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Scientists have long sought to understand how vascular networks supply blood and oxygen
to cells throughout the body. Recent work focuses on principles that constrain how vessel
size changes through branching generations from the aorta to capillaries and uses scaling
exponents to quantify these changes. Prominent scaling theories predict that combinations
of these exponents explain how metabolic, growth, and other biological rates vary with body
size. Nevertheless, direct measurements of individual vessel segments have been limited
because existing techniques for measuring vasculature are invasive, time consuming, and
technically difficult. We developed software that extracts the length, radius, and connectivity
of in vivo vessels from contrast-enhanced 3D Magnetic Resonance Angiography. Using
data from 20 human subjects, we calculated scaling exponents by four methods—two
derived from local properties of branching junctions and two from whole-network properties.
Although these methods are often used interchangeably in the literature, we do not find general agreement between these methods, particularly for vessel lengths. Measurements for
length of vessels also diverge from theoretical values, but those for radius show stronger
agreement. Our results demonstrate that vascular network models cannot ignore certain
complexities of real vascular systems and indicate the need to discover new principles
regarding vessel lengths.
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Author Summary
Vascular networks distribute resources and constrain metabolic rate. Founded on a few
key principles, biological scaling theories predict characteristic patterns for vascular networks as they branch from large to small vessels. These theories also predict seemingly
unrelated phenomena, such as size limits on mammals. However, vascular networks are
difficult to measure because there are billions of vessels that range in size from meters to
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micrometers. To test the foundations of biological scaling theories, we developed software
that quickly measures thousands of in vivo vessels based on MRI. Data for vessel radii
match predicted patterns but lengths do not. Our work suggests the need for new theoretical principles and should facilitate comparisons across organisms, spatial scales, and
healthy and diseased tissue.

Introduction
Networks that supply resources are essential to the maintenance and growth of many natural
and engineered systems. These resource-distribution networks are pervasive throughout biology. Examples include the tracheal system in insects, xylem networks in plants [1], foraging
trails of ant colonies [2, 3], and cardiovascular systems in animals [4–6]. Because the cardiovascular system delivers resources and energy to the body, its structure at least partly determines
rates of growth and metabolism [4, 7, 8]. Moreover, the cardiovascular system plays a role
in many diseases—such as heart disease, stroke, inflammation, and malignant tumor growth
[9–11]. The pervasiveness and importance of material transport in biology motivates the search
for basic principles that help shape resource-distribution networks in general and the cardiovascular system in particular.
The theory of the structure of vascular networks has roots in the early 20th century [5, 7,
12]. More recent theories predict properties of the entire vascular network by assuming a hierarchical structure and include those of West, Brown and Enquist [4] (henceforth the WBE
model), Banavar et al. [13, 14], Dodds [15], Huo and Kassab [16], and others [1, 17–21]. These
theories assume or predict how vascular structure, such as the radius of vessels, changes as the
network branches from aorta to capillaries. While early theories focused on vessel radius,
recent theories also incorporate how vessel length changes across the network [4, 14–16].
Many also assume symmetric branching—child vessels have identical properties [4, 16, 19, 20].
In symmetric, hierarchical models, knowledge of both radius and length enables derivations of
how metabolic rate varies with body size across species [4] and how organismal and tumor
growth rate change with body size [9–11].
Several theories predict vascular structures will be found to be self-similar—some aspect of
the network can be viewed as a rescaled copy of the whole [22]—across specific ranges of spatial scale [4, 23]. Self similarity necessarily leads to relationships and distributions that are characterized by power laws, whose exponents we call the scaling exponents [24]. Self similarity can
either be a strict or statistical property. Each new chamber of the nautilus is a larger exact copy
of the previous chamber, while along coastlines shorter segments exhibit rescaled statistical
properties of the longer segments [25]. Self similarity in nature suggests scale-free principles
that constrain structure. An organism may need to maintain a certain shape at all stages of
growth, use a common developmental program at all scales, or cope with physical processes
with no preferred scale—such as energy minimization or turbulence in fluids. Self similarity
greatly simplifies many calculations, with applications from cardiac physiology [26] to allometric scaling [4].
Real vasculature is known to deviate from hierarchical, symmetric models in many ways,
leading to criticism and debate about leading models [27, 28]. Without reliable data, it is
impossible to determine whether these deviations can be ignored, so that existing theories can
accurately predict newly observed features such as curvature in scaling relationships [19]. Price
et al. [29] recently decried the lack of data for individual vessel segments that are needed for
tests of scaling theory. Direct measurements and tests may reject existing principles while
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laying the groundwork for the discovery of new patterns and principles in vascular architecture. In addition, measurements can parameterize existing equations to obtain more exact predictions for metabolic rates and growth curves, and can be used to examine the natural
variation in the parameters across species, tissues, and tumor types. Vessel segment data preserves the asymmetry, reticulation, tortuosity, and other features of real vasculature, and quantitative data about these features may inform future models. Furthermore, extreme values or
distinct patterns of variation may be signatures of pathologies that could eventually be used as
diagnostics. Recent work involving direct measurements of plant architecture has begun to
realize this potential [21, 30, 31].
Comprehensively characterizing vascular structure and obtaining reliable estimates for vascular scaling exponents requires large numbers of measurements across orders-of-magnitude
in spatial scale—ranging from 0.004 mm to 15 mm for vessel radii in humans. Measurement is
complicated because vascular systems are intertwined with tissues throughout the body at a
wide range of spatial scales [32]. Even gross morphological measurements have historically
taken impressive and time-consuming efforts and required invasive methods such as casting
[33–36]. Zamir [36] and Kassab [35] constructed explicit descriptions of small regions of vascular systems—such as the coronary artery—by perfusing fixed specimens with a silicone or
acrylic polymer, dissolving tissue away and examining each vessel segment under a microscope.
These approaches enabled the measurement of tens of thousands of vessels from fixed specimens that were then used to test and develop vascular system models [35, 36].
However, the process of casting may enlarge or damage vessels, and little of this raw data is
publicly available for analysis. In addition, many more measurements across the range of scales
are needed to identify the principles that shape vascular architecture. Different physical principles may dominate at different scales, and mapping out different regimes will require large
amounts of data at each scale. In the WBE model [4], the dominant mechanism of energy loss
for blood flow in the arterioles (radius  1 mm) is viscous dissipation, but near the heart (vessel radius  1 mm) pulsatile flow and reflection of pressure waves along vessel walls dominates
[26]. The transitions between these regimes are neither well-understood theoretically nor
described empirically [8]. The pulsatile regime—the focus of our measurements—has greater
variation in the number of branching orders and size of vessels across species and is thus the
primary determinant of scaling of metabolic and other vital rates with body size [8].
Large amounts of vascular data across all relevant spatial scales are contained within existing
angiographic images (e.g., MRI and X-Ray). These images are obtained non-invasively, thus
avoiding problems of damage to vasculature and allowing for the possibility of longitudinal
studies. The latent data within these images represents a tremendous opportunity. All that is
needed is a reliable and automatic method for extracting vascular data from angiographic
images.
We have developed novel software that imports 3D images, creates a topologically and spatially explicit map of the blood vessel network, and measures the radius, length, and volume of
all visible vessels. We have applied this software to 20 magnetic resonance angiograms of living
humans to obtain 3015 data points that range in radius from 0.6–6.8 mm, representing an
order of magnitude. This range corresponds to large vessels in the pulsatile flow regime relevant to allometric scaling [8]. We then analyzed these data based on the four distinct methods
(Eqs 1a–4) for measuring vascular scaling exponents described below.

