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Transport-generated signals uncover geometric features of evolving branched structures
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Branched structures that evolve over time critically shape the function of diverse natural and engineered
systems, from neuronal dendrites and vascular networks to pulmonary and root architectures. Inferring their
hidden geometric properties and monitoring their morphological evolution remain major challenges, as direct
imaging or tracer tracking is often infeasible, especially in living systems. Here, we introduce a general
theoretical framework to recover the structural features of evolving branched geometries by analyzing the
collective signals generated by tracer particles during transport. As tracers traverse the structure, they emit
detectable pulses upon reaching an observation site. We show that the statistical properties of the resulting
signal intensity, which reflects underlying first-passage dynamics, encode key morphological descriptors such
as network extent, directional bias, and local trapping frequency. The strength of our approach lies in enabling
quantitative inference of geometric parameters from time-series data recorded at a single observation site. This
theoretical framework is designed to guide and motivate future experimental studies in systems where direct
imaging is not feasible. Unlike conventional tracer-tracking methods, our approach enables noninvasive inference
of hidden geometry solely from externally measurable signals, requiring no access to individual trajectories or
internal measurements. This conceptual advance opens an avenue for transport-based structural inference and
provides a scalable strategy for probing dynamic, complex architectures across biological, physical, and synthetic
systems.

DOI: 10.1103/bnnl-xnm6

Dynamic branched structures govern the transport of mat-
ter, energy, and information across diverse systems, from
river basins and pulmonary and root architectures to neu-
ronal dendrites, synthetic porous materials, and power or
communication networks, and even to abstract frameworks
such as epidemic or search networks [1–22]. Recovering the
geometric properties and monitoring the structural evolution
of such complex architectures remain major challenges, as
their internal structures are often hidden, transient, or inac-
cessible to direct imaging and tracer tracking, particularly
in living systems. Yet, structure critically determines func-
tion in many biological contexts. For example, quantifying
the degeneration of neuronal dendrites can crucially help to
monitor the progression of neurodegenerative diseases such
as Alzheimer’s [21,23].

Diffusive tracers have long been used to probe labyrinthine
environments by connecting transport statistics to geome-
try [22,24–32]. However, conventional tracer-tracking ap-
proaches demand direct high-resolution observation of indi-
vidual trajectories and often involve invasive measurements
or incomplete statistics within the timescales of structural
evolution. To overcome these substantial technical challenges
(particularly in biological systems), we propose an alternative
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paradigm: Tracers emit externally detectable signals only
upon reaching a designated observation site, generating a
collective, time-resolved signal intensity. We show that this
aggregated signal retains the statistical imprint of the underly-
ing geometry, enabling indirect and noninvasive inference of
structural properties from externally measurable data.

We develop a general predictive framework that quanti-
tatively links the temporal statistics of signals generated by
tracers at a fixed (arbitrarily chosen) detection point to hid-
den geometric features of evolving branched structures (see
Fig. 1). The analysis establishes an explicit, invertible map-
ping between measurable signal characteristics and structural
parameters such as network extent, directional bias (e.g., due
to tapering toward or away from the leaves), and local trap-
ping frequency (arising from boundary stickiness, internal
traps, or transient caging at junctions and branch segments).
Importantly, the approach requires no trajectory reconstruc-
tion or access to all internal nodes, making it suitable for
noninvasive probing of living or otherwise inaccessible sys-
tems. To demonstrate feasibility and practical relevance, we
apply the framework to neuronal dendrites and outline in the
Supplemental Material [33] additional potential applications,
including pulmonary, vascular, and plant root architectures.
We further perform numerical validation using synthetic sig-
nals, confirming the accuracy of parameter recovery and the
robustness of the framework. Although the qualitative trends
linking signal features to geometry are expected from known
first-passage properties, the central advance here is the ability
to extract quantitative structural parameters from single-point
time-series measurements, thereby providing concrete pre-
dictions for future experimental validation. Together, these
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FIG. 1. (a) Schematic illustration of a branched structure with
a fixed detection point that registers tracer-generated signals used
for structural inference. (b) Illustrative example of transitions and
boundary conditions in the model.

developments establish a versatile and experimentally vi-
able route for noninvasive structural inference in evolving
branched systems.

