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Skin blood flow under surface pressure with various temperatures in rats was assessed.
Multifractal detrended fluctuation analysis was used to study complexity of blood flow.
Increased metabolic activity and decreased myogenic response due to local heating was observed.
Complexity reveals new features of blood flow in response to pressure and thermal stress.
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abstract
The objective of this study was to investigate the effects of local heating on the complexity of skin blood flow oscillations (BFO) under prolonged surface pressure in rats. Eleven
Sprague-Dawley rats were studied: 7 rats underwent surface pressure with local heating
(△t = 10 °C) and 4 rats underwent pressure without heating. A pressure of 700 mmHg
was applied to the right trochanter area of rats for 3 h. Skin blood flow was measured using laser Doppler flowmetry. The loading period was divided into nonoverlapping 30 min
epochs. For each epoch, multifractal detrended fluctuation analysis (MDFA) was utilized
to compute DFA coefficients and complexity of endothelial related metabolic, neurogenic,
and myogenic frequencies of BFO. The results showed that under surface pressure, local
heating led to a significant decrease in DFA coefficients of myogenic frequency during the
initial epoch of loading period, a sustained decrease in complexity of myogenic frequency,
and a significantly higher degree of complexity of metabolic frequency during the later
phase of loading period. Surrogate tests showed that the reduction in complexity of myogenic frequency was associated with a loss of nonlinearity whereas increased complexity of
metabolic frequency was associated with enhanced nonlinearity. Our results indicate that
increased metabolic activity and decreased myogenic response due to local heating manifest themselves not only in magnitudes of metabolic and myogenic frequencies but also
in their structural complexity. This study demonstrates the feasibility of using complexity
analysis of BFO to monitor the ischemic status of weight-bearing skin and risk of pressure
ulcers.
© 2013 Elsevier B.V. All rights reserved.
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1. Introduction
Pressure ulcers are a localized injury to the skin and/or underlying soft tissues that usually occur at bony prominences.
Although the etiology of pressure ulcer formation is multifactorial, prolonged pressure-induced soft tissue ischemia is widely
accepted as the most important factor [1]. Other factors such as shear, temperature, and moisture also contribute to soft
tissue ischemia and subsequent development of pressure ulcers [2]. The influences of surface pressure on soft tissue ischemia
have been investigated in the past; however, the effect of other factors such as temperature on tissue ischemia has not been
well studied [2,3].
Recent studies conducted on porcine models have provided evidence that under the same loading condition,the severity
of soft tissue damage was highly correlated with the skin temperature [4–6]. In these studies, when the skin was cooled to
25 °C, no tissue damage occurred, but when the skin was heated to 45 °C, full-thickness tissue damage was observed. This
evidence indicates that skin temperature affects the rate of tissue damage caused by surface pressure. Patel [7] found that
local heating increased perfusion in the rat skin under surface pressures from 3.7 to 18 mmHg, but not for surface pressures
greater than 18 mmHg. They also observed increased peak flow after the removal of surface pressure (reactive hyperemia)
when local heating was used. A recent study on human subjects showed that local cooling reduced peak hyperemia [3]. The
authors therefore suggested that reduced hyperemia may indicate a less severe degree of ischemia. Reactive hyperemia has
also been found to be extremely variable, even in the young healthy population [8]. Therefore, evaluation of tissue perfusion
under surface pressure may provide additional information from the skin in response to combined surface pressure and
temperature stimuli. Such information may improve the understanding of pressure ulcer development.
Spectral analysis of blood flow oscillations has been recently introduced to study the underlying mechanisms of skin
blood flow regulation [9,10]. This technique provides a more sophisticated insight into blood flow responses to loading
pressure and/or thermal stress [2,11]. Using spectral analysis, at least five characteristic frequencies have been found in skin
blood flow oscillations (BFO) [9,10]. The frequencies around 1.0 Hz and 0.3 Hz originate from the heart beats and respirations,
respectively, and the frequencies around 0.1 Hz, 0.04 Hz and 0.01 Hz are associated with the myogenic activity of vascular
smooth muscles, neurogenic activity and vascular endothelial related metabolic activity, respectively. In anesthetized rats,
five characteristic frequencies have also been identified and are associated with endothelial related metabolic activity
(0.01–0.076 Hz), neurogenic activity (0.076–0.2 Hz), myogenic activity (0.2–0.74 Hz), respiration (0.74–2 Hz), and heart
beats (2–5 Hz) [2,12,13]. Our previous study showed that skin blood flow continually decreased under surface pressure
without temperature changes or surface pressure with heating, but maintained relatively stable under surface pressure
with cooling [2]. Moreover, wavelet analysis of BFO revealed that stable blood flow under surface pressure with cooling was
attributed to smaller changes in amplitudes (powers) of metabolic and myogenic frequencies. However, questions may be
immediately raised as to whether amplitudes (powers) of the characteristic frequencies fully quantify the responses and
how interactions between the underlying mechanisms are altered during the responses [2].
Skin blood flow has been found to exhibit irregular fluctuations over time [14–16]. Griffith [15] suggested that spontaneous contraction and dilation of the vessel wall and the nonlinear rheological properties of blood may contribute to this
phenomenon. Recent studies provide evidence indicating interactions among the underlying physiological mechanisms [17].
Intuitively, a straightforward way to identify and characterize the interactions is to extract instantaneous phases or frequencies of the characteristic frequencies [18]. However, the metabolic, neurogenic, and myogenic frequencies cannot be selectively measured and are not constant but highly time varying [19]. This makes it difficult to directly evaluate the interactions
among characteristic frequencies.
The above problem may be addressed by quantifying the complexity of the characteristic frequencies. Goldberger [20]
suggested that the complexity of a physiologic system arises from the interaction of structural units and regulatory feedback loops [20]. Lipsitz and Goldberger [21] proposed that a loss of complexity in physiologic function may be due to the
impairment of functional components and/or altered coupling between these components. Our earlier work [16,22] demonstrates that complexity of BFO can be quantified using the multifractal detrended fluctuation analysis (MDFA) [23]. This
method is a generation of the standard detrended fluctuation analysis(DFA) [24]. The advantages of DFA over other commonly used nonlinear measures are that it allows the detection of long-range correlations embedded in seemingly nonstationary time series [25], and also allows the quantification of correlation properties of a specific frequency component
[16,22].
This study investigates the effects of local heating on complexity of BFO under prolonged loading pressure. We assumed
that the complexity of a characteristic frequency of BFO is associated with the interactions between the mechanism underlying this frequency and other regulatory mechanisms of skin blood flow. We studied metabolic, neurogenic, and myogenic
oscillations under two conditions, including surface pressure with local heating and surface pressure without heating. MDFA
was utilized to quantify the DFA coefficients and complexity of BFO. Previous studies have shown that local heating (without
simultaneous surface pressure) caused an increased contribution of metabolic component but a decreased contribution of
myogenic component to BFO [2,10,26]. This is because of increased metabolic demands of local cells and tissues [27] and a
direct relaxation of smooth muscle cells within the vessel wall [28]. However, whether such a response will be altered when
both local heating and surface pressure are applied at the same time is largely unclear [2,29]. We thereby hypothesized that
under surface pressure, local heating would reduce dynamics of myogenic response and interactions between myogenic
mechanism and other control mechanisms of skin blood flow.
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Fig. 1. Examples of skin blood flow and temperature in response to locally applied surface pressure and thermal stress in rats. (a) Skin blood flow response
to surface pressure at 700 mmHg. (b) Skin temperature under surface pressure at 700 mmHg. It shows a slight decrease. (c) Skin blood flow response under
pressure with heating. (d) Skin temperature under pressure with heating.

