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Enabled by advances in imaging and computer science, the past two decades have 
featured dramatic progress in the study of comprehensive synaptic-resolution maps 
of the nervous system. In this essay, we review these achievements and innovations 
but also argue that subsequent progress will be substantially driven by artificial intel-
ligence. Specifically, we propose that AI is poised to revolutionize the study of brain 
wiring by: 1) helping to forge a new, functionally grounded definition of “under-
standing” the brain; 2) enabling sophisticated simulations and predictive models of 
neural circuits; and 3) identifying subtle connectomic “fingerprints” of neurologi-
cal and psychiatric diseases. We envision a future in which the joint contributions of 
connectomics and AI not only decipher the brain’s subtle wiring but also unlock novel 
avenues for fundamental discovery and therapeutic intervention. 

It is no small wonder that brains are poorly understood. In virtually all animals 
that have nervous systems, the brain exceeds the complexity of all other parts 
of the body. Because brains both inherit their structure from their ancestors and 

modify it by virtue of experience, a full description of how they work spans from 
the role of genetic information and molecular biology and biochemistry all the way 
to studies of psychology and ethology. If that is not enough, perhaps the deepest 
obstacle originates from the way brain cells–neurons–carry out their functions. 
Each cell is part of a neural network connected by biological wires (axons and 
dendrites) into a vast relay that spans behavior, from sensation to action. Neurons 
collect information from sensory experiences via their dendrites or from other, 
farther upstream neurons passing information along. Each neuron conveys what 
it extracts from its input to downstream neurons via its highly branched axon. The 
relay finally terminates with the neurons responsible for action by causing the con-
traction of muscle fibers that let us speak, move, write, and otherwise act. 

This network is, even in the simplest organisms, much more complicated than 
one might have imagined. Neurons are wired not just to a few other cells but, in 
many cases, thousands of upstream and downstream partners. The partners are 
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often far flung and connected by biological wires that extend in many directions over 
very long distances. The sites of communication are specialized structures called 
synapses. The human brain has trillions of synapses. Mapping the complete synaptic 
connectional map, called a connectome, is the foundational blueprint of brain function– 
and this is the quest we and other researchers are on. 

Until the late nineteenth century, the study of the brain was constrained by the 
impossibility of isolating and identifying individual cells in stains of nervous tis-
sue. Then, in 1873, Italian biologist and pathologist Camillo Golgi discovered what 
would become known as the Golgi stain, a method of staining individual neurons 
at random, revealing the axon and dendrites of complete nerve cells and thus the 
structures and connections of the nervous system. Spanish anatomist Santiago 
Ramón y Cajal improved on this technique and contributed detailed drawings of 
the branched structure of the brain. Together, Golgi and Cajal showed that neurons 
are connected to each other in directional pathways, an insight for which they won 
the Nobel Prize in Physiology or Medicine.1 

But Cajal’s quasidiagrammatic renderings belied a reality that is only now being 
revealed; his drawings showed only the purported connections that were consistent 
with the pathway he was trying to illustrate. In contrast, connectomics specifically 
intends to show all the connections. In this sense, connectomics data are not biased, 
which is a blessing and a curse. On the positive side, the dense labeling of all neu-
rons provides a highly accurate rendering of all the inputs a neuron is receiving 
and reveals where that information is going via all the downstream neurons its 
axon establishes synapses with. On the negative side, it is no longer so straight-
forward to extract a specific functional pathway, given the profound complexity 
of the overall network. 

