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Abstract

The brain is immensely complex, with diverse components and dynamic
interactions building upon one another to orchestrate a wide range of be-
haviors. Understanding patterns of these complex interactions and how they
are coordinated to support collective neural function is critical for parsing
human and animal behavior, treating mental illness, and developing artifi-
cial intelligence. Rapid experimental advances in imaging, recording, and
perturbing neural systems across various species now provide opportunities
to distill underlying principles of brain organization and function. Here, we
take stock of recent progress and review methods used in the statistical anal-
ysis of brain networks, drawing from fields of statistical physics, network
theory, and information theory. Our discussion is organized by scale, start-
ing with models of individual neurons and extending to large-scale networks
mapped across brain regions. We then examine organizing principles and
constraints that shape the biological structure and function of neural cir-
cuits. We conclude with an overview of several critical frontiers, including
expanding current models, fostering tighter feedback between theory and
experiment, and leveraging perturbative approaches to understand neural
systems. Alongside these efforts, we highlight the importance of contextual-
izing their contributions by linking them to formal accounts of explanation
and causation.
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1. INTRODUCTION

Recent years have witnessed remarkable experimental strides in producing detailed, large-scale
maps of neural systems and in developing methods to probe and perturb neural activity. Advances
in electron microscopy and volumetric reconstruction techniques now allow researchers to ex-
amine increasingly larger organisms at the cellular level by mapping out synaptic connections
between neurons. While the synaptic connectivity of the nematode Caenorbabditis elegans was first
mapped in 1986 (201), we now have maps of an adult fly (Drosophila melanogaster) brain (52, 162)
and portions of the mouse (Mus musculus) (122) and human cerebral cortex (167), among other
species (76, 158, 190). These fine-scale maps add to approaches that probe connectivity at coarser
scales, such as diffusion tensor imaging (D'TT) and magnetic resonance imaging (MRI) (56, 104,
130). In addition to these measures of structure, technological advances in large-scale record-
ings of neuronal activity—such as optical calcium imaging and electrophysiological probes—now
make it possible to measure the activity of thousands of neurons simultaneously (136, 172, 181,
200). In fact, with Neuropixels probes, researchers can track neuronal activity at high spatiotem-
poral resolution in freely moving animals (90, 136, 172). With this increasing access to large
quantities of experimental data comes opportunities to develop quantitative methods that can
cope with these large datasets and distill from them underlying principles of brain structure and
function.

A central theme in the study of neural systems is to examine how macroscopic functions and
behaviors arise from fine-scale interactions between neural elements. This perspective aligns well
with the framework of statistical physics, which studies the macroscopic behavior of large en-
sembles of interacting microscopic entities. However, a major caveat here is that in traditional
applications of statistical physics, the elementary components of studied systems are relatively
simple and well-understood. That is, collective effects result from the interaction of many sim-
ple elements rather than from the complex behaviors of the entities themselves. In contrast, the
brain is highly complex, characterized by heterogeneous and dynamic elements and interactions
that span multiple scales. For instance, at the cellular level, neurons display astounding diversity
in their structure, gene expression, and biophysical properties (106, 137, 169, 210). Within the
mammalian retina alone there are at least 60 different cell types (117), and such specialization
is a common feature across brain regions. A key challenge then is determining which details are
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Organization of the brain viewed at different scales. (#) At the fine scale, neural systems are composed of interacting neurons (/ef?). To
study the activity arising from the collective behavior of groups of neurons, researchers build coarse-grained models describing
networks of neurons (center). To study the large-scale activity of an entire brain, researchers consider even coarser descriptions where
nodes correspond to brain regions or neuronal populations (right). (b)) The activity and functioning of neural systems are governed by
the individual properties of the units, the properties of their interactions, and the structure of interactions. Together, all these factors
shape the dynamics of the network itself and the dynamics of activity that occurs on the network.

important for a specific research question. Despite the complexity and inherent messiness associ-
ated with living systems, one hopes to take some inspiration from statistical physics and develop
simple, tractable models that capture important properties of the system. Here, we discuss oppor-
tunities that recent large-scale experimental efforts provide to glean principles of neural system
design and function. Our account is explicitly multiscale, focusing on methods rooted in statistical
physics, network theory, and information theory.

We structure our initial discussion in Sections 2-4 on the basis of spatial scales (as depicted
in Figure 1), focusing on the organization and modeling approaches relevant at each scale. It
is important to note, however, that there is no clean separation between these scales and they
are interdependent. While information at small scales (such as neuron properties) influences
larger-scale phenomena (such as overall network function), large-scale processes can also feed
back to smaller scales. For example, neural systems exhibit plasticity, wherein behavior or brain
activity at the network level can reshape connections between neurons (111). Another example,
operating on shorter timescales, is attention modulation, where large-scale networks involved in
attention regulation can modulate the activity of neurons in sensory areas like the visual cortex
(147). This top-down influence can enhance the firing rates and selectivity of neurons process-
ing stimuli. Recognizing such feedback loops is important as we build a multiscale picture of the
brain.

We begin our discussion at the fine scale in Section 2 with a brief overview of detailed biophys-
ical models of individual neurons. In Section 3, we discuss small populations of neurons, surveying
modeling approaches and their associated trade-offs. Section 4 expands to large-scale brain net-
works, where we first outline methods used to study the structure and activity of large brain regions
at both coarse and fine resolutions and then discuss how tools from physics and mathematics are
used to analyze these datasets. With this multi-scale picture built in Sections 2—4, Section 5 ex-
plores biological design principles and constraints that shape the properties and functioning of
brain networks discussed throughout the review. In Section 6, we describe several critical fron-
tiers: expanding theory and modeling to make sense of the latest connectome datasets, enhancing
the feedback loop between theory and experiment, and using perturbative approaches to better
understand neural systems. We conclude with an overview of formal accounts of explanation and
causation in the context of neurophysics, underscoring the importance of contextualizing ongoing
efforts.
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2. ORGANIZATION AND MODELS AT THE CELLULAR LEVEL

