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Here we present the Digital Brain (DB)—a platform for simulating spiking

neuronal networks at the large neuron scale of the human brain on the
basis of personalized magnetic resonance imaging data and biological
constraints. The DB aims to reproduce both the resting state and certain
aspects of the action of the human brain. An architecture with up to 86
billion neurons and 14,012 GPUs—including a two-level routing scheme

between GPUs to accelerate spike transmission in up to 47.8 trillion neuronal
synapses—was implemented as part of the simulations. We show that the DB
canreproduce blood-oxygen-level-dependent signals of the resting state of
the human brain with a high correlation coefficient, as well as interact with
its perceptual input, as demonstrated in a visual task. These results indicate

the feasibility of implementing a digital representation of the human brain,
which can open the door to abroad range of potential applications.

Despite great progress in brain science, computer science and
mathematics, simulating a spiking neuronal network of the human
brain at a scale of up to 86 billion neurons remains a substantial
challenge. Realistic simulations involve an intensively intercon-
nected evolved structure'” with long-range connections. A direct,
brute-force approach to simulating such a model on currently avail-
able high-performance computing (HPC) systems is prone to fail due
to its complexity and demand on resources®*. Furthermore, direct
measurement of the activity of billions of neurons in a human brain
is not feasible either. Indeed, even with access to complete dataon
neuronal activity and resources to simulate a model on the scale of
the human brain, thereis an absence of the mathematical tools needed
toreverse engineer the complex neuronal network—atask that would
involve fitting trillions of parameters. These challenges therefore
must be properly addressed to produce a model that emulates the
human brain as much as possible, and to contribute to studies of
humanintelligence.

In this paper we demonstrate a methodology for constructing
amodel of the human brain at the full-scale of neuron numbers, and
describe an explicit process that can infer the hyperparameters gov-
erning the entire system.

In past research, the European Human Brain Project aimed to
createadigital infrastructure for neuroscience. For example, the SpiN-
Nakker®, as well as other simulators such as NEST®, can perform simu-
lations at the neuronal level of brains’. These approaches have been
usefulin, for example, simulating networks in both local circuits® and
large-scale networks of multiple brain regions®°. The Virtual Brain also
encompasses a large number of software tools, brain atlases, experi-
mental datasets, computational models and so forth, and is currently
undergoing a large clinical trial on brain diseases'">. However, there
are still computational challenges to overcome to establish a digital
brain: (1) how to efficiently simulate spiking neuronal networks at the
large neuron scale of the human brain; and (2) how to statistically infer
such abig model from limited experimental data.
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Fig. 1| Schematic representation of the DB workflow and simulation
performance. a, The DBis constructed with different numbers of spiking
neurons to simulate and imitate the brain activity. Multimodality MRI data
(comprising DWIand T1-weighted MRI) and a microcolumn connection map were
used to construct a probabilistic connection network (left column). The whole
brain was divided into four different parts (that is, cortex, subcortex, brainstem
and cerebellum). Within each voxel in the cortex, the spiking neurons were
connected according to the microcolumn structure. By contrast, the neurons
within each voxel in the other three parts were connected without considering
the microcolumn structure (middle-left column). The DB can generate diverse
modal function data, for example, spike rasters, local field potentials and BOLD
signals (right column). b, The client-server framework of the DB software. The
DB configured for client-server deployment consists of the back-end system,
storage system and interface, with brain model instances hosted on aserver
accessible to client units. ¢, Anillustration of the communication optimization

Synapses (trillion)

process. The optimized partition algorithm assigns neuron voxels to the GPUs in
away that optimizes data traffic by minimizing GPU connections. The two-level
routing method further balances the communication traffic and parallelizes
communication processing by introducing a bridge node to transfer high-traffic-
load communication between two GPUs (see Methods and Supplementary
Section 3 for details). Communication optimization can reduce the number of
neuronal connections from each source (S) to each destination to the square
root of their original counts®. d, Real connections during the communication

of an HPC with 2,000 GPUs. The horizontal and vertical axes represent the ID
number of GPUs. Black pixels indicate that two GPUs are connected, whereas
white pixelsindicate that two GPUs are not connected. The connections between
GPUs without (left) and with (right) the two-level routing method. e, Performance
comparison of recent large-scale neuronal network simulation works* #4464
according to the number of synapses and the real-time factor per spike.

Inthis work we implement a Digital Brain (DB) platform to simulate
the activity of the whole human brain, going beyond the state of the
art by implementing a spiking neuronal network with up to 86 billion
neurons and 47.8 trillion synapses. We divided the model into four main
parts: cortex, subcortex, brainstemand cerebellum, each having a dif-
ferent micro-architectural structure' (Fig. 1a). A total of 49.52 trillion
parameters were evaluated over 14,012 GPU cards, each running at
1.10 GHz and with 16 GB memory. This isameasure of the scale of com-
putations required for aDB with 86 billion neurons, which also required
the development of optimization algorithms for distributing neurons
and managing spike communications within GPUs">'*, For simulations

maintaining average neuronal firing rates of approximately 7 Hz, 15 Hz
and 30 Hz, we have achieved a performance in which 1s of biological
time requires 65s, 78.8 s and 118.8 s of computation, respectively
(Fig. 1e), which corresponds to real-time factors of 65, 78.8 and 118.8,
respectively. Combined with a hierarchical mesoscale dataassimilation
(HMDA) algorithm, the DB model was fitted to the functional mag-
netic resonance imaging (fMRI)-based blood-oxygen-level-dependent
(BOLD) signals ofahumanbrainintheresting state and inaction, which
indicates that the DB can serve as a platform for conducting various
dry digital experiments. As an example, a visual evaluation task was
successfully performed using the DB (Fig. 2f-i).
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Fig. 2| Digital Brainin the resting state and inaction. a, The DB uses an LIF pallidus externa (GPe) and amygdala (AMYG). f, Workflow for the DB in action,
neuron model with four synapses (AMPA, NMDA, GABA,, and GABA;) to simulate beginning with the assimilation of BOLD signals from the primary visual cortex
spike activity. Firing rates, derived from spike counts over a sliding window, are (orange) to estimate input post-synaptic currents, which are injected into the DB
inputinto the Balloon-Windkessel model to generate simulated BOLD time- for task-related fMRI data. g, Experimental design for the visual evaluation task,
series. Maximum AMPA conductance (resting state) and post-synaptic where participants assess real-world stimuli on a Likert scale (0-10) aftera3s
currents (action) were estimated to match empirical BOLD signals (see b). cue, withinter-trial intervals randomly set between 4 and 6 s. Neu., neutral;

b, The HMDA method combines diffusion ensemble Kalman filter (EnKF) and Pos., positive. h, Voxel-wise Pearson correlations between empirical and
hierarchical Bayesian inference to estimate DB parameters by comparing raw assimilated BOLD signals, averaging 0.52 overall and approximately 0.98 in the
and assimilated BOLD signals at marked time points (dashed lines). ¢, Pearson primary visual region. i, Prediction of evaluation scores in the visual task using
correlations between empirical and assimilated BOLD signals at voxel resolution, simulated voxel-wise BOLD signals from the DB. The left panel shows activation
averaging 0.93 across the brain. d, Spike raster and firing rate plots for specific pattern similarities between the DB and biological brain, marked by blue circles.
cortical (calcarine) and subcortical (globus pallidus) voxels, with excitatory Alinear regression model trained on biological activations and actual scores

