UC Merced
Proceedings of the Annual Meeting of the Cognitive Science
Society

Title
A Heterogeneous Computational Model Reveals Temporal Hierarchy of Brain

Permalink
https://escholarship.org/uc/item/3h75b5ky

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 48(0)

Authors

Xu, Yaru

Wei, Jing
Dong, Yanqging

Publication Date
2026

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License,
available at https://creativecommons.org/licenses/by/4.0

Peer reviewed

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/3h75b5kv
https://escholarship.org/uc/item/3h75b5kv#author
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/

A Heterogeneous Computational Model Reveals Temporal Hierarchy of Brain

Yaru Xu!-" (2024310105 @link.tyut.edu.cn), Jing Wei>" (20141032 @sxufe.edu.cn), Yanqing Dong!
(dongyanqing0078 @link.tyut.edu.cn), Yan Niu' (niuyan@tyut.edu.cn), Jiayue Xue’
(20241004 @sxufe.edu.cn), Hao Guo! (feiyu_guo@sina.com), Yanli Yang!-* (yangyanli01@tyut.edu.cn), Jie
Zhang>** (jzhang080 @gmail.com), Jie Xiang'-* (xiangjie @tyut.edu.cn)
I College of Computer Science and Technology (College of Data Science), Taiyuan University of Technology
2 School of Information, Shanxi University of Finance and Economics
3 Institute of Science and Technology for Brain-Inspired Intelligence, Fudan University
4 Key Laboratory of Computational Neuroscience and Brain-Inspired Intelligence, Fudan University
T These authors contributed equally to this work, * Corresponding authors.

Abstract

Brain functional activity exhibits a distinct temporal hierar-
chy, characterized by the increase in intrinsic neural timescale
(INT) from unimodal to transmodal cortices. However, existing
large-scale brain network models struggle to accurately simu-
late this timescale hierarchy. This study developed a heteroge-
neous dynamic mean-field (hDMF) model by quantifying corti-
cal microstructural differences using T1-weighted/T2-weighted
(T1w/T2w) mapping. For model training, we proposed a novel
multi-objective expectation maximization (MOEM) algorithm
guided by bifurcation theory to achieve precise optimization in
high-dimensional parameter spaces. Results demonstrated that
the hDMF model significantly outperformed traditional models
in fitting functional connectivity and metastable states, while
successfully reproducing the gradient distribution of INT. Fur-
ther application to ADNI clinical data revealed its ability to ef-
fectively simulate the abnormally elevated INT in Alzheimer’s
patients. In summary, this study provides a high-fidelity com-
putational model for understanding the spatiotemporal brain
dynamics and demonstrates potential clinical application value
in biomarker exploration for neurodegenerative diseases.

Keywords: timescale hierarchy; parameter optimization; large-
scale brain network model

Introduction

As a highly complex dynamical system, the spatiotemporal
patterns of spontaneous brain activity arise from the interac-
tion between the intrinsic dynamics of local circuits and their
anatomical connections. Large-scale brain network models
built on coupled brain regions with biophysically realistic
properties can elucidate the intrinsic mechanisms underlying
the functional organization of the brain and its dynamic evolu-
tion (Bassett et al., 2018). Recent studies have further revealed
that the brain exhibits not only a hierarchical distribution in
functional space, but also a distinct hierarchical structure in
the temporal dynamics of neural activity. Transmodal as-
sociation cortices can integrate information across extended
time scales while maintaining stable functional states, whereas
unimodal sensorimotor cortices respond rapidly to stimuli at
short time scales (Gauthier et al., 2012; Hasson et al., 2008;
Honey et al., 2012; Lerner et al., 2011; Stephens et al., 2013).
Intrinsic neural timescales (INT) serve as a core metric for
characterizing this temporal hierarchy (Chaudhuri et al., 2015;
Golesorkhi et al., 2021; Murray et al., 2014; Wasmuht et al.,

2018; Wolff et al., 2022). They have been identified across
mammals at different evolutionary levels (Chaudhuri et al.,
2015; Gao et al., 2020; Ito et al., 2020; Raut et al., 2020), re-
vealing the temporal coding mechanisms of brain information
processing. This makes INT an important research window
for deciphering abnormal brain dynamics in neurological dis-
orders (Wengler et al., 2020, 2024; Zhang et al., 2024b).
Incorporating INT into brain dynamics modeling is crucial
for enhancing its spatio-temporal dynamics characterization
capabilities, thereby enabling a deeper understanding of the
spatio-temporal evolution mechanisms underlying brain ac-
tivity.