Branched structure model. We adopt a coarse-grained per-
spective and consider a branched tree structure consisting of
n generations of nodes with mean internode spacing L (total
extent nL). Noninteracting tracer particles perform stochastic
hopping between the nodes of the tree [5]. Initially, a reservoir
contains N tracers that can enter the tree at random nodes
and times [see Fig. 1(b)]. The framework accommodates arbi-
trary entry and boundary conditions as well as system-specific
structural and dynamical details. We consider an example in
the following, where the joint entry distribution combines
an exponential entry-position probability, representing spa-
tially homogeneous introduction of tracers over the accessible
surface or volume of the tree, and a geometric entry-time dis-
tribution with mean te. For a binary tree, the combined entry
distribution at depth i ∈ [0, n] (i = 0 denoting the main root
and i = n the leaves) and time t is Ei(t ) = 1

te
(1 − 1

te
)t 2i−1

2n−1 . This
choice is motivated by the fact that the geometric distribution
has maximal entropy among all distributions with a given
mean; i.e., it does not implicitly add further assumptions. For
illustrative purposes, it is therefore sufficient as a placeholder
for more complex scenarios such as the inference of structural
properties or the monitoring of structural evolution across a
large ensemble of units (e.g., neuronal dendrites within a brain
region) each with a random delay of entry. A similar argument
applies to the choice of the signal emission time distribution
discussed below. In practice, the entry-time distribution is de-
termined by the experimental protocol and the specific system
under study. Alternative configurations, such as single-point
injection relevant for pulmonary or vascular structures, can be

readily incorporated by modifying the injection term (see the
Supplemental Material [33]).

At each observation time step �t , a tracer either spon-
taneously hops to a neighboring node with probability q or
remains at its current node with probability 1 − q, leading to
a geometrically distributed waiting time at each node. The
mean escape time from a node to any neighboring furcation
in real time is 〈t〉= �t/q, which captures stochastic trapping
due to sticky or roughened boundaries, transient caging along
the structure, or travel time between bifurcations. In systems
with sticky boundaries, 〈t〉∝ ωm/(ωm+ωw ), where ωm and ωw

denote unbinding and binding rates; in geometrically caged
environments, 〈t〉∝1 + Vcages

Vchannel
, where Vcages and Vchannel are the

volume of localized traps and accessible transport channels
(see the Supplemental Material [33] and Ref. [34]). Thus,
q physically reflects microscopic escape dynamics, and the
mapping through 〈t〉 ensures consistent timescales between
the coarse-grained model and the underlying physical process.

A topological bias parameter p accounts for directional
preference in tracer motion. At each step, a tracer hops to-
ward the root with probability p, or toward the leaves with
probability 1 − p. This bias can stem from imposed flows
or geometrical asymmetries such as tapering of branch cross
sections. For purely diffusive transport on symmetric trees
composed of cylindrical branches with furcation number z and
neglecting complications at the branch points, the directional
bias can be estimated as p= Ap

Ap + (z−1)Ac
. The cross-sectional

areas Ap and Ac of parent and child branches are related by
the allometric scaling d κ

p = ∑z− 1
i=1 d κ

c , where dp and dc are the
diameters of parent and child branches at a furcation, and κ is
an allometric exponent. Typical empirical exponents are κ = 3

2
for neuronal dendrites, κ = 2 for botanical trees, and κ = 3
for vascular or pulmonary networks [4,8,35,36]. Assuming
bifurcations (z= 3) and symmetric daughter branches yields
representative values of p � 0.56, 0.5, and 0.44, respectively,
in these cases. For general channel profiles and driving forces,
p can be determined by solving a Fick-Jacobs-like equation,
which provides a physically interpretable and experimentally
tunable link between geometry, flow, and directional bias (see
the Supplemental Material [33] for details).

As a proof of concept, we focus here on regular trees
with uniform parameters n, q, p. However, the conclusions
remain valid under moderate and realistic levels of struc-
tural irregularity. This robustness arises because the signal
characteristics analyzed here are governed by first-passage
dynamics—quantities that we have previously shown to be re-
silient to structural heterogeneity, for example, in the context
of transport on neuronal dendrites [5,28].