Model
Vascular scaling exponents encapsulate how radius and length of vessels change across the network. Virtually all scaling relationships for local or global properties can be expressed in terms
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of these vascular scaling exponents. Consequently, we view these scaling exponents as forming
the foundation of most modern biological scaling theory and make them the primary focus of
our analysis. We here describe four distinct methods for calculating vascular scaling exponents.
Because the radius of the vessel plays a primary role in determining both the flow rate and
resistance to blood flow through the vessel, theories for the vascular scaling exponent for vessel
radius often focus on the power to pump blood from the heart to the capillaries. It is argued [4]
that this power will have been minimized by natural selection to allow as much power as possible to be available for foraging, growth, and reproduction. One classical approach minimizes
power loss of blood flow due to viscous dissipation and due to cost of blood volume in order to
derive that flow rate, Q, depends on the cube of the vessel radius, r3. Combining this result with
P 3
, where rp is
conservation of ﬂuid ﬂow at a branching junction yields Murray’s law, rp3 ¼ i rc;i
the radius of the parent vessel segment and rc,i is the radius of the ith child (distal) segment.
Another classical approach for the cardiovascular system is to minimize wave reﬂections in
pulsatile ﬂow, as Womersley and West et al. have done [4, 6, 26]. This approach leads to areapreserving branching (or Da Vinci’s Rule), so that the sum of the cross-sectional areas (/ r2) of
child vessels equals the cross-sectional area of a parent vessel at a branching junction. In the
WBE model, reﬂections dominate for large vessels while dissipation dominates for small vessels
( 1 mm). Moreover, in the WBE model, a volume-servicing argument [4] is used to derive an
P 3
, while Huo and Kassab assume the same
analogous relationship for vessel lengths, lp3 ¼ i lc;i
relationship but allow the exponent to vary from length-preserving (exponent of 1) to volumeservicing (exponent of 3).
Optimization has been a common approach to developing vascular models throughout the
past century, but it has been highly debated as to which properties are optimized and what are
the tradeoffs among them [4, 27, 28, 37–39]. For instance, Banavar et al. [40] optimize for efficient transport within three-dimensional bodies and Dodds [15] minimizes network volume as
required to continually supply metabolites within a body. Indeed, different principles and
assumptions lead to a variety of relationships between the flow rate and vessel radius. Consequently, we express a generalized form of Murray’s law
X
1=a
rc;i
:
ð1aÞ
rp1=a ¼
i

in which we deﬁne the vascular scaling exponent, a, for vessel radius to be consistent with the
notation of Price et al. [1]. The analogous generalization for vessel length is
X
1=b
lc;i
ð1bÞ
lp1=b ¼
i

where b is the vascular scaling exponent for vessel length.
To ease computation, many models further assume that vascular networks are strictly selfsimilar and symmetrically branching—child vessels all have identical properties within a
branching level. In this case, scale factors and associated scaling exponents can be defined for
each branching level, k, which represents the number of branching junctions from the heart
to that vessel. Following the notation of the WBE model, the scale factors are β = rk+1/rk and
γ = lk+1/lk. For dichotomous branching, we can solve for β and γ using Eqs 1a and 1b, to find
b¼

rkþ1
l
¼ 2a and g ¼ kþ1 ¼ 2b :
rk
lk

ð2Þ

Furthermore, for these idealized networks, the frequency distributions of radius and length
follow power laws with scaling exponents 1/a and 1/b. Because there are N = 2k vessels of radius
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r = r0 βk, Eq 2 give the two power-law relationships
N ¼ ðr=r0 Þ

1=a

¼ ðl=l0 Þ

1=b

:

ð3Þ

Similarly, for any vessel, its radius and length are related to the number of downstream endpoints (e.g. capillaries), Nd, by
r / Nda and l / Ndb :

ð4Þ

Eqs 1a–4 constitute four methods of calculating vascular scaling exponents. Each method
relies on different types and levels of information. First, for each branching junction, the generalizations of Murray’s law (Eq 1a) and volume servicing (Eq 1b) can be numerically solved for
the exponents a and b by Newton’s method. The solution provides a direct local measurement
of the scaling exponents at every junction that we call conservation-based scaling exponents.
The value is undefined if a child vessel has radius or length greater than its parent. Second, for
each parent-child pair of vessel segments, the ratio of vessel radius and length can be calculated.
By Eq 2, these scale factors can be used to compute a second local measure—our ratio-based
scaling exponents. Third, across all vessels and junctions, empirical distributions of radii and
lengths can be fitted to power laws to produce what we term the distribution-based scaling
exponents, as in Eq 3. Fourth, across all vessel segments, log-log regressions of radii and lengths
versus the number of downstream endpoints can be performed to derive regression-based scaling exponents, following Eq 4. These latter two methods each provide single values for the vascular scaling exponents, a and b, across the whole network, and they do not rely on
information about the geometry of individual branching junctions.
In the literature, these four methods for measuring scaling exponents are often used interchangeably [1, 29, 41, 42]. However, these are only proven to be identical for symmetricallybranching, strictly self-similar networks. Furthermore, it is unknown whether measurements of
vascular scaling exponents using these four methods (Eqs 1a–4) will produce values that are
approximately similar or significantly different. If they differ, this raises questions about which
of these four measures of vascular scaling exponents, if any, best corresponds to the scaling relationships predicted by ideal networks or observed empirically for metabolic and growth rates.

Results
To begin to answer these questions, we now report results obtained by applying our new software, angicart, to 20 contrast-enhanced 3D Magnetic Resonance Image volumes for human
head and torso. We collected 3015 segments across 1473 branching junctions. Of the junctions,
1422 were recorded as dichotomous and 51 as trichotomous. The number of branches on all
paths (subjects pooled) between the aorta and the smallest observable vessels was typically
between 3 and 10 (middle 68%). Each 3D image volume, corresponding to 151 segments on
average, took about 2.7 minutes of CPU time on a single 2.3GHz Intel processor. As described
in the Methods, we used an automated circularity criterion as an indicator of possible errors in
order to omit vessel identification errors. Our results are based on radius, length, and volume
measurements from only the 1240 segments for which we saw no indication of potential error.
The complete, raw output of our software before any filtering or analysis is available as S1
Dataset. The software source code and original imagery enabling the exact reproduction of this
dataset are available online as a repository in the git revision control system at https://github.
com/mnewberry/angicart.