The journey to map neural circuits has been punctuated by significant technolog-
ical leaps and landmark discoveries, transforming connectomics from a theoretical 
aspiration into a data-rich empirical science. In biological fields such as connectom-
ics, genomics, and transcriptomics, as well as physical sciences like astronomy, large 
amounts of raw data are often required, making data acquisition both a technolog-
ical challenge and an opportunity for innovative solutions. In the relatively young 
field of connectomics, data requirements have led to many different approaches 
to imaging the biological structures underlying the wiring diagram of nerve cells. 
Because of the miniscule size of the nerve cell wires and their synapses, traditional 
light microscopy does not have sufficient resolving power. Attempts to overcome this 
limitation include a technicolor Golgi-like neuron labeling approach called “Brain-
bow,” in which neurons are labeled with many different colors (more than fifty), as 
well as more recent methods involving physical enlargement of biological tissue.2 
However the most successful method thus far is to avoid light microscopy altogether 
in favor of using electrons, which have wavelengths, and hence resolutions that are 
at least ten thousand-fold more detailed than the photons used in light microscopy. 
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Two major types of electron microscopy (EM) are used in connectomics.3 In 
transmission electron microscopy (TEM), the imaged signal is based on detecting 
electrons that are transmitted through a sample. Scanning electron microscopy 
(SEM) approaches, on the other hand, detect electrons that are scattered from the 
sample’s surface. These two approaches also allow for different ways of preparing 
tissue. It is generally accepted that tracing wires unambiguously requires distin-
guishing them both from nearby wires in the same plane of focus as well as from 
wires that lie slightly above or below them. Therefore, the easiest way to avoid blur 
from tissue above or below a particular neuronal wire is to physically cut brain sam-
ples into very thin slices. Automated ways of collecting ultra-thin (one-thousandth 
the thickness of a hair) sections onto flexible tape are used in both SEM and TEM 
approaches.4 This “section then image” approach is something akin to a film strip, 
with the images of physical brain sections like the frames of a movie. An alternative 
approach is to “image then section” a thick brain sample (often called a “block”). 
This technique, known as block-face imaging, uses scanning electron microscopy.5 
The electrons come from the interaction of the scanning electron beam with the top 
layer of the block. Once an image is generated, the top layer is sectioned away and 
the block-face is scanned again; this process repeats until a volume of hundreds or 
thousands of consecutive block-faces have been imaged.

Other novel approaches include trying to use light (photons) rather than electron 
imaging. One potentially promising avenue is to use short-wavelength light (X-rays) 
to induce electron backscatter with rapid imaging of osmium stained brains.6 Vis-
ible longer-wavelength light can also be used, despite its lower resolving power, if 
the specimen is stretched into a larger size–a technique called “expansion micros-
copy.”7 This approach is especially exciting because it offers a straightforward way 
of superimposing molecular “labels” that, for example, clearly differentiate cell 
types in a connectome dataset.8 

With these new tools in hand, some researchers have begun to transition  
from developing techniques to obtaining large-volume datasets for 
neurobiological research. But samples large enough to contain neu-

ronal circuits require automated acquisition techniques. Indeed, using manual 
techniques, the first connectome of C. elegans, the millimeter-long round worm 
with only about three hundred neurons, took a decade.9 About forty years later, in 
2021, eight worm connectomes were completed in two years, a forty-fold speedup.10 
Beyond C. elegans, an intense effort is now underway to create a full description 
of the nervous system of Drosophila melanogaster, the fruit fly.11 The small size of 
this animal and its long history as a model organism for genetic studies make it an 
ideal candidate to merge genetic and structural (circuit) information for a deeper 
understanding of the underpinnings of behavior. The late biologist and geneticist 
Seymour Benzer was the first to focus attention on finding the genetic basis of 
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behavior and used the fly as his model organism.12 At the time, there was little if 
any circuit information to go on, so his focus was on genes that modify behavior. 
Today, now that the connectome–the physical substrate of behavior–is becoming  
accessible, researchers hope this field may see a resurgence. Fly connectomics has 
used both serial block-face and transmission electron microscopy approaches, car-
ried out in both adults and larval instars.13 The brains of many other species (for 
example, the octopus and microwasp) are also being scrutinized.14 A vertebrate, 
the larval zebrafish (Danio rerio), is a relatively transparent, rapidly developing 
freshwater fish that is easily bred in captivity and amenable to large-scale genetic 
screens. It has also been possible to study its behavior and the activity of the neu-
rons related to these behaviors with fluorescence microscopy of cell activity.15 
Mammalian connectomics is moving swiftly. A number of groups are building 
connectomes of parts of the mouse brain and peripheral nervous system.16 Many 
labs are working to devise an approach to obtain the full connectome of a mouse 
brain. This is a daunting task, as a cubic millimeter is far less than 1 percent of a 
whole mouse brain, vaulting connectomics from the petascale to the exascale.17 
Meeting this challenge will require both far more automation and ramping up 
computational and AI tools.

