CHRONOBIOLOGY INTERNATIONAL, 19(4), 793–803 (2002)

CICLOGRAMA: A TOOL FOR DETECTION OF
RHYTHMICITIES IN SLEEP/WAKE CYCLES
L. Diambra,* J. R. Lopes, L. Menna-Barreto, and R. Rigolino
GMDRB, Departamento de Fisiologia e Biofı́sica, ICB, Universidade de
São Paulo, Av. Prof. Lineu Prestes 1524, ICB1 05508-900, São Paulo,
SP, Brazil

ABSTRACT
The Fourier spectral analysis of binary time series (or rectangular signals)
causes methodological problems, due to the fact that it is based on sinusoidal
functions. We propose a new tool for the detection of periodicities in binary
time series, focusing on sleep/wake cycles. This methodology is based on a
weighted histogram of cycle durations. In this paper, we compare our
methodology with the Fourier spectral analysis on the basis of simulated and
real binary data sets of various lengths. We also provide an approach to
statistical validation of the periodicities determined with our methodology.
Furthermore, we analyze the discriminating power of both methods in terms of
standard deviation. Our results indicate that the Ciclograma is much more
powerful than Fourier analysis when applied on this type of time series.
(Chronobiology International, 19(4), 793–803, 2002)
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INTRODUCTION
From a chronobiological point of view, the physiological and behavioral states
of a living organism change as time goes by, forming a sequence of patterns that
repeat themselves periodically or nearly periodically. In this sense, an important
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physiological process is the alternance of states of wakefulness and sleep, forming a
discrete binary signal. Any binary process can be described by two values { 2 1; 1}
representing single events. In sleep/wake cycle, it is thus possible to approximate
the underlying time series by a combination of different basis functions. A wellknown algorithm is the spectral analysis (SA), based on Fourier transform, which
decomposes the signal into weighted sum of sinusoidal functions whose frequencies
are multiples of the fundamental frequency.[1,2] Notwithstanding its helpful use in
many circumstances, when this protocol is applied on a binary time series some
problems come up due to rectangular signals with unequal periodicities, which
cannot be easily reproduced by sinusoidal functions.[3]
There are many situations where we do not need a complete representation of
the time series, but rather a quantitative characterization that allows some
interpretation of the time series. In chronobiology, periodicity is one of the most
important properties for a biological interpretation. For sinusoidal functions,
periodicity is defined by zero crossing at equidistant points in time. Thus,
frequency is defined as one half the number of zero crossings per unit of time.[4]
However, a signal may show rhythmic but not strictly periodic behavior, as many
real-life phenomena that exhibit a nearly periodic characteristic.[5,6] Such data do
not fulfill the criterion of equidistant zero crossings. These considerations imply
that the terms, periodicity and frequency, in the SA sense, are not appropriate to
describe rhythmicities of the signal.[3] Moreover, two subjects with different
durations of sleep (or wake) episodes but with the same mid-sleep time have
different periodograms, according to simulations performed by Louzada.[7]
Therefore, much effort has been devoted to the task of developing suitable
tools that are able to represent the relative power of each rhythmic pattern (or
component, in the SA sense).[8 – 11] In this paper, we propose a new method, termed
Ciclograma, with which one is able to compute a histogram of the distribution of
durations of sleep/wake cycles present in a given time series.[12] By this histogram,
one can detect the periodic components present in a time series and their relative
contribution to the overall rhythmicity. We have compared the rhythmicity
descriptive power of the Ciclograma and the Fourier periodogram in two simulated
time series. We have also analyzed the discrimination power of the Ciclograma and
the Fourier periodogram in the task to distinguish subjects with different levels of
variability in the wake and sleep onset time. Finally, we have applied our technique
for the characterization of the ontogeny of rhythmicity in human data.

METHODS AND MATERIALS
Methods
Our technique is based on building a histogram of the distribution of intervals
between successive awakenings and successive sleep onsets with some
modifications. We realized the fact that consecutive sleep/wake cycles form
another broader cycle whose duration is equal to the sum of length of time of each