Although this review primarily focuses on large brain networks, it is crucial to discuss the neurons
that make up the brain (see Figure 1). Neuron biophysical properties can affect both information
processing within individual cells and collective behavior of networks of neurons. For example,
the biophysical properties of neurons can influence synchronization (71, 75), which is crucial for
information processing, and abnormalities in synchronization are linked to brain disorders (31, 89,
180). Morphologically, neurons are specialized structures that allow for communication and com-
putations: Dendrites branch out extensively to collect signals from other neurons, while the axon
extends to transmit signals onward. There is enormous diversity in the morphological, physiolog-
ical, and connectional features of neurons, which influences their functional properties (106, 117,
137,169, 210). Neurons transmit information in the form of electrical pulses (called spikes or ac-
tion potentials) characterized by a rapid change in membrane potential over very short timescales,
though there are classes of nonspiking neurons that generate graded potentials instead (including
many neurons in the C. elegans nervous system) (127, 149). Once a spike is generated, neurons relay
signals to neighboring neurons through synaptic connections that may be chemical (orchestrated
through neurotransmitters) or electrical (through gap junction channels that connect neurons).
Ultimately, a combination of all the excitatory or inhibitory influences on a neuron determines
whether it generates an action potential.

A cornerstone for computational neuroscience was the Hodgkin—-Huxley model (80), devel-
oped in the 1950s to describe the generation of action potentials in a space-clamped squid giant
axon. This detailed biophysical model describes the generation of action potentials through
fast depolarizing and slow hyperpolarizing currents. The original model consists of a system of
four coupled, nonlinear differential equations with parameters obtained from neurophysiological
recordings (80). This model has been extended in several ways to study different kinds of neu-
rons, for example, incorporating additional ion channels (78) (since most neurons have more ion
channels) and stochastic elements (70). At the same time, the relatively high dimensionality of
the Hodgkin-Huxley model has motivated simpler lower-dimensional models that can still re-
produce many key features of neuronal dynamics. These include the FitzHugh-Nagumo model
(59), the Hindmarsh—Rose model (79), and the Morris-Lecar model (125, 148). These simplified
models are far more amenable to mathematical analysis and facilitate efficient large-scale simu-
lations of groups of neurons. A distinct approach is to consider phenomenological models that
do not directly capture the detailed biophysics of spike generation. Examples of this include the
integrate-and-fire model.! At its heart, this model uses a differential equation to describe mem-
brane potential dynamics. Spikes are said to occur when the potential crosses a threshold, following
which the potential is algorithmically reset to a certain value below the threshold. Several modifi-
cations of this model exist with varying levels of biophysical realism, including nonlinear (63) and
adaptive (27) integrate-and-fire models. Another popular model is the Izhikevich model, which
combines some of the biologically realistic aspects of Hodgkin—-Huxley—type models with the
computational efficiency of integrate-and-fire—type models (84). At the extreme end of abstrac-
tion are artificial neuron models. One of the earliest examples is the McCulloch-Pitts neuron
(118), a binary model whose output is based on a weighted sum of its inputs. Subsequent exten-
sions, including the perceptron (151) and Hopfield networks (82), laid the groundwork for future
developments in machine learning.

As noted above, neurons have an intricate spatial structure and are not point-like objects. Much
of the total membrane area of neurons is occupied by the dendritic tree, whose structure and extent

'This model was originally introduced long before the mechanisms of spike generation were even known (99).
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influence the neuron’s properties and firing rate (108). Dendrites are typically modeled using a
cable equation describing the potential as a function of time and space, and the numerous branches
can be accounted for using compartmental models. While ion channels can also be added to these
compartments for more biological realism, a more tractable approach is to lump all processes
responsible for spike generation in the soma and treat the dendrites as passive cables. In addition
to dendrites, the length and the level of myelination of axons can affect signal conduction (69).
Evidently, there is astounding diversity in neuronal properties and morphology that can influence
activity. Consequently, it is useful to classify action potentials into excitability classes according to
the type of bifurcation that occurs close to the threshold (57, 148). For more detailed descriptions
of the models discussed in this section, we refer the reader to References 57, 69, and 143.

3. MODELING SMALL GROUPS OF NEURONS

In principle, one could keep adding detail to neuron models to account for various biological
nuances. However, there is a trade-off here between building models that are extremely detailed
and building models that are tractable. This is particularly important for research questions aimed
at understanding how large populations of neurons orchestrate activity, function, and behavior.
The challenge with detailed models is not solely a matter of the computational power required.
These models rely on numerous biophysical parameters that can be difficult to measure reliably
in experiments. Ideally, parameters for each neuron could be estimated from in vivo experiments
(93, 187, 202). However, this requires experiments to collect data for each type of ion channel,
many of whose details may still be unknown. When such experiments are infeasible, parameters
are often tuned in an ad hoc manner. Even when measured, these parameters are often obtained
under specific conditions, making them less generalizable. Models with hundreds of parameters
can also become difficult to reliably estimate, interpret, and analyze. Even for a small and relatively
well-studied organism like C. elegans, which has 302 neurons, including the dozens of (known) ion
channels can result in a large number of parameters. Further, many parameter combinations can
produce similar neural activity and network behavior (115, 142). While this degeneracy may be
a feature rather than a drawback (possibly underpinning resilience) (55, 142), it makes detailed
bottom-up approaches challenging.