2. Materials and methods
2.1. Animals
Eleven 8–12 week old male Sprague-Dawley rats weighing between 300 and 400 g were used. These rats were fed with a
standard nutrient diet, without the supplementation of any extra vitamins. All rats had a skin temperature of around 37 °C.
The rats were assigned to two protocols: 7 rats underwent pressure with heating and 4 rats underwent pressure without
heating. The protocols were approved by an institutional animal care and use committee.
2.2. Data collection
Room temperature was maintained at 24 ± 2 °C. Each rat was anesthetized with ketamine (67 mg ml−1 ) and xylazine
(33 mg ml−1 ) injected intraperitoneally. The depth of anesthesia was determined by mustache dithering tests. When the rat
was unconscious, the hairs on the left and right trochanter areas were carefully shaved without damage to the skin. Then
the rat was positioned prone on a soft air temperature mat. Laser Doppler flowmetry (PF 5001, Perimed, Sweden) was used
to measure skin blood flow and temperature and to heat the skin. A heating probe (Probe 415–242, Perimed, Sweden) was
placed on the shaved skin of the right trochanter area. Skin blood flow and temperature were recorded at a sampling rate of
32 Hz. A surface pressure of 700 mmHg was applied to the heating probe using a custom designed indenter [2]. The protocol
included a 20 min baseline, a 180 min loading period, and a 20 min recovery period. During the loading period, temperature
was set to increase 10 °C in 7 rats and without temperature changes in 4 rats. The rationales for determining the parameters
of the protocols have been described in our previous study [2]. Fig. 1 shows examples of skin blood flow in response to
pressure and pressure with heating.
The selection of the parameters of the protocols was based on the protocols used in previous studies [4,5,30,31]. In a
study by Kwan et al. [31], a pressure of 100 mmHg was applied to the trochanter and tibialis areas of rats for 6 h each day for
four consecutive days. After two days, cutaneous tissue damage was observed at the trochanter area but not at the tibialis
area. Linder-Ganz and Gefen [30] applied pressures of 86, 262 and 525 mmHg to gracilis muscles of rats for 2, 4 and 6 h.
They found that muscles exposed to 262 and 525 mmHg became stiffer and the stiffening was accompanied by extensive
necrotic damage. To ensure the development of a pressure ulcer, we chose a larger pressure of 700 mmHg for 3 h. As for skin
temperature, previous studies showed that a series of skin temperatures of 25, 35, 40 and 45 °C had distinguishable effects
on the severity of tissue damage [4–6]. We therefore chose an increase in skin temperature by 10 °C, which would allow us
to study the influences of temperature changes on skin blood flow response to prolonged surface pressure in rats.
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2.3. Multifractal detrended fluctuation analysis (MDFA)
The MDFA is a generalization of the standard DFA [23]. DFA was introduced by Peng [24] to estimate long-range powerlaw correlations along DNA sequences. The root-mean-square fluctuation of an integrated and detrended time series is
measured at different observation windows and plotted against the size of the observation window on a log–log scale [24].
A power-law relation between the fluctuation and the observation size indicates the presence of scaling. The slope of the
log–log graph gives an estimation of the scaling exponent α , which represents the correlation properties of the signal. An
uncorrelated signal (white noise) yields α = 0.5; a scaling exponent α > 0.5 indicates the presence of positive correlations
in the signal; and 0 < α < 0.5 indicates anti-correlations in the signal.
The procedure of MDFA consists of five steps, with the first three steps being identical to the DFA procedure. Giving a
time series x(k) of length N on a compact support, the first step is to integrate the time series
Y (i) =