CICLOGRAMA

795

cycle. This composing procedure is shown schematically in Fig. 1. Thus, we
considered the duration of each sleep/wake cycle as well as the duration of the
cycles formed by two or more consecutive cycles in the counting procedure. In order
to obtain a better description of polyphasic patterns, we extended the composing
procedure to cycles formed by eight consecutive sleep/wake cycles.
The algorithm counts the number of all these cycles within consecutive bins.
The size of bins b is an arbitrary choice. In this work, we set b ¼ 30 min (i.e., from
0 to 0.5 h, from 0.5 to 1 h, from 1 to 1.5 h, and so on until the bin from 24.5 to 25 h).
After the counting procedure, we normalized the histogram in the following
manner: i) There are more short intervals than long intervals during a day (e.g.,
there are 24 intervals of 1 h in a day, but only four intervals of 8 h). Consequently,
short intervals are more probable than long intervals. Assigning a different weight
to each bin can circumvent this bias. Thus, the bin corresponding to cycles
between 0.5 and 1 h is weighted by a factor 1/24, while the bin corresponding to
cycles whose durations last between 7.5 and 8 h is weighted by a factor
P 1/4.
ii) After setting the weights, we normalized the amplitudes Qw such that w Qw ¼
1: These amplitudes express the weighted fraction of the total number of cycles
whose durations lie in the interval {w 2 b; w}: The final result of this procedure
can be depicted as a histogram of duration of cycles, where the height in each bin
represents the power or amplitude of each component (or rhythmic pattern)
present in the time series. In other words, Qw represents the relative contribution of
the component w for the overall rhythmicity.
Analysis of Significance
After histogram estimation, an analysis of significance became mandatory in
order to eliminate some spurious periodicities. The approach consists of
specifying a well-defined null hypothesis, as if the data were derived from a

Figure 1. Schematic diagram of Ciclograma counting procedure. Arrows at level 1 indicate the
temporal intervals between successive sleep onsets. Arrows at level 2 indicate the broad cycles that
are formed by two consecutive cycles, and so forth for the higher levels. The graph shows the
composing procedure to cycles formed up to four consecutive sleep/wake cycles.
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stochastic process. The second step was to compute the histogram of the duration
of cycles of this process and for the original data. Finally, we tested the null
hypothesis against the observations. In this paper, our null hypothesis is that the
data were derived from a stochastic process with exactly the same statistical
distribution of the original data. This null hypothesis was tested by firstly
randomly shuffling the binary values of the original time series. With this
operation, the new time series loses the temporal order but preserves the statistical
distribution properties of the original time series. Then, we determined the
distribution of the histogram for an ensemble of surrogate time series, which are
only different realizations of the hypothesized stochastic process. In this paper, we
have worked with two different sizes of ensembles: 100 and 500 surrogate time
series, respectively. After that, we computed numerically, the average histogram
and the corresponding standard deviation from the ensemble of surrogate time
series. This can be reliably done because we have many realizations of the null
hypothesis. Finally, rather than estimate error bars on the histogram of the original
data, we put error bars on the average histogram. These error bars were estimated
from the standard deviation. By this way, we avoided analytical derivations that
could be difficult if not impossible.
In order to compute the significance, we considered Qw and H iw ; the
amplitudes corresponding to the rhythmic patterns whose durations lie in the
interval {w 2 b; w} computed from the original time series and from the ith
surrogate data generated under the null hypothesis H, respectively. Now we define,
H
H
H
as measure of significance, the statistic S ¼ jQw 2 mH
w j=sw ; where mw and sw
denote the mean and the standard deviation of the distribution of Hw. The
significance S is a dimensionless quantity, and we can express it as unit of sigmas.
Numerical experiments indicatedpthat
if the distribution H iw is Gaussian, then the
ﬃﬃﬃ [13]
This is the probability of observing a
p-value is given by p ¼ erfcðS= 2Þ.
significance S or larger if the null hypothesis is true. The significance level at 2.81
standard deviations ðp ¼ 0:001Þ is plotted in the histogram of cycle duration as a
gray line. Thus, when the amplitude, Qw crosses the gray line upwards, we can say
that the rhythmic pattern whose duration lies in the interval {w 2 b; w} is
significant with p , 0:001:

Data
Our procedure has been applied to simulated and real binary data sets of
various lengths. Simulated data were derived from signals with defined cyclic
patterns, where the beginning and ending of each event were perturbed with some
level of noise. In Fig. 2, two simulated binary time series are shown. On the left,
50 d of monophasic patterns are displayed. In this case, the data are simulating a
subject whose wake-up time has a Gaussian distribution with a mean at 06:00h in
the morning and a standard deviation of 30 min, while sleep time shows a mean at
22:00h and a standard deviation of 60 min. On the right, 50 d of biphasic patterns
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Figure 2. Double actograms show 50 d (on vertical axis). Left: Simulated monophasic sleep
pattern (standard deviation of 60 min from the sleep time and 15 min from the wake-up time). Right:
Simulated biphasic sleep pattern (standard deviations of 30 min both to sleep and wake-up time, and
a nap around 2 h centered at 14:00h).