Early large-scale brain network models generally assumed
that different brain regions share similar dynamics in local
neural populations, thereby simplifying the complex biophys-
ical modeling process. They typically fail to adequately ac-
count for the complex dynamic characteristics of brain ac-
tivity, such as non-stationarity and state transitions. With
the advancement of multimodal neuroimaging techniques,
researchers have incorporated structural heterogeneity into
brain network modeling, such as utilizing T1-weighted/T2-
weighted (T1w/T2w) cortical gradients of myelination to re-
flect biophysical differences across brain regions (Chaudhuri
et al.,, 2015; P. Wang et al., 2019). These groundbreaking
studies provide a more systematic framework for understand-
ing the dynamics of brain function. However, existing models
still fail to fully capture the temporal diversity and information
processing gradients of brain activity, particularly exhibiting
significant shortcomings in simulating the INT (Chen et al.,
2015; Cocchi et al., 2016; P. Wang et al., 2019). This limita-
tion constrains the models’ capacity for deep analysis of the
spatio-temporal organization mechanisms in the real brain and
their ability to dynamically reconstruct temporal abnormali-
ties under pathological conditions. Therefore, there is a need
to develop new modeling frameworks that integrate more re-
fined dynamic constraints while preserving the advantages of
modeling structural heterogeneity, in order to systematically
capture the hierarchical features of the brain across temporal
scales.

Existing heterogeneous brain network modeling accommo-
dates complex regional differences by expanding the param-
eter space, but the automatic parameter search algorithms
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it relies on have inherent limitations. These algorithms fo-
cus on numerical fitting in high-dimensional spaces and lack
targeted constraints on the dynamic principles of neural sys-
tems. While they can effectively fit functional connectivity
(FC), they struggle to support the hierarchical structure of time
scales that spontaneously emerges within the model (Castaldo
et al., 2023; Monteverdi et al., 2023; Yang et al., 2024). As
a nonlinear dynamical system, the dynamic switching and
stability of brain functional activity are fundamentally regu-
lated by bifurcation behavior. To overcome the limitations
of existing methods, this study incorporates bifurcation the-
ory into model parameter optimization. By constructing a
dual-parameter bifurcation map of global coupling strength
and local recurrent connectivity parameters, it precisely iden-
tifies the parameter region where the brain resides in a critical
state. The system exhibits both stability and flexibility in
this region, closely matching the dynamics of fluctuations
near critical points observed in the real brain (Deco & Jirsa,
2012; S.-J. Wang & Zhou, 2022). Through qualitative dy-
namical analysis of critical regions, we propose an objective
function constrained by multiple features, thereby providing
a neurodynamical mechanism for constrained optimization in
large-scale brain models.

This study incorporates the heterogeneity of myelin into
large-scale brain network modeling, enabling precise char-
acterization of the biophysical properties of brain regions.
To optimize the model, this study innovatively proposes a
multi-feature joint objective function constrained by neurody-
namic mechanisms, achieving precise optimization in high-
dimensional parameter spaces. This study makes three key
contributions: First, the constraint mechanism based on bifur-
cation theory provides a neurodynamical rationale for model
parameter optimization. Second, the multi-objective cost
function translates complex neural activity features into quan-
tifiable optimization metrics. Finally, the proposed model-
ing approach enhances the accuracy of functional connec-
tivity fitting while enabling the spontaneous emergence of
INT hierarchical gradient. Furthermore, extending this model
to Alzheimer’s disease successfully captures the characteris-
tic pattern of abnormally elevated INT observed in patients.
These findings provide new computational neuroscience in-
sights into the functional dysregulation dynamics of neurode-
generative diseases.

