 2) and r (r = 0.15 and 0.3)
chosen according to Richman and Moorman [28]. See
Appendix for details.

2.3.2.3 Joint symbolic dynamics Changes between con-
secutive PI and SBP intervals, respectively, are trans-
formed into symbol sequences encoding a decrease and
increase between consecutive PI/SBP values, respectively
[1, 2]. Subsequently, the frequencies of word types con-
sisting of three consecutive PI and SBP symbols are
calculated. From these 64 different word types, we focus
our analysis on the portions of symmetric word types
(JSDsym) where the pattern in SBP is equal to the pattern
in PI, reflecting baroreflex-like response patterns and
diametric word types (JSDdiam), where the PI response to
SBP changes is asymmetric and opposite to that of
baroreflex.

2.3.2.4 Information-based similarity index Symbolized
SBP and PI time series were also used for the calculation of
the information-based similarity index, IBSI [36]. This
index quantifies the similarity within the dynamics of PI
and SBP, encompassing a variable number of heart beats.
We varied the length of word (k) from 3 to 10. The
resulting IBSI values for each word length are in the range
[0; 1]—a higher index indicates less similarity and vice
versa. See Appendix for further details. The IBSI may be
useful to study SBP and PI interactions based on the
assumption that both time series and their symbolic
equivalents, respectively, change over time in the same
direction, i.e., it is expected that both symbol strings con-
tain the same symbol sequences.
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2.4 Statistics

Nonparametric tests were used to take into account the
non-Gaussian distribution of the analyzed parameters.
Between-groups comparisons were performed with the
Mann—Whitney U test. To assess relations between all
measures, we computed Spearman correlation coefficients.
A P value (two-tailed) of <0.05 was considered statistically
significant.

3 Results

3.1 Baroreflex sensitivity—between-groups
comparison

The dual sequence method revealed a significant decrease
in the slope of bradycardic baroreflex responses (lower
bslope, P = 0.035) in the DM group, while only tendency
towards the reduction of tachycardic responses slope
(tslope, P = 0.141) was observed (Fig. 1). The dual
sequence method provided average slopes of bradycardic
as well as of tachycardic sequences that were not signifi-
cantly different between DM and control group
(12.1 &= 4.8 vs. 15.6 = 4.8, P = 0.006).

25 - p=0.035

20

15 4
10 P -

bslope [ms/mmHg]

CON DM

40 p=0.141

20 1

10 P oy

tslope [ms/mmHg]

L)
CON DM

Fig. 1 Baroreflex sensitivity assessed by sequence method was
calculated separately for bradycardic (bslope) and tachycardic
(tslope) sequences. Significantly reduced bslope was found in patients
with diabetes mellitus (DM) compared to control group (CON). No
significant difference in tslope parameter was found. Box plots
illustrate medians and interquartile ranges
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Fig. 2 Difference in time delay within baroreflex loop (xBRS delay)
between control group (CON) and patients with diabetes mellitus
(DM) assessed by time domain cross-correlation method

50

40 4

30

T
—_

BRS [ms/mmHg]

10 I

CON DM

50

40 4

30 1

20

0] ——

BRSf [mHz/mmHg]

CON DM

Fig. 3 Baroreflex sensitivity calculated with the cross-spectral
method from pulse interval versus systolic blood pressure (BRS)
and from heart rate vs. systolic blood pressure (BRSf). Although both
indices showed a tendency towards lower values in patients with
diabetes mellitus (DM) compared to control subjects (CON), no
significant differences were found. Box plots illustrate medians and
interquartile ranges

While the xBRS index based on the cross-correlation
method did not reveal a significant difference between both
groups, we observed a significant increase in baroreflex
loop time delay (xBRS delay, P = 0.005) in young patients
with DM compared to the control group (Fig. 2).

None of the cross-spectral method measures (BRS and
BRSf indices, P = 0.098 and 0.198, respectively) was
significantly different between groups (Fig. 3). However, a

2.4 -
22 ] # ® ¢ 3
c L2y
ul [
g 20- z
]
7]
1.84 T
L. e CON
DM
1‘6 ] ] L T L] I T L T ]
1 2 3 4 5 6 7 8 9 10
scale

Fig. 4 Cross multiscale entropy analysis (Cross-MSE) for scales
1-10. No statistically significant differences between control subjects
(CON) and patients with Type 1 diabetes mellitus (DM) were found.
The presented results were obtained using m =2 and r = 0.15.
Similar results were obtained with other combinations of the
parameters m and r. Values are presented as mean and SEM

marginally non-significant reduction (P = 0.054) in
coherence values between SBP and PI signal was found.