(E) neurons in blue and inhibitory (I) neurons in red. e, Power spectrogram of (middle panel) indicated asignificant correlation (Pearsonr=0.575,P < 0.001,
betarhythmsinright-hemisphere subcortical regions, highlighting areas with degree of freedom = 29). Tests were two-sided, with no multiple comparison
elevated beta power, including the caudate nucleus (CAU), globus pallidus adjustments, yielding a P-value of 3.6 x 10, an effect size of 0.575 and a 95% Cl of
internus (GPi), thalamus (THA) putamen (PUT), hippocampus (HIP), globus (0.435, 0.688) (right panel).

Results macroscopic models”—and accounting for the heterogeneity and
The architecture of DB biological details in brain architecture. These factors consistently

The challenges of the DB models involve integrating multiple scales— increase the difficulty and complexity of computation, including the
that is, incorporating microscopic features into mesoscopic and limitation of memory access and communication bandwidths when
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simulating abig model on general computing systems. Given our cur-
rent computing capabilities, we strive to balance biological precision
with affordable computing power. A full description of the architecture
and operation ofthe DBis provided in the Supplementary Information,
and here we give an overview.

For this work, we scanned multimodal magnetic resonance imag-
ing (MRI) data of the corresponding author of this paper (Methods)
and transformed them into a neuronal network architecture via the
following characteristics (Fig. 1a).

First, the number of neuronsineach voxel was taken to be propor-
tional to the gray matter volume obtained from longitudinal relaxation
time (T1)-weighted MRI data. Specifically, they were distributed across
different brain regions as follows: cortex (19,570 voxels), subcortex
(2,191 voxels), brainstem (480 voxels) and cerebellum (1,622 voxels).
Equivalently, our model assigned approximately 16.33 billion, 0.64
billion, 0.05billion and 68.98 billion neurons to the cortex, subcortex,
brainstem and cerebellum, respectively.

Second, the structural connection probability between each
pair of voxels was estimated by the row-normalized voxel-wise
diffusion-weighted neuroimaging (DWI) matrix, meaning each DWI
element was driven by the sum of all elements on the same row, which
characterizes the microstructure of white matter and the biophysical
propertiesinferred fromlocal diffusion properties. The proportion of
voxel pairs with non-zero elements is quite low, at around 0.72% of all
non-diagonal DWIelements. We assumed that long-range connections
between neuronal populations are exclusively excitatory, asinhibitory
connections typically exhibit more localized behaviour. Average syn-
aptic inputs were set at 1,000, 1,000, 100 and 100 per neuron for the
cortex, subcortex, brainstem and cerebellum, respectively.

Within every voxelin the cortex, distinct populations of excitatory
andinhibitory neurons are present across the cortical layersL2/3, L4, L5
and L6, whichare collectively modeled as amicrocolumn'®. Other voxels
located in the subcortical region (subcortex, brainstem and cerebel-
lum) are represented by arandomly connected subnetworkinvolving
two populations (excitatory and inhibitory). Furthermore, by com-
bining positron emission tomography (PET) imaging of the synaptic
vesicleglycoprotein 2A (refs.17,18) with available neuroanatomy data,
the mean ratios of inner-voxel over all connections were estimated at
around2/7,6/25,14/25 and 16/125 for the cortex, subcortex, brainstem
and cerebellum, respectively. Drawing upon these measured biological
data (PET-DWI-sMRI, where sMRI is structural magnetic resonance
imaging), which are combined with existing knowledge, we derived a
weighted directed graph of neuronal populations with high heteroge-
neity, sparseness and long-range cohesion (Supplementary Section1).

In the DB, each neuron was modelled using the leaky integrate-
and-fire (LIF) model, which was equipped with four types of synapses:
«-amino-3-hydroxy-5-methyl-4-isoxazolepropionic-acid (AMPA),
N-methyl-D-aspartic-acid (NMDA), y-aminobutyric-acid-A (GABA,)
and GABA;. These synapses exhibited aninstantaneous jump followed
by an exponential decay in their response properties. Each neuron
received post-synaptic currents asinput, supplemented by independ-
ent Ornstein-Uhlenbeck processes to represent non-synaptic envi-
ronmental noise. These inputs influenced the generation of action
potentials (spikes) by the neuron model, the output describing the
action potentials over time (Supplementary Section 1). Hence, using
the neuronal activities obtained from the simulation of the DB, we for-
mulated the BOLD signal for each voxel using the Balloon-Windkessel
model” (Fig. 2a).

To achieve a fit between empirical and simulated BOLD signals,
the maximum synaptic conductance parameters of each neuron were
estimated within the framework of HMDA? (Fig. 2b); however, given
the vast number of parameters involved, we assumed that the maxi-
mum synaptic conductance parameters for neurons of the same type
within the same voxel followed the same distribution, thereby sharing
equivalent hyperparameters that needed to be estimated. Notably, we

demonstrated that highly consistent BOLD signals could be achieved
by simulating a neuronal network of an arbitrarily larger scale than
the assimilated model (Fig. 2a,b), where we set the neuron number to
200 million, and the average synaptic connection number per neuron
to 100. When simulating a model with 86 billion neurons, the neu-
ronal network was sampled from the same structure as the assimilated
model, whereas the maximum synaptic conductance parameters were
sampled froma distribution based on the estimated hyperparameters
(Methods and Supplementary Section 5).

Simulation of DB

We performed a spiking neuronal network simulation of the
human-brainscale, using 3,503 computer nodes and 14,012 GPUs. The
whole brain model consists of 86 billion neurons and 47.8 trillion syn-
apses with the topological structure described above (Extended Data
Table 1). In this model, the number of neurons loaded onto each GPU
was dominated by GPU memory size. As the simulator stored enough
neuron properties as configurable parameters to meet custom pat-
terns, the data structure determined that up to 61.3 million neurons
were loaded onto a single GPU.