Methods
Heterogeneous Dynamic Mean-field Model (hDMF)

The dynamic mean-field model (DMF) is an effective simpli-
fication of the detailed spike model (Deco et al., 2013), which
can accurately and simply describe the relevant brain dynam-
ics. Itis obtained through coarse-grained approximation of the
collective physiological discharge behavior of neuronal popu-
lations, without considering the detailed interactions between
individual neurons. The behavior of interacting brain regions
can be described by a set of coupled nonlinear differential
equations:

S = =21 4 r(1 = SOH(x) + £, (1) M)
Ts
X = wISi +GI Y CifSj+1 )
J
H (x;) = axi—b 3)

1 —exp (—d (ax; — b))

where, x; , H(x;) and S; represent the total input current,
discharge rate, and average synaptic gating variables for each
population in cortical region i, respectively. The connectiv-
ity strength of the structural connections scaled by the global
coupling factor G. I represents the total excitatory subcortical
input. The parameters are obtained from neurophysiologi-
cal data to maintain the biophysical validity (Gordon et al.,
2017). A comprehensive description of these parameters and
the methodology for fitting large-scale dynamical models can
be found in our previous study (Wei et al., 2022). The simu-
lated neural activities S; were fed to the Balloon—Windkessel
hemodynamic model (Heinzle et al., 2016; Stephan et al.,
2007), to simulate the BOLD signals for each brain region.

In the DMF, the recurrent connection strength w is assumed
to be the same across different regions. Here, we relax the
conditions of the model and parameterize the recurrent con-
nection strength w using the T1w/T2w myelin map 7;. In this
way, our heterogeneity model allows each region i had its own
recurrent connection strength w;. We refer to the resulting
model as heterogeneous dynamic mean-field model (hMFM).
Mye; represents the value obtained by rescaling the 7; of the
i-th brain region to the range from 0 to 1, the calculation
formula is as follows:

T; — min{T}
Mye; = 4
yei max{7} — min{7T'} @)
wi =wo+ a,Mye; (®)]

where i = 1,2,..., N, where N represents the number of
brain regions, wq represents the minimum value of the recur-
rent connection strength, and a,, is the scaling factor defining
the hierarchical heterogeneity.

In order to emphasize the role of the cortical gradient ap-
proximated by the T1w/T2w myelin map in shaping the net-
work dynamics, we have also constructed a random heteroge-
neous dynamic mean-field model (r_hDMF). We have used a
random function to generate a 68x1 vector, where each ele-
ment of the vector randomly takes values between 0 and 1 and
serves as Mye; of the i-th brain region. In this way, we sim-
ulate a cortical gradient without biological significance and
explore the specific impact of the hierarchical heterogeneity
of the cortical gradient on the network dynamics.

Multi-Objective Expectation Maximization
(MOEM)

To enhance model accuracy and identify the optimal param-
eter combination for fitting empirical data, we conducted a
bifurcation analysis on existing features used for model con-
straints, including the Pearson correlation of static FC, the
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Kolmogorov—Smirnov (KS) distance of the functional con-
nectivity dynamics (FCD) distribution (Kong et al., 2021),
metastability(Cabral et al., 2011), synchrony(Cabral et al.,
2011), the Kullback—Leibler (KL) divergence of PMS(Deco
et al., 2019), and the Markov chain entropy of TPM(Deco et
al., 2019). A thorough parameter space exploration was con-
ducted by varying the global coupling factor G and the local
coupling factor w. To optimize the model parameters by in-
tegrating multiple constraint features, we define the objective
function as follows:

Goal = Z f; = goal; ©6)

Where f; is the weight of the i-th constraint feature, with

fi > 0, and goal; is the goodness-of-fit metric. A lower

Goal value indicates better model fit. To further validate

the optimal parameter combinations, this study weighted the

three indicators selected through bifurcation analysis, yielding
seven potential objective functions:

goal; = (1 = Rpc) + (1 = Meta) + KS

goaly =2 (1 —Rpc) +0.5% (1 — Meta) +0.5«KS
goal3 =05 (1 —Rpc) +2 % (1 — Meta) +0.5+KS
goaly =05+ (1 = Rpc) +0.5% (1 — Meta) + 2+« KS
goals =2 % (1 = Rpc) +2 % (1 — Meta) + 0.5« KS
goalg =2 (1 —Rpc) +0.5+ (1 — Meta) +2=KS
goal; =05% (1 = Rpc)+2+ (1 — Meta) +2*KS

(N

where Rrc denotes the Pearson correlation coefficient be-

tween the simulated and the empirical static FC matrix. KS

represents the KS distance between the simulated and the em-

pirical FCD matrix. Meta indicates the metastable values of
the simulated data.