i


(x (k) − ⟨x⟩) ,

i = 1, . . . , N ,

(1)

k=1

where ⟨x⟩ is the mean of the time series. Then the integrated time series is divided into Ns nonoverlapping segments of length
s and the same procedure is repeated starting from the opposite end (2Ns segments totally). For each segment v , the local
trend is estimated by fitting a mth-order polynomial Pv(m) and subtracting from the segment. Next, one calculates the variance
s
2
1 
Yq [(v − 1) s + i] − Pv(m) (i)
s i=1

F 2 (v, s) =

(2)

for each segment v, v = 1, . . . , Ns and
s
2
1 
Y [N − (v − Ns ) s + i] − Pv(m) (i)
s i=1

F 2 (v, s) =

(3)

for v = Ns + 1, . . . , 2N s . Finally, a qth order fluctuation function is defined as


Fq (s) =

2Ns
1 

2Ns v=1

1/q

[F (v, s)]
2

q/2

(4)

for q ̸= 0 and F0 (s) is defined as


F0 (s) = exp

2Ns
1 

4Ns v=1


ln[F (v, s)] .
2

(5)

For a long-range power-law correlated time series, Fq (s) increases with s in a certain range as
Fq (s) ∼ sα(q) .

(6)

For q = 2, α(q) is the DFA coefficient.
The above procedure yields a family of scaling exponents α(q). For a homogeneous signal, because all segments v have
the same variance F 2 (v, s), and thus the average Fq (s) is identical for all values of q, Eq. (6) gives a unique value of α that is
independent of q. In contrast, for an inhomogeneous signal, different segments v usually have different variances F 2 (v, s).
For q > 0, large values of F 2 (v, s) dominate the average Fq (s), whereas for q < 0, small values of F 2 (v, s) dominate the
average. In this case, Eq. (6) gives different values of α for different values of q. For q > 0, α(q) mainly reflects the correlation
properties of the segments with large fluctuations, whereas for q < 0, α(q) mainly reflects the correlation properties of the
segments with small fluctuations. The range of α(q), ∆α = max{α (q)} − min{α (q)}, reflects the differences of the scaling
behavior between large fluctuations and small fluctuations. Therefore, it can be used as a measure of the complexity of the
time series [16,22].
2.4. Scale intervals corresponding to the characteristic frequencies of BFO
DFA is closely related to power spectral density (PSD) analysis [32,33]. Let the PSD of the integrated time series, Y (Eq.
(1)), be PY (f ). If Y is divided into nonoverlapping boxes with a length of s s and detrended, the PSD of the detrended series,
PYd , obeys the following relation [32,33]
PYd (f ) ≈

0,
PY (f ) ,



0 ≤ f ≤ 1/s
otherwise.

(7)
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Fig. 2. Comparison of power spectral density (PSD) between the integrated time series Y and the detrended series Yd . It is evident that detrending in boxes
with a length of s s is equivalent to applying a high-pass filter with a cut-off frequency of 1/s Hz. The data series is the blood flow signal shown in Fig. 1(a)
over a period of 1–20 min. Quadratic polynomials were used in the fitting procedure. (a) s = 1/0.01 s, (b) s = 1/0.076 s, (c) s = 1/0.2 s, (d) s = 1/0.74 s,
(e) s = 1/2 s, and (f) s = 1/5 s.