Finally, human connectomics has recently got off the ground with the acquisi-
tion and analysis of petascale cortex datasets, revealing novel circuit organization 
properties (such as much stronger pairwise neuron connections than expected) and 
some truly unexpected anatomical structures (like axons that tie themselves into 
knots).18 Despite the significant imaging and computational achievements associ-
ated with such data, these cubic millimeter–scale data represent only one-millionth 
of an entire human brain. Whatever the future of human connectomics holds, the 
endeavor is clearly just beginning.

The sheer volume and complexity of connectomic image data render manual 
analysis an insurmountable bottleneck. AI, particularly neural network–
based deep-learning methods, has been crucial in transforming raw imaging 

data (pixels) into meaningful, reconstructed neural pathways.
The most labor-intensive step in early connectomics was the manual tracing 

of neuronal processes (segmentation) and the identification of synapses across 
thousands of electron microscopy images. AI has revolutionized this domain. Early 
computational methods provided minimal assistance, but the advent of deep learn-
ing, particularly convolutional neural networks, convolutional outgrowths like 
U-Nets, and more specialized architectures like flood-filling networks, has enabled 
highly accurate automated neurite segmentation and synapse detection.19 These 
algorithms can learn the complex visual patterns associated with cell membranes 
and organelles like mitochondria and synaptic vesicles directly from human-
annotated training data, achieving performance levels that, while not yet perfect, 
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significantly reduce the need for manual intervention, thus speeding the segmen-
tation process profoundly. 

Beyond reconstruction, AI is also proving vital for the initial analysis of connec-
tomic data. For instance, machine-learning algorithms, including self-supervised 
learning methods, are being used for the automated classification of cell types 
based on their intricate morphology and detailed connectivity patterns.20 This 
allows for a more objective and scalable approach to cataloging the brain’s cellular 
constituents, moving beyond traditional, often subjective, classification schemes.

This work has produced a number of insights that challenge our existing views 
of the ways brains work. For example, the diversity of neuronal structures and con-
nectivity in individual animals is astonishing; in Drosophila, there may be more than 
a thousand different types of neurons, each of which has its own structure, gene 
expression profile, and connectivity rules. 

Therefore, while mapping the structural connectome–the graph of synaptic 
connections–is a monumental and critical step forward, it is becoming clear that 
a purely structural map, however detailed, provides an incomplete picture of brain 
function. Neurons are not just nodes in a graph; they are dynamic, molecularly 
diverse entities.

A critical limitation of traditional connectomics is the absence of information 
about the molecular and physiological diversity inherent in neural circuits. The 
brain utilizes a vast set of neurotransmitters, each acting on a similarly diverse array 
of receptors, leading to varied effects on neural activity. Ion channels, with their 
distinct biophysical properties, shape neuronal excitability and signaling. Further-
more, neuromodulatory systems that release substances like dopamine, serotonin, 
or acetylcholine can globally reconfigure circuit states and synaptic efficacy, often 
without overt structural changes detectable by standard microscopy.21 These molec-
ular dimensions are largely invisible in purely anatomical reconstructions.

To address these limitations, the field is moving toward “multimodal” connec-
tomics. This involves integrating data from various “omics” disciplines–genomics, 
transcriptomics, and proteomics–with structural connectomic maps to create a 

“molecular connectome.”22 Pioneering imaging approaches are being developed to 
generate such multimodal data. Correlative light and electron microscopy (CLEM) 
allows researchers to link functional or molecular information obtained with light 
microscopy to ultrastructural details from EM.23 Techniques like light microscopy–
based connectomics (LICONN) use expansion microscopy and light microscopy 
to visualize synaptic connectivity and molecular components in the same tissue.24 
AI is set to play a crucial role in fusing these disparate data types. Early successes 
are emerging in using AI for cross-modal understanding and prediction, such as 
inferring molecular features or cell types directly from EM image data, leveraging 
the subtle textural and morphological cues that AI models can learn.25 This AI-
enabled integration will vastly improve the interpretability of connectomic data. 
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The accumulation of vast connectomic datasets, while a triumph of mod-
ern neuroscience and engineering, presents a new, even more formidable 
challenge: interpretation. How do we move from petabytes of anatomical 

data to a genuine understanding of how neural circuits compute, learn, and gen-
erate behavior?