The DB platformis configured for client-server deployment. The
server—housed within a HPC environment—serves as the back-end
system supporting network simulation using our customized software.
The storage system manages model files, including neuronal network
representations, recorded dataand BOLD signals. Users can customize
the network simulation parameters through a code interface (Fig. 1b).

Due to memory access for handling extremely large computa-
tions and the communication of a substantial volume of spike packets
occurring within milliseconds, the simulation cost of the DB was pro-
hibitively expensive. Furthermore, we emphasize that heterogeneity of
thebrain’s biological structure poses challenges for high-performance
simulation on general HPC platforms. This heterogeneity, character-
ized by an uneven distribution of neurons and synapses, exacerbates
issuesrelated to memory access and communicationimbalance, which
are crucial factors that pose challenges for high-performance simula-
tionon general HPC. To achieve low-latency communication between
GPUs during DB simulation, weintroduced a partitioning algorithm for
determining the location of neurons on GPUs and a two-level routing
method to optimize the data traffic and minimize the inter-GPU con-
nections (Fig. 1c and Supplementary Section 3). Compared with the
natural partitioning method, in which neurons are allocated to GPU
cards one by one until reaching the physical memory limit, we achieved
a substantial reduction of up to approximately 50% in the maximum
inter-GPU traffic value within the system™"*, Using these methods, we
simulated a whole human brain, comprising up to 86 billion neurons
and 47.8 trillion synapses, and achieved real-time factors of 65, 78.8
and 118.8 inthe simulation for average firing rates of around 7 Hz, 15 Hz
and 30 Hz, respectively. This performance surpasses existing works, as
demonstratedin Fig.1e and Supplementary Table 2. See Supplementary
Figs.4-7 for more details on the strong and weak scaling experiments.

We have validated the precision of DB simulation by two aspects.
First, we inserted an independent small neuronal graph (referred to
as a debug graph) into the whole brain network and compared the
simulation results of the debug graph with results obtained from the
same network deployed on a CPU system with the same computation
and communication logic. We found that the spike emission times
computed from both methods were perfectly consistent in timing
(measured in milliseconds), with relative absolute errors of mem-
brane potentials of less than 10 over a1 s simulation period. Second,
the relative errors of membrane potentials of the Euler-Maruyama
method using a time-step of 1 ms over the method of a time-step of
0.001 mswere around 5% over alssimulation period, asillustratedin
Extended Data Fig. 1. These errors tend to increase for longer simula-
tion periods: the current level of precision is deemed acceptable for
data assimilation using MRI data with a period of 0.8 s in the DB. As
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shown in Supplementary Table 4, our GPU-based DB, by simulating
spiking neuronal networks with 2, 3, 4, 5 and 10 million neurons on a
single GPU, achieved real-time factors that were approximately tenfold
smaller than those of the CPU-based tool NEST® (v.3.7.0) on asingle CPU
under the same hardware and software environments (Supplementary
Section4).

Digital Brain in the resting state

We first introduced the construction of the DB in the resting state
using the neuronal network structure and data assimilation framework
described above. We designed each voxel in the cortex as a six-layer
microcolumnstructure'®***, excluding layer I (L1), and merging layers
Iland Illinto one (L2/3). We performed sequential tracking of BOLD
signals during the assimilation process by tuning maximum synaptic
conductance parameters. The time-series of estimation for hyperpa-
rameters for each voxel converged within three to four repetitions (that
is, the period of the BOLD time-series) of the observable resting-state
fMRI signals, whereas the simulated BOLD signals presented a short
delay compared with the experimental signals. To eliminate this delay,
we set a two-repetition time-lag when computing the correlation
between the empirical and simulated time-series (Supplementary
Section 5) to maximize the average correlation in the resting-state
experiment, which is fixed for the following task experiment. The
averaged correlation coefficients of the time-series among all voxels
between the assimilated DB and its experimental counterpart then
reached 0.93 (Fig. 2c). Importantly, the DB could reproduce patterns
of spontaneous neuronal activity (Fig. 2d). Certain subcortical regions
(caudate and hippocampus) exhibited oscillatory states that were
predominantly driven by excitatory activity within the beta frequency
bands (Fig. 2e).

Digital Braininaction

Onthebasis of the DB simulation and the HMDA method, we conducted
astep towards establishing methodologies capable of assimilating the
model with the experimental data in perceptual and cognitive tasks.
Here we outlined how visual evaluation was implemented in the DB,
following the pipeline described in a past work®; there is currently
no suitable encoding and decoding model to reproduce this intricate
processinthefield of biological modelling. To address this challenge,
the DB decodes theinputsignal of the primary sensory region by assimi-
lating the empirical BOLD signal. This decoded signal is then injected
into the model to simulate the propagation of the signal within the
best-fit resting-state configuration of the brain (Fig. 2f). We could then
obtain the simulated signals of the whole brain. A visual evaluation
task? was performed by the patient—one of the authors in the present
paper.Foreachtrial, after a3 sfigure cue, the participant was asked to
evaluate how pleasant they felt to the real-world stimulus on a Likert
scale (ranging from 0 to 10) within 4 s (Fig. 2g). A total 30 trials were
assessed in this task.

For the specific task, we employed the HMDA algorithm on the
perceptual region-of-interest (ROI), referred to as the input brain
region, at the voxel level to decode the sensory stimulus. The estimated
hyperparameters of the voxels in the perceptive ROl served as injec-
tion currents (Methods). The parameters of other voxels were taken
fromthe DB of theresting state. The calcarine (CAL) in the automated
anatomical labelling template (Supplementary Table 3) was used as
the input region for decoding the perceptual inputs in the context of
dataassimilation, meaning that the hyperparameters of the injection
currents of all voxels in CAL were estimated by the BOLD signals. The
Pearson correlation coefficients (PCC) between the assimilated and real
BOLD signals were computed to measure the similarity between the DB
and thebiological brain. The PCCs reached over 0.98 with atime lag of
2 sintheperceptual inputregion. The average PCC over the brain was
0.53 (Fig. 2h), but only 0.37 and 0.35 within the subcortex and brain-
stem, respectively, while reaching 0.79 in the cerebellum (Extended

Data Fig. 2, left). These region-level PCCs are highly associated with
the number of connections between these regions and the perceptual
inputregion (r=0.678,P=3.8 x10™; Extended DataFig. 2, right), which
suggets that the propagation of the signalsinthe DB is possibly driven
by the brain architecture.