3.2 Nonlinear synchronization—between-groups
comparison

No significant between groups differences were found
neither in IDSIreg nor in IDSIeq (P = 0.908 and 0.421,
respectively). Similarly, CrossMSE analysis (using various
combinations of m (for m = 1 and 2) and r (for r = 0.15
and 0.30) parameters) did not show a significant difference
in SBP/PI synchronization between both groups (P values
ranged from 0.141 to 0.982 for scales 1-10) (Fig. 4).
Measures based on JSD method were also not significantly
different between DM and control groups (for JSDsym and
JSDdiam: P = 0.818 and 0.358, respectively).

In contrast, Yang’s IBSI tended to be higher (indicating
lower similarity/synchronization of SBP and PI signals) in
diabetics for all assessed lengths of word (k ranging from 3
to 10) compared to the control group. However, only a
word length of 4 yielded to a statistically significant dif-
ference (P = 0.039, Fig. 5).

3.3 Correlations between significantly altered measures

In the control group, IBSI correlated positively with xBRS
delay (p = 0.60, P = 0.024). xBRS delay was negatively
correlated with bslope (p = —0.78, P = 0.001) in the DM
group (Table 2).

4 Discussion

The major finding of our study was the relatively well-
preserved baroreflex gain in young patients with Type 1
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Fig. 5 Information based similarity indices (IBSI) for various word
lengths. IBSI values showed a consistent tendency to be higher for all
word lengths in young diabetic patients (DM). The difference was
statistically significant for word length of 4 (P = 0.039). Values are
presented as mean and SEM

Table 2 Spearman correlation coefficients among significantly
altered baroreflex/synchronization measures in the control group (top)
and in patients with diabetes mellitus (bottom)

IBSI4 bslope
bslope 0.13
xBRS delay 0.60%* —0.16
bslope —0.32
xBRS delay 0.42 —0.78*

IBSI4 denotes the information-based similarity index with the length
of words equal to 4

DM that was accompanied by an increased time delay
within the baroreflex loop and a decrease in the similarity
between blood pressure and heart rate fluctuations.

Unlike HRV analysis, the suitability of BRS assessment to
diagnose autonomic neuropathy in DM is not well-estab-
lished. Although, reduced BRS has been repeatedly pro-
posed to be an early sign of autonomic dysfunction in DM
patients [15, 39], several studies reported preserved barore-
flex function [11, 30] in DM. In our group of young diabetic
patients, BRS as assessed by various methods was relatively
well-preserved. In a recent study on the same group of DM
patients, we reported impaired heart rate control, most sig-
nificantly expressed by lower HRV complexity values [18].
Taken together, these findings suggest that in the time course
of diabetic autonomic impairment reduced HRV can be
detected earlier than baroreflex dysregulation. This is in line
with the observation that vagal nerve damage, predomi-
nantly mediating HRV, precedes sympathetic nerve damage,
mediating autonomic vascular responses.

4.1 Comparison of established BRS techniques

The baroreflex assessment techniques applied in this study
quantify partly different features of heart rate and blood

@ Springer

pressure time series
different.

One of the sequence method’s advantages over other
employed techniques is its ability to quantify the slopes of
PI responses to increase and decrease of blood pressure
separately. Interestingly, we found reduced slope of bra-
dycardic baroreflex sequences while the slope of tachy-
cardic sequences was preserved in DM groups. Such
asymmetric impairment was previously observed with
pharmacological baroreflex assessment in diabetic humans
[13] and rats [10].

The relatively lower sensitivity of cross-spectral and
cross-correlation methods to detect changes in BRS in our
group of diabetics might, therefore, be attributed to their
inability to analyze separately brady/tachycardic baroreflex
events.

Previous baroreflex studies have shown that not only its
static property (gain), but also the dynamic property (time
delay) of the reflex loop determines its efficiency [17]. The
baroreflex time delay is elevated in healthy subjects during
orthostatic challenge [35], in patients prone to orthostatic
syncope [17] and also in elderly subjects [38]. In this study,
we found a prolonged baroreflex time delay in young
diabetics using the cross-correlation method. In fact, the
baroreflex time delay was the baroreflex property most
impaired in our group of DM patients. A longer baroreflex
delay has been previously described in DM patients using
the Valsalva manouver [14]. The significant negative cor-
relation between bslope and the baroreflex time delay
imply that patients who have a low bradycardic baroreflex
response also have a delayed baroreflex adaptation. We
suggest that impairment of vagal influence on heart rate is
responsible for this change.