Conservation-Based Exponents
We attempt to solve Eq 1a numerically at each branching junction. We label the parent at each
branching junction by traversing the vascular network starting at the vessel segment of greatest
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Fig 1. Conservation-Based Exponent Distribution. Plots of (a) the frequency distribution of the vascular
scaling exponent a for vessel radius from solutions to Eq (1a) using empirical measurements of vessel radii
extracted from magnetic resonance angiography using our software, and (b) the analogous frequency
distribution of vascular scaling exponent b for vessel segment length.
doi:10.1371/journal.pcbi.1004455.g001

radius, which we assume is a segment in the aorta. If all children are smaller than the parent,
the equation is guaranteed to have exactly one solution, and numerical convergence to the solution is fast. Otherwise, the equation may have zero, one, or two solutions. Such cases may represent real anatomical variation, or misidentification of the parent vessel due to errors or
ambiguous topology such as the Circle of Willis. We consider only the simplest case, in which
children are smaller than their parent, because otherwise the solutions are difficult to interpret
in the context of existing vascular network models. All child radii are smaller than the parent
in 82% (222) of junctions, and all child lengths are smaller in only 35% (94) of junctions.
We show distributions of these measures of the vascular scaling exponents, a and b, across
branching junctions in Fig 1. The arithmetic mean and associated 95% confidence intervals for
these conservation-based measurements of a and b are presented in Table 1.

Ratio-Based Exponents
Topological information allows us to compute β and γ directly for each parent-child pair of
vessel segments. Our dataset contains 703 pairs of parent and child segments with dichotomous branching. A small proportion of the β and γ values may be over-estimated due to misidentification of the parent-child relationship (see Methods). This bias would produce
underestimates in a and b, but because misidentification is very infrequent, the magnitude of
this bias is expected to be within the measurement error. The distribution of β and γ is displayed in Fig 2, and the arithmetic mean and associated 95% confidence intervals of the ratiobased vascular scaling exponents calculated using Eq (2) are shown in Table 1.

Distribution-Based Exponents
For symmetrically branching, self-similar networks, the frequency of radius and length measurements follow power-law distributions. We did a linear fit to the log-log transformed histograms of radius and length measurements (the log of Eq (3)) using SMA regression. We
derived empirical 95% confidence intervals by resampling with different bin sizes and cutoff
values for the tail (see Data Fitting). The fits are shown in Fig 3. The scaling exponents obtained
from our fits are given in Table 1.

Regression-Based Exponents
By taking the logarithm of Eq (4), we can estimate the vascular scaling exponents, a and b, by
performing regressions of the logarithm of the number of downstream tips ln Nd against the
logarithm of radius, ln r, and the logarithm of length, ln l, respectively [41]. Regression lines

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004455 August 28, 2015

6 / 18

Testing Vascular Scaling Models with MRI

Table 1. Measures and theoretical values of the scaling exponents a and b. N denotes the number of measurements incorporated in the average or
slope. The 95% CI indicates the range of confidence on the average or slope. For node-level measures, σ indicates the standard deviation of measurements
made for individual junctions or parent-child pairs for conservation- and ratio-based measures respectively. For network-level (regression- and distributionbased) measures, R2 denotes the correlation in the fit. For distribution-based measures, this correlation is between the natural log of bin size and mean vessel
dimension (i.e., radius or length) in the bin. For regression-based measures, this correlation is the correlation between the natural log of dimension and the
natural log of the number of downstream endpoints. For conservation-based measures, N counts all junctions of three or more well-segmented vessels (see
Software and Algorithm) for which Eqs 1a or 1b had a solution. For ratio-based exponents, N counts all parent-child pairs of vessels in which both the parent
and child are well-segmented. For distribution-based exponents, N counts the number of well-segmented vessel segments exceeding the minimum-size
threshold described in Data Fitting. For regression-based exponents, N counts all well-segmented vessels. The 95% CIs are derived in a manner appropriate
to each method: They are 1.96 times the standard error on the mean for conservation- and ratio-based measures and the confidence interval on the SMA
regression slope for regression-based measures. For distribution-based measures, they are the range of the middle 95% of slopes derived from alternative
binning as described in Data Fitting.
N

a

95% CI

σ

R2

Conservation (Node)

222

0.49

± 0.03

0.23

–

Ratio (Node)

703

0.43

± 0.03

0.39

–

Distribution (Network)

657

0.30

± 0.04

–

0.90

Regression (Network)

1240

0.41

± 0.02

–

0.66

WBE Small Vessels

–

0.33

–

WBE Large Vessels

–

0.50

–

Banavar et al. [14]

–

0.50

–

Huo and Kassab [16]

–

0.33–0.50

–

Murray’s Law

–

0.33

–

Length Exponent Measures

N

b

95% CI

σ

R2

Conservation (Node)

94

1.40

± 0.20

0.98

–

Ratio (Node)

703

0.17

± 0.12

1.57

–

Distribution (Network)

518

0.73

± 0.10

–

0.68

Regression (Network)

1240

0.94

± 0.05

–

0.19

WBE All Vessels

–

0.33

–

Banavar et al. [14]

–

0.50

–

Huo and Kassab [16]

–

0.33–1.00

–

Radius Exponent Measures

Theory

Theory

doi:10.1371/journal.pcbi.1004455.t001

are shown in Fig 4. The measured slopes, which are the estimates of the vascular scaling exponents, and associated 95% CI are shown in Table 1.

Sensitivity Analysis
As in all analyses based on experimental data, measurement errors affect uncertainties in quantities calculated from the raw data. Consequently, we investigate the sensitivity of our calculated scaling exponents and entire analysis to the choice of threshold intensity in our algorithm
as well as to Gaussian noise in the image quality.
An intensity threshold is used in our algorithm to select the voxels from the image that
describe the shape of the vessel lumen. Lower thresholds reveal more vessels, so for our analysis
above, we used the minimum threshold that produced reliable segments, as described in Software and Algorithm and S1 Text. Because the threshold affects the boundaries of the vessel
lumen, the vessel radius also depends on the threshold. For each image there is a minimum
acceptable threshold that we used above, and for our sensitivity analysis, we also chose a maximum threshold to be the largest value for which at least 30 vessel segments are visible. For our
plots in Fig 5, we normalized the threshold to range from 0 and 1. That is, 0 is the threshold
used for the results above, and 1 is the maximum threshold for which at least 30 vessel segments are visible. For each normalized threshold increment of 0.05 between 0.00 and 1.00, we
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Fig 2. Ratio-Based Exponent Distribution. Plots of (a) frequency distribution of scale factor β, the ratio of
child to parent radii, and (b) the analogous distribution of scale factor γ, the ratio of child to parent lengths.
doi:10.1371/journal.pcbi.1004455.g002

Fig 3. Distribution-Based Exponent Fits. Standard Major Axis regression (see Methods) of the natural log
of relative frequency (probability density) against (a) the log of radius, ln r, and (b) the log of length, ln l. Fit
lines and slope values are shown. The correlation coefficient (R2) for the log relative frequency versus the
logs of radius and length respectively are 0.90 and 0.68.
doi:10.1371/journal.pcbi.1004455.g003

ran our entire analysis and calculated the four scaling exponents for radius and length (Fig 5).
The values of the scaling exponents at a normalized threshold of 0.00 recapitulate Table 1. Our
results remain qualitatively similar as we increase the threshold and include fewer segments.
However, at higher normalized thresholds, we can no longer resolve differences between some
exponents that are resolvable at normalized threshold 0.00, as expected from the law of large
numbers.