We then used the DB to predict the scores in the visual task. To
achieve this, brain activation of the stimulus cue for each trial was
first assessed using the BOLD signals from both the real and digital
brains, by ageneral linear model. In this model, the BOLD signals were
deemed as the predictors, and regressors for modelling each trail were
established by convolving the onsets of the corresponding experimen-
tal condition (the binary task design matrix) by using the Statistical
Parametric Mapping package’s®* canonical hemodynamic response
function, along with six head motion parameters set as the additional
covariateregressors. Thus, the patterns of brain activation were com-
parable between the DB and the biological brain (Fig. 2i, left). Second,
we trained alinear model with the biological brain activations during
simulations, as the response variables and the real scores of the emo-
tional pictures as the predictors. Finally, we predicted how the subject
rated real-world pictures with the brainactivations from the DB and the
sparse coefficient vector obtained viaLASSO (Fig. 2i, middle). Notably,
the predicted scores from the DB were consistent with the actual scores
(r=0.575,P<0.001; Fig. 2i, right).

Discussion

Itis essential to establish the DB as a network model at neuronal and
synapticlevels, because the neuronis the basic unit for brain function
and the interaction between neurons is at the fundamental level for
understandingbrain function®. Furthermore, the scale of the neuronal
networks, along with the brain's architecture, impactsits performance
in both the resting state and during tasks™.

The DB opens up the possibility of testing various experiments
insimulating human brains and will be open for scientists all over the
world to perform dry experiments and test hypotheses towards answer-
ingimportant questions in neuroscience, brain medicine and artificial
general intelligence. Although other neuromorphic systems such as
SpiNNaker, SpiNNaker 2, IBM TrueNorth and Intel Loihi may have the
potential to support large-scale simulations and assimilations, there
are challenges for large-scale human brain simulations and assimila-
tions. They arise not only from insufficient hardware resources but
also fromthe heterogenous long-range connections between neurons
and synapses.

We would also like to note some limitations. First, we only have
limited biological data to explore the network architecture (for exam-
ple, DWI data are directionless but the brain network topologies are
directed)”. Second, the bandwidth limitations of both communication
and memory access prevent achieving the biological scale and preci-
sions of brain simulation. For example, the average synaptic degree
of each neuron s set to up to 1,000, although this is widely known to
even be as large as 10,000 in the human brain**, which has been dem-
onstrated to possess considerable influence on network dynamics®.
Third, the set-up of the neuronal network model has much space to
beimproved, because many details of synaptic densities, microarchi-
tectures, neurobiological details of the synaptic environment noise
and so on, have been simplified. For instance, the current version did
not consider the following factors: synaptic delays*’; diverse types of
temporal kernel of the synapse model’’; a dozen biologically impor-
tant D-type synapse receptors and ion-based channels; the adaptive
threshold; and, more importantly, the self-organized dynamic weights
related to learning, all of which could impact the dynamics of neuronal
networks*. These omissions may lead to a disagreement of neural
dynamics between the DB model and neurophysiological/clinical
data. Finally, the performance of fitting the BOLD signals at the voxel
resolution is limited to validate the neuroscientific value of the DB,
which needs further investigation.
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We need to work on a range of more fundamental infrastructure
aspects to warrant the applicability of the DB. For example, one can
replace the hippocampus region with the recently developed, more
realistic biophysical-based hippocampus model®® as a plug-in sub-
network in the DB model. Furthermore, the interaction between the
digital model and its biological counterpart is an important issue in
establishing a digital twin brain with scientific implications for stud-
iesinneuroscience, brain medicine and brain-inspiredintelligence.In
such away, the integrated, gradually improved DB should be a better
digital tool for deepening the understanding of our brain. Finally, the
current model needs a considerable amount of computational power to
run, and a hardwareimplementation should be one of the future aims.

Methods

Biological data acquisition and pre-processing for DB

In this work we scanned multimodal MRI from the corresponding
author of this paper, Jianfeng Feng®*. All neuroimaging was per-
formed on a 3T MR scanner (Siemens Magnetom Prisma) at the
Zhangjiang International Brain Imaging Centre in Shanghai, using
a 64-channel head array coil. High-resolution T1-weighted images
were acquired using a three-dimensional magnetization-prepared
rapid acquisition with gradient echo sequence (repetition time (TR)/
echo time (TE) =3,000/2.5 ms; T1=1,100 ms; flip angle = 7°; field of
view (FOV) =320 x 320 x 240; voxel size = 0.8 x 0.8 x 0.8 mm?). Multi-
shelled DWIwere acquired using asingle-shot spin-echo planarimaging
(EPI) sequence (TR =3,200 ms; TE =82 ms; FOV =140 x 140 x 92; voxel
size =1.5 x 1.5 x 1.5 mm? multiband factor = 4; phase encoding = ante-
rior to posterior) with two b-values 0f 1,500 s mm (30 diffusion direc-
tions) and 3,000 s mm (60 diffusion directions), in which BO images
were interleaved in every six volumes. BO images with the same DWI
protocol using an opposite polarity (that is, phase encoding from
posterior to anterior) were also acquired. Functional MRI data were
acquired using a gradient EPI sequence (TR =800 ms; TE =37 ms; flip
angle =52°;,FOV =104 x 104 x 72; voxel size = 2 x 2 x 2 mm? multiband
factor = 8; phase encoding = anterior to posterior). The resting-state
fMRI scan consisted of 400 contiguous EPI volumes and task-based
fMRIscans consisted of 350 and 570 EPI volumesin visual and auditory
evaluation tasks, respectively.