The performance of the objective function is comprehen-
sively evaluated through the following four parameters, with
the sum of these factors constituting the model cost func-
tion. A lower value of the model cost function indicates better
objective function performance, thereby enabling more reli-
able identification of the global optimum. Goodness of fit
(GoF): The average value of each objective function across
30 simulations. Stability of goodness of fit (GoF-S): The
standard deviation of each objective function across 30 simu-
lations. Accuracy of parameter estimates (PEA): The average
Euclidean distance between the 30 sets of parameter solutions
found through objective function parameter optimization and
the optimal solution identified via grid search. Stability of pa-
rameter estimates(PES): Evaluated by the average Euclidean
distance among the 30 parameter solutions obtained for each
objective function.

Intrinsic Neural Timescale (INT) Calculation

INT is calculated by assessing the autocorrelation amplitude
of brain activity at rest, as shown in Figure 1. For each region
i, the autocorrelation function (ACF) is computed as described
by the formula:

A —krx B MRI signal
2.4 Association At LA iy

Sensory
22 2671 i ™
= ARel B
Z 20
18
16 i
s sy
Sensory

signal

Resting state

» Association

Figure 1: Definition and calculation of INT.(A) Group-
average INT from the HCP dataset. (B) Calculation of INT
based on resting-state functional magnetic resonance imaging
(rs-fMRI) data.

T . -
ACF, = Zike1 e =D Ye-k = Y) ®)

ZZ:l (e =y )2

Here, k represents the time lag, 7 denotes the total number
of time points, and y is the functional magnetic resonance
imaging (fMRI) signal. The value of INT is approximated
as the area under the ACF curve during the initial positive
cycle (the sum of the green bar areas in Figure 1B). To adjust
for differences in the temporal resolution of neural data, we
multiply the sum of the obtained ACF values by the repetition
time (TR) of the fMRI recording. The calculation method for
INT is shown in the formula:

T
INT =TR Z ACFy )

t=1

Dataset and Preprocessing

We used structural T1-weighted MRI, diffusion magnetic res-
onance imaging (AMRI), and resting-state functional MRI (rs-
fMRI) from 45 subjects from the Human Connectome Project
(HCP) Retest datarelease (Van Essen et al., 2013). Each scan-
ning session included two resting-state runs that were acquired
with 2 mm isotropic resolution with a TR of 720 ms and lasted
for 1200 TRs. Details of the data collection can be found on
the HCP website (http://www.humanconnectome.org/).

Data on neurodegenerative diseases were obtained from the
Alzheimer’s Disease Neuroimaging Initiative-3 (ADNI3; http:
//adni.loni.usc.edu/) encompassing subjects with Alzheimer’s
disease group (AD, 11 women and 14 men, mean age,
74.4+8.5 years), mild cognitive impairment group (MCI, 20
women and 18 men, mean age, 74.8+9.9 years), and cogni-
tively normal group (CN, 25 women and 12 men, mean age,
76.5£7.2 years).

All MRI data were preprocessed using an HCP minimal
preprocessing pipeline (Glasser et al., 2013). Intersubject
alignment in the HCP dataset relied on multimodal areal-
feature-based surface registration (MSMALII), which provides
performance improvements over registration techniques based
on geometric features only and reduces biases due to registra-
tion error in group-averaged datasets (Robinson et al., 2014).

The data preprocessing and feature extraction were carried
out using the multimodal automated processing pipeline de-
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veloped in our previous work (Wei et al., 2022). For each par-
ticipant, based on the Desikan Killiany (Desikan et al., 2006)
segmentation template, a 68 x 68 structural connectivity (SC)
matrix was obtained. The weight of this matrix was generated
by correcting the number of fiber bundles in the pairwise brain
regions according to the surface area of the brain regions. The
anatomical hierarchy was measured by the T1w/T2w maps re-
leased by the HCP. No further preprocessing was performed
other than averaging the T1w/T2w values within each anatom-
ical region of interest (ROI). Group-averaged T1w/T2w values
were computed by averaging the data from all subjects.