Fig 4. Regression-Based Exponent Fits. Standard Major Axis regression (see Methods) of (a) the log of
radius, ln r, and (b) the log of length, ln l, against the log of the number of downstream tips, ln Nd. Fit lines and
slope values are shown. Correlation coefficients (R2) are 0.66 and 0.19, respectively (P < 0.01 for each).
doi:10.1371/journal.pcbi.1004455.g004
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Fig 5. Sensitivity of the measured scaling exponents to the threshold intensity values that select
which voxels are part of the vessel lumen. We normalized the threshold so that the minimum threshold
(0.0) is the value used in our results and figures above, while the maximum threshold (1.0) is the largest value
for which at least 30 vessel segments are visible. We re-scaled the threshold values because the raw value is
different for each image. The top left panel shows the number of vessel segments used to calculate the four
scaling exponents for vessel radius versus the normalized threshold value, as in the N column of Table 1. The
top right panel shows the number of vessel segments used to calculate the four scaling exponents for vessel
length versus the normalized threshold value, as in the N column of Table 1. For both of these top two panels,
the number of data points decreases with threshold value as it must. The bottom left panel depicts how the
four calculated scaling exponents for vessel radius vary with normalized threshold value. The bottom right
panel depicts how the four calculated scaling exponents for vessel length vary with normalized threshold
value. Horizontal lines indicate points of comparison to theory as described in Table 1.
doi:10.1371/journal.pcbi.1004455.g005

Noise in images may also cause errors in the identification of vessels or in estimates of the
radius or length of vessels. We conducted a sensitivity analysis similar to the above by adding
Gaussian noise that varied in magnitude from 0.47 (the measured baseline level of noise in the
foreground of one image) to 4.7% (10 times the baseline noise level) of the maximum voxel
intensity. Results (S1 Fig) show no significant changes in our results with higher levels of noise.
As another measure of uncertainty, we located vessels with radius estimates that differed
with threshold despite high reliability in vessel identification (vessel endpoints were similar
across at least 5 threshold values). We located 12 vessel segments from 9 different patients that
matched this criterion. Across these 12 vessels, the mean radius estimate varied from 0.9 to
6.7mm, but the coefficient of variation (= standard deviation/mean across thresholds) ranged
only from 0.02 to 0.08. Moreover, the coefficient of variation was uncorrelated with radius
(Pearson correlation = 0.07), suggesting that individual vessel radius measurements are precise
to roughly ±10% (2 times the coefficient of variation) regardless of vessel size. For a specific
threshold, we calculate how the measured vessel radius differs from the mean of the vessel
radius across all thresholds. At each threshold, this difference tended to be in the same direction (mostly positive or mostly negative) across the 12 vessels we measured. Moreover, the
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magnitude of the difference was proportional to vessel radius (most R2 > 0.99). Consequently,
the ratio of vessel radii at any specific threshold is roughly equal to the ratio of the means of the
vessel radii across thresholds and also equal to the ratio of vessel radii at any other specific
threshold. That is, within the plausible range of thresholds that we explore here, the calculated
scaling ratios are largely independent of the choice of threshold value, implying that the choice
of threshold does not create any bias in the calculated scaling exponents or ratios.
Of course, our sensitivity analysis cannot exclude all possible sources of error or bias. In the
Methods sections, we discuss how our results might be affected by other possible sources of
error, such as tree topology identification, the patient population, small vessel censoring, vessel
lumen misidentification, skeleton line selection, centerline quantization, and vessel segment
misattribution.
The positional accuracy of MRI is high, so errors arise due to classification or interpretation
of voxels. Because the threshold parameter and noise in the image primarily control how we
classify voxels—the first step of analysis—these are the major determinants of subsequent
errors. In our analysis, as presented in Fig 5 and S1 Fig, no systematic biases are observable, so
we conclude that our results are highly robust to the largest and most notable sources of
uncertainty.

Comparing Measurements with Each Other and Predictions
The estimated values of vascular scaling exponents obtained using our four different methods
are all presented in Table 1. All pairs of measures are statistically significantly different
(Welch’s t-test, P < 0.01) except for the ratio-based and regression-based a (P = 0.18). Values
of a based on conservation rules at branching junctions, scale factors for parent-child pairs,
and regression of ln r versus ln N are all between a = 1/2 (the WBE prediction for large vessels)
and a = 1/3 (Murray’s law, the Banavar et al. prediction [14], and the WBE prediction for small
vessels), and the remaining distribution-based a includes a = 1/3 in its 95% CI. The conservation-based exponent a is not statistically-significantly different from a = 1/2.
Different measures for b range from 0.17 to 1.40 and all are statistically significantly different (P < 0.01) from each other and from the volume-servicing and area-servicing values of
b = 1/3 and 1/2 respectively. It is notable, however, that the difference between regressionbased and distribution-based measurements of b is no longer resolvable at normalized thresholds higher than 0. The distribution-based and regression-based exponents lie between areaservicing and length-preserving. These discrepancies between measures suggest that vessel segment lengths are poorly modeled by strictly self-similar and symmetrically branching
networks.