Consider the history of C. elegans research. Although it might seem straight-
forward to relate neural circuitry to behavior in an organism that has only three 
hundred brain cells, this ambition has been much more challenging than expected. 
Indeed, the original C. elegans connectome project was part of an ambitious plan to 
relate genetics, the nervous system, and behavior. This effort led to several landmark 
discoveries concerning the lineage of the cells that make up the nervous system, the 
molecules that underlie the naturally occurring death of cells, and, of course, the 
first whole organism connectome. But a grand synthesis of the crucial strands of 
patterns of gene expression, neural development, neural wiring, and behavior has 
been elusive. The problem is complexity. All the aspects of an animal’s physiology 
are honed by millions of years of evolution. Over time, “accidents” due to random 
mutations become ingenious tweaks, or sometimes less elegant kludges, embedded 
in the genetic makeup of an animal. Biological systems are thus relatively difficult 
to reverse engineer from the point of view of a simple, human-interpretable model 
or explanation derived by manual analysis. We therefore argue that AI is essential 
not only for managing and reconstructing data but for unlocking its meaning. 

The very notion of “understanding” a system as complex as the brain is multi-
faceted and has evolved with our scientific capabilities. Historically, understanding 
might have meant a detailed anatomical description or a qualitative model of infor-
mation flow. However, in the context of connectomics and AI, we propose a more 
rigorous and functional definition of understanding.

A crucial aspect of this redefinition involves moving beyond purely descriptive 
cataloging of connections and cell types. While such maps are foundational, a more 
powerful form of understanding implies the ability to make predictions about the 
system’s behavior and ultimately to generate or simulate aspects of its function. 
This shifts the benchmark for understanding toward the development of causal, 
predictive, and generative models of neural circuits.

Under this framework, “understanding” a neural circuit could be benchmarked 
by the ability to:

1.	 Accurately simulate circuit activity. Given a structural connectome and relevant 
physiological parameters (some of which might be inferred by AI), can we 
simulate the patterns of neural activity that would arise under diverse phys-
iological inputs or pathological conditions?26

2.	 Predict the functional consequences of perturbations. Can we predict how the 
circuit’s output or internal dynamics would change if specific neurons 
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were silenced, connections were severed (as in a lesion study), or synaptic 
strengths were altered?

3.	 Generate realistic synthetic connectomes. Can AI models, trained on existing 
connectomic data, learn the underlying “design principles” or “grammat-
ical rules” of neural wiring to the point at which they can generate novel, 
synthetic connectomes that are statistically and perhaps even functionally 
indistinguishable from biological ones?

One of the most exciting prospects of integrating AI with connectomics is the 
ability to create large-scale, biologically constrained simulations of neural circuits. 
These in silico experiments can complement and guide in vivo and in vitro studies, 
allowing for rapid hypothesis testing and exploration of parameter spaces that 
would be intractable experimentally.
AI models can be trained to forecast network activity, information flow, and 

emergent properties based on structural connectomes. For instance, given the 
wiring diagram of a cortical column, an AI model might predict how patterns of 
sensory input propagate through the layers, how different cell types contribute 
to a computation, or how network oscillations arise. Benchmarks for evaluating 
such predictive models will be crucial for driving progress and comparing differ-
ent modeling approaches.27 These models can be employed for in silico hypothesis 
testing regarding circuit mechanisms, such as by simulating the effect of blocking 
a particular receptor type or altering the firing properties of a specific interneu-
ron class. A significant challenge is to develop models that can robustly predict 
functional connectivity (patterns of correlated activity) from detailed structural 
connectomes, bridging the gap between anatomical maps and dynamic brain states.

Connectomic data provide an unprecedented causal foundation and set of mod-
eling constraints for comprehensive neural simulations.28 However, structure alone 
is insufficient; physiological parameters such as synaptic weights, channel con-
ductances, and cell-intrinsic properties are also needed. AI methodologies offer a 
path to inferring these missing parameters. For example, machine learning models 
could be trained on datasets combining sparse functional recordings (for instance, 
multi-electrode arrays or calcium imaging) with dense connectomic reconstruc-
tions from the same tissue volume. Computational models could learn to estimate 
synaptic strengths or neuronal excitability profiles that best reproduce the observed 
functional data, given the anatomical constraints. This AI-driven fusion of multi-
modal data, integrating electrophysiology, activity imaging, and even molecular 
profiles (such as from spatial transcriptomics correlated with connectomic data), 
is a key area for future development. 

