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To investigate the potential relationships between
HRV and performance-alertness measures, we have
studied these measures in healthy subjects during a 52hour Constant Routine (CR) protocol (an extended period
of enforced wakefulness in a semirecumbent position
with frequent small meals that is used to assess circadian
phase and amplitude with minimal masking from
exogenous factors) that includes continuous wake (and
therefore sleep deprivation).
In order to study long duration recordings with a high
temporal resolution, we have developed a software tool
that combines an R-wave detector able to process lengthy
and noisy recordings, with a point-process based monitor
of HRV able to track short and long term changes in
sympatho-vagal balance.

Abstract
To investigate the potential relationships between
Heart Rate Variability (HRV) and objective performancesubjective alertness measures during sleep deprivation, a
novel point process algorithm was applied to ECG data
from healthy young subjects in a 52-hour Constant
Routine protocol that includes sleep deprivation. Our
algorithm is able to estimate the time-varying behavior of
the HRV spectral indexes in an on-line instantaneous
method. Results demonstrate the ability of our framework
to provide high time-resolution sympatho-vagal dynamics
as measured by spectral low frequency (LF) and high
frequency (HF) power. Correlation analysis on individual
subjects reveals a relevant correspondence between
LF/HF and subjective alertness during the initial hours of
sleep deprivation. At longer times awake, high
correlation levels between LF/HF and objective
performance indicate an increasing sympathetic drive as
performance measures worsen. These results suggest that
our point-process based HRV assessment could aid in
real-time prediction of performance-alertness.

1.

Methods

2.1.

Experimental protocol

Data reported here are from two healthy young
subjects from a larger cohort recorded at the Brigham and
Women’s Hospital General Clinical Research Center in a
study approved by the Partners Healthcare Institutional
Review Board [9]. Electrocardiogram (ECG) was
continuously acquired and digitized at 256 Hz. Every half
hour while they were awake, subjects were asked to rate
their subjective alertness (“Alert”) using a 100-mm nonnumeric linear scale [10] increasing from Sleepy (0mm)
to Alert (100mm). Objective performance was reported
every two hours by the using the reaction time in
milliseconds as a result of a Psychomotor Vigilance Task
(PVT) [11].

Introduction

The autonomic nervous system and the circadian
system are central candidates for the roles of controllers
of the choral synchronization of apparently independent
vital physiological regulating mechanisms (e.g. blood
pressure waves, breathing, hormonal and circadian
oscillations). Heart rate variability (HRV) is an important
quantitative marker of cardiovascular regulation by the
autonomic nervous system [1]. Recently, links between
cardiac oscillations and circadian rhythms have been
reported in several correlation studies in humans and
other animals. Furthermore, changes in autonomic tone
are correlated with changes in states of alertness and
sleep, during performance tasks, and during sleep
deprivations [2-8].
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2.

2.2.

Signal pre-processing

R-events are identified in the raw ECG by using a
semi-automated procedure. First, the ECG is convoluted
with a Difference-of-Gaussians (DoG) wavelet that
functions as a matching filter to the R-wave. Second, the
information about the most recent successful
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for deriving HRV measures has been cross-validated with
standard time-frequency domain approaches for HRV
analysis [1] as well as previous point process algorithms
[12,13]. The dynamic response for the point process
method is found to provide a significant improvement in
tracking fast dynamic changes when compared to the
older methods. A fixed order p=8 was chosen for the
analysis.
Indices were updated every 5 ms using the information
available up to that time point. Even when the last RR
interval was not completely observed, it was predicted in
the estimation of the model by means of a right censoring
term [12]. While this finely sampled estimation of the
indices is able to track fast changes in the autonomous
nervous system (Figure 1), in this study we were
particularly interested in changes occurring at a much
slower scale. Therefore we also evaluated a 600 s and a
3600 s running average of these indices using a
rectangular sliding window.
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Figure 1. Time course of the RR interval and LF/HF index during one
of the PVT tests (after 18 hours of CR for Subject 2). Right after the
beginning of the test, the LF/HF index quickly increases, then decreases
to a more relaxed, vagal-driven state.

3.

identifications is combined to provide a probability
distribution of the current detection. These two steps are
further weighted together for final determination.
When the algorithm is unable to provide a single
solution, the procedure stops and user intervention is
requested. The scale of the wavelet is adaptively updated
using a stochastic hill climber method determining a new
scale according to the user’s choice. Generally, it took
between 20 min and 2 hours to process each continuous
52-hr ECG recording, depending on signal quality.

2.3.

Results

The short-term sympatho-vagal balance estimates, as
measured by the point process LF/HF index, mirror the
complex dynamics of tasks and activities performed along
the experiment. Figure 1 shows an example of the point
process estimate’s high temporal resolution for Subject 2.
RR series and LF/HF estimates from approximately six
minutes of recording are included here. Note the marked
increase of sympatho-vagal balance around 25 seconds
after the PVT test starts, followed by a return to a more
relaxed state within just one minute. A more detailed
portrayal of the short-term monitoring assessment by this
index will be discussed elsewhere.
Figure 2 illustrates the long-term resolution results for
the point process LF/HF index along the entire 52-hr CR
for both subjects considered. The scale portrayed in
Figure 1 allows us to appreciate the general trend
described by the performance and alertness measures. The
index is smoothed to further highlight such trends (black
line). Note the high variability in both subjects in the RR
series, mainly due to the large variety of tasks and
activities planned during the CR. In Subject 1 a steady
decrease in alertness (black asterisks) from 100 to almost
0 is observed within the first 15 hours, followed by
several hours during which subjective alertness remains
below 40. Forty-five hours after CR begins, a rebound in
alertness is reported. In the same subject, the median
reaction time from the objective performance test (PVT,
red asterisks) steadily increases along the first 40 hours,
then sharply declines, in excellent time correspondence
with the observed increase in alertness. Note the overall
decreasing trend in the first ~15 hours followed by an
evident positive drift up to ~43 hours after the start of the
CR. In Subject 2, the alert scale starts lower (around 50)
and slowly drifts down to values around 30 in the first
~28 hours, with variations about this value after. The