Discussion
Our software acquired direct measurements of a large number of connected vessel segments
from in vivo angiography. We calculated vascular scaling exponents in these data using four
methods to directly compare values from real vascular networks with each other and with theoretical values from the WBE model, Murray’s Law, Banavar et al. [14], and Huo and Kassab
[16]. Intriguingly, our results lead to contrasting conclusions for the changes in vessel radius
and length across scale.
For the vascular scaling exponent a that quantifies changes in the radius, the conservationbased and ratio-based estimates are closer to a = 1/2 than a = 1/3. These estimates support
work on large vessels by West et al., Zamir and Banavar [4, 14, 43], in contrast to Murray’s law,
which does not distinguish large and small vessels. West et al. derive that the dominant source
of power loss for large vessels (estimated to be r  1 mm) is the reflection of pressure waves at
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branching junctions, while for small vessels, power loss is dominated by viscous dissipation
between blood and the vessel walls. Because of the resolution of our MRI volumes, we are able
to extract data mostly for vessels with a radius greater than 1 mm, corresponding to the large
vessel regime in the WBE model. Consequently, our results for the scaling of radii are supportive of the area-preserving branching of large vessels, corroborate recent findings for plants
[41], and reject the possibility that Murray’s law might apply, either generally or on average, to
junctions of large vessels. This result demonstrates that minimizing energy-dissipation due to
blood flow does not capture the guiding principles that shape the vascular system across all
scales. Future studies using higher resolution angiography (e.g., micro-CT) to obtain data for
small vessels are needed to test Murray’s law and the WBE prediction for small vessels and to
determine if minimizing energy dissipation is a relevant principle at any scale.
For the vascular scaling exponent, b, for vessel lengths, the discrepancies between predicted
and estimated values are more difficult to reconcile and interpret. None of the four measures of
b agree with each other or provide support for volume- or area-servicing branching, while only
the regression-based method provides support for length preservation. Within the WBE
model, b is predicted to be 1/3 based on an argument that the vascular network must be volume-servicing for the entire body [4]. This volume-servicing argument has been questioned on
theoretical grounds [28], and here we provide empirical evidence that volume-servicing or any
other conservation law for length does not hold locally at branching junctions. Indeed, for the
conservation-based exponents, 65% of branching junctions violate the model so severely that
exponent values are undefined. The volume-servicing argument is supposed to apply across at
least the vast majority of scales and is a key element of the WBE explanation for the 3/4 allometric scaling relationship between metabolic rate and body size. The breakdown between this
argument and the real vascular networks we measured may occur because, contrary to the
WBE argument, the length of a vessel segment is not a reliable indicator of the volume it services. The correlations between length and number of downstream endpoints, a proxy for volume serviced, is very low compared to the same correlation for radius (0.2 versus 0.7).
Considering only the largest vessels, this is not surprising. The ascending aorta is only a few
centimeters in length and services most of the body, while the carotid artery is much longer (at
least 10 cm in length) and services only half the head. Our results imply that either modification of the volume-servicing argument is needed or some new principle yet to be discovered
guides the distribution of vessel lengths as the vascular network branches throughout the body.
These new developments could lead to corrections to the power-law predictions of the original
WBE theory that may agree better with recent findings of “curvature” in the allometric relationship [19].
Beyond the differences discussed thus far, vessel lengths and radii also differ in their distributions for vascular scaling exponents and scale factors. Measurements of a and β exhibit a
strong central tendency (Figs 1 and 2), while the scale factor for length, γ, has a highly skewed
distribution with typical values that are not well-described by the mean. Thus, a derivation
implicitly based on a mean-value approximation may be successful for predicting vessel radii
but fail to predict scaling relationships involving vessel lengths. Thus, while hierarchical symmetric models may fail outright to adequately describe vessel lengths, the discrepancies
between vessel radii in real networks and idealized models, such as the WBE model, may only
result in minor corrections to model predictions. This may help explain the success of the
WBE model in predicting a wide range of phenomena.
Differences in results for vessel radius and length could be tied to different strengths of the
constraints on vessel geometry. Radii and length distributions have previously been observed
to differ in the external branching of plants and leaves [41, 44]. One explanation for this is that
viscous power loss depends much more sensitively on vessel radius (as a 4th power, / r4) than
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on vessel length (linearly, / l). Thus, the strength of selection for optimal vessel radius is much
stronger than for optimal vessel length, implying evolution has more often sacrificed vessel
length when negotiating tradeoffs in anatomy. Another potential explanation is that vessel
radii are self-similar due to a local constraint at each branching junction, whereas vessel lengths
may be constrained only at larger scales—organs and organisms—that more accurately capture
how the vascular network needs to span and feed a spatially inhomogeneous body.
Disagreement about the value of the length scaling exponent between our four methods
indicates that assumptions of the simplest model must be violated so strongly as not to hold
even approximately. That is, strict self similarity, symmetric branching or both must be
strongly violated for the real vascular networks we measured. Our data reveal pervasive asymmetry in both radius and length between child vessels. How far the results for symmetric networks generalize to asymmetric networks has been explored very little [45]. The differences we
observe between different measures of vascular scaling exponents could be explained by the
inability of existing theories to account for the asymmetry of real vascular networks. Developing a theory to account for asymmetric branching may be challenging. For instance, accounting
for asymmetry would require at least two scale factors for radii (e.g., βbig and βsmall) and two for
lengths (e.g., γbig and γsmall). These additional scale factors and associated scaling exponents
would necessarily change our analysis and our estimates for the ratio-based scaling exponent,
and would potentially change our interpretation of the distributions of β and γ. Rather than
thinking of distributions of β and γ, we would think of joint distributions of βbig and βsmall, for
example. For similar reasons, our interpretation and analysis of the frequency distribution of
radius and length could be altered, thus affecting the estimates of the distribution-based exponents as well. Angicart outputs β and γ values for each vessel pair, and can provide the detailed
information required for future studies of multiple scale factors for length or radius and asymmetric branching.
All of the models discussed in this paper ignore any reticulation or loops in the vessel topology, in contrast to recent work on leaf venation networks [46–49]. Our analysis also follows this
assumption. However, loops are known to occur anatomically in healthy (Circle of Willis) and
diseased (tumors, arteriovenous malformations) tissue. Extensions to our software and to theory
could address this issue. Such an extension could be used to investigate abnormal tumor vasculature [9], or allow new theory to be developed to explain the normal anatomical function of
reticulation. There are also other spatial aspects that have received theoretical attention, such as
branching angle, that our software is already capable of recording. Many more tests could be
performed with data on microvasculature. For instance, Huo and Kassab [16] have published
scaling relationships for how crown volume and length change with stem radius. Testing these
requires knowledge of the full crown, down to the microvasculature. Similarly, Dodds [15]
makes predictions for virtual vessels that coincide with real vessels only at the smallest scales.
We developed new software and applied it to MRI of human head and torso to obtain one
of the most detailed datasets for examining branching architecture in vascular networks. In
addition, we conducted a comprehensive data analysis that uses both local and global methods
to measure scaling exponents. Together, this new software, data, and analysis provides valuable
information for answering fundamental questions about vascular system morphology. The
public release of our imaging software, angicart, should enable researchers to ground future
vascular network theories in empirical data. The software facilitates comparison across spatial
scales and between studies by operating uniformly on all tomographic imaging methods.
Because imaging can be done non-invasively, our method affords the opportunity to record all
spatial information of in vivo vasculature through time or across development.
We explain four different methods to estimate vascular scaling exponents from spatiallyexplicit data. Although researchers use and sometimes interchange these four methods, we
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found that all four methods can lead to different results, and that for scaling exponents for vessel lengths, these differences can be dramatic. This result is in stark contrast to theoretical calculations for idealized, symmetric networks that predict all methods will give identical values.
We advise caution when interpreting different methods and estimates as the same scaling
exponent because this could lead to misperceptions and disagreements among studies. For
instance, regression-based estimates are the most common across levels of biological organization while distribution-based estimates are used for forests [42], so comparing these estimates
to each other must be done with care. The differences we observe call for a new understanding
of the relationships between the local geometry of vessels and the global properties of vascular
systems. New theory should be developed to accommodate the anatomical variation and asymmetric branching we observe in real networks.

Methods and Materials
Ethics Statement
After local institutional review board approval and written informed consent had been
obtained, 20 consecutive adult patients with clinically suspected supraaortic arterial occlusive
disease were prospectively enrolled to evaluate new MRI methods for the study of carotid atherosclerosis [50].