The voxel-based morphometry (VBM) of T1-weighted images was
pre-processed by using the VBM8 toolbox in the Statistical Parametric
Mapping package (v.12)**. Briefly, the gray matter image was segmented
and normalized to Montreal Neurological Institute (MNI) space by a
nonlinear registration. Finally, the normalized image was smoothed
with a full-width at half-maximum Gaussian kernel of 8 mm and resa-
mpledataresolution of 3 x 3 x 3 mm?®. The DWIdatawere denoised and
corrected for Gibbs ringing artifacts, head motion, eddy current, and
tissue-susceptibility-induced off-resonance geometric distortions,
where the reversed phase-encoding BO images and adjusted biased
field were processed using FSL software (v.6.0.4, http://www.fmrib.
ox.uk/fsl) and MRtrix3 (http://www.mrtrix.org)*. For the fibre track-
ing, we generated a mask image appropriate for seeding streamlines
onthegray matter-white matterinterface. White matter tractography
was used to estimate the fibre counts between each pair of voxels. The
connection of a voxel to itself was set to 0. For BOLD signals, the fol-
lowing pre-processing was performed by fMRIPrep*®: a skull-stripped
reference volume was generated; a deformation field to correct for
susceptibility distortions was estimated on the basis of fMRIPrep’s
fieldmap-less approach;accordingly, a corrected EPI reference was cal-
culated foramoreaccurate co-registration with the corresponding ana-
tomicalreference and then co-registered to the MNIstandard space; the
pre-processed data were smoothed with a full-width at half-maximum
Gaussian kernel of 6 mm and then band-pass filtered (-0.01-0.1 Hz).
For resting-state data, independent component analysis-based auto-
matic removal of motion artifacts (AROMA) was used to generate
aggressive noise regressors as well as to create a variant of data that

is non-aggressively denoised”. Finally, the pre-processed data were
resampled at aresolution of 3 x 3 x 3 mm?,

To integrate multimodal neuroimaging data into our neural
network model more effectively, we applied a series of data clean-
ing procedures: (1) for cortical structures, including the cerebellum,
only voxels with a gray matter volume greater than 0.4 were retained;
(2) for subcortical structures, including the brainstem, voxels with
a gray matter volume of greater than 0.2 were kept; (3) connections
between voxels with a connectivity count of less than 2 were set to
zero; (4) isolated voxels, which do not form structural connections
with any other voxel, were removed. Hence, a total of 23,863 voxels
were included in the following model construction.

Constructing the DB model

The computational basis of the DB is composed of two components:
the basic computing units and the network architecture. The basic
computing units of the DB are neurons and synapses, as well asaction
potentials (thatis, spikes) transmitted between neurons. The network
architecture gives the synaptic interactions between neurons in the
form of a directed multiplex graph (Supplementary Section 1 and
Extended Data Tables2 and 3).

Simulating DB on GPUs

We simulated a neuronal network with acomputational neuron model
and synaptic network model, by the HPC system of GPUs, due to their
power of parallel computation. The simulation of the neuronal network
was composed of two components: the spike integrals of the synaptic
input spike trains over membrane potentials, and spike communica-
tions that transferred spike trains between neurons.

The computational neuron model of the DB could generally be
anonlinear operator from a set of input synaptic spike trains to an
output axon spike train. The neurons in this work were based on the
LIF model*®: a capacitance-voltage equation described the membrane
potential of neuroniwhenitisless than a given voltage threshold V, ;

av,

CiE =—gLi(Vi = VO + X hyni + ogi + Texci Vi < Ving
u

where C;is the capacitance of the neuron membrane, g, ;is the leakage
conductance, V, is the leakage voltage, /,,; is the background cur-
rent from the environment, serving as noises, and /., ; is the external
stimulus, serving as the external injection input for the task. It should
be noted that the /., ; are the parameters, which are independently
sampled followinga Gammadistribution with certain hyperparameters
estimated. Four synapse types (thatis, AMPA, NMDA GABA ,and GABA;)
are considered inthis model. The background currentis given by inde-
pendent Ornstein-Uhlenbeck processes and described as follows:

Tpgllpg i = (Hpg — Ipg )t + \/;bgobgd Wi 0
where 7y, 11, and 0, represent the s time-scale constants, the sta-
tionary mean, and the standard variance of the process, respectively,
whichare uniformamong neurons, and W,,isaBrownianmotion. When
V,=V,,;att=t,, the neurons register a spike at time point n and the
membrane potential is reset at V., during a refractory period. After
that, V;is governed by the capacitance-voltage equation again. Inthe
case that neuronjwas connected to neuron i, an exponential temporal
convolution was established:

Iu,i = gu,i(vu - Vi)/u,i
o Jui
oo

L

dj u,i (2)

dt

> Wit - t))
K

whereg,;isthe maximal conductance of synapse type u of neuroni, V,is
thevoltage of synapse type u, 7“is the time-scale constants of synapse
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type u of neuron i, w; " is the connection weights from neuron;j to i of
synapse type u, 6(-) is the Dirac-delta function and ¢/ is the time point
of the kth spike of neuronj.

Allnumerical calculations about neurons use afirst-order Euler-
Maruyamamethod with aniterative time-step of 1 ms or 0.1 ms accord-
ing to application. The time-step of spike communication s fixed as 1
msec, as achieved by the message-passing Interface®” with communica-
tion cableswhich canbe regarded as the axons connecting the neurons.

There are two major approaches to accelerating the simulation
performance. One is the parallelization of the computation and com-
municationthreads. The entire computational cycle begins with updat-
ingthe membrane potential equation by the computational thread, and
ends with completion of amaximum synaptic conductance calculation,
upon receiving spikes, thus completing one full iteration. All kernel
operations synchronize once the computational thread finishes, ensur-
ing thatall nodes have completed onefulliteration beforeinitiating the
nextiteration’scomputational kernel. This synchronization operation
guarantees that messages from the previous iteration’s communica-
tion have been received and processed, avoiding information mis-
alignment. This significantly decreases the total simulation duration
(Supplementary Section 3). However, it also means that the overall
computational time depends on the slowest node’s computation, thus
theload balancing of the network determines the overall efficiency of
the model simulation.

Theotherapproachisthe optimized partition algorithm to assign
voxels of neurons on the GPUs and the two-level routing method to
balance the computation and communication. The main time cost
of the DB simulation depended on the communication of synaptic
spikes between neurons and memory access. The neurons of the DB
modelwere allocated into the GPUs with a partitioning algorithmand
atwo-level routing method. Specifically, instead of allocating neurons
to multiple GPUs according to their biological layout, we applied a
partitioning algorithm to assign a set of neurons with strong commu-
nication between each other to the same GPU to take advantage of the
faster communication speed withina GPU. According to the data flow
generated by neurons and synapses and the performance of GPU, the
partitioning algorithm can balance the traffic load across all processes,
thereby effectively supporting such large-scale human brain simula-
tions and assimilation. We further split multiple GPUs into different
groups to minimize the amount of traffic between GPUs in different
groups. An iterative greedy algorithm was employed to assign GPUs
to different groups to ensure optimal traffic flow within a group and
minimize coupling between groups. Within the same group, GPUs
are interconnected directly for communication. If a GPU sends data
to a GPU in another group, it initially passes the data to a bridge GPU
within its group, which relays the data to the target GPU in the other
group. Compared to the original one-level routing communication,
we succeeded inreducing the total number of source and/or destina-
tion message counts to a magnitude order of the square root of the
original count*,