Fig. 2 compares PSD between the integrated time series Y and the detrended series Yd . It is evident that detrending in boxes
with a length of s s is equivalent to applying a high-pass filter with a cut-off frequency of 1/s Hz. Thus, for a characteristic
frequency of BFO with the frequency band f1 –f2 Hz, the corresponded scale (box size) interval is 1/f2 –1/f1 s. As illustrated in
Fig. 3, after filtering out the neurogenic component from the original signal, the scaling exponents in the corresponded scale
interval are close to zero, while the scaling exponents in other scaling regions are nearly identical to that of the original signal.
This is also the case for metabolic and myogenic frequencies. Therefore, assuming that the frequency bands of metabolic,
neurogenic, and myogenic BFO are 0.01–0.076 Hz, 0.076–0.2 Hz, and 0.2–0.74 Hz, respectively [13], the corresponding scale
intervals are 1/0.076–1/0.01 s, 1/0.2–1/0.076 s, and 1/0.74–1/0.2 s, respectively.
2.5. Application to experimental data
To study the evolutionary changes in the DFA coefficients and complexity of BFO, the 3 h loading period was divided into
nonoverlapping 30 min epochs [2]. For each epoch of blood flow data, MDFA was performed using the parameter q ∈ [−5, 5]
with a step of 0.1 [16,22]. In the fitting procedure (Eq. (2)), quadratic polynomials were used. These parameters have been
validated to be suitable for analyzing skin blood flow data [16,22]. The range of scaling exponents, ∆α = max{α (q)} −
min{α (q)}, was used as a measure of the complexity of BFO. We found that for most of our data sets, ∆α is more robust
than the width of spectrum of Hölder exponents, which has been used as a measure of the multifractality of a signal.
2.6. Surrogate test
To further study whether changes in complexity of BFO ∆α are related to changes in nonlinearity of BFO, we performed
tests using surrogate time series. For each epoch of the original signal, 50 surrogate time series were generated by performing
a Fourier transform on the original signal, preserving the amplitudes of the Fourier transform, but randomizing the phases,
and then performing an inverse Fourier transform. This procedure destroys the nonlinearity, preserving only linear features
of the original signal [34]. Then, complexity of BFO ∆α was computed for all surrogate time series. A significant difference
in complexity of BFO ∆α between original data and surrogate data indicates that the original data possess nonlinearity.
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Fig. 3. Illustration of the scale interval corresponding to the neurogenic component of BFO. The data series are the blood flow signal shown in Fig. 1(a)
over a period of 1–20 min. (a) PSD of the original data and filtered data (after filtering out the frequency components between 0.076–0.2 Hz). (b) Scaling
exponents of the original data and filtered data. For the filtered data, the scaling exponents in the scale interval 1/0.2–1/0.076 s are close to zero, while the
scaling exponents in other scaling regions are nearly identical to that of the original data. Because the frequency components between 0.076–0.2 Hz cannot
be completely removed and the removed components are not perfectly between 0.076–0.2 Hz, the scaling exponents in the scale interval 1/0.2–1/0.076 s
are nonzero and in other scale intervals are not exactly identical to that of the original data, especially for q < 0.

2.7. Statistical analysis
The rank-sum test was used to examine the difference in α and ∆α of metabolic, neurogenic, and myogenic components between two experimental conditions. Descriptive statistics were used to describe the evolutionary changes in α and
∆α of three frequency components. One-sample t-test was used to examine the difference in ∆α between the original
data and surrogate time series. The normality of ∆α values of surrogate time series was tested using the one-sample Kolmogorov–Smirnov test. All statistical tests were performed using SPSS 16 (SPSS, Chicago, IL) and the significant level was
set at 0.05.
3. Results
Fig. 4 shows the DFA coefficients, α , of metabolic, neurogenic, and myogenic frequencies during the baseline and loading
periods. α of metabolic frequency showed a sustained increase under both conditions, whereas α of neurogenic and myogenic frequencies underwent distinctly different changes. Surface pressure caused a dramatic decrease in α of neurogenic
frequency during the first two epochs of the loading period, but did not have a significant effect on α of myogenic frequency.
In contrast, pressure with heating resulted in a sharp decrease in α of myogenic frequency during the first two epochs of
loading period, but had only a minor effect on α of neurogenic frequency. Obviously, under pressure with heating α of neurogenic frequency was significantly higher (p < 0.05) whereas α of myogenic frequency was significantly lower (p < 0.05)
during most epochs of the loading period compared to pressure without heating.
Fig. 5 shows the complexity, ∆α , of the three characteristic frequencies. Under pressure without heating, ∆α of metabolic
frequency showed a decreasing trend, while ∆α of neurogenic and myogenic frequencies showed smaller changes. Under
pressure with heating, ∆α of myogenic frequency underwent a sustained decrease, while ∆α of metabolic frequency showed
an increasing trend, and ∆α of neurogenic frequency exhibited larger values during the middle phase of loading period.
Comparing the two conditions, it is clear that local heating led to significantly higher degrees of complexity of metabolic
frequency during the later phase (p < 0.05) and a significantly lower degree of complexity of myogenic frequency throughout the entire loading period (p < 0.05).
Fig. 6 shows typical examples of surrogate tests. Under pressure with heating, the complexity ∆α of metabolic frequency
was significantly higher than that of surrogate data during the later epochs (p < 0.05) (Fig. 6(b)). Strikingly, complexity ∆α
of myogenic frequency gradually approached that of surrogate data for the condition of pressure with heating (Fig. 6(f)) but
not for the condition of pressure without heating (Fig. 6(e)). This means that heating led to a gradual loss of the nonlinearity
of the myogenic component.
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Fig. 4. DFA coefficients α of the (a) metabolic, (b) neurogenic, and (c) myogenic components during the baseline (epoch 1) and loading period (epochs
2–7). Values are represented as mean ± standard errors. * indicates a significant difference between two conditions (p < 0.05).