Image Acquisition
Although other data was recorded in that study, we use only the images. In that study less than
0.5% of observed vessel segments had notable luminal narrowing, so we conclude patient selection and enrollment did not affect our results. We acquired contrast-enhanced magnetic resonance angiograms (CEMRA) of the upper torso, neck, and head in the 20 human subjects
(N = 20) using a 3 Tesla Siemens Trio scanner (Siemens Medical Solutions, Erlangen, Germany). The data acquisition details have been previously described [50]. In brief, the CEMRA
images were acquired after an antecubittal vein injection of gadolinium based contrast agent
(Gd-DTPA, Magnevist, Bayer Shering Pharma AG, Berlin, Germany). The image volumes
have dimensions that are typically close to 380 × 640 × 128 voxels, with each voxel nearly isotropic and between 700 × 700 × 800 μm and 800 × 800 × 900 μm. The resolution and imaged
volume are typical of high-quality 3T MRI. The point-spread-function for MRI is known to be
precise and equivalent to the programmed pixel size [51]. In practice, the geometric accuracy is
known to be sub-millimeter [52]. The vessel networks in each image are clearly visible due to
the sharp image contrast provided by the presence of the contrast agent, which makes the
blood appear bright relative to dark non-blood tissues. We averaged each 2 × 2 × 2-voxel cube
of adjacent voxels into a single 1.4–1.8 mm voxel to remove noise, reduce processing time, and
match conventionally-acquired resolutions. This reduced noise-induced errors without substantially changing the number of vessel segments represented. In two of our 20 image volumes, segmentation failed because bright, non-blood tissues were present very close to the
blood volume, so that no threshold value excluded all non-blood objects as described in S1
Text. We did not record any vessel segments from these image volumes. We saw no relationship between failure of segmentation and vascular system geometry.

Software and Algorithm
We created a free, open source software package—angicart—to read tomographic images of
vascular networks, to automatically decompose a vessel lumen into vessel segments, and to
measure the geometry and topology of the segments (Fig 6). The software and data used in this
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Fig 6. Images from each step of the automatic vessel segmentation process implemented by our
software, angicart. 1. Midplane 2D slice from MRI input (original imagery). The input to the software is any
tomographic imagery, regardless of imaging method. MRI, CT, and MicroCT are all possible data sources. 2.
The network mask (3D rendering of included points). This is the largest group of connected pixels that exceed
an intensity threshold. 3. The skeleton. Angicart skeletonizes the vessel network by removing any (red) points
that do not disconnect the endpoints (pale blue). The points that remain after this process is completed are
the centerline (yellow). Branch points are those with more than two neighboring voxels, and endpoints are
those with only one neighboring voxel. 4. Vessel segment decomposition. Angicart partitions the skeleton into
vessel segments. Each segment is colored randomly, and black lines are used as a simple map of the
endpoints of each segment. Some segments (depicted translucent and indicated by black arrows) are
ignored by the analysis, in this case due to reticulation present in normal human anatomy.
doi:10.1371/journal.pcbi.1004455.g006

study are available on the internet (https://github.com/mnewberry/angicart/) under a GNU
Public License. Our software starts by classifying voxels in a 3D image as part of the vessel
lumen if they are within the largest connected group of voxels that exceed an intensity threshold [30, 53], as with other level set or thresholding methods. We use a manual binary search to
select the threshold value that best matched visual identification of vessels. The result is a 3D
binary image, called the network mask. Next, we use spatial criteria to find the endpoints of the
vessel network, where the vessels become too small to detect. Given these endpoints, we find
the centerline and branch points of vessels by skeletonization [54, 55] (See S1 Text). We implement skeletonization using an erosion technique—successively removing voxels until no more
are removable without disconnecting the endpoints in the mask [56]. The voxels that remain
after erosion lie within approximately 1 voxel-width of the true centerline.
This information allows us to partition the network mask into segments by attributing each
voxel to the segment whose centerline is closest to it. We record how vessels are connected and
measure the length of each segment’s centerline and the volume of each segment. Following a
geometric argument (see S1 Text), quantization error leads us to overestimate length. We compﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pute radius as r ¼ V=pl. Radii are therefore underestimated on average due to the quantization error in length measurements. This bias affects the accuracy of individual length and
radius measurements, but does not bias estimates of scaling exponents (relative measures) as
long as the percent error does not change systematically with vessel size, which it does not. As a
ﬁnal ﬁlter of possibly misclassiﬁed vessels, we omit vessels in which more than 20% of the
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voxels lie further than (r + 1) from the centerline, or whose total volume is less than 4 voxels.
Further details of each step are presented in the S1 Text.

Data Fitting
We determined the conservation-based node scaling exponents by solving Eq (1a) numerically
using Newton’s method implemented in OCaml [57] and iterated until the sum of powers was
within 0.00001 of 1. We estimated the regression-based scaling exponents using Standard Major
Axis (SMA) regression of the natural log of radius (length) against the natural log of the number
of downstream endpoints [58]. We used SMA regression because the variability and uncertainty
in the y-axis (vessel radius or length) is as large as the variability and uncertainty in the x-axis
(number of downstream endpoints). Furthermore, SMA is appropriate because our goal is to
obtain the best estimate of the scaling exponents (slopes) and not the best prediction of y given x.
We estimated distribution-based scaling exponents by fitting the tail of the probability distribution of radius and length to a power law. That is, we binned log-transformed data and determined the slope of the log of probability density versus the log of radius and length using SMA
regression [58]. We used 20 bins and discarded 5 and 7 initial bins of radius and length respectively. Blood vessels near the resolution limit of MRI may not be visible. Although dimensions
measured from observed small vessels are used in our other methods, counts of small vessels are
unreliable due to censoring. Thus, we discarded initial bins in order to exclude vessel sizes
where non-uniform censoring of values might occur. We computed standard errors by varying
bin size and the number of initial bins discarded (up to ±3 each) and using the middle 95th percentile of these values. By binning our data and fitting the power law using SMA regression, we
avoid problems that can arise when using maximum-likelihood estimators to fit our power-law
distributions. Specifically, the maximum-likelihood estimators are derived with specific assumptions and support choices such as smooth and continuous or discrete and integer, as in Clauset
et al. [59]. In contrast, our distributions may be somewhere in between: continuous with an
increased likelihood to take values near certain points, such as powers of β times the aorta
radius. Our SMA regression on bins of simulated vessel data produced stable estimates with relatively little bias in comparison to fits based on published maximum-likelihood estimators.

Supporting Information
S1 Text. Detailed Methods and Sensitivity Analysis.
(PDF)
S1 Fig. Sensitivity of the measured scaling exponents to added image noise ranging from 1
to 10 times the baseline rate (0.47%). The top left panel shows the number of vessel segments
used to calculate the four scaling exponents for vessel radius versus the magnitude of the added
noise. The top right panel shows the number of vessel segments used to calculate the four scaling exponents for vessel length versus the magnitude of added noise. The bottom left panel
depicts how the four calculated scaling exponents for vessel radius vary with the magnitude of
added noise. The horizontal lines indicate the WBE predictions for large and small vessels. The
bottom right panel depicts how the four calculated scaling exponents for vessel length vary
with the magnitude of image noise. The horizontal line indicates the WBE prediction.
(PDF)
S1 Dataset. Vessel Segment Dataset. The complete, raw output of angicart on the 18 images
used in the study, in tab-separated values (tsv) format.
(TSV)

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004455 August 28, 2015

15 / 18

Testing Vascular Scaling Models with MRI

Acknowledgments
We thank J. Paul Finn and Derek Lohan for providing the MRI image data used in this study.
We thank Elizabeth Sweedyk, Robert Zinkov and Thomas Bushnell, BSG for helpful discussions of the algorithms, datastructures and programming of angicart. We thank Joshua Plotkin
and David McCandlish for helpful feedback. We are grateful to Cormac McCarthy for comments on the manuscript.