For functional data, the BOLD signals of 68 brain regions
are extracted based on the Desikan Killiany segmentation tem-
plate. The fMRI data are averaged within each brain region, a
68 x 68 FC matrix is computed for each subject based on the
Pearson correlation coefficients between BOLD time series.
For each participant, the FC within each window was calcu-
lated using the sliding time window method, with each sliding
window having a length of 83 TR (59.76 s). The correlation
between the FC matrices of each sliding window was mea-
sured using Pearson correlation, generating a 1118 x 1118
FCD matrix.

In addition, we assigned 68 cortical regions to one of the 7
resting-state networks (RSNs) defined in Yeo et al (Yeo et al.,
2011) by evaluating the area of overlap of the cortical surface.
These 7 networks are named as follows: the frontoparietal con-
trol network (FPN), default mode network (DMN), limbic net-
work (LIM), dorsal attention network (DAN), salience/ventral
attention network (VAN), somatomotor network (SMN), and
visual network (VIS).

Results
Model Parameter Selection

Based on bifurcation analysis, we systematically validated the
critical parameter / in the model (Figure 2). In the group-
level model of the HCP dataset, constructing the bifurcation
distribution in the G — w two-dimensional parameter space
revealed that the optimal match between empirical FC and
simulated FC occurred in the subcritical bifurcation region
when I = 0.32. At this point, the brain system simultaneously
exhibits characteristics of stable spontaneous states and high
discharge states, suggesting the system is near a critical state.
In the validation of individual models within the HCP dataset,
the vast majority of subjects demonstrated optimal FC fitting
performance around / = 0.32, indicating that this parameter
possesses cross-individual stability.

To validate the universality of this parameter, we repeated
the bifurcation analysis on the independent ADNI dataset
within the CN group. Results showed that the optimal match
for FC in the CN population also occurred at / = 0.32.

Result of the Objective Function for Minimizing
Multi-Feature Joint Constraints

To further determine the model constraint metrics, we per-
formed G — w bifurcation analysis on Rrc, KS, KL, ME,

HCP group-level m HCP subject-level model CN group-level model

Correlation to empirical FC
)8

00 01 02 03 04 05 06 07

Figure 2: Based on bifurcation analysis, the model parameter
I was determined for different datasets.

Metastability, and Synchrony separately, where the enclosed
regions represent bifurcation zones. Figure 3A shows that bi-
furcation regions cover only a subset of Rrc > 0.6 areas while
also including parameter combinations where Rgc < 0.6, in-
dicating that R ¢ alone cannot accurately constrain the model.
The maximum fit for FCD is quantified by KS distance. In
Figure 3B, regions where K .S < 0.2 fully converge within the
bifurcation region, suggesting that dynamic functional con-
nectivity captures more nonlinear dynamic information [39].
Figure 3C-D quantify the fit between PMS and TPM using
KL divergence and ME, respectively. When Kringelbach et
al. (2020) constrained brain network models using these met-
rics, the corresponding values were remarkably low at 0.002
and 0.05 . However, in this study, PMS and TPM did not
contribute significantly. Figure 3E shows that regions with
metastability > 0.02 are entirely contained within bifurca-
tion regions, validating metastability as an effective indicator
of brain dynamic adaptability (Deco et al., 2015; Shine et al.,
2019). Figure 3F demonstrates that the model exhibits no
abnormally high synchrony under optimal parameters.

Based on the above results, we selected f Rpc, KS, and
metastability as features for constructing the cost function. As
shown in Table 1, the comparison results indicate that the ob-
jective function goals outperforms other functions, yielding
the best results. It exhibits significant advantages in GoF-S,
PEA, and PES, indicating stronger robustness to outliers and
higher stability of fitting results. Regarding the GoF, goals
ranks second only to goals but still reflects high fitting ac-
curacy. Therefore, we adopt goals as the optimal objective
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Figure 3: Bifurcation analysis identifies features for model
constraints. (A) Pearson correlation coefficient Rp¢ for sim-
ulated and empirical FC. (B) Kolmogorov—Smirnov (KS) dis-
tance for simulated and empirical FCD. (C) Kullback-Leibler
(KL) divergence of simulated ad empirical PMS. (D) Markov
chain entropy (ME) for simulated and empirical TPM. (E)
Metastable. (F) Synchrony.

function for the MOEM algorithm.