The brain’s wiring is shaped by evolution, development, and experience to per-
form sophisticated computations. AI can help discover hidden principles, motifs, 
and rules that govern this “neural syntax.”
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The connectome is fundamentally a graph, with neurons as nodes and syn-
apses as edges. Traditional graph theory has provided initial insights, but the 
sheer scale and complexity of mammalian connectomes demand more pow-

erful analytical tools. Graph neural networks and other geometric deep-learning  
approaches are well suited for analyzing such complex relational data. These 
AI models can learn to identify higher-order connectivity motifs (patterns involv-
ing multiple neurons and synapses), circuit invariants (recurring structural features 
across different brain regions or even species), and fundamental organizational prin-
ciples that might not be apparent through manual inspection or simpler statistical 
analyses. Furthermore, unsupervised and self-supervised learning techniques can 
be applied to discover novel structural and functional features within connectomic 
data without requiring a priori hypotheses or explicit labels, potentially revealing 
entirely new ways of categorizing neurons or understanding circuit organization.

Evolution has sculpted nervous systems to meet diverse behavioral demands. 
Comparing connectomes across different species, developmental stages, learning 
paradigms, or even between sexes can reveal conserved computational solutions 
and species-specific adaptations. AI can be instrumental in this comparative anal-
ysis. For instance, researchers may develop and employ AI tools for the robust 
alignment and comparison of massive, complex connectomic datasets, even when 
there isn’t a one-to-one correspondence between neurons. This can help quan-
tify interindividual variability in connectomes and its functional implications, a 
key research area for understanding both normal brain function and the basis of 
individual differences.29 Identifying conserved circuit motifs that appear across 
different phyla might point to fundamental computational building blocks, while 
divergent features could explain unique cognitive abilities.

Many neurological and psychiatric disorders are increasingly thought to have 
underpinnings in altered neural circuitry, a concept often termed “connecto
pathies.”30 AI-supported synapse-level connectomics offers the potential to identify 
subtle structural “fingerprints” of these conditions, paving the way for new diag-
nostic tools and a deeper understanding of disease mechanisms.
AI algorithms can be trained to detect subtle, disease-associated alterations in 

synaptic density, the morphology of dendritic spines or axons, or specific patterns 
of miswiring in animal models of disease or, where available, in human pre- or 
postmortem tissue.31 For example, an AI system could learn to distinguish the 
synaptic architecture in a mouse model of autism from that of wild-type control 
(unmodified) mice, even if the differences are too subtle or distributed for a human 
pathologist to reliably identify. This enables high-throughput screening of connec-
tomic changes, potentially leading to the discovery of novel biomarkers for early 
diagnosis, disease stratification, or monitoring treatment response.

Beyond biomarker discovery, AI-driven simulations based on connectomes from 
disease models can help investigate how specific connectomic aberrations lead to 
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functional deficits. For instance, if a particular interneuron type is found to have 
reduced synaptic input in a schizophrenia model, simulations could explore how 
this local change impacts broader network dynamics and information process-
ing, potentially linking the connectomic alteration to cognitive symptoms. Such 
models could also be used to develop predictive tools for disease progression or to 
simulate the effects of potential therapeutic interventions that aim to correct the 
underlying circuit pathology.

A significant hurdle in applying connectomics to human disease is the limited 
availability of synapse-level human brain tissue suitable for EM, especially from 
living patients or for psychiatric conditions with which postmortem changes can 
be confounding. The recent H01 dataset from a human cortical sample–a 1.4 peta-
byte reconstruction of one cubic millimeter of human brain tissue–while from a 
patient with epilepsy, represents a step forward, but continued efforts to acquire 
and analyze such samples, combined with AI’s ability to extract maximal informa-
tion from them, will be crucial.32 

The brain is the only existing proof that general, robust, and energy-efficient 
intelligence is possible. As connectomics unveils the detailed circuit diagrams of 
biological brains, it will provide a rich source of inspiration for new AI architec-
tures and algorithms. Insights into how neurons are wired, the types of circuit 
motifs employed, principles of sparsity and wiring economy, and the structural 
basis of learning rules could directly inform the design of next-generation AI sys-
tems that are more powerful, energy-efficient, data-efficient, and biologically 
plausible.33 For instance, understanding the specific connectivity patterns in 
brain regions known for particular cognitive functions (like navigation, language, 
or planning) might lead to AI models that excel at these tasks by mimicking bio-
logical solutions.