are displayed. In this case, the data are stimulating a subject with wake-up and
sleep onset time with a Gaussian distribution of 30 min of standard deviation, and
means at 06:00 and at 24:00h, respectively. In addition, there is a nap that lasts
around 2 h, centered at 14:00h and with 10 min of standard deviation both at the
beginning and at the ending of the nap.
In the case of the real time series, the data for the wake-up and sleep onset
time were recorded by the mother of the child. Then the data were arranged in
10min bins, each bin representing sleep (21) or wake (1) states. The subject did
not show any evidence of neurological disorder and other serious physiologic
disturbances. The data were collected for 128 consecutive weeks beginning from
the first days of life.

RESULTS
To analyze periodicities in the sleep/wake cycles, we applied the Ciclograma
procedure to several situations. For comparison, we also applied the fast Fourier
transform (FFT) periodogram. As a first example, we considered the simulated
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time series whose actogram is shown in Fig. 2 on the left side. This sleep/wake
time series is mimicking a monophasic pattern. On the left of Fig. 3, the histogram
of cycle duration is depicted with the corresponding significance line in thick gray
computed on 100 surrogated time series. One can see that the bulk of the rhythmic
patterns lies in the region of 24 h, while the width of the 24h peak is related to the
variability of the rhythmic pattern. The Fourier periodogram, from the same data,
is shown on the right side of Fig. 3. In this case, several artifactural peaks appear,
which do not correspond to sleep/wake episodes, and the variability of the
rhythmic pattern is not apparent. In the following example, we applied the same
procedure to the biphasic rhythm shown on the right side of Fig. 2, simulating
napping episodes. Figure 4 shows the histogram of cycle duration produced by the
Ciclograma (left) and the FFT periodogram (right). In this case, the Ciclograma
shows, besides the circadian component, four small significant peaks
corresponding to rhythmic patterns of duration around 9 h (corresponding to
events beginning approximately at 06:00h and ending at 15:00h), 11 h (beginning
approximately at 13:00h and ending at 24:00h), and 13 h (beginning
approximately at 00:00h and ending approximately at 06:00h of the next day).
The FFT periodogram shows more power for the period corresponding to 12 h than
for the period corresponding to 24 h. This fact can develop from the decomposition
of the signal in sinusoidal functions by Fourier transform rather than from the data
itself. These examples show that the Ciclograma provides better description of the
periodicities than the classical FFT periodogram.
We have also studied the relative power corresponding to the rhythmic
pattern of 24 h for different values of standard deviation in the wake-up time
and sleep onset. Again, we considered simulated time series that mimic
monophasic and biphasic subjects. We defined the variability of a subject as the
sum of standard deviations of both the wake-up and the sleep times. It is
expected that the subjects with different variabilities are associated with
different values of the relative power corresponding to the rhythmic pattern of
24 h. In this sense, subjects with greater variabilities are associated with a

Figure 3. Histogram of cycle durations produced by the Ciclograma (left) and FFT periodogram
(right) for the simulated data shown in the left side of Fig. 2. The gray line on the histogram is the
significance at level p ¼ 0:001; computed over 100 surrogated time series.
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Figure 4. Histogram of cycle durations produced by the Ciclograma (left) and FFT periodogram
(right) for the simulated data shown in the right side in Fig. 2. The gray line on the histogram is the
significance at level p ¼ 0:001; computed over 100 surrogated time series.

smaller circadian power. In order to analyze the discriminating power of the
Ciclograma when comparing subjects with different variabilities, we performed
the following computation: we generated an ensemble of 50 sleep/wake time
series for each value of variability and then computed the relative power
corresponding to rhythmic patterns with durations between 23.5 and 24.5h of
each time series. In order to make a comparison with classical analysis, we also
performed the same procedure with the FFT periodogram. In Fig. 5, we show
the mean value of the circadian power in the monophasic case corresponding to
different values of the variability obtained by the Ciclograma (solid bars), and
the corresponding circadian power obtained by the Fourier analysis (open bars).
The standard deviations are represented by vertical error bars. Our results