Detailed biophysical models are valuable for understanding cellular processes, yet how these
processes combine to produce the complex macroscopic behaviors observed even in relatively
simple organisms remains unclear. Not all details at the cellular level may be relevant to higher-
level processes in organisms. Moreover, experiments in humans and other large animals typically
track the activity of regions rather than individual neurons. These considerations align well with
principles from statistical physics, which provides a framework for studying macroscopic phe-
nomena emerging from large ensembles of interacting microscopic entities. To examine collective
behavior, it often suffices to use coarse-grained descriptions that capture essential features with-
out accounting for every detail. Across fields of science, from physics to systems biology, several
multiparameter models display behaviors that largely depend only on a few key parameters, with
other parameters being relatively unimportant for model behavior and prediction (110, 179). For
instance, understanding the propagation of sound waves requires knowledge of coarse-grained
properties such as the density and compressibility of matter rather than the precise shape of each
molecule. Such an approach of building minimal models is not to diminish the value of detailed
explanations but to underscore that the choice of model depends on the phenomena under study
and the research questions of interest. Inspired by statistical physics, a natural question arises: Can
similar principles guide the study of nervous systems? How do fine-scale, microscopic descriptions
of brain organization connect to the functioning of entire nervous systems and the behaviors they
support?
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To model larger populations of neurons, researchers typically track the average activity of
groups of neurons rather than modeling individual spikes of every neuron. Indeed, there is ev-
idence that the brain tends to be organized into assemblies of neurons that display strongly
correlated activity, operating as a functionally homogeneous unit (26, 46). Broadly speaking, there
are two different approaches to construct such lower-dimensional average-rate models. The first
is to build phenomenological neural mass models that capture observations at the scale of neuron
groups. The second, more bottom-up approach involves developing approximations of spiking
neuron models. In general, population-level models are better suited to study data recordings
that reflect coarse-grained neural activity, such as electroencephalography (EEG) or magnetoen-
cephalography (MEG), which are commonly used in humans and large animals where invasive
fine-scale single-neuron-resolution studies are not always possible (44, 45, 176).

A popular phenomenological model is the Wilson-Cowan model, which (in its original form)
describes the average firing rates of two homogeneous populations of excitatory and inhibitory
neurons (48, 204). Another example is the Jansen—Rit model (85), which was developed as a model
for EEG recordings. Coarse-grained neural mass models like these have been used to describe
various phenomena, such as seizure activity observed in epilepsy (119, 168), traveling waves in the
visual cortex (150, 203), visual hallucination patterns (58), working memory (48), and the impact
of Alzheimer disease proteins (144). While such phenomenological models are insightful, it can be
difficult to directly connect them to microscale properties of neurons as they lack sufficient detail
(22, 40). Instead, bottom-up approaches, wherein neuron models are reduced either exactly or
through approximation schemes, provide an opportunity to bridge dynamics on microscopic and
macroscopic scales (22,25, 35,40). A common approach is to start with spiking neuron models that
incorporate basic microscopic properties of a neuron (typically a variant of the integrate-and-fire
model), and develop a mean-field approximation (40, 49, 124, 146).

Such neural mass models are also key ingredients for modeling approaches used in the Virtual
Brain (157, 160, 161), which aims to simulate collective whole-brain dynamics. A key goal of this
initiative is to build digital twins capturing most relevant features, enabling researchers to test
specific hypotheses and intervention strategies for health care and personalized medicine (194).
Ongoing efforts focus on applying these models to health care applications, including multiple
sclerosis (192), epilepsy (88), aging (100), and Parkinson disease (3). A key challenge in build-
ing such biophysically principled models is inferring the microscopic parameters that underlie
macroscale recordings. Efforts such as the Human Neocortical Neurosolver (129) are underway
to study the circuit-level and cellular level mechanisms and origins of measured EEG/MEG sig-
nals. A better understanding of these origins could be useful for predictions of neural function and
disease and in probing the effects of stimulation on neural systems (33, 135). As our discussion has
already reached the regime of large datasets, in the next section we discuss larger brain networks
in more detail.

4. ANALYZING LARGE NETWORKS

With experimental advances, we are now obtaining increasingly high-quality and large-scale data
on both the structure and the activity of neural systems. Tools from complex systems provide a
means to represent and analyze these data. Although we primarily discussed networks of inter-
connected neurons in the previous sections, these tools can be applied to various types of brain
network models representing connections or interactions at scales that are either coarser or finer.
These also include models that do not solely reflect anatomical connections, such as maps of signal
propagation. Before surveying these methods, we first discuss the kinds of brain networks that re-
searchers typically study. Our goal is to build a high-level understanding of the information these
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Measuring brain network structure and activity. Various experimental techniques are used to probe the structure and activity of neural
systems at different resolutions. (#, 7) For the fine-scale structure of the brain, electron microscopy imaging can be used to map out
neurons and their synaptic connections. Subpanel inset adapted with permission from Reference 167. Subpanel main image adapted
from data in Reference 167 (CC BY 4.0). (i7) To measure the brain’s macroscale axonal or white matter organization, DTT is used.
Subpanel adapted from Reference 135 (CC BY 4.0). (#i7) From these structural data, whether mapping connections at the microscale or
at the macroscale, an adjacency matrix can be constructed, with entries weighted appropriately. Colors represent connection strength.
In DTI, nodes represent nonoverlapping gray matter volumes, while in synaptic connectomes, nodes represent individual neurons.

(b, 7) At the microscale, activity of neurons can be measured using fluorescence calcium imaging (fop) or electrophysiological methods
(bottom). Top image in subpanel 7 adapted from Reference 186 (CC BY 4.0). Bottom image in subpanel / adapted with permission from
Reference 172. (i7) Large-scale brain activity is typically monitored by measuring blood oxygen level variations in different parts of the
brain using fMRI or by measuring the overall electrical activity using EEG. Subpanel adapted from Reference 135 (CC BY 4.0).

(é7i) Similarities between pairs of activity time series can be calculated and represented in a functional correlation matrix. Alternatively,
direct or indirect causal measures of the net influence of one region (or neuron) on another can be calculated as effective connectivity.
Abbreviations: D'TT, diffusion tensor imaging; EEG, electroencephalography; fMRI, functional magnetic resonance imaging.

brain networks capture; for more detailed discussion, we refer the reader to recent review articles
and books (60, 96, 211). Very broadly speaking, most brain networks fall into two categories: those
that capture relationships of structure and those that capture relationships of activity, as depicted
in Figure 2.