Due to the necessity of initiating a separate thread for each mes-
sage count, it was possible to mitigate the time expenditure associated
with thread initiation throughout the entire system by reducing the
number of counts. It is noteworthy that the simulation and assimila-
tion of higher synaptic densities depend on the data flow generated by
neurons and synapses and the performance of the hardware. Based on
extensive experimentation, we found that under the same hardware
conditions, if synaptic densities increase by tenfold, the hardware
requirements increase by approximately ninefold. Even withincreased
synaptic density, our partitioning strategy can still effectively bal-
ance the load and data flow to keep the simulation time from grow-
ing proportionally™**°, We completed simulation experiments of a
human brain network of 86 billion neurons and 47.8 trillion synapses
on a cluster of heterogeneous computing nodes***. The main steps
included: (1) generating neuron attribute tables for the excitatory/

inhibitory neurons as well as their parameters, and connection tables
describing thelabels of identities of neurons that are connected to this
neuron; (2) running the pre-simulation process toload data, mentioned
in the first step, deploy neurons by their IDs to each GPU, and assign
the simulation data recording set-up; (3) initializing the simulator;
(4) running the simulator to complete simulation accompanied with
simulating datarecording.

Statistical inference of the DB by HMDA

The canonical Bayesianinference framework implied that the number
of parameters involved in the neuronal network model was possibly
much larger than the number of data points, which essentially leads
to overdetermination if conducting this sort of Bayesian inference.
Alternatively, we considered the hierarchical Bayesian inference by
introducing hyperparameter 9 to describe the distribution of param-
eters (Extended Data Fig. 3), which contained the important neuro-
physiological information on these parameters:

P(Sly,) / PCyelxe, O)P(x|B)P(BIP(8)dx,1dE

Here, y, represents the observation (for example, the BOLD
signals in this study), x, represents the internal states (for instance,
the membrane potentials, synaptic currents and the states of
Balloon-Windkessel model), Orepresents the parameters (such as the
maximum conductance and injection currents) and 9 represents their
hyperparameters (Supplementary Section 5). Hyperparameters could
greatly reduce the number of variables to be inferred, thus solving
the overfitting of the statistical inference; however, it was essential to
identify the hyperparameters as well as the parametric distribution of
the parameters, towards balancing between overfitting and precise-
ness of models.

We considered eachvoxel or layer of the microcolumn as a sub-unit
and assumed that the maximum synaptic conductance parameters of
the same type of neurons within the same sub-unit shared the same
hyperparameters. The time-series of BOLD signals from each voxel
were taken as the observations of our neuronal network model, which
were generated by the Balloon-Windkessel model on the basis of the
neural activity quantified with the spike rate of a pool of neurons"
(Extended Data Table 4).

The computation complexity of each iteration depends on the
dimension of the observed data. The distributed Kalman filter is an
efficient way to handle high-dimensional observations*. In our case,
the combination of experimental observations with high resolution and
alimited number of time points would cause computational complex-
ityandill-posedness. Herein we used this idea in the diffusion EnKF by
taking the BOLD signal of each voxel as an observer and establishing
anindependent EnKF (Supplementary Algorithm 3). The correction of
states, parameters and hyperparameters for each voxel was calculated
as a weighted average between its own EnKF correction and those
from other voxels*’. A fusion coefficient y was introduced to balance
the fusion of corrections from itself and all others (Supplementary
Section5).

Statistical inferring DB in resting state

Although HMDA could obtain all hidden states and parameters con-
tained in the model, we assumed that the neuronal network was driven
solely by the maximum synaptic conductance. Therefore, after esti-
mating the hyperparameter of each sub-unit with an observation sig-
nal, we resimulated this model by assigning the maximum synaptic
conductance to each neuron according to the hyperparameter series
(g,). It should be noted that the assimilated hyperparameters have
been employed in the DB model with the same MRI-based structure
but at different scales, including different numbers of neurons and
different average synaptic connection degrees Simulating the DB is
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performed by sampling the parameters by the corresponding esti-
mated hyperparameters. For instance, the maximum synaptic con-
ductance parameters of the network with different average degrees
(d) are simply read as

D
8uip = 8uid 3)

In the initial assimilation of the DB, we used a neuronal network
of 200 million neurons with an average of 100 synaptic connections
per neuron and then assimilated the rest-state BOLD signals with this
model.

Statistical inferring DB in task

In the task work, the hyperparameters of the maximum synaptic
conductance g,; were used to statistically infer the model from the
resting-state fMRI data and those of the external current /., ;were used
to statistically infer the model with task fMRI data. According to the
specific task, we estimated the hyperparameters of the input currents
I ;to the neurons in the voxels that are located in the perceptive ROI
defined by the task fMRI datain the whole brain neuronal network. We
employed the HMDA onthe perceptive ROI (refer to 'input’ brain region)
at the voxel level to decode the sensory stimulus and the assimilated
hyperparameters of the voxels in the perceptive ROl will serve as the
injection currents. For instance, in the visual evaluation task, the cal-
carine hasbeenincluded as the perceptive input, whichis responsible
for the primary visual information processing.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The datasets and Source data that were used to establish and validate
to the Digital Brain in this Brief Communication are publicly avail-
able*. All requests for further information of the datasets should be
addressed to, and fulfilled by, our group: the DTB Consortium, Insti-
tute of Science and Technology for Brain-Inspired Intelligence, Fudan
University, via dtb.fudan@gmail.com. Source data are provided with
this paper.

Code availability

Custom codes in Pytorch for PCand C++for the HPC systems of our DB
platform can be accessed via our GitHub profile (https://github.com/
DTB-consortium/Digital_twin_brain-open) and Zenodo (https://doi.
org/10.5281/zenod0.13995756)*. The code is also available as Supple-
mentary Code to the manuscript. Note that our code strongly depends
on the hardware and software conditions of our HPC system and may
notrunon other HPC systems. All requests for further information of
code should be addressed to our group: the DTB Consortium, Institute
of Science and Technology for Brain-Inspired Intelligence, Fudan Uni-
versity, via dtb.fudan@gmail.com.
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Extended Data Fig. 1| Preciseness of Simulation of the Euler-Maruyama method. The comparison of the membrane potentials in a LIF neuronal network
0f1000 neurons by the Euler-Maruyama method with time-step 1 msec (blue plot) and 0.001 msec (purple plot).
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Correlation