Lower synchronization between heart rate and blood
pressure time series might also be regarded as a marker of
baroreflex impairment [17, 24]. Linear synchronization
between SBP and PI (or heart rate) time series is usually
evaluated by cross-spectral methods, describing the linear
dependence of the respective signals. Although coherence
values tended to be lower in our DM group, these differ-
ences did not reach the level of statistical significance. In
previous studies, lower coherences between blood pressure
and heart rate signals have been reported [10, 39].

and therefore perform slightly

4.2 Novel measures for baroreflex assessment

Baroreflex functioning is traditionally analyzed by linear
data analysis techniques as described above. However, it is
thought that those linear methods, which describe the
magnitude rather than the structure of signals and their
interactions, are insufficient to characterize the complex
relationship between blood pressure and heart rate. For
example, the dual sequence method and the time domain
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cross-correlation domain both assume that a linear change
in blood pressure results in a linear change in heart rate,
which might not be a valid assumption. The symbolic
approaches applied in this study, on the other hand, do not
make that restriction and instead quantify whether any
pattern of increase/decrease in blood pressure is paralleled
by a specific pattern of decrease/increase in heart rate of
any value. Hence, nonlinear measures, which describe
those qualitative features of interaction, might be more
sensitive to baroreflex impairment [3]. Recently, new
methods have been developed to assess coupling within the
cardiovascular system that might also be suited for the
quantification of interaction between SBP and PI signals.
Of the various approaches available, we employed in this
study the IDSI [25], the CrossSampEn method [28]
extended to multiple scales (CrossMSE), joint symbolic
dynamics [1] and the IBSI [36] for baroreflex assessment.
Among these non-linear indices, IBSI appears to be most
suited to detect a decrease in heart rate and blood pressure
interactions in DM. IBSI measures the similarity between
two time series, independent of their temporal relationship,
and is based on the concept of symbolic dynamics. In the
diabetic group, we found higher values of IBSI for
sequences with the length of 4 beats, indicating less simi-
larity between blood pressure and PI patterns. Such short
symbolic sequences are predominantly influenced by
respiratory sinus arrhythmia in the PI time series (assuming
the typical heart rate: breathing rate ratio of 4:1) and
breathing-related hemodynamic changes in the blood
pressure time series. Our data suggest that IBSI reveals
dissimilarity in blood pressure and heart rate fluctuations as
another aspect of baroreflex impairment, although the ori-
gin of respiratory sinus arrhythmia and its relation to the
baroreflex is still under debate [12]. In support of this view,
IBSI showed significant correlations with the more tradi-
tional baroreflex measures bslope and xBRS delay, sug-
gesting that IBSI contains information related to baroreflex
function. On the other hand, this correlation is only mod-
erate, indicating that IBSI provides additional information
that traditional methods do not capture.

A factor, which currently limits the applicability of
nonlinear synchronization methods, is the need for long
data (i.e., at least 20 min of recording). Improved algo-
rithms that allow assessing interactions from shorter data
might be available in the future.

4.3 Clinical perspective

Survival analyses in diabetic subjects showed that impaired
autonomic function was consistently associated with an
approximately doubled risk of mortality [16]. HRV has
been traditionally used to assess cardiac autonomic dys-
function, describing the fonic cardiovascular neural

regulation. With the availability of non-invasive beat-
to-beat blood pressure measurement the assessment of
reflectory cardiovascular control by means of BRS testing
has become feasible [19, 34]. Different aspects of auto-
nomic dysfunction can thus be diagnosed based on short
noninvasive procedures in the supine position—under
conditions most suitable for routine outpatient evaluation
[15].

We suggest that analysis of the baroreflex should not be
limited to blood pressure—PI gain (BRS measures), but also
include time delay and synchronization/similarity analyses.
The significance of these characteristics of baroreflex
impairment needs further study. Our data indicates that
reduced baroreflex gain is not the only important diagnostic
measure of baroreflex function. We propose that lower
similarity (decreased synchronization) and higher barore-
flex delay may also be clinically important measures of
baroreflex impairment.

4.4 Limitations

Our study has several limitations. The sample sizes of the
patient and the control group were small, but matched for
age and gender. Further, we did not investigate the phase
delay between blood pressure and PI time series in the
frequency domain [28], which might have provided addi-
tional support for our observation of extended baroreflex
delay in DM patients. Similarly, we did not vary the delays
between blood pressure and PI ramps when applying the
dual sequence method [21] and restricted our analysis to
the standard delay of one heart beat.