Fig. 5. Complexity, ∆α , of the (a) metabolic, (b) neurogenic, and (c) myogenic components during the baseline (epoch 1) and loading period (epochs 2–7).
Values are represented as mean ± standard errors. *indicates a significant difference between two conditions (p < 0.05).
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Fig. 6. Examples of surrogate tests. The original data are the signals shown in Fig. 1. For each epoch (epoch 1 is the baseline) of the original data, 50 surrogate
time series were generated. Values of ∆α for surrogate series are represented as mean ± standard errors. (a), (c), and (e) Characteristic frequencies under
pressure without temperature changes. (b), (d), and (f) Characteristic frequencies under pressure with heating. + indicates a significant difference between
∆α of the original data and those of the surrogate time series (p < 0.05).

4. Discussion
The major findings of the present study are that under prolonged surface pressure, local heating led to a significantly
higher degree of complexity of metabolic frequency during the later phase of loading period and a significantly lower degree
of complexity of myogenic frequency throughout the entire loading period. As discussed below, our results suggest that DFA
coefficients of BFO give similar but different outcomes as compared to spectral analysis. Particularly, complexity analysis
can reveal new features of BFO in response to surface pressure with thermal stress. To the best of our knowledge, this is the
first study investigating the combined effect of loading pressure and thermal stress on nonlinear dynamics of skin BFO.
In this study, the complexity measure ∆α reflects the differences of the scaling behavior between large fluctuations and
small fluctuations of BFO, which cannot be reflected by a single DFA coefficient (q = 2).
Our result showed that under both conditions, DFA coefficients α of metabolic frequency underwent a sustained increase
(Fig. 4(a)) throughout the loading period. A larger value of α means a higher rate at which the fluctuation Fq (s) (Eq. (6),
q = 2) increases with increasing scale s. Because a larger scale corresponds to a lower frequency, our results implied that
metabolic oscillations exhibited larger fluctuations at lower frequencies under both conditions. In another point of view,
a larger value of α means that correlations decay more slowly and extend over larger distances in time and space. Thus,
the sustained increase in α of metabolic frequency indicated that metabolic activity was relatively augmented compared
to other control mechanisms of skin blood flow. This observation was somewhat consistent with our previous study [2],
in which a significant increase in relative amplitude of metabolic component was observed during the middle phase of
loading period. An explanation for the subtle differences is that DFA coefficients can be derived from weighted power
spectra favoring the center frequency and de-emphasizing other frequencies in proportion to frequency-squared in both
directions. It has been well established that an increase in skin temperature raises the metabolic demands of local cells and
tissues [10]. In human subjects, when skin temperature is rapidly increased to 42 °C and maintained thereafter, skin blood
flow shows a response characterized by an early transient peak followed by a prolonged plateau phase and eventually by a
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return toward baseline [35]. Findings from a series of studies suggest that each of the nitric oxide (NO) system, adrenergic
nerves, and sensory nerves has a role in achieving this response pattern [35]. Particularly, NO is thought to be importantly
involved in the prolonged plateau phase [28,35]. In this study, we applied a loading pressure of 700 mmHg to the rat skin
and rapidly heated the skin to around 47 °C and maintained that level for 3 h (Fig. 1(d)). As we expected, we did not observe
a typical biphasic blood flow response but observed a sustained decrease in blood flow [2]. This means that vasodilation did
not actually occur due to the compression of the vasculature under surface pressure. However, it is likely that under both
conditions, local heating and/or deformation of endothelial cells elicited a release of NO [17,36], which in turn reduced the
myogenic response by relaxing vascular smooth muscles [17]. Hence, we speculate that under both conditions, there was
an imbalance between relatively raised metabolic demands of local cells and tissues and decreased blood flow supply.
It is clear that under pressure with heating, α of the myogenic component showed a sharp decrease during the first two 30
min epochs of loading period (Fig. 4(c)), indicating that myogenic oscillations became more random. The myogenic response
is thought to reflect an increase in the activation state of vascular smooth muscles [17]. Although blood flow regulation is
expected to be correlated with the metabolic demands of the tissues, the myogenic mechanism is a determinant of blood
flow [37]. It has been demonstrated that a level of local heating of 42 °C is sufficient to cause maximal vasodilation in
human skin, implying that the vascular smooth muscles are fully relaxed [35]. Local heating leads to a release of NO from
the endothelium [35], and NO relaxes smooth muscle by activating soluble guanylylcyclase and other intracellular targets in
smooth muscle [17]. We deduce that in this study, the skin temperature around 47 °C also relaxed vascular smooth muscle.
The relaxation of the smooth muscles was likely responsible for the observed reduction in α of the myogenic component.
A striking phenomenon is that under pressure with heating, the myogenic component exhibited a significantly lower
degree of complexity throughout the entire loading period (Fig. 5(c)). According to the previous work by Goldberger [20]