Author Contributions
Conceived and designed the experiments: MGN VMS DBE. Performed the experiments:
MGN. Analyzed the data: MGN VMS. Contributed reagents/materials/analysis tools: MGN
VMS DBE. Wrote the paper: MGN VMS DBE. Wrote software: MGN.

References
1.

Price CA, Enquist BJ, Savage VM. A general model for allometric covariation in botanical form and
function. Proc Natl Acad Sci U S A. 2007; 104(32):13204. doi: 10.1073/pnas.0702242104 PMID:
17664421

2.

Latty T, Ramsch K, Ito K, Nakagaki T, Sumpter DJ, Middendorf M, et al. Structure and formation of ant
transportation networks. Journal of The Royal Society Interface. 2011; 8(62):1298–1306.

3.

Jun J, Pepper JW, Savage VM, Gillooly JF, Brown JH. Allometric scaling of ant foraging trail networks.
Evolutionary Ecology Research. 2003; 5(2):297–303.

4.

West GB, Brown JH, Enquist BJ. A general model for the origin of allometric scaling laws in biology. Science. 1997; 276(5309):122. doi: 10.1126/science.276.5309.122 PMID: 9082983

5.

Murray CD. The physiological principle of minimum work: I. The vascular system and the cost of blood
volume. Proc Natl Acad Sci U S A. 1926; 12(3):207. PMID: 16576980

6.

Womersley JR. Method for the calculation of velocity, rate of flow and viscous drag in arteries when the
pressure gradient is known. The Journal of Physiology. 1955; 127(3):553–563. doi: 10.1113/jphysiol.
1955.sp005276 PMID: 14368548

7.

Thompson DAW. On growth and form. Cambridge Press, Cambridge; 1917.

8.

Savage VM, Deeds EJ, Fontana W. Sizing up allometric scaling theory. PLoS Comput Biol. 2008; 4(9).
doi: 10.1371/journal.pcbi.1000171 PMID: 18787686

9.

Jain RK. Normalization of tumor vasculature: an emerging concept in antiangiogenic therapy. Science.
2005; 307(5706):58. doi: 10.1126/science.1104819 PMID: 15637262

10.

Herman AB, Savage VM, West GB. A quantitative theory of solid tumor growth, metabolic rate and vascularization. PloS One. 2011; 6(9):e22973. doi: 10.1371/journal.pone.0022973 PMID: 21980335

11.

Savage VM, Herman AB, West GB, Leu K. Using fractal geometry and universal growth curves as diagnostics for comparing tumor vasculature and metabolic rate with healthy tissue and for predicting
responses to drug therapies. Discrete and Continuous Dynamical Systems-Series B. 2013; 18(4):
1077–1108. doi: 10.3934/dcdsb.2013.18.1077

12.

Womersley J. Oscillatory flow in arteries: effect of radial variation in viscosity on rate of flow. The Journal of Physiology. 1955; 127(2):38. PMID: 14354701

13.

Banavar JR, Maritan A, Rinaldo A. Size and form in efficient transportation networks. Nature. 1999;
399(6732):130–131. doi: 10.1038/20144 PMID: 10335841

14.

Banavar JR, Cooke TJ, Rinaldo A, Maritan A. Form, function, and evolution of living organisms. Proc
Natl Acad Sci U S A. 2014;p. 201401336.

15.

Dodds PS. Optimal form of branching supply and collection networks. Phys Rev Lett. 2010 Jan;
104:048702. Available from: http://link.aps.org/doi/10.1103/PhysRevLett.104.048702. doi: 10.1103/
PhysRevLett.104.048702 PMID: 20366744

16.

Huo Y, Kassab GS. Intraspecific scaling laws of vascular trees. Journal of The Royal Society Interface.
2012; 9(66):190–200. doi: 10.1098/rsif.2011.0270

17.

Savage V, Bentley L, Enquist B, Sperry J, Smith D, Reich P, et al. Hydraulic trade-offs and space filling
enable better predictions of vascular structure and function in plants. Proc Natl Acad Sci U S A. 2010;
107(52):22722–22727. doi: 10.1073/pnas.1012194108 PMID: 21149696

18.

Brown JH, Gillooly JF, Allen AP, Savage VM, West GB. Toward a metabolic theory of ecology. Ecology.
2004; 85(7):1771–1789. doi: 10.1890/03-0800

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004455 August 28, 2015

16 / 18

Testing Vascular Scaling Models with MRI

19.

Kolokotrones T, Savage VM, Deeds EJ, Fontana W. Curvature in metabolic scaling. Nature. 2010;
464(7289):753–756. doi: 10.1038/nature08920 PMID: 20360740

20.

Sperry JS, Smith DD, Savage VM, Enquist BJ, McCulloh KA, Reich PB, et al. A species-level model for
metabolic scaling in trees I. Exploring boundaries to scaling space within and across species. Functional Ecology. 2012; 26(5):1054–1065. doi: 10.1111/j.1365-2435.2012.02022.x

21.

Allmen EI, Sperry JS, Smith DD, Savage VM, Enquist BJ, Reich PB, et al. A species-level model for
metabolic scaling of trees II. Testing in a ring-and diffuse-porous species. Functional Ecology. 2012;
26(5):1066–1076. doi: 10.1111/j.1365-2435.2012.02021.x

22.

Mandelbrot BB. Fractals: form, chance, and dimension. WH Freeman San Francisco; 1977.

23.

Zamir M. On fractal properties of arterial trees. Journal of Theoretical Biology. 1999; 197(4):517–526.
doi: 10.1006/jtbi.1998.0892 PMID: 10196094

24.

Schroeder MR. Fractals, chaos, power laws: Minutes from an infinite paradise. Courier Dover Publications; 2012.

25.

Mandelbrot B. How long is the coast of Britain? Statistical self-similarity and fractional dimension. Science. 1967; 156(3775):636. doi: 10.1126/science.156.3775.636 PMID: 17837158

26.

Zamir M. The physics of coronary blood flow. Springer Verlag; 2005.

27.

Dodds PS, Rothman DH, Weitz JS. Re-examination of the “3/4-law” of metabolism. Journal of Theoretical Biology. 2001; 209(1):9–27. doi: 10.1006/jtbi.2000.2238 PMID: 11237567

28.

Kozłowski J, Konarzewski M. Is West, Brown and Enquist’s model of allometric scaling mathematically
correct and biologically relevant? Functional Ecology. 2004; 18(2):283–289. doi: 10.1111/j.0269-8463.
2004.00830.x

29.

Price CA, Weitz JS, Savage VM, Stegen J, Clarke A, Coomes DA, et al. Testing the metabolic theory of
ecology. Ecology Letters. 2012; 15(12):1465–1474. doi: 10.1111/j.1461-0248.2012.01860.x PMID:
22931542

30.

Price CA, Symonova O, Mileyko Y, Hilley T, Weitz JS. Leaf Extraction and Analysis Framework Graphical User Interface: segmenting and analyzing the structure of leaf veins and areoles. Plant Physiology.
2011; 155(1):236. doi: 10.1104/pp.110.162834 PMID: 21057114

31.