In conclusion, young patients with DM show subtle
baroreflex impairment as characterized by reduced brady-
cardic baroreflex responses, a prolonged baroreflex time
delay and a decrease in the level of similarity between
blood pressure and heart rate fluctuations. Novel baroreflex
assessment techniques may provide an improved diagnostic
tool for detection of subclinical autonomic dysfunction in
DM.
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Appendix
Information domain synchronization index (IDST)

The first step in the algorithm is the normalization (sub-
tracting the mean and dividing by the standard deviation)
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of both signals and their symbolization into symbols. We
used six quantization levels (see “Methods” section).
Given a pair of normalized symbolized signals (x,
y) with x = {x(i), i = 1,..., N} and y = {y(i), i = 1,...,
N}, the cross-conditional entropy of x given a pattern of
(CEx/y) is defined as
CE,y (L ZP Vi1 Z p(x(i)/yL-1)log p(x(i)/yL-1)

i/L—1

where log performs the natural logarithm, p(y;_;) denotes
the probability of the pattern y; | and p(x(i)/y;—1) sym-
bolizes the conditional probability of the sample x(i) given
the pattern y; _;. This represents the amount of information
carried by the present sample of the signal x (i.e., x(i))
when a pattern of L — 1 samples of the signal y (i.e.,
yi-1(i) = (y(i),...,y(i—L+2))) is known. Similarly,
CE, (L) is calculated for various lengths of pattern (in our
case L varied from 1 to 12).

In the next step, the normalized cross-conditional
entropy NCE,/,(L) and NCE, (L) are obtained by nor-
malizing CE, /(L) and CE,/ (L) by E«(1) and E(1),
respectively. E,(1) and
of x and y, respectively

E:p
Zp

representing the amount of information carried by the
sample x(i) (or y(i)) when no previous sample is given.
Since both NCE,, (L) and NCE, /(L) decrease towards
zero as an effect of the shortness of the data, they are
substituted by normalized corrected cross-conditional
entropies NCCE, /(L) and NCCE, (L) calculated as

E,(1)denote the Shannon entropies

i))log p(x(i))

i))log p(y(i))

NCCE, (L)
NCCE, (L)

= NCE,/, (L) + perc,(L)
= NCE, (L) + perc, (L)

where perc, (L) and perc, (L) are percentages of length
L patterns found only one time in the data set y and x,
respectively.

Finally, as a measure of two signals uncoupling the
uncoupling function (UF) is calculated

UF,, (L) = min(NCCE, (L), NCCE, (L))

where min takes the minimum value between NCCE, /, and
NCCE;,
independent is the signals. An index of synchronization
(IDSI) quantifies the maximum amount of information

exchange between two signals and is defined as

v/
for each L. The larger the index is the more

IDSI = 1 — min(UF, (L))

@ Springer

Cross multiscale entropy (Cross-MSE)

Cross multiscale entropy analysis is the analysis of asyn-
chrony of two signals for various time scales; it is based on
the calculation of Cross Sample Entropy (Cross-SampEn)
values as a function of time scale.

For computation of Cross Sample Entropy (Cross-
SampEn), three input parameters m, r, and N have to be
fixed. From two normalized (subtracting the mean and
dividing by the standard deviation) time series x and
y (x={x(@), i=1,..., N} and y = {y(i), i = 1,..., N}),
vectors Xx,,(i) and y,(i) are formed, where x,,(i) =
{xG+k:0<k<m-—1}and y,(i)) = {yi + k): 0 <k
< m — 1} are the vectors of m consecutive data points of
corresponding signal.

The distance between two such vectors is defined to be
dlx, (D), y.(D]=max {I  x@+k —yGj+k I
0 <k<m-— 1}, ie. the maximum difference of their
corresponding scalar components.

The whole set of vector sequences x,,(1), x,,(2),...,
x,,(N — m) is stepwise used to calculate values B! (r)(y ||
x) as (N — m)7l times the number of vectors y,,(j) within
distance r of x,,(i), where j ranges from 1 to N — m. Then,

B"(r) is defined as:
Z By'(r

B"(r)(y || x) =

Similarly, A”(r)(y || x) is defined as (N — m)~" times
the number of vectors y,,,(j) within r of x,,, (i), where
j ranges from 1 to N — m, and set

ZA’"

The Cross-SampEn(m, r, N) is then defined as
—In[A"(r)/B"(r)]

Cross-multiscale entropy analysis was computed
according to the concept proposed by Costa [9]. Given a
one-dimensional discrete time series, {xy,..., Xj,..., Xy}, We
constructed consecutive coarse-grained time series {x®}

determined by the scale factor 7, according to the equation:
jt

T>:1/r Z Xi

i=(j—1)t+1

) [ x)