Figure 5. Relative power corresponding to the circadian cycle vs. the variability of the wake-up
time and the sleep time, in a monophasic case. The solid bars show the relative power calculated with
the Ciclograma and the open bars show the relative amplitude computed with the FFT periodogram.
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indicate that the Ciclograma produces clearer discrimination than the FFT
periodogram when comparing subjects with different variabilities. In Fig. 6, we
depict the mean value of the circadian power in the biphasic case (the standard
deviation is represented by the vertical error bars) corresponding to different
values of the variability obtained by the Ciclograma (solid bars) and by the FFT
analysis (open bars). In this case, the discrimination power of the Ciclograma is
better than the classical technique. The discrimination task is more difficult for
the biphasic case than for the monophasic case.
As a final example, we have also applied the Ciclograma to a real time series.
In Fig. 7, we depict a time-period diagram computed by the Ciclograma for the
first 128 wk of life of a child. In this case, we applied the Ciclograma for each
week and displayed the relative amplitudes in a gray scale. This time-period
diagram shows the development of the rhythmic patterns during the first 128 wk.
One can see that the first 25 wk on the diagram show ultradian rhythms of various
durations. Only around the circadian rhythm there is power. Between the 25th and
the 100th wk of life, there are besides the 24h rhythm, ultradian components of 9
and 15 h. The same data were analyzed with FFT periodogram technique, which
was subject of a former publication[14]. In Fig. 8, the histogram of cycle durations
computed by Ciclograma for the 54th week from birth, is shown related to the
diagram shown in Fig. 7. In this case, the corresponding significance line at
p ¼ 0:001 is computed on 500 surrogated time series. Shorter time series require
larger ensembles of surrogated time series in order to guarantee good statistics.
The polyphasic characteristic is evident.

Figure 6. Relative power corresponding to the circadian cycle vs. the variability of the wake-up
time and the sleep time, in a biphasic case. The solid bars show the relative power calculated with the
Ciclograma, and the open bars show the relative amplitude computed with the FFT periodogram.
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Figure 7. Time-period histogram of cycle duration computed weekly by Ciclograma for the first
128 wk of a child.

CONCLUSIONS AND DISCUSSION
In this paper, we propose a new tool, based on a modified histogram of cycle
durations to describe the rhythmicity of binary signals. We have illustrated its
descriptive power in several applications concerning simulated and real
sleep/wake data. We also provide an approach to statistical validation of the
periodicities determined with our methodology. The relative contribution of a
specific rhythmic pattern for the overall rhythmicity is given by the amplitude of
the Ciclograma, i.e., the height of the histogram Qw. Thus, the amplitude Qw
expresses the probability of observing a sleep/wake cycle whose duration lies in
the interval {w 2 b; w}: In order to make comparison with the FFT periodogram,
we have compared the amplitude Qw with the square weight, associated with the
period w, which is present in the sum of sinusoidal functions that represents the
binary signal. Our results suggest that with Ciclograma we are able to detect the
rhythmic components present in binary time series and their relative contribution
to overall rhythmicity better than the FFT periodogram.
Moreover, the width in the 24h peak is related to the variability of circadian
pattern. In the case of the FFT periodogram, this variability is not evident. Thus,

Figure 8. Histogram of cycle duration computed by Ciclograma (left) and Fourier periodogram
(right) for 54th wk of the child shown in Fig. 7. The gray line on the histogram is the significance at
level p ¼ 0:001; computed over 500 surrogated time series.
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we can say that the Ciclograma gives a better description of the periodicities than
the classical methods.
We have also compared the descriptive power for rhythmicity of the
Ciclograma and FFT periodogram in simulated time series. We have analyzed the
discrimination power of the Ciclograma and FFT periodogram in the task of
distinguishing subjects with different levels of variability in the wake-up and sleep
onset time. Finally, we have applied our technique to the characterization of the
human ontogenetic development of the sleep/wake cycle.
Furthermore, the Fourier techniques can produce aliasing effects. This
phenomenon spuriously moves all power spectra, which lie outside of the
frequency range 2f s =2 , f , f s =2; where fs is the sampling frequency, into that
range. Thus, the considerable spectral power of the high frequencies in binary
signals will be spuriously moved to the frequency range of our interest. On the
other hand, the Ciclograma approach avoids these undesirable effects.
Spectral analysis techniques are based on the description of the time series by
the sum of sinusoidal functions rather than by an effective characterization of the
rhythmicity. Thus, we believe that the terms periodicity and frequency, in the SA
sense, are not appropriate to describe rhythmicities of binary signals, and the
results based on SA of binary signals should be interpreted bearing in mind the
signal decomposition environment rather than the rhythmic content, as in
Ciclograma. Thus, the Ciclograma approach, for the estimation of the relative
contribution of each rhythmic pattern to the overall rhythmicity, seems to offer
promising perspectives.
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