and Lipsitz and Goldberger [21], it is reasonable to assume that the complexity of the myogenic component reflects the
richness of its sub-components (if they exist), the coupling between the corresponding sub-systems, and the interactions
between myogenic mechanism and other control mechanisms of skin blood flow [22]. Indeed, growing evidence indicates
the existence of interactions among the control mechanisms of skin blood flow [17]. For example, NO released from vascular
endothelium induces vascular smooth muscle relaxation [35]; changes in blood flow elicit vasomotor responses, which may
compete with intraluminal pressure-induced myogenic response [17]. Accordingly, a possible explanation for our results is
as follows. NO is released from the endothelium in response to heat stress [35] and probably to deformation of endothelial
cells [36]. NO relaxed the vascular smooth muscle and probably inhibited neural control of the vessels [35]. On the other
hand, surface pressure resulted in decreased blood flow and decreased intraluminal pressure. Decreased flow would lead to a
reduction in shear stress and therefore a reduction in the amount of released NO, while decreased pressure could potentially
evoke myogenic relaxation. Because blood flow underwent small changes [2], we deduce that the intraluminal pressure also
underwent small changes. These two mechanisms would exert little influence on BFO. Collectively, local heating-induced
relaxation of vascular smooth muscles likely led to attenuated interactions between the myogenic mechanism and other
control mechanisms of blood flow, which might be reflected by reduced complexity of the myogenic component.
Another finding is that under pressure with heating, the metabolic component exhibiting a higher degree of complexity
during the later phase of the loading period (Fig. 5(a)) is probably due to the accumulation of vasoactive metabolites. Studies
of reactive hyperemia suggest that the endothelium can produce multiple vasoactive metabolites, including prostaglandins,
adenosine, NO, and reactive oxygen species [17]. These metabolic factors may interact with each other in the later phase of
reactive hyperemia [17]. In our case, released metabolites likely accumulated during the later phase of the loading period
due to heat stress and vascular compression. It is possible that interactions existed between the metabolic factors, which
might contribute to the observed higher degree of complexity of the metabolic component. Note that this distinct difference
cannot be detected by a single DFA coefficient (Fig. 4(a)).
The results of surrogate tests indicate that the measure, ∆α , can reflect the nonlinear properties of BFO, which are
eliminated by the randomization of the Fourier phases. It is clear that during baseline, all the three characteristic frequencies
possess nonlinearities (Fig. 6). By comparing ∆α between the two conditions, it can be deduced that local heating led to
higher nonlinearity of metabolic component during the later phase of loading period, but a gradual loss of the nonlinearity
of the myogenic component. However, the mechanisms underlying these observations remain largely unknown.
It is worth to note that under pressure without heating, skin temperature showed a slightly decrease (Fig. 1(b)). A similar
phenomenon was reported by Linder-Ganz and Gefen [38] who observed a decrease in temperature of gracilis muscle of
rats after 2 surface pressure. They suggested that such a decrease was likely due to the combined effect of skin reflection
and altered thermoregulatory vasoconstriction under anesthesia. However, these observations do not necessarily mean that
similar phenomena would occur in human subjects. Previous studies on temperature at the interface between the human
buttock skin and support surfaces showed an increase in skin temperature when some types of cushions were used [39]. In
this study, a decrease in skin temperature potentially amplified the difference in DFA coefficients and complexity between
the conditions of pressure with heating and pressure without temperature changes.
Limitations
A limitation of this study is a small sample size. However, the purpose of this preliminary study was to examine whether
complexity analysis could reveal new features of BFO in response to prolonged surface pressure with thermal stress. The 3 h
loading period was divided into nonoverlapping 30 min epochs. This strategy allows us to compare BFO dynamics between
the baseline and each epoch and between successive epochs. In this case, each epoch may serve as a control of the other
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epochs. Hence, the influence of the small sample size on our findings should be kept minimal. However, future research
needs to confirm our findings on a larger sample size.
5. Conclusions
This study demonstrates that the complexity measure ∆α derived from the MDFAis is capable of reflecting local heatinginduced structural changes in BFO during prolonged surface pressure. Particularly, this measure can reveal new features of
BFO that cannot be detected by a single DFA coefficient. Our method provides a basis for monitoring and assessing the
ischemic status of weight-bearing skin and the risk of pressure ulcers.
Acknowledgments
This study was supported by the Paralyzed Veterans of America Research Foundation (PVA2827) and the National
Institutes of Health (R21HD065073).
References
[1] Y.K. Jan, D.M. Brienza, Technology for pressure ulcer prevention, Topics in Spinal Cord Injury Rehabilitation 11 (4) (2006) 30–41.
[2] Y.K. Jan, B. Lee, F. Liao, R.D. Foreman, Local cooling reduces skin ischemia under surface pressure in rats: an assessment by wavelet analysis of laser
Doppler blood flow oscillations, Physiological Measurement 33 (10) (2012) 1733–1745.