Table 1: Comparison of Objective Function.

Objective  GoF GoF-S PEA PES Cost

goal; 0.4899 0.3264 0.3284 0.3471 1.4918
goaly 04720 0.4341 0.2087 0.2662 1.3810
goals 0.9446 0.0805 0.3090 0.3429 1.6770
goaly 0.2235 0.0015 0.2659 0.2807 0.7716
goals 0.3186 0.0007 0.2107 0.2055 0.7355
goals 0.3195 0.4031 0.2659 0.3146 1.3031
goaly 0.3622 0.0245 0.2266 0.2748 0.8881

Evaluate the Performance of the hDMF

As shown in Figure 4, we compared the fitting performance
of the traditional homogeneous DMF model, the structural
heterogeneity hDMF model, and the random heterogene-
ity r_hDMF model under optimal parameters. At the FC
level, the correlation between the FC matrix simulated by the
hDMF model and the empirical FC matrix reached r = 0.78
(p < 0.0001, Figure 4A). This was significantly higher than
both DMF (r = 0.71, p < 0.0001) and r_hDMF (r = 0.69,
p < 0.0001, Figure 4B). The metastable drift of hDMF (0.009)
was reduced by approximately 25% and 47% compared to
DMF (0.012) and r_hDMF (0.017), respectively (Figure 4C).
Regarding FCD, the hDMF model demonstrated the highest
fit with empirical data, exhibiting a KS value of only 0.075,
indicating that the hDMF model can authentically reproduce
the dynamic functional connectivity patterns observed in em-
pirical data (middle panel of Figure 4D). In contrast, the DMF
model (left panel of Figure 4D, KS = 0.504) and r_ hDMF
model (right panel of Figure 4D, KS = 0.368) performed
slightly worse, exhibiting greater discrepancies between their

probability density function curves and the empirical data
curve.

000!
DMF  hDMF  r_hDME DMF  hDMF  r_hDME

empirical| 4 empirical
DMF hDMF X r_hDMF

empirical

=
£

probability densi

empirical INT

Simulated INT (ADMF)

02)
2
g
T RS SO
11
S

15 17 19 2 !
DMF__hDMF 1 hDMF Empirical INT SSsory Assochation

Figure 4: Performance Evaluation and Comparative Analysis
of of hDMF. (A) Correlating between simulated and empirical
FC of hDMF. Comparison of Different Models with empir-
ical Data: (B) Pearson correlation coefficient for FC. (C)
Metastable offset values. (D) Similarity of FCD distributions.
(E) Pearson correlation coefficient for INT. (F) Correlation
scatter plot between simulated INT from hDMF model and
empirical INT data. (G) Hierarchical distribution of INT
from hDMF.

In terms of functional time hierarchy, the results in Fig-
ure 4E indicate that the hDMF simulation results show sig-
nificant correlation with the INT calculated from empirical
data, whereas both DMF and r_hDMEF perform poorly on this
metric. Figure 4F illustrates the INT fitting between empir-
ical data and the hDMF model (r = 0.43,p < 0.001), with
data points exhibiting a distinct linear distribution trend. The
hDMF successfully recreates the temporal gradient hierarchy
across cortical regions, ranging from sensorimotor regions
(VIS, SMN with shorter INT) to association regions (DMN,
LIM with longer INT) (Figure 4G).

Robustness Analysis

As shown in Figure 5, we applied the model to the ADNI
dataset to validate the robustness and generalization capabil-
ity of the hDMF model across different datasets. Figure SA
demonstrates that despite differences in the magnitude of INT
values among the CN, MCI, and AD groups, all groups exhibit
a consistent pattern: relatively shorter INT values in unimodal
regions and relatively longer INT values in cross-modal re-
gions. The results in Figure 5B reveal that INT values across
all subject groups increase along the structural gradient from
sensorimotor regions to association areas. Compared to the
CN group, the AD and MCI groups exhibit a general trend of
increased average INT values across all brain regions.
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Figure 5: Robust validation of the hDMF in the ADNI dataset.
(A) Group-average INT across different groups. (B) Group-
average INT distribution across the entire brain.