Advances in electron microscopy and automated image analysis have enabled detailed 3D re-
constructions of brain networks at single-neuron resolutions (28). These connectomes map out
neurons and the chemical synapses between them (see Figure 24). We now have connectomes
for a range for species, including C. elegans (201), larval zebrafish (76), larval and adult Drosophila
(41, 52, 162), and parts of the mouse (122) and human (167) cortex. Simultaneously, noninvasive
methods have made it possible to study neural circuits in humans and larger animals. Techniques
like diffusion MRI tractography and DTT track the diffusion of water molecules to reconstruct
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white matter tracts connecting distinct brain regions (60, 211) (see Figure 24). Whether mapping
synapses linking neurons or white matter tracts connecting brain regions, one can construct struc-
tural brain networks that capture how neural elements are wired together. The nodes and edges
in these networks are defined according to the method used to quantify them. For networks built
from methods that probe the microscale structure, such as electron microscopy, nodes represent
individual neurons and edges are generally weighted on the basis of the number of synapses be-
tween neuron pairs. For networks built from methods that probe the macroscale structure, such
as DTI, nodes represent brain regions and edges are weighted on the basis of the strength and
density of the white matter tracts connecting them (60). Building appropriate representations of
structural data is an ongoing challenge, and the best approach depends upon researchers’ goals and
the data available. It is important to recognize the assumptions and limitations of current methods.
For instance, synaptic networks are typically weighted by synapse count, but not all synapses may
have the same strength or neurotransmitter type. Similarly, current tractography algorithms used
in macroscale studies are unable to resolve the directionality of connections (163). In Section 6,
we elaborate on how more detail can be incorporated in models when available.

In addition to structural mappings, various experimental techniques are used to probe brain
activity at different scales (see Figure 2b). At the neuronal scale, calcium imaging and electro-
physiological recordings are used to monitor the activity of individual neurons. These methods
have enabled simultaneous whole-brain measurements of single-neuron activity in small trans-
parent animals like C. elegans, hydra, and zebrafish (145, 181, 209). Efforts are now underway to
expand the number of neurons that can be simultaneously tracked in Drosophila and in mam-
mals (47, 90, 136). Further, Neuropixels probes now enable single-spike-resolution recordings in
large populations of neurons distributed across brain regions in freely moving animals, with the
ability to track this activity over the scale of weeks and even months (90, 136, 172). The abil-
ity to perform such recordings stably over longer timescales opens up exciting opportunities to
understand processes such as learning, memory, and behavior (172). In humans, researchers use
noninvasive methods like EEG, which records electrical activity through sensors placed on the
scalp, and functional MRI (fMRI), which uses blood oxygen levels in 3D brain images as a proxy
for neural activity (60). When building networks from fMRI or EEG data, researchers measure
correlations, coherence, or other statistical dependences between the activity of different regions
to quantify functional similarity (60, 96). We note that correlative approaches, though insightful,
do not provide direct measures of causality. Such activity maps capture both the intrinsic prop-
erties of neural systems and the influence of external stimuli. For instance, neural activity can
change depending on the type of sound or visual stimulus an individual encounters. Understand-
ing how the brain encodes and reflects external information is central to the study of neural coding
and representation and can reveal how both intrinsic structure and external factors shape neural
activity.

From these datasets, tools developed in physics and mathematics enable researchers to un-
cover patterns of organization that may not otherwise be immediately apparent. Across different
organisms and spatial scales, such efforts have identified properties common in brain networks
across organisms. These include small-world properties (9), heavy-tailed edge weight and degree
distributions (109), modularity (77, 171), and the existence of hubs (178, 185), among others. The
presence of these features across vastly different species suggests that there might be general or-
ganizing principles at play and that these features might support specific functions, which we
explore in detail in Section 5. We also remark that while network science provides an array of
metrics to quantify organization, the goal has never been to be merely descriptive. Instead, the
goal is to seek insight into how these properties arise and their implications for neural function

(13).
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Statistical analysis of brain networks. (#) Comparisons with null networks facilitate a principled assessment of
how significant an empirically observed property is. To determine whether a feature of the empirical network
is statistically unlikely, one can generate an ensemble of null networks. These null networks preserve specific
desired properties of the empirical network, forming the null hypothesis, but are otherwise random. The
feature of interest can then be calculated for each null network to obtain a probability distribution of the
feature under the null hypothesis. () The exponential random graph model enables the generation of
ensembles from the ground up that constrain certain properties, producing a probability distribution in the
space of all possible graphs. Such an ensemble can then be used to test whether the constrained properties
are explanatory of an observed network’s structure. These ensembles can also function as null networks.

(¢) More broadly, generative modeling is a framework for constructing synthetic networks based on a set of
rules. The space of generative models can span different timescales. In single shot models, connection
probabilities are defined early on, and the network is generated in a single step. More biologically realistic
models operate on timescales closer to that of development and can be used to model network growth and
development. Intermediate models lie between these two extremes, where the network grows over arbitrary
timescales that do not have biological interpretation. Panel ¢ adapted from Reference 21 (CC BY 4.0).

When a new network and its features are examined, comparisons with null models enable
researchers to benchmark the significance of these features (189) (Figure 34). Null models are
ensembles of networks that preserve certain selected features of a network but are otherwise ran-
dom. In the best scenario, null models can disentangle a given network feature from other network
properties, though this may not always be possible. The selection of graphs for sampling null mod-
els requires careful consideration. For example, the Erdds—Rényi graph model, which places edges
between nodes with equal probability, often does not reflect processes or constraints relevant to
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the brain. Conversely, null models that constrain the space of graphs too much can potentially
limit how generalizable the results are. Constraints inherent to the empirical network, such as the
presence of self-loops or multi-edges, can be usefully reflected in the null graph space, as these can
directly affect conclusions (61). In practice, null networks are typically obtained by either rewiring
the original network according to specific rules or building them from the ground up using gener-
ative models (189). An example of a rewiring model is the degree-preserving configuration model,
which involves rewiring the graph using double-edge swaps among edges (61). This model retains
the exact degree sequence, preserving features like hubs and heavy-tailed degree distributions that
are typical of brain networks, allowing researchers to assess how the network’s degree sequence in-
fluences features of interest. Rewired null models can also be constructed to make the edge swaps
based on other constraints, such as edge weight or path lengths.