A" (r)(yllx) =

[x)

CrossSampEn(m, r,N) =

where 7 represents the scale factor and 1 <j < N/t. In
other words, coarse-grained time series for scale t were
obtained by taking arithmetic mean of 7 neighboring ori-
ginal values without overlapping. Similarly, {y®} for
signal y were calculated. For scale 1, the coarse-grained
time series is simply the original time series. The Cross-
SampEn values are calculated for each of the coarse-
grained pairs (for given t) of signals.
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Joint symbolic dynamics

In X (Eq. 1), xFTand x5BF are n beat-to-beat values of PI
and SBP, respectively:

X={la™'},, xe R ®

X is transformed in S defined as:

S:{[SEI,SEBP}T} s€0,1
n=0,1,..
with the following definitions:

L (JPI PI PI
SPI _ 0: (xn _anrl)Sl
no (P PI PI
L:(x, —x.,)>1
SBP SBP
— Xpt )Sl

. (SBP
SSBP _ { 0: (xn 1

n . (+SBP _ SBP\ _ jSBP
L: (™ —x0) > 1

where threshold value [ is set zero. Thus, increases between
two successive PI and SBP, respectively are coded as ‘1’
and consequently decreases and equilibrium are coded as
‘0’. Subsequently, S is subdivided into short sequences
with a certain length. Each single word is obtained by a
shift of one within the symbol string S. The length of words
is limited due to the requirement of a statistically sufficient
representation of each single word type. For 60-min
recordings there are no more than 64 different word types
feasible. Taking into account the four different symbol
combinations within S (the alphabets of PI as well as SBP
consist each of two elements), words with a maximum
length of three are possible (2°*2% = 64). Therefore, this
approach is able to map the dynamics of PI and SBP within
four consecutive heart beats (i.e., three PI). From the per-
spective of phase space, this corresponds to a three-
dimensional embedding, which is a pragmatic rather then a
true reconstruction of the system.

The word distribution density matrix W contains the
frequency of each of the 8 x 8 possible combinations of PI
and SBP patterns.

Plooo, SBPooo Plooo, SBP 1,

W =

PIy11,SBPyy PIy11,S8BP11

Statistical analysis [1] showed that some word types
within W are significantly over-represented and other ones
are under-represented. All word types representing sym-
metric PI and SBP behavior (i.e., Wl,l’ Wz,z, W3’3, W4,4, W5,5,
We 6, W77, Ws g) occur frequently, whereas some word types
representing diametric behavior (i.e. W75, W54, Wy 5, W 7)
occur significantly less often. Interpreting the former ones
as baroreflex patterns and latter ones as missing or a
lack of baroreflex responses, the diagonals of the matrix

were summed up: JSDsym = %Z?:kﬂ W, ;—representing

symmetric word types and JSDdiam :% f:k:l Wio_r—
representing diametric word types within W.

Information-based similarity index

The first step of computing the IBSI involves symboliza-
tion. Changes in successive values of x and y, respectively,
are encoded as ‘1’ if an increase and as ‘0’ if a decrease in
respective time series occurred. We considered words of k-
bit length, shifting one data point at a time. We counted the
occurrences of different word types, and subsequently
sorted them in descending order by frequency of occur-
rence. The resulting rank-frequency distribution represents
the statistical hierarchy of symbolic words. Therefore, the
first rank word corresponds to the type of fluctuation which
is the most frequent pattern in the time series.

In the next step, the rank order difference between x and
y time series was visualized by plotting the rank number of
each k-bit word in the first time series against that of the
second time series. The dissimilarity between x and y time
series was quantified by measuring the scatter of these
points. If two time series are similar in their rank order of
the words, the scattered points will be located near the
diagonal line. Therefore, the average deviation of these
scattered points away from the diagonal line can provide
information about the similarity between two series and is
expressed as IBSI value within the interval [0; 1]. IBSI is
calculated as a weighted deviation between two symbolic
sequences x and y:

1 2!

IBSI = > " Re(wi) = Ry (wi) [F(wi)
k=1

2m — 1
where

FOu) = 2 [~pa(nlog pe(ws) — py(we)log ()]

Here p,(wy) and R (w;) represent probability and rank of
a specific word wy, in time series x. Similarly, p,(w,) and
Ry(wy) stand for probability and rank of the same k-bit
word in time series y. The normalization factor Z is given
by

Z =" [~p.(w)logp.(wi) — py(wi)log py(w)]
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