Discussion

This study proposes a heterogeneous brain dynamics model-
ing approach based on multi-feature joint objective function
optimization constrained by neurodynamic mechanisms, aim-
ing to address the limitation of existing dynamic models in
simulating the temporal hierarchical patterns of brain infor-
mation processing. We introduce the MOEM based on bi-
furcation theory, whose core lies in guiding model parameter
selection through steady-state analysis of the system. Unlike
the black-box parameter scanning of traditional grid search,
this approach defines the critical parameter range via bifur-
cation diagrams, providing a mechanism-driven optimization
strategy. The brain must simultaneously maintain the stabil-
ity of fundamental functional networks while responding to
environmental changes through state transitions. This dual
requirement aligns with bifurcation theory’s description of
parameter-critical systems possessing both robustness and
flexibility (Beggs & Plenz, 2003). Model optimization based
on bifurcation analysis shifts the parameter selection for brain
network models from data-fitting to biologically grounded
principles, providing a universal approach for constructing
more interpretable brain network models.

The model constructed in this study demonstrates outstand-
ing performance across multiple dimensional metrics. This
balanced capability stems from the synergistic interaction be-
tween structural gradients and bifurcation theory. Structural
gradients endow the model with spatial heterogeneity to align
with functional differences among brain regions, while bi-
furcation theory ensures biological plausibility of dynamic

properties by defining critical thresholds. This enables the
model to simultaneously capture spatial connectivity patterns
and temporal dynamic regularities(Friston, 2010). Mechanis-
tically, association areas with low myelination exhibit slower
neural signal integration due to weaker coupling strength
(Demirtas etal., 2019; Fotiadis et al., 2023), resulting in longer
INT. Control experiments demonstrate that the random gra-
dient model, lacking authentic structural gradient constraints,
fails to fit INT, further underscoring the critical influence of
cortical gradients on brain functional performance. Further-
more, research reveals that neurons in primary sensory cor-
tices possess stronger reciprocal excitatory connections, with
their excitatory-inhibitory balance favoring fast-response dy-
namics. This enables rapid processing of local information in
these regions. In contrast, association cortices maintain in-
formation across temporal scales through extensive regulation
by inhibitory interneurons, facilitating more complex cogni-
tive tasks (Li & Wang, 2022). The heterogeneity in electro-
physiological properties of excitatory and inhibitory neuronal
populations across brain regions influences the distribution
of local coupling factors. The gradient variation of w; in
this model essentially translates this anatomical heterogeneity
in excitatory-inhibitory balance into a spatial distribution of
dynamic parameters.

Finally, the consistency of parameter [=0.32 across the HCP
and ADNI datasets in the CN group provides crucial evidence
for the stability and generalization capability of the model.
This cross-dataset parameter robustness suggests that this pa-
rameter may reflect the inherent requirement for maintaining
a critical state in the healthy brain (Deco et al., 2013). Within
the ADNI clinical data, h(DMF captures the anomalous pattern
of overall elevated INT in AD and MCI. This finding aligns
with prior studies documenting temporal scale abnormalities
in brain networks of AD patients (Zhang et al., 2024a), captur-
ing a core dysfunction in structure-function coupling during
neurodegenerative processes. The hDMF model constructed
in this study combines structural gradients with bifurcation
theory, providing a tool with both interpretability and gener-
alization capability for analyzing brain functional hierarchies
in normal and pathological states.

Conclusion

The core contribution of this study proposes a multi-objective
expectation maximization algorithm constrained by neurody-
namics to optimize a large-scale brain network model with
structural gradient heterogeneity, achieving a breakthrough
in reproducing the temporal hierarchical structure of brain
function. The optimized core parameters demonstrate robust
stability across individuals and datasets, enabling the model
to precisely capture the abnormally elevated INT patterns ob-
served in neurodegenerative disease patients. Consequently,
this study endows brain network models with cross-scenario
interpretability by bridging normal functional analysis and
pathological mechanism exploration.
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