In contrast to rewiring models, generative models build networks from scratch using specific
rules, such as homophilic attachment or minimization of the total edge length (21, 189). Gen-
erative modeling is also insightful for examining design principles that shape network features.
Since brain networks are an outcome of biological processes that are inherently noisy, it is often
useful to view neural systems probabilistically, that is, not as a fixed network but as a distribution
over a space of networks informed by biologically motivated design principles. Exponential ran-
dom graph models provide a means to obtain such a probability distribution and to systematically
explore local design principles behind real networks (50, 170). A part of the family of maximum
entropy models (86), the exponential random graph probability distribution reproduces certain
selected features but is otherwise maximally random (Figure 35). Although our discussion thus
far has focused on static networks, brain networks—both structural and functional—are dynamic.
Exponential random graphs can be appended with this information by creating a time series and
estimating parameters for this sequence. These are termed temporal exponential random graph
models (50).

As discussed above, neuroscience experiments can now record the activity of thousands of
neurons simultaneously. Although this number is rapidly increasing, it still represents only a frac-
tion of the total number of neurons involved in complex behaviors, such as movement, in larger
organisms. However, controlled experiments across different brain regions suggest that neural ac-
tivity is highly structured and tends to be confined to lower-dimensional manifolds (38, 42, 65,
67)—in other words, the number of latent variables required to explain observed variance is far
fewer than the number of recorded neurons. These lower-dimensional manifolds are spanned
by patterns of activity termed neural modes, which provide building blocks of neural dynamics
and function. Many statistical dimensionality reduction techniques have been developed to ob-
tain lower-dimensional representations from high-dimensional datasets of neural activity (42, 87).
Building empirical models of the nonlinear dynamics underlying population activity and infer-
ring meaningful latent representations are ongoing endeavors, increasingly aided by deep learning
techniques (134, 175). Such models can illuminate the relationship between neural activity and
behavior and even inform therapeutic intervention strategies such as deep brain stimulation. Fu-
ture work aimed at relating neural population geometry to circuit mechanisms and biological
properties could enhance the impact of these approaches (38).

Another framework to examine the structure of neural activity, rooted in statistical physics, is
based on the maximum entropy principle. This approach involves constructing probability dis-
tributions over the space of network states that match selected observed properties of the system
while otherwise remaining as random as possible (86, 164). Initially, pairwise maximum entropy
models were developed by constraining over the average activity and correlations between pairs
of elements (4, 164). Although this method effectively captured correlations among tens of neu-
rons, it struggled to capture correlations among hundreds of neurons sampled across more distant
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subgroups (66, 120), hinting at the role of higher-order correlations for such samples. While
higher-order correlations can be incorporated manually to improve these models (66), a more
scalable approach for larger datasets is based on random projections (114). The philosophy behind
random projections is also rooted in statistical mechanics: Higher-order interactions are captured
in the form of random projections, and the structure of this randomness is constrained using data.
Maximum caliber models, which generalize the maximum entropy principle to account for dy-
namic correlations, are a less explored class of models (140). Incorporating such time dependence
into maximum entropy models to model temporal dynamics of neural activity is an important
direction that could complement methods used to infer latent dynamics described previously,
thereby potentially aiding interpretability.

With these experimental and theoretical tools, understanding how the brain’s structure con-
strains neural dynamics and how these dynamics in turn support function is a central pursuit in
neuroscience. For instance, how do animals process information from a vast array of sensory cues
to reliably navigate their environment? How is the brain’s circuitry organized to support decision-
making based on sensory input and learning? The ability to measure circuit activity and structure
within increasingly larger neuronal populations is enabling researchers to explore these questions
in greater depth. The visual system, in particular, has been pivotal in investigating brain func-
tion and the neural mechanisms underlying sensory processing. For example, research has shown
that certain retinal neurons fire specifically in response to stimuli moving in one direction while
showing minimal response to movement in the opposite direction due to asymmetric responses
by upstream neurons (5, 6, 24). Connectomes have also helped clarify circuit motifs and dynam-
ics in central brain regions, which link to important functions like self-location and goal-directed
navigation (7, 83, 94, 165). Additionally, experiments in primates and rodents indicate that the
neocortex exhibits choice-selective activity during perceptual decision-making tasks. The ability
to record populations of activity during behavioral tasks, along with access to ensemble wiring
diagrams, now enables researchers to study how the brain circuitry supports decision-making (98,
126) and learning (11, 126). Investigating the statistical dependence of function on structure—
or the structure—function coupling in brain networks—is an active area of research and ongoing
work aims to understand how this relationship varies across brain regions, over time, and between
individuals (62). We note, however, that the relationship between structure and function in neu-
ral circuits is not straightforward. While neural activity is certainly constrained by its structural
backbone, structure alone may not be sufficient to explain circuit operation. Integrating insights
from structural measurements with additional information about the system will help better our
understanding of the operation of neural circuits, which we expand upon in Section 6.

We also emphasize that neural systems are not closed entities; their structure and functioning
are shaped by the external world. Neural circuits evolve over evolutionary timescales, adapt dur-
ing development, and adjust through learning to the structure of the world around them. These
adaptations may enable the brain to operate efficiently despite various physical and biological con-
straints. In Section 5, we explore factors that shape neural systems and discuss potential functional
affordances that their organization and working provide.