The point process model

A novel algorithm is applied to the R–R series to
compute instantaneous estimates of heart rate and HRV
from ECG recordings of R-wave events. This approach is
based on point process methods already used to develop
both local likelihood [12] and adaptive [13] heart rate
estimation algorithms. The stochastic structure in the R–R
intervals is modeled as an inverse Gaussian renewal
process. The inverse Gaussian probability density is
derived directly from an elementary physiologicallybased integrate-and-fire model [12,13]. The model also
represents the dependence of the R–R interval length on
the recent history of parasympathetic and sympathetic
inputs to the SA node by modeling the mean as a uniform
time-sampled regression on a continuous estimate of the
last p R–R intervals, where p is the autoregressive order
of the model. This set of p coefficients allows for
estimation of the spectral power (HRV) and further
decomposition into classic low frequency (LF, 0.04-0.15
Hz) and high frequency (HF, 0.15-0.5 Hz) spectral
components, and the ratio between the two powers
(LF/HF). The point process recursive algorithm is able to
estimate the dynamics of the model parameters, and
consequently the time-varying behavior of each spectral
index at any time resolution. This new continuous model
722
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Figure 2. For each subject, the top plot is the raw RR series; the 2 nd plot shows 10 min estimates of the LF/HF index (blue line) with the running
average of the hour preceding a given time-point (black line); the 3rd plot presents the self-reported Alert measure taken every 30 min (black asterisks);
the bottom plot shows the results from the Psychomotor Vigilance Task (PVT) as a measure of objective performance taken every two hours (red
asterisks). Note that for Alert, lower values correspond to lower alertness, whereas for the PVT, higher values indicate poorer performance.
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Figure 3. Scatter plots of the LF/HF balance versus the “Alert” index (upper plots) or the “PVT” response time (lower plots). For each subject, the left
plots show the correlations (Spearman's rank correlation coefficient and corresponding p-value) during the first part of the CR: note that the LF/HF
index correlates positively with the Alert measure but not with the PVT. The right plots, include data from the second part of the CR: note that the
LF/HF correlates positively with vigilance (PVT) measure but not with Alert.

performed between 0 and 13 hours (part 1) and between
14 and 43 hours (part 2) for subject 1, and between 0 and
28 hours (part 1) and between 28 and 48 hours (part 2) for
subject 2. Figure 3 portrays the results of this analysis.
For both subjects, LF/HF in part 1 highly correlates with
the observed decrease in Alert (best correlation in Subject
1), whereas in part 2 the sympatho-vagal index highly
correlates with PVT reaction time (best correlation in
Subject 2).

PVT reaction time steadily increases along the first ~40
hours.
Visual inspection of the LF/HF estimates from these
two subjects leads to several observations: (a) in the first
~15 hours there is a high similarity in trends between
LF/HF and the alert measure in Subject 1; (b) after the
first ~15 hours alertness is generally very low in both
subjects; (c) in Subject 1, after the first ~15 hours, the
LF/HF decreasing trend reverses and starts mirroring the
increase in PVT reaction time; (d) the LF/HF index shows
more prominent oscillating trends in Subject 2 than those
observed for Subject 1, reaching minimum values
between 21 and 26 hours and between 42 and 47 hours. In
accordance to these observations, correlation analysis was

4.

Discussion and conclusions

This paper presents a novel analysis of continuous
ECG recordings during a 52-hr CR protocol during which
subjects are sleep deprived. The application is mainly
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aimed at demonstrating the effectiveness of our
processing and modeling tools in assessing new
instantaneous HRV measures from the highest resolution
(milliseconds) to the longest duration (days). Our
preliminary results on long-term estimates from
individual subjects further reveal that during the first
hours of sleep deprivation there is a considerable
correspondence between the LF/HF index and subjective
alertness measures. At longer times awake, an increase in
LF/HF reveals an increasing sympathetic drive correlated
with the worsening of objective performance measures,
thus confirming previous findings that sleep deprivation
ultimately leads to a significant increase of the sympathovagal balance [7].
This preliminary analysis provides important elements
suggesting that point-process based HRV assessment be a
potential real-time physiologic predictor of performancealertness. In the future we plan to investigate LF/HF
variations within each CR to assess short term effects of
specific tests (such as the PVT) and/or activities on the
sympatho-vagal balance.
The presented preliminary results also demonstrate the
presence of high inter-individual variability effects, some
of which are at scales comparable with circadian
dynamics. To this extent, it is our intention to further
investigate the correlation between autonomic tone and
the circadian cycle, with the ultimate goal of exploring
the possibility of integrating our point-process based
HRV measures into mathematical models of circadian
rhythms, performance, and alertness [14].
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