Signal generation. Upon reaching the designated detec-
tion point, each tracer emits a transient pulse after a random
delay, referred to as the emission time, drawn from a geo-
metric distribution with mean td . The choice of the geometric
distribution is again motivated by the maximal entropy argu-
ment and is therefore a sufficient placeholder for accounting
for local activation processes (e.g., biochemical or electri-
cal) required for signal generation. We point out that, due
to the large number of tracers, the present case of a single
pulse emitted after a geometrically distributed time is com-
pletely equivalent to the case of a geometrically decaying
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FIG. 2. Time evolution of the normalized signal intensity, averaged over bins of 30 time steps width, for varying model parameters.
Reference values are n = 20, p= 0.55, q = 0.5, and te = td = 1. Each panel compares I (t ) for different values of (a) n, (b) p, (c) q, (d) td , and
(e) te; the specific values used are listed in the color boxes.

signal with the same mean that is emitted upon reaching the
detection point. In more general cases, when the emission
times are distributed according to D(t ), the signal is given
by the convolution I (t ) = ∑t

τ=0 f (τ )D(t−τ ), where f (t ) is
the first-passage time distribution for traversing the structure,
including the entry time. In turn, f (t ) can also be expressed as
a convolution f (t ) = ∑t

τ=0

∑N
i=0 Ei(τ ) fi(t−τ ), where fi(t ) is

the first-passage time distribution starting from node i and
Ei(t ) is the general joint entry distribution for entering the
network at node i at time t . The resulting pulses sum to the
total measurable signal I (t ), from which the model param-
eters (n, p, q) are inferred. I (t ) thus reflects the combined
statistics of three stochastic processes: entry, first passage, and
emission. In the limit te = td = 1, I (t ) reduces (up to scaling
and time shift) to the first-passage time distribution. Ana-
lytical relations between (n, p, q) and first-passage quantities
are provided elsewhere (see also Refs. [5,28]); however, as
first-passage quantities are experimentally inaccessible, our
framework instead infers the geometric features from the ex-
ternally measurable signal I (t ).

The tracer injection and emission protocols used here are
illustrative and can be adapted to system-specific constraints.
The detection point can, in principle, be placed anywhere,
though central locations are expected to yield more informa-
tive signals. The geometry and boundary conditions may also
vary with the application. For clarity, we select the tree root
as the detection point, mapping the transport problem onto an
effective one-dimensional (1D) lattice—an approach common
in analyses of finite Cayley trees and infinite Bethe lattices
[28,37–41]. In this setting, the measurable signal follows
I (t+1) = P0(t )/td , where P0(t ) is the occupation probability
of the root at time t , directly linking the observed signal to
transport dynamics. Figure 1(b) depicts the corresponding ef-
fective 1D lattice representation, with solid arrows indicating
intersite transition probabilities and dashed arrows showing
the total probability influx from external sources. The full
dynamics are described by coupled master equations detailed
in the Supplemental Material [33]. Together, these elements
define a general predictive framework that links transport-
generated time-series signals to structural properties of the
underlying system via an explicit stochastic model. While we
present the formulation for treelike geometries, the same mod-
eling strategy can be adapted to other network architectures,
entry protocols, and boundary conditions, with the choice of
signal observables and inferred structural features tailored to
the system of interest.

Signal processing. To evaluate whether the signal I (t )
contains sufficient information to recover the model param-
eters, we performed extensive Monte Carlo simulations with
N = 106 tracer particles. Representative temporal profiles of
I (t ) in Fig. 2 exhibit a pronounced peak followed by an
exponential tail. The peak position, height, and decay rate
vary systematically with the model parameters: The signal
broadens and decays more slowly, showing a delayed lower
maximum for increasing tree depth n, decreasing bias p or
hopping probability q, or longer injection and emission delays
te and td . I (t ) is invariant under exchange of te and td ; the
longer of the two timescales controls the asymptotic decay of
I (t ).

To quantify how the signal depends on the structural pa-
rameters, we analyzed several shape descriptors of I (t ). When
the entry and emission timescales (te and td ) are moderate (i.e.,
short compared to the mean first-passage time through the
structure), the observables group into two distinct behavioral
classes in (n, p, q) space. For large te or td , this distinc-
tion fades and parameter identifiability decreases. Figure 3(a)
shows the logarithm of the signal median, m = log10(Q1/2 ),
across (p, q) and (p, n) sections for representative te and
td values (see also Fig. S8 of the Supplemental Material
[33]). The median varies smoothly and monotonically with
the model parameters; increasing te or td shifts it to later
times without altering the overall landscape. Similar trends
hold for the signal mean, higher moments, and peak height
(not shown). A representative observable of the second class