5. DESIGN PRINCIPLES AND FUNCTIONAL AFFORDANCES

We have discussed so far how advances in experimental research and mathematical tools have en-
abled systematic analysis of neural systems. Despite the inherent stochastic and noisy nature of
biological processes, neural systems display remarkable structure and organization across various
spatial and temporal scales. Many of these features are observed across vastly different organisms,
suggesting general design principles at play (183). Alongside these common features, though,
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distinctions across organisms and sensory modalities within an organism could reflect specific
adaptations and different constraints. Indeed, the brain must perform extremely complex and di-
verse processes under stringent resource constraints—be it space, material, energy, or time—in
a manner that is fast and adaptable. This prompts key questions: What biological design prin-
ciples shape the organization of neural systems across spatial scales and in different functional
domains? How does the observed organization enhance information processing given various
constraints? Recent experimental and modeling advances can be used to infer potential design
principles and test out hypotheses across various organisms and developmental stages. These
principles can illuminate how neural systems achieve high levels of performance and how their
structure supports function. Additionally, such principles could offer insights into how perturba-
tions might affect neural circuit organization and function, with implications for behavior and
dysfunction. While determining whether these principles are indeed causal may require further
experimental characterization, they nevertheless provide valuable general insights.

Several factors influence the architecture and functioning of brain networks, including the need
to manage metabolic and material costs (32), to ensure efficient information transmission (32, 184),
to maintain robustness to noise or injury, and to adapt to process new information (Figure 4).
However, prior to discussing these factors, we first emphasize that brain networks are inherently
spatial. Circuits in the brain are physically embedded in 3D space within a fixed enclosure and the
neurons themselves have intricate spatial structure. This spatial nature constrains brain growth,
development, and function (159, 174). It is important to consider this fact when applying tools
from network science, as certain models do not account for spatial information.

One of the earliest observations in larger neural systems is that various sensory, cognitive, and
motor functions are localized to specialized brain regions or modules that interact with one an-
other. Within brain regions, further specialization occurs: For instance, the visual cortex contains
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Organizing principles that shape the structure and workings of neural circuits at various scales. (#) Network
motifs commonly observed in neural systems show immense heterogeneity in both their components and
interaction patterns. Many large-scale brain networks possess community structure, displaying modularity at
several scales organized hierarchically. Large-scale brain networks also feature high-degree hubs that form a
densely connected core. () These observed patterns could be shaped by various biologically motivated
design principles. Neural systems balance managing energetic and material costs, being robust to noise and
external perturbations, and remaining flexible enough to adapt to new environments. While optimizing for
these constraints, their functioning must also be efficient.
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regions that process different image features, while the motor cortex has regions that control
different parts of the body. Even within brain regions, neurons exhibit diverse shapes, sizes, gene
expressions, and biophysical properties (74, 106, 117, 210). Researchers often classify neurons into
distinct cell types to manage this diversity (210). However, the boundaries between cell types are
not always clear-cut, and significant variation exists even within these populations (137, 210). Ev-
idence suggests that this heterogeneity may not merely be a by-product of noisy processes but
instead could play a role in controlling the computational properties of neural circuits (68) and
enhancing learning (138).

Several studies have examined the modular and hierarchical structure in both structural and
functional networks across organisms (8, 77, 121). Modularity is thought to reflect segregation
and functional specialization, which can also make the network robust to perturbations, either in-
ternal (in the form of noise or genetic variation) or external (in the form of injury) (92). Another
feature of large-scale brain networks is their small-world architecture (9, 105, 198). That is, in
addition to high clustering in tightly connected modules, the brain has short characteristic path
lengths. This architecture supports the idea that the brain balances segregation and integration,
with modules for local information processing and efficient routes for long-range communication
(166). The brain has to process and communicate immense amounts of information under strict
time, material, and energetic costs. Physical connections in the brain come with a cost of build-
ing and maintenance, a factor that becomes important particularly for larger brains. However, the
presence of long-distance connections between regions that are anatomically distant suggests that
the brain does not strictly minimize wiring costs. Rather, the pressure for minimizing wiring com-
petes with pressures for efficient communication (10, 30, 91), and the brain negotiates a trade-off
between these factors. In addition to the modular and small-world structure, large-scale brain net-
works are heterogeneous, featuring nodes that form a rich core of densely connected hubs (185).
These hubs are thought to play important roles in various functions, serving as broadcasters of
information. Further, these hubs also reduce the overall average path length across the network,
supporting integration of information.

From a metabolic standpoint, the brain is one of the most energy-expensive systems within an
organism: The human brain is 2% of the body weight but 20% of its metabolic load (73, 173). Yet
the brain manages to carry out impressive feats of computation, communication, and cognition
while operating on an energy budget far lower than that of modern computers. Understanding
how brains represent, process, and communicate information efficiently while minimizing energy
costs is a classical problem in neuroscience (73, 102). Several strategies have been proposed to
explain how the brain optimizes its energy usage. Studies suggest that the brain employs sparse
coding strategies, where sensory stimuli are encoded by the activity of a small subset of neurons,
helping reduce the overall energy consumption (131). A significant portion of the brain’s energy
budget is consumed to maintain communication between neurons (103), and synaptic signaling
in the brain is thought to have evolved to maximize the amount of information transmitted per
molecule of ATP (132). At the network level, the brain’s modular and hierarchical architecture
likely helps conserve energy costs by localizing information processing and reducing the metabolic
burden of long-range communication. Additionally, studies have also suggested that neural cir-
cuits are adapted to the structure of the world, efficiently predicting incoming sensory input (133,
141, 196). Such predictive coding may further contribute to energy efficiency by reducing the
computational load involved in processing sensory information.

6. CURRENT FRONTIERS

We now discuss exciting opportunities for research aimed at improving our understanding of
neural systems in light of recent advances (Figure 5). Broadly speaking, we classify these directions
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Ongoing and emerging future directions. (#) Effectively bridging experimental data and models is an important area of ongoing
research. (/) Expanding theoretical tools and models to account for biological details now accessible through experiments. These
expanded models also inspire efforts to bridge between scales of description. (i7) Leveraging theoretical tools to guide experimental
efforts and measurements. This could involve identifying the key measurements that are most informative for behaviors of interest at a
given scale and examining the effects of incomplete measurements. (b)) Perturbative techniques provide new opportunities to improve
our understanding of neural systems. (¢) Linking the contributions of modeling and experiments to distinct kinds of explanations can
inform the design of effective experimental and theoretical approaches.

into four key themes. The first theme involves expanding theory and modeling to keep up with data
coming from large-scale experiments. The second theme relates to how theory can feed back into
experiments and guide measurements. Together, these two themes contribute to strengthening
the loop between theory and experiment. The third theme explores how methods for perturbing
neural systems open new ways of understanding the brain. Finally, the fourth theme emphasizes
linking modeling and experiments to formal accounts of explanation and causation to contextualize
their contributions.