Extended Data Fig. 2 | Digital brain (DB) in action (visual evaluation task). The
distributions of Pearson correlations between the empirical and assimilated
BOLD signals at voxel-level in different brain parts were evaluated in the left
panel. The box represents the interquartile range (IQR) from the 25th to the

75th percentile, with the median indicated by a line within the box. Whiskers
extend to the minimum and maximum values, excluding outliers, providing a
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Region-level correlations

comprehensive overview of the data distribution. In the right panel, region-level
correlations showed a positive association with the strength of structural
connections (obtained from DWI) between the corresponding brain region to the
input region (Pearsonr = 0.678, p = 3.8e-11, df=120). Tests were two-sided, with no
multiple comparison adjustments, yielding an effect size of 0.678, and a 95% Cl of
[0.624, 0.725] (right panel).
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Extended Data Fig. 3 | Framework of Hierarchical Bayesian Inference. The x(¢) by iteratively computing the computational model x = F(x, 6), which
hyperparameter layer presents the random walk to updating of the influenced by the parameter vector 6(¢t). The experimental layer shows how the
hyperparameter from A(¢) to A’. The parameter layer presents the sampling observation y(t + 1), whichis obtained from the hidden state x(¢ + 1), isused to
process of the parameter vector 6(¢) from the hyperparameter by the sampling update the hidden state and the parameters, and in particular, to resample the
operator ®(+) and being modified via the changes from A(¢) to A, which gives hyperparameters from A’ to A(t + 1).

6(t + 1). The computational model layer shows the evolution of the hidden state
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Extended Data Table 1| Statistical Information of the brain network

Regions Cortex Sub-cortex Brainstem Cerebellum
Neuron Nos per voxel 834369 + 290432 £97269 | 110796 + 46885 | 42528898 + 8384971
(mean = std) 127903
Input connection Nos 1000 1000 100 100
per neuron
Output connection 1004 + 351 952 + 260 202 £ 185 103 £34
Nos per neuron (mean
+ std)
Maximum output 5017 3612 1542 833
connection Nos per
neuron
Minimum output 714 760 44 87
connection Nos per
neuron
Voxel-voxel 170 £213 250 + 283 147 £ 109 108 £ 105
connection Nos (mean
+ std)
Total Number of 19570 2191 480 1622
Voxels
Structure of Voxels Microcolumns Voxels Voxels Voxels
Total Number of 16.33 billion 0.64 billion 0.05 billion 68.98 billion
Neurons

The table presents the statistical details of the cortex, subcortex, brainstem and cerebellum regions obtained from the MRI scanning with their means and standard variances.
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Extended Data Table 2 | The summary of the Digital Brain model

Brain part 4 brain parts consist of the cortex, sub-cortex, brainstem, and cerebellum.
Topology Voxel-wise DTI is normalized (row normalization) as the connection
probability.
Populations The cortical voxel is described as microcolumn (8 populations for each)
and the others are modelled as a unified voxel structure (Exc. and Inh.
2populations).
Connectivity Population-specific but otherwise random.

Neuron model

Leaky integrate-and-fire (LIF).

Synapse model

Conductance chemical synapse (4 types), exponential postsynaptic
currents. AMPA and NMDA are modelled in excitatory projection;
GABAa and GABAD are modelled in inhibitory projection.

Background input

independent homogeneous Poisson spike trains or OU-type external

current.

Neuronal size

The proportion of neurons distributed in 4 brain parts is as
Neortex: Neereverum: (Nprainstem + Nsubcortex) = 19%: 80%: 1%. We
then assign number of neurons in each voxel is proportional to their
corresponding gray volume and the ratio of the number of excitation
neurons over that of inhibitory neurons of each layer/voxel equals 4: 1.

Input

Poisson spike

Each synapse is accompanied by 10hz independent Poisson spikes.

OU current The background current is given by independent Ornstein Uhlenbeck
(OU) processes and described as:
TextAlexti = (Uext — lexe,)dt + \/ﬂaextdwt-
The parameters are the same among neurons (Ueyy = 0.66, Gy =
0.12, 74y = 10).
Connectivity
Type Source and target neurons are drawn randomly without replacement (not

allowing autapses and multapses) with population-specific connection

probabilities.

Population-specific

connection probability.

The count of inner and outer synaptic edges of each population is decided
by the DTT and micro-circuit (micro-column or voxel structure). The
detailed micro-circuits inside the voxel of the cortex, subcortex,

brainstem, and cerebellum are listed in Table 2.

In-degree The average in-degree of neurons in a voxel equals a constant. We set
1000 in cortex and subcortex and 100 for others.
Weight fixed, drawn from uniform distribution UJ[O0, 1].

The table summarizes the descriptions of the network model of the Digital Brain, including the details of network architecture construction, neuron/synapse models and inputs.

Nature Computational Science



http://www.nature.com/natcomputsci

Brief Communication https://doi.org/10.1038/s43588-024-00731-3

Extended Data Table 3 | Average number of synapses received by individual neurons in each cortical layer

presynaptic
il e2/3 i2/3 e4 4 e5 i5 eb 16 cC
el 1323 823 200 15 1 9 10133
il 901 560 149 10 1 6 6899
e2/3 133 3554 804 881 45 431 136 1020
2 | 273 52 1778 532 456 29 217 69 396
g ed 27 417 84 1070 782 79 8 1686 1489
% i4 168 41 628 538 36 1028 790
= e5 147 2550 176 765 99 621 596 363 1591
i5 1357 76 380 32 375 403 129 214
e6 2 643 46 549 196 327 126 925 597 2609
i6 80 8 92 3 159 11 76 499 1794

el,2/3,4,5,6 and i1,2/3,4,5,6 represented the excitation and inhibition neuron population of

the layer 1,2/3,4,5,6 respectively.