is the quartile coefficient of dispersion, qcd = Q3/4 − Q1/4

Q3/4 + Q1/4
, which

quantifies the temporal dispersion of I (t ) (Qi/4 denotes the ith
quartile). At low te and td , qcd also varies smoothly and mono-
tonically, but for larger timescales, nonmonotonic patterns and
near-degeneracies emerge, where m and qcd become nearly
colinear. Other observables in this class (e.g., normalized
variance, skewness, and kurtosis) show similar behavior. The
existence of only two independent classes of shape parameters
implies that signal measurements constrain the system to a
one-dimensional manifold in (n, p, q) space. Knowing one
parameter (or a relation among them) then allows the others
to be inferred uniquely.

To assess the influence of te and td and identify locally in-
vertible regions of the mapping ψ from model to signal shape
parameters, we simulated I (t ) over a regular grid in parameter
space and extracted m and qcd. Figure 3(b) shows the resulting
map for a representative (p, q) section. At small te and td , the
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FIG. 3. (a) Heatmaps of m and qcd in the (p, q) section (upper panels, n = 10) and (p, n) section (lower panels, q = 0.5) of the model
parameter space, shown for low (left column) and high (right column) values of te and td . (b) Effect of te and td on the mapping ψ from
model parameters (p, q) to signal shape parameters (m, qcd), with n = 10. The local neighborhood of each sampled model parameter set is
color-coded (inset), and their corresponding images in the signal parameter domain are colored with the same color (small panels). Due to
symmetry under swapping te ↔ td , only cases with te � td are shown.

mapping is nearly one-to-one and preserves structure under
smooth deformations (e.g., flips or rotations). With increasing
te and td , however, parts of the model space—particularly at
high q—collapse into narrow bands in the signal parameter
domain, signaling the breakdown of parameter extractabil-
ity (see the Supplemental Material [33] for a detailed error
analysis and numerical validation). Similar trends appear in
other slices of (n, p, q) space (Fig. S9 of the Supplemental
Material [33]).

Invertibility and experimental bounds. As demonstrated
above, the signal I (t ) encodes structural information about the
tree. Under moderate injection and emission timescales, two
of the three core model parameters (n, p, q) can be reliably in-
ferred from the shape characteristics of the signal. Recovering
all three parameters uniquely, however, requires an additional
independent observable, either a higher-order shape param-
eter or a complementary statistical measure. Approaches
such as maximum-likelihood estimation, Kullback-Leibler di-
vergence minimization, or empirical characteristic-function
analysis could be employed for this purpose. The injection
and detection timescales te and td may likewise be treated as
estimable parameters. Overall, this framework establishes a
foundation for noninvasive structural inference in branched
systems, including delicate biological architectures such as
neuronal dendrites.

A key limitation arises from the loss of invertibility in the
high-q regime when either te or td become large. This reflects
a fundamental constraint: The timescales of signal generation
must remain compatible with those of the underlying transport
dynamics. To quantify this condition, we identify a critical
threshold q∗ beyond which signal-based inference fails. Based

on simulated data and a minimum-distance criterion in the
(m, qcd) domain, we find q∗�√

�t/max(te,td ). Full resolution of
the model across the entire (n, p, q) space requires that this
threshold exceed the trap-free diffusion limit, q = �t 2D

L2 . This
yields an upper bound on the temporal resolution,

�t � L4

4D2 max(te, td )
,

ensuring that invertibility is preserved. According to this equa-
tion, the range of invertibility is largest for te = td = 1, i.e.,
when td and te are minimal and the travel time between adja-
cent nodes exceeds the characteristic injection and emission
timescales. When te ∝ 1/De, with De denoting the diffusion
constant in the exterior space, De enters the above equa-
tion and may constrain the feasibility of the approach by
limiting the maximal allowable time resolution �t .