McKown AD, Cochard H, Sack L. Decoding leaf hydraulics with a spatially explicit model: principles of
venation architecture and implications for its evolution. The American Naturalist. 2010; 175(4):447–460.
PMID: 20178410

32.

Fung YC. Biomechanics: circulation. Springer; 1997.

33.

Huang W, Yen R, McLaurine M, Bledsoe G. Morphometry of the human pulmonary vasculature. Journal
of Applied Physiology. 1996; 81(5):2123. PMID: 8941537

34.

Kaimovitz B, Huo Y, Lanir Y, Kassab GS. Diameter asymmetry of porcine coronary arterial trees: structural and functional implications. American Journal of Physiology-Heart and Circulatory Physiology.
2008; 294(2):H714. doi: 10.1152/ajpheart.00818.2007 PMID: 18055515

35.

Kassab GS, Rider CA, Tang NJ, Fung YC. Morphometry of pig coronary arterial trees. American Journal of Physiology-Heart and Circulatory Physiology. 1993; 265(1):H350.

36.

Zamir M, Wrigley S, Langille B. Arterial bifurcations in the cardiovascular system of a rat. The Journal of
General Physiology. 1983; 81(3):325. doi: 10.1085/jgp.81.3.325 PMID: 6842176

37.

Apol MEF, Etienne RS, Olff H. Revisiting the evolutionary origin of allometric metabolic scaling in biology. Functional Ecology. 2008; 22(6):1070–1080. doi: 10.1111/j.1365-2435.2008.01458.x

38.

Sperry JS, Smith DD, Savage VM, Enquist BJ, McCulloh KA, Reich PB, et al. A species-level model for
metabolic scaling in trees I. Exploring boundaries to scaling space within and across species. Functional Ecology. 2012; 26(5):1054–1065. Available from: http://dx.doi.org/10.1111/j.1365-2435.2012.
02022.x. doi: 10.1111/j.1365-2435.2012.02022.x

39.

Savage VM, Bentley LP, Enquist BJ, Sperry JS, Smith DD, Reich PB, et al. Hydraulic trade-offs and
space filling enable better predictions of vascular structure and function in plants. Proc Natl Acad Sci
U S A. 2010; 107(52):22722–22727. Available from: http://www.pnas.org/content/107/52/22722.
abstract. doi: 10.1073/pnas.1012194108 PMID: 21149696

40.

Banavar JR, Moses ME, Brown JH, Damuth J, Rinaldo A, Sibly RM, et al. A general basis for quarterpower scaling in animals. Proc Natl Acad Sci U S A. 2010; 107(36):15816–15820. Available from:
http://www.pnas.org/content/107/36/15816.abstract. doi: 10.1073/pnas.1009974107 PMID: 20724663

41.

Bentley LP, Stegen JC, Savage VM, Smith DD, Allmen EI, Sperry JS, et al. An empirical assessment
of tree branching networks and implications for plant allometric scaling models. Ecology Letters. 2013;
16(8):1069–1078. doi: 10.1111/ele.12127 PMID: 23800188

42.

West GB, Enquist BJ, Brown JH. A general quantitative theory of forest structure and dynamics. Proc
Natl Acad Sci U S A. 2009; 106(17):7040–7045. doi: 10.1073/pnas.0812294106 PMID: 19363160

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004455 August 28, 2015

17 / 18

Testing Vascular Scaling Models with MRI

43.

Zamir M. Vascular system of the human heart: some branching and scaling issues. In: Scaling in biology. Oxford University Press, USA; 2000. p. 129–143.

44.

Price CA, Wing S, Weitz JS. Scaling and structure of dicotyledonous leaf venation networks. Ecology
Letters. 2012; 15(2):87–95. doi: 10.1111/j.1461-0248.2011.01712.x PMID: 22093803

45.

Turcotte D, Pelletier J, Newman W. Networks with side branching in biology. Journal of Theoretical Biology. 1998; 193(4):577–592. doi: 10.1006/jtbi.1998.0723 PMID: 9745754

46.

Mileyko Y, Edelsbrunner H, Price CA, Weitz JS. Hierarchical ordering of reticular networks. PloS One.
2012; 7(6):e36715. doi: 10.1371/journal.pone.0036715 PMID: 22701559

47.

Blonder B, Violle C, Bentley LP, Enquist BJ. Venation networks and the origin of the leaf economics
spectrum. Ecology Letters. 2011; 14(2):91–100. doi: 10.1111/j.1461-0248.2010.01554.x PMID:
21073643

48.

Katifori E, Szöllősi GJ, Magnasco MO. Damage and fluctuations induce loops in optimal transport networks. Physical Review Letters. 2010; 104(4):048704. doi: 10.1103/PhysRevLett.104.048704 PMID:
20366746

49.

Corson F. Fluctuations and redundancy in optimal transport networks. Physical Review Letters. 2010;
104(4):048703. doi: 10.1103/PhysRevLett.104.048703 PMID: 20366745

50.

Lohan DG, Barkhordarian F, Saleh R, Krishnam M, Salamon N, Ruehm SG, et al. MR angiography at
3 T for assessment of the external carotid artery system. American Journal of Roentgenology. 2007;
189(5):1088. doi: 10.2214/AJR.07.2235 PMID: 17954645

51.

Liang ZP, Lauterbur PC. Principles of magnetic resonance imaging. SPIE Optical Engineering Press;
2000.

52.

Scheib S, Gianolini S, Lomax N, Mack A. High precision radiosurgery and technical standards. In:
Wowra B, editor. Gamma Knife Radiosurgery. Springer; 2004. p. 9–23.

53.

Tsai PS, Kaufhold JP, Blinder P, Friedman B, Drew PJ, Karten HJ, et al. Correlations of neuronal and
microvascular densities in murine cortex revealed by direct counting and colocalization of nuclei and
vessels. The Journal of Neuroscience. 2009; 29(46):14553. doi: 10.1523/JNEUROSCI.3287-09.2009
PMID: 19923289

54.

Kirbas C, Quek F. A review of vessel extraction techniques and algorithms. ACM Computing Surveys.
2004; 36(2):81–121. doi: 10.1145/1031120.1031121

55.

Zhou Y, Toga AW. Efficient skeletonization of volumetric objects. Visualization and Computer Graphics,
IEEE Transactions on. 1999; 5(3):196–209. doi: 10.1109/2945.795212

56.

Fisher RB, Dawson-Howe K, Fitzgibbon A, Robertson C, Trucco E. Dictionary of computer vision and
image processing. Wiley Chichester; 2005.

57.

Leroy X, Doligez D, Frisch A, Garrigue J, Rémy D, Vouillon J. The OCaml system release 4.00. INRIA.
2012;.

58.

Warton DI, Wright IJ, Falster DS, Westoby M. Bivariate line-fitting methods for allometry. Biological
Reviews. 2006; 81(2):259–291. doi: 10.1017/S1464793106007007 PMID: 16573844

59.

Clauset A, Shalizi CR, Newman M. Power-Law Distributions in Empirical Data. SIAM Review. 2009;
51(4):661–703. doi: 10.1137/070710111

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004455 August 28, 2015

18 / 18