The table presents the experimental data of the number of the synaptic connections between layers in the cortical laminar model.
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Extended Data Table 4 | Details of the Balloon-Windkessel model

Equations Notations

) z; the neural activity; s; vasodilatory signal; i the
S =2z~ s~ vilfi = 1) label of voxel

fi=si Inflow
1 1
T = fi—vf Blood volume; fo¢; = v/
Ti4i = ———— = v qi/v; Deoxyhemoglobin content, E(f,p) =1— (1 —p)f

4

qi
i =Volki(1—q;)) + k, (1 ——
Vi ol qL 2 ( Ui) Bold signal

+ k3(1—v,)]

The table gives the formulas of the hemodynamical model that generates the BOLD signals from neural activities. More details can be found in Ref. 19 of the main text. The right column
presents the notations of the variables of these equations. Besides, we present the notations and values of the parameters. k; = 1.25 is the inverse of the decay time constant of vasodilatory
signal s;. y; = 2.5 is the inverse of the time constant of the inflow f;. T; = 1is the time constant of the blood volume v;, which is the same with that of the deoxyhemoglobin content g;. A
stiffness exponent o = 0.2 specifies the flow-volume relationship of the venous balloon. p; = 0.8 is the resting oxygen extraction fraction, and hence E (f;, p;) gives the fraction of oxygen
extracted from the inflowing blood. V, = 0.02 is the resting blood volume fraction. We take k; = 7p;, k, = 2, and k3 = 2p; — 0.2.
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Data collection  VBMS toolbox in the Statistical Parametric Mapping package (SPM, version 12, http://www.fil.ion.ucl.ac.uk/spm); FSL software (version 6.0.4,
http://www.fmrib.ox.uk/fsl); MRtrix3 (http://www.mrtrix.org)

Data analysis DTB simulation custom code (version 1.0, https://github.com/DTB-consortium/Digital_twin_brain-open); hierarchical mesoscopic data
assimilation (HMDA) algorithm (https://github.com/DTB-consortium/Digital_twin_brain-open/tree/main/data_assimilation)
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- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The datasets44 that were used to establish and validate to the Digital Brain in this Brief Communication are publicly available at https://github.com/DTB-
consortium/Digital_twin_brain-open/New_Sparse_All_Feng_Data_with_New_Conn_Prob_1April.tar.
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Sample size One individual subject. In this work, we scanned multimodal MRI from the corresponding author of this paper, Jianfeng Feng.
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Plants

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a

Magnetic resonance imaging

Experimental design

Design type

Design specifications

Resting-state and task

A visual evaluation task23 was performed by the subject, one of the authors in the present paper. For each trial, after a
3-second figure cue, the participant was asked to evaluate how pleasant they felt to the real-world stimulus on a Likert
scale (ranging from O to 10) within 4 seconds (Figure 2g). In this task, total 30 trials were assessed.

Behavioral performance measures  The Likert scale (ranging from 0 to 10) .

Acquisition
Imaging type(s)

Field strength

Sequence & imaging parameters

Area of acquisition

Diffusion MRI X Used

T1-weighted (T1w) ; Multi-shelled diffusion-weighted images (DWI) ;fMRI
3 Tesla

T1-weighted (T1w) images were acquired using a 3D Magnetization-Prepared RApid Gradient Echo (3D-MPRAGE)
sequence (TR/TE = 3000/2.5 ms, Tl = 1100 ms, flip angle = 7, FOV: 320*320*240, Voxel size: 0.8*0.8*0.8 mm3). Multi-
shelled diffusion-weighted images (DWI) were acquired using a single-shot spin-echo planar imaging (EPI) sequence (TR
=3200 ms, TE = 82 ms, FOV: 140*140*92, Voxel size: 1.5*%1.5*1.5 mm3, multiband factor = 4, phase encoding: anterior
to posterior) with two b-values of 1500 s/mm?2 (30 diffusion directions) and 3000 s/mm?2 (60 diffusion directions), in
which BO images were interleaved in every 6 volumes. fMRI data were acquired using a gradient echo-planar imaging
(EPI) sequence (TR = 800 ms, TE = 37 ms, flip angle = 52; FOV: 104*104*72, Voxel size: 2*2*2 mm3, multiband factor =
8, phase encoding: anterior to posterior). The resting-state fMRI scan consisted of 400 contiguous EPI volumes and task-
based fMRI scans consisted of 350 and 570 EPI volumes in visual and auditory evaluation tasks, respectively.

Whole Brain

D Not used

Parameters Multi-shelled diffusion-weighted images (DWI) were acquired using a single-shot spin-echo planar imaging (EPI) sequence (TR = 3200
ms, TE = 82 ms, FOV: 140*140*92, Voxel size: 1.5*%1.5*%1.5 mm3, multiband factor = 4, phase encoding: anterior to posterior) with
two b-values of 1500 s/mm?2 (30 diffusion directions) and 3000 s/mm?2 (60 diffusion directions), in which BO images were interleaved
in every 6 volumes.

Preprocessing

Preprocessing software

Normalization

Normalization template

Noise and artifact removal

The voxel-based morphometry (VBM) of T1w images was pre-processed by the VBMS toolbox in the Statistical Parametric
Mapping package (SPM, version 12, http://www.fil.ion.ucl.ac.uk/spm).The DWI was processed by FSL software (version 6.0.4,
http://www.fmrib.ox.uk/fsl) and MRtrix3 (http://www.mrtrix.org) . BOLD signals were precessed by the Statistical Parametric
Mapping package (SPM, version 12, http://www.fil.ion.ucl.ac.uk/spm), co-registered to the MNI standard space; the pre-
processed data were smoothed with a full width at FWHM Gaussian kernel of 6 mm and filtered with band-pass filtering (0.01
~ 0.1 Hz). For resting-state data, ICA-based automatic removal of motion artifacts (AROMA) was used to generate aggressive
noise regressors as well as to create a variant of data that is non-aggressively denoised15. Finally, the pre-processed data
were resampled at a resolution of 3*¥3*3 mm3.

All images were co-registered to the Montreal Neurological Institute (MNI) space standard space by a nonlinear registration.
the normalized image was smoothed with a full-width at half-maximum (FWHM) 8-mm Gaussian kernel and resampled at a

resolution of 3*3*3 mm3.

Montreal Neurological Institute (MNI) space

The DWI was denoised, corrected for Gibbs ringing artifacts, head motion, eddy current, and tissue susceptibility-induced off-
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Noise and artifact removal resonance geometric distortions with the reversed phase encoding BO images and adjusted biased field by FSL software
(version 6.0.4, http://www.fmrib.ox.uk/fsl) and MRtrix3 (http://www.mrtrix.org).

Volume censoring For the fibre tracking, we generated a mask image appropriate for seeding streamlines on the gray matter-white matter
interface. White matter tractography was used to estimate the fibre counts between each pair of voxels. The connection of a
voxel to itself was set to O.

Statistical modeling & inference

Model type and settings Two-sided t-test, with no multiple comparison adjustments for the correlation between the Digital Brain scores and actual
scores.
Effect(s) tested n/a

Specify type of analysis: Whole brain || ROI-based [ ] Both

Statistic type for inference n/a
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(See Eklund et al. 2016)
Correction No multiple comparison corrections.

Models & analysis

n/a | Involved in the study
|:| Functional and/or effective connectivity
|:| Graph analysis

|:| Multivariate modeling or predictive analysis






