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Abstract

Transcranial direct current stimulation (tDCS) is a promising
non-invasive intervention for Alzheimer’s disease (AD). How-
ever, current clinical practices rely on generic stimulation tar-
gets, which fail to account for individual differences among
AD patients, leading to heterogeneous outcomes. To enable
personalized neuromodulation, we propose a normative model
and connectome-driven target prioritization decision (NCTPD)
model. Using a functional connectivity (FC) normative model,
we identify each patient’s abnormal FC patterns and abnormal
regions. We further quantify the coupling strength between can-
didate targets and abnormal regions via individual structural
connectivity (SC), simulating the propagation mechanism of
SC-guided current effects to multiple abnormal brain regions,
thereby establishing target prioritization. Finally, we perform
virtual stimulation on the prioritized targets in the digital twin
brain models of 21 AD patients. Higher-ranked targets show
more significant regression of abnormal FC toward the norma-
tive reference, indicating superior modulation effects. These
results validate the effectiveness of the NCTPD model.

Keywords: personalized target selection; Alzheimer’s disease;
digital twin brain; normative model; transcranial direct current
stimulation; virtual stimulation

Introduction
Alzheimer’s disease (AD) is a neurodegenerative disorder
characterized by progressive cognitive decline, and its pro-
gression is often accompanied by impaired interregional in-
formation integration and brain network dysfunction (Gaubert
et al., 2025; Reijmer et al., 2013). Transcranial direct cur-
rent stimulation (tDCS), a noninvasive neuromodulation tech-
nique, delivers weak direct currents via scalp electrodes to
modulate cortical excitability and plasticity, thereby influ-
encing whole-brain network activity and functional connec-
tivity (FC) patterns and offering a potential therapeutic av-
enue for AD intervention(Gyoda et al., 2025; Woodham et
al., 2025). However, most current studies and clinical prac-
tice rely on generic, fixed stimulation targets that do not ad-
equately account for inter-individual differences in FC and
structural connectivity (SC), resulting in marked heterogene-
ity in treatment efficacy across individuals(Liu et al., 2025;
Yang et al., 2025). Accordingly, optimizing individualized
stimulation targets has become a key direction for achieving
precision neuromodulatory interventions.

Existing studies frequently use generic stimulation targets
to improve group-level FC abnormalities(Jiang et al., 2025).
However, previous research has shown that, due to differences
in individual pathological states and cognitive symptoms, the
FC patterns of AD patients exhibit significant heterogeneity
across individuals(Lam et al., 2013). Therefore, generic stim-
ulation targets and group-level abnormal FC patterns fail to
adequately account for individual differences in FC, leading
to heterogeneous intervention outcomes. As a result, identi-
fying personalized abnormal FC patterns and using them to
guide the selection of personalized stimulation targets is key
to achieving precise modulation. Previous studies have shown
that deviations from normative models of FC can sensitively
represent the degree of individual abnormalities and can be
used to assess disease severity and identify potential neurobi-
ological subtypes(Marquand et al., 2016; Mito et al., 2025).
Huo et al. (2025) quantified AD neurophysiological hetero-
geneity by utilizing deviations from dynamic functional con-
nectivity group norms, and further explored