[3] Y.T. Tzen, D.M. Brienza, P. Karg, P. Loughlin, Effects of local cooling on sacral skin perfusion response to pressure: implications for pressure ulcer
prevention, Journal of Tissue Viability 19 (3) (2010) 86–97.
[4] P.A. Iaizzo, G.L. Kveen, J.Y. Kokate, K.J. Leland, G.L. Hansen, E.M. Sparrow, Prevention of Pressure Ulcers by Focal Cooling - Histological Assessment in
a Porcine Model, Wounds: A Compendium of Clinical Research and Practice 7 (5) (1995) 161–169.
[5] J.Y. Kokate, K.J. Leland, A.M. Held, G.L. Hansen, G.L. Kveen, B.A. Johnson, et al., Temperature-modulated pressure ulcers: a porcine model, Archives of
Physical Medicine and Rehabilitation 76 (7) (1995) 666–673.
[6] P.A. Iaizzo, Temperature modulation of pressure ulcer formation: using a swine model, Wounds: A Compendium of Clinical Research and Practice 16
(11) (2004) 336–343.
[7] S. Patel, C.F. Knapp, J.C. Donofrio, R. Salcido, Temperature effects on surface pressure-induced changes in rat skin perfusion: implications in pressure
ulcer development, Journal of Rehabilitation Research and Development 36 (3) (1999) 189–201.
[8] B.J. Wong, B.W. Wilkins, L.A. Holowatz, C.T. Minson, Nitric oxide synthase inhibition does not alter the reactive hyperemic response in the cutaneous
circulation, Journal of Applied Physiology 95 (2) (2003) 504–510.
[9] A. Stefanovska, M. Bracic, H.D. Kvernmo, Wavelet analysis of oscillations in the peripheral blood circulation measured by laser Doppler technique,
IEEE Transactions on Biomedical Engineering 46 (10) (1999) 1230–1239.
[10] Y.K. Jan, B.D. Struck, R.D. Foreman, C. Robinson, Wavelet analysis of sacral skin blood flow oscillations to assess soft tissue viability in older adults,
Microvascular Research 78 (2) (2009) 162–168.
[11] Y.K. Jan, D.M. Brienza, M.J. Geyer, P. Karg, Wavelet-based spectrum analysis of sacral skin blood flow response to alternating pressure, Archives of
Physical Medicine and Rehabilitation 89 (1) (2008) 137–145.
[12] F. Bajrovic, M. Cencur, M. Hozic, S. Ribaric, A. Stefanovska, The contribution of lumbar sympathetic neurones activity to rat’s skin blood flow oscillations,
Pflugers Archiv. European Journal of Physiology 439 (3 Suppl) (2000) R158–R160.
[13] A. Humeau, A. Koitka, P. Abraham, J.L. Saumet, J.P. L’Huillier, Time-frequency analysis of laser Doppler flowmetry signals recorded in response to a
progressive pressure applied locally on anaesthetized healthy rats, Physics in Medicine and Biology 49 (5) (2004) 843–857.
[14] F.Y. Liao, D.W. Garrison, Y.K. Jan, Relationship between nonlinear properties of sacral skin blood flow oscillations and vasodilatory function in people
at risk for pressure ulcers, Microvascular Research 80 (1) (2010) 44–53.
[15] T.M. Griffith, Temporal chaos in the microcirculation, Cardiovascular Research 31 (3) (1996) 342–358.
[16] F. Liao, Y.K. Jan, Using multifractal detrended fluctuation analysis to assess sacral skin blood flow oscillations in people with spinal cord injury, Journal
of Rehabilitation Research and Development 48 (7) (2011) 787–800.
[17] M.J. Davis, M.A. Hill, L. Kuo, Local regulation of microvascular perfusion, in: R.F. Tuma, W.N. Duran, K. Ley (Eds.), Handbook of Physiology:
Microcirculation, Academic Press, San Diego, 2008, pp. 161–284.
[18] J. Jamsek, M. Palus, A. Stefanovska, Detecting couplings between interacting oscillators with time-varying basic frequencies: Instantaneous wavelet
bispectrum and information theoretic approach, Physical Review E 81 (3) (2010).
[19] A. Stefanovska, M.B. Lotric, S. Strle, H. Haken, The cardiovascular system as coupled oscillators? Physiological Measurement 22 (3) (2001) 535–550.
[20] A.L. Goldberger, C.K. Peng, L.A. Lipsitz, What is physiologic complexity and how does it change with aging and disease? Neurobiology of Aging 23 (1)
(2002) 23–26.
[21] L.A. Lipsitz, A.L. Goldberger, Loss of complexity and aging — potential applications of fractals and chaos theory to senescence, Journal of the American
Medical Association 267 (13) (1992) 1806–1809.
[22] F. Liao, B.D. Struck, M. Macrobert, Y.K. Jan, Multifractal analysis of nonlinear complexity of sacral skin blood flow oscillations in older adults, Medical
and Biological Engineering and Computing 49 (8) (2011) 925–934.
[23] J.W. Kantelhardt, S.A. Zschiegner, E. Koscielny-Bunde, S. Havlin, A. Bunde, H.E. Stanley, Multifractal detrended fluctuation analysis of nonstationary
time series, Physica A: Statistical Mechanics and Its Applications 316 (1–4) (2002) 87–114.
[24] C.K. Peng, S.V. Buldyrev, S. Havlin, M. Simons, H.E. Stanley, A.L. Goldberger, Mosaic organization of DNA nucleotides, Physical Review E 49 (2) (1994)
1685–1689.
[25] K. Hu, P.C. Ivanov, Z. Chen, P. Carpena, H.E. Stanley, Effect of trends on detrended fluctuation analysis, Physical Review E 64 (1) (2001).
[26] L.W. Sheppard, V. Vuksanovic, P.V. McClintock, A. Stefanovska, Oscillatory dynamics of vasoconstriction and vasodilation identified by time-localized
phase coherence, Physics in Medicine and Biology 56 (12) (2011) 3583–3601.
[27] A. Brown, G. Brengelmann, Energy metabolism, in: T.C. Ruch, H.D. Patton (Eds.), Physiology and Biophysics, Saunders, Philadelphia, 1965.
[28] C.T. Minson, L.T. Berry, M.J. Joyner, Nitric oxide and neurally mediated regulation of skin blood flow during local heating, Journal of Applied Physiology
91 (4) (2001) 1619–1626.
[29] Y.K. Jan, F. Liao, L.A. Rice, J.A. Woods, Using reactive hyperemia to assess the efficacy of local cooling on reducing skin ischemia under surface pressure
in people with spinal cord injury: a preliminary report, Archives of Physical Medicine and Rehabilitation 94 (2013)
http://dx.doi.org/10.1016/j.apmr.2013.03.022. in press.
[30] E. Linder-Ganz, A. Gefen, Mechanical compression-induced pressure sores in rat hind limbs: muscle stiffness, histology, and computational models,
Journal of Applied Physiology 96 (6) (2004) 2034–2049.