Illustrative application: Neuronal dendrites. To illustrate
the use of our framework in a concrete setting, we consider
neuronal dendrites. (More applications are proposed in the
Supplemental Material [33], including pulmonary airways,
vascular networks, and plant root systems.) The complex
and dynamic morphology of neuronal dendrites, including
their elaborate branching patterns [Fig. 4(a)] and diverse
spine geometries, enables the nervous system to form a
network of signaling pathways and adjust function [42,43].
Neurodegenerative disorders such as Alzheimer’s disease in-
duce alterations in dendritic morphology, including changes
in spine size, shape, and density, shaft thickness, and overall
arbor extent [44,45]. While diagnosis and treatment of such
diseases can crucially benefit from monitoring the morpho-
logical evolution of dendrites, direct noninvasive imaging or
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FIG. 4. (a) Dendritic branching structure of a cerebellar Purkinje
neuron, adapted from Ref. [46]. Scale bar: 50 µm. Dependence of the
signal parameters m and qcd on key dendritic structural quantities:
the allometric exponent κ [panel (b)], tree depth n [panel (c)], and
relative spine-to-shaft volume ratio [panel (d)], for te = 1 and td = 16.
Vertical and horizontal lines mark the characteristic structural and
corresponding signal parameter values of a typical healthy neuron
[4,47–49].

tracer tracking over a large population of neurons within
a reasonable time remains experimentally unfeasible. How-
ever, combining existing noninvasive techniques for real-time
tracking of brain activity [50–52] with recent advances in
brain-targeted drug delivery using lipid nanoparticles [53–55]
opens the possibility of extracting structural information
from externally measurable signals. A feasible implementa-
tion could involve engineered mRNA-carrying multilamellar
liposomes that, upon targeted delivery to the brain, enter
dendrites and diffusively traverse their complex arborization.
When they reach the soma, mRNA molecules are released that
encode a specific protein upon encountering ribosomes. The
concentration of this protein over large neuronal populations
could be externally measured (e.g., by magnetic resonance
imaging) as a transient signal analogous to I (t ) in our model.
Our signal generation proposal can stimulate further develop-
ments at the interface of neuroscience, molecular engineering,
and pharmacology.

For quantitative validation, we generated synthetic sig-
nals using geometric entry and emission time distributions
and varied dendritic structural parameters affected by dis-
ease: the number of junction generations n, the allometric
exponent κ (related to the directional bias p toward the
soma via κ = −2 ln 2

ln( 1−p
2p )

, and the relative spine-to-shaft volume

ratio Vspines

Vchannel
= �t 2D

L2q − 1 [5]. Figure 4 presents the result-
ing dependencies of the signal statistical parameters m and
qcd (generated by tracers at the soma) on these structural
quantities across their biologically relevant ranges, with the

healthy dendritic configuration indicated for reference [4,47–
49]. Using a temporal resolution of �t � 0.55 s, consistent
with typical dendritic branch lengths L�10 µm and diffusion
times of green fluorescent protein in dendrites [56,57], we find
that distinct morphological changes produce clearly separable
variations in the signal characteristics. These results show
that the evolving dendritic structure can be uniquely identified
from measurable signal statistics.

We have developed a general and experimentally viable
framework for inferring the hidden geometric features of
evolving branched structures from externally measurable,
transport-generated signals. Our approach establishes an ex-
plicit, parameter-invertible link between the collective signal
statistics and key structural characteristics, such as network
extent, directional bias, and localized trapping, without re-
quiring direct tracer tracking. This conceptual advance opens
an avenue for noninvasive structural inference across biolog-
ical, physical, and synthetic systems. As demonstrated for
neuronal dendrites and further examples in the Supplemental
Material file [33] (pulmonary, vascular, and plant root net-
works), the proposed strategy provides a realistic route not
only for probing evolving architectures but also for quantita-
tively identifying structural parameters and monitoring their
evolution, provided that the scale of structural change ex-
ceeds the measurement uncertainty imposed by the signal
statistics. While we do not present direct experimental data
here, the framework yields quantitative, testable predictions
that can directly inform and stimulate future experimental
investigations. In this sense, the method goes beyond identi-
fying qualitative trends and establishes a practical route for
extracting geometric information from minimal, externally
accessible measurements. Beyond treelike geometries, the
framework can be extended to networks with loops, irregular
topologies, or active transport mechanisms. Future directions
include accounting for noisy or incomplete measurements,
populations with structural diversity, exploring interacting
tracer dynamics, and integrating statistical inference in com-
bination with machine-learning tools to enhance precision
and scalability. These developments position the method as a
versatile foundation for next-generation noninvasive structural
characterization in complex systems. As a concrete example,
the feasibility of noninvasively detecting transport-generated
signals from neuronal dendrites even when their detailed
geometry is inaccessible to imaging has been recently demon-
strated and discussed in detail in Ref. [58].
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