6.1. Expanding Models to Make Sense of Connectomes

As discussed in Sections 3 and 4, tools from mathematics and physics have been applied to brain
data across various scales—from macroscale connectivity between brain regions (56, 104, 185) to
microscale synaptic connectivity between neurons (107, 109, 188)—to uncover patterns of organi-
zation. Of these, the microscale cellular structure of neural systems is now becoming increasingly
accessible across different organisms (1, 52, 167). Using tools from network theory, researchers
have recently identified circuit motifs of biological interest across the whole-brain connectome
of the Drosophila brain (107). Such quantitative tools have helped identify highly connected neu-
rons that could serve as broadcasters and integrators, circuit motifs that could be key for local
computations, and differences in connectivity across brain regions. The availability of such data
across species has also enabled researchers to identify potential rules that could underlie observed
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properties of connectomes (109). Ongoing efforts aim to map connectomes of larger animals and
track changes across developmental stages. These studies are expected to offer deeper insights into
how neural systems are organized and function throughout development (205), as well as reveal
comparative patterns across different species (29, 183). Examining how connectomes vary across
individuals of a given species is another important direction of ongoing efforts. Such variability
could stem from individual experiences and inherent noisy biological processes. Characterizing
differences across brain regions, identifying underlying causes for observed differences, and inves-
tigating how these differences affect computational processes and behavior are exciting avenues
for future research. These efforts hold potential for advancing our understanding of both typical
and atypical brain development (191).

At the same time, existing mathematical tools can be expanded to incorporate biologically rel-
evant information as well as dynamics that are more relevant to neuroscience (43) (Figure 5a,
subpanel 7). While measurements of structure do provide useful insight into neural systems, un-
derstanding circuit function likely requires information about cell type, synapse type, and firing
dynamics. One approach to improve the biological descriptiveness of existing models is to overlay
these attributes onto nodes and edges as metadata, creating annotated networks (15, 128). This
method can bridge abstract models with important microscale features, opening up new opportu-
nities for discovery. It enables researchers to explore sophisticated questions, such as how observed
patterns of structural connectivity relate to microscale biological attributes (15, 16). Other useful
extensions of network representations include multilayer (95, 182) and higher-order (14, 23) net-
works. Multilayer networks provide a framework to study different kinds of interactions within
neural systems and to integrate multiscale data (139, 182). For instance, neural systems can be
modeled as a multilayer network to capture different modes of communication, including synapses,
gap junctions, monoamines, and neuropeptides (17). Multilayer networks can also be used to cap-
ture temporal information, allowing researchers to examine how networks evolve over time (12,
81, 177). Capturing temporal aspects of brain activity and structure, including modeling the re-
lationship between dynamics on networks and dynamics of networks (18), is a crucial area for
current and future efforts. In general, machine learning approaches to extract relevant features
from graphs are also growing increasingly popular (208). Graph neural networks—a class of deep
learning models to perform inference on graph-structured data (20, 207)—could be particularly
useful for connectomics. These approaches have been used to build predictive models of large-
scale neural activity (195, 199). Such models might be helpful in generating experimentally testable
hypotheses for the computational role of individual neurons or circuit elements and for linking
network structure to task performance.

6.2. Bridging Theory and Experiments: Insights from Theoretical Analysis

This review highlights the potential of theory and modeling to provide valuable insights into
the functioning of neural systems by leveraging large-scale experimental recordings. Equally im-
portant is the question of whether these models can actively inform future experimental efforts.
Below, we explore several ways in which tighter feedback between theory and experiment could
be achieved. In biological modeling, researchers are often confronted with a vast amount of detail,
making it challenging to identify which aspects are essential for a specific research goal. For ex-
ample, the biophysical models of large-scale brain activity discussed in Section 3 can often involve
on the order of hundreds of parameters. Previous research has shown that many multiparameter
models across physics and biology exhibit sloppiness, where a few key parameter combinations
predominantly influence model behavior, while the rest are relatively unimportant for prediction
(72,110, 179). Applying this approach to models of large-scale neural activity could illustrate how
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sensitive these models are to different parameters (Figure 54, subpanel 7). By identifying which
parameters are critical ata given scale, researchers can guide experimental efforts to measure these
parameters more accurately or select the most appropriate model.

One of the current priorities in the field is to expand the number of neurons and brain re-
gions recorded simultaneously during behavioral tasks. Although current techniques allow for
the recording of up to tens of thousands of neurons, this number still represents only a frac-
tion of neurons involved in a given task, particularly in larger animals like mice and primates. As
discussed in Section 4, experiments that tightly control behavior have shown that neural activity
patterns are constrained and occupy low-dimensional manifolds (38,42, 65, 67). This suggests that
despite undersampling, it may still be possible to build reasonable models of neural activity. Ef-
forts to increase the scope of recordings will certainly be useful for understanding neural function
in complex tasks. However, theoretical insights can also help identify which neuron populations
or brain regions provide the most informative data about overall circuit activity and function
(Figure 54, subpanel 7). This strategy could be especially valuable in human neuroscience, where
it can guide more effective probe placement. By optimizing probe placement, researchers may be
able to reduce the number of required electrodes, thereby decreasing health risks.