The synergy also flows in the reverse direction. As AI research develops increas-
ingly powerful architectures, such as transformers, the fascinating question arises: 
Do biological neural circuits implement analogous computational principles?34 
Large-scale connectomics provides the data to investigate this. By analyzing detailed 
wiring diagrams, neuroscientists can search for structural motifs or patterns of 
connectivity that might correspond to components of successful AI models. For 
example, are there patterns of long-range connections and local inhibitory circuits 
in the cortex that could implement something akin to the artificially engineered 
attention mechanisms in transformers? Discovering such homologies would 
not only deepen our understanding of brain function but could also help refine 
AI concepts.

The prospect of acquiring and analyzing highly detailed brain data, poten-
tially including synapse-level connectomes from humans, raises significant 
ethical considerations that must be proactively addressed.
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Human connectomic data are arguably among the most personal and sensitive 
information imaginable, especially if and when such data are generated at signif-
icant scale. Robust frameworks for data privacy, secure storage, and controlled 
access are essential. Questions of data ownership–whether by the individual, the 
research institution, or the funding agency–need careful consideration, especially 
as datasets become more widely shared for collaborative research. 

As AI tools identify potential connectomic biomarkers for complex traits or dis-
orders, there is also a risk of misinterpretation or oversimplification. Brain function 
and behavior are highly complex, arising from interactions across multiple scales. 
Attributing a complex psychiatric condition solely to a specific wiring abnormality 
identified by AI would be a gross oversimplification and could lead to stigmatiza-
tion or flawed therapeutic approaches. Clear communication of the limitations and 
probabilistic nature of such findings is crucial.

We must also consider the profound philosophical and societal implications 
of the ability to deeply understand, simulate, and potentially, in the distant future, 
modify brain circuits. What does it mean for our concepts of self, free will, and con-
sciousness if we can create detailed computational replicas of brain activity? While 
therapeutic applications for devastating brain disorders are a primary motivator, the 
potential for nontherapeutic uses or misuse of such powerful technologies cannot 
be ignored. Open discussion involving scientists, ethicists, policymakers, and the 
public will be necessary to navigate these complex issues responsibly.

Connectomics has advanced from its highly conceptual origins to its current 
state as a data-rich, technologically advanced field. The initial, painstaking 
efforts to map the nervous system of C. elegans laid a crucial foundation, 

demonstrating the feasibility and potential value of complete wiring diagrams. Over 
the past two decades, driven by exponential improvements in electron microscopy, 
automated sectioning, and computational power, the scale and scope of connecto-
mic projects have expanded dramatically, culminating in recent landmark datasets 
from Drosophila, mice, and even fragments of the human brain. Throughout this 
evolution, machine learning and AI have transitioned from a peripheral aid to a 
central and indispensable partner. Initially applied to the formidable challenge of 
segmenting neurons and synapses from vast image volumes, AI’s role has broad-
ened to encompass more detailed forms of data annotation.

Now, however, AI is poised to play an even more fundamental role in scientific 
interpretation of brain data. Specifically, AI offers the tools to redefine what it 
means to “understand” the brain, moving toward predictive and generative mod-
els that can be rigorously tested and iteratively refined. It allows us to perform in 
silico experiments at scales and with precision previously unimaginable, to uncover 
hidden organizational principles within the enormous complexity of neural wiring, 
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and to identify the subtle connectomic fingerprints that may unlock the mysteries 
of devastating brain disorders.

Looking forward, the potential for paradigm-shifting breakthroughs is immense. 
The coevolution of connectomics and AI promises not only to accelerate discoveries 
in fundamental neuroscience but also to inspire new generations of artificial intel-
ligence, potentially leading to AI systems that are more robust and efficient. In the 
realm of medicine, the ability to link specific connectomic alterations to disease 
states could substantially accelerate diagnostics and pave the way for novel thera-
peutic strategies targeted at the circuit level.

However, realizing this vision requires a sustained and intensified commitment 
to interdisciplinary collaboration. The challenges ahead are too vast and complex 
for any single discipline or entity to tackle alone. Neuroscientists, AI researchers, 
computer scientists, engineers, physicists, mathematicians, and ethicists must 
work in concert, sharing data, tools, and insights. Initiatives that foster such “big 
team science,” alongside continued investment in foundational technologies and 
computational infrastructure, will be critical. 
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