F. Liao et al. / Physica A (

)

–

11

[31] M.P. Kwan, E.W. Tam, S.C. Lo, M.C. Leung, R.Y. Lau, The time effect of pressure on tissue viability: investigation using an experimental rat model,
Experimental Biology and Medicine 232 (4) (2007) 481–487.
[32] C. Heneghan, G. McDarby, Establishing the relation between detrended fluctuation analysis and power spectral density analysis for stochastic
processes, Physical Review E 62 (5) (2000) 6103–6110.
[33] K. Willson, D.P. Francis, R. Wensel, A.J.S. Coats, K.H. Parker, Relationship between detrended fluctuation analysis and spectral analysis of heart-rate
variability, Physiological Measurement 23 (2) (2002) 385–401.
[34] P.C. Ivanov, L.A.N. Amaral, A.L. Goldberger, S. Havlin, M.G. Rosenblum, Z.R. Struzik, et al., Multifractality in human heartbeat dynamics, Nature 399
(6735) (1999) 461–465.
[35] J.M. Johnson, D.L. Kellogg Jr., Local thermal control of the human cutaneous circulation, Journal of Applied Physiology 109 (4) (2010) 1229–1238.
[36] D. Sun, A. Huang, F.A. Recchia, Y. Cui, E.J. Messina, A. Koller, et al., Nitric oxide-mediated arteriolar dilation after endothelial deformation, American
Journal of Physiology - Heart and Circulatory Physiology 280 (2) (2001) H714–H721.
[37] A.S. Popel, P.C. Johnson, Microcirculation and hemorheology, Annual Review of Fluid Mechanics 37 (2005) 43–69.
[38] E. Linder-Ganz, A. Gefen, The effects of pressure and shear on capillary closure in the microstructure of skeletal muscles, Annals of Biomedical
Engineering 35 (12) (2007) 2095–2107.
[39] S.V. Fisher, T.E. Szymke, S.Y. Apte, M. Kosiak, Wheelchair cushion effect on skin temperature, Archives of Physical Medicine and Rehabilitation 59 (2)
(1978) 68–72.