Given that most studies of larger organisms are based on incomplete sampling—either by
recording only a subset of regions (39) or by examining only a small population (116)—itis still im-
portant to carefully study biases introduced by such partial measurement (Figure 5, subpanel ).
A deeper understanding of the effects of partial measurements could in turn guide experimental
efforts and the allocation of resources, potentially identifying regions that could benefit from more
sampling and regions that do not require as much. Additionally, systematically examining noise
in experimental measurements that could bias measurements is key to maximizing the impact of
experimental methods (181).

6.3. Perturbative Approaches to Understanding Neural Systems

In recent years, significant progress has been made in perturbative techniques that allow direct
manipulation of neural elements—be it brain regions in humans or even single neurons in smaller
animals (Figure 5b). Combining these perturbative methods with recording techniques enables
researchers to directly measure how activity propagates through neural circuits. Such approaches
are particularly valuable for studying network-level phenomena and establishing causal relation-
ships within neural systems. By using simultaneous stimulation and recording, the interactions or
network can be inferred in a principled manner (101). For instance, transcranial magnetic stimu-
lation has become an increasingly prominent tool in human neuroscience for inducing localized
neural activity and observing its effects (193). For smaller model organisms, it is possible to stimu-
late even single neurons with light or to ablate groups of neurons (145). These simpler organisms
can thus serve as a test bed for simulating the behavior of an entire nervous system. These per-
turbative approaches have the potential to open new avenues for neural system modeling and
understanding, offering exciting opportunities to test hypotheses derived from models.

6.4. Linking Theory and Modeling to Different Kinds of Explanations

As efforts progress on the experimental and theoretical fronts, it is also worth discussing the kinds
of explanations that can be sought and gained (Figure 5¢). Explanations come in a variety of
kinds, and can be distinguished in multiple ways. Perhaps the most commonly raised distinction is
between causal and noncausal explanations (206). Causal explanations are often sought to explain
why or how a phenomenon occurs, while noncausal explanations are often sought to explain what
a phenomenon is. However, it is also possible to identify noncausal explanations to answer why
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and how questions. A prime example is a mathematical explanation, wherein an equation is used
to explain a phenomenon such as a process, behavior, or dynamics (113).

In this review we have focused on approaches from statistical physics, information theory, and
network science that can be used to explain principles of brain network architecture and func-
tion. Do these approaches provide causal explanations, noncausal explanations, both, or neither?
When our methods focus on mathematical descriptions (such as, for example, the maximum en-
tropy model), we may be excavating noncausal mathematical explanations. When our methods
focus on network topology, we may be excavating structural explanations. In some cases, struc-
tural explanations can be causal, as has been investigated in regard to social phenomena (155) and
topological factors (154), whereas in other cases, structural explanations can be noncausal (97). In
addition to causal structural explanations, the approaches canvassed in this review also have po-
tential to provide other causal factors, including pathways (152), mechanisms (156), and cascades,
triggering causes (53) and causal constraints.

The accessibility of this causal diversity motivates a renewed examination of how we as scholars
approach scientific problem solving (153). Detecting a cause is less satisfying than determining
what type of cause is involved and why. How might we design experiments, models, and theory to
distinguish types of causation in brain network function? How might distinctions between causal
relationships influence how we engage in causal reasoning or use causal knowledge to control the
functional outcomes of neural systems? Engaging these and related questions is important as we
aim to shape future research and the training of young scholars interested in understanding the
brain.

7. OUTLOOK

The brain is an astounding feat of natural engineering whose structure and function are becom-
ing increasingly accessible to the tools of modern science. As experimental techniques continue to
mature, physicists generally and biophysicists specifically have contributed markedly to the devel-
opment and application of models and theory. In this review we have canvassed those contributions
and associated recent advances in the use of statistical mechanics, information theory, and network
science with the goal of identifying principles of brain network architecture and function. Span-
ning from models of single neurons and small groups to large-scale ensembles and networks, the
efforts examined here have proven useful in isolating design principles of neural systems and the
functional affordances thereof. As these efforts continue to produce insights in the coming years,
we envision several critical frontiers. These include expanding models to make sense of connec-
tomes, using theoretical analysis to guide experiments and measurements, and using perturbative
approaches to provide new kinds of understanding. Throughout these (and other) expansions, we
think it will be critical to link the contributions of modeling and theory to distinct kinds of ex-
planations. By pursuing both causal and noncausal explanations, and by detecting specific types of
causes, the field of neurophysics will be poised to better design effective and specific experimen-
tal, computational, and theoretical approaches, better engage in causal reasoning, and better use
causal knowledge to control the functional outcomes of neural systems.

8. CITATION DIVERSITY STATEMENT

Recent work in several fields of science has identified a bias in citation practices, such that papers
from women and other minority scholars are undercited relative to the number of such papers
in the field (19, 34, 36, 51, 54, 64, 112, 123, 197). Here we sought to proactively consider choos-
ing references that reflect the diversity of the field in thought, form of contribution, gender, race,
ethnicity, and other factors. First, we obtained the predicted gender of the first and last authors
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of each reference by using databases that store the probability of a first name being carried by a
woman (54, 212). By this measure (and excluding self-citations to the first and last authors of our
current paper), our references contain 11.38% woman(first)/woman(last), 13.94% man/woman,
19.21% woman/man, and 55.47% man/man. This method is limited in that (#) names, pronouns,
and social media profiles used to construct the databases may not, in every case, be indicative
of gender identity and that (§) it cannot account for intersex, nonbinary, or transgender people.
Second, we obtained the predicted racial/ethnic category of the first and last authors of each ref-
erence by databases that store the probability of a first and last name being carried by an author
of color (2, 37). By this measure (and excluding self-citations), our references contain 10.38% au-
thor of color (first)/author of color(last), 13.44% white author/author of color, 21.31% author
of color/white author, and 54.86% white author/white author. This method is limited in that
(#) names, census entries, and Wikipedia profiles used to make the predictions may not be indica-
tive of racial/ethnic identity and that (») the method cannot account for Indigenous and mixed-race
authors, or authors who may face differential biases due to the ambiguous racialization or ethni-
cization of their names. We look forward to future work that could help us to better understand
how to support equitable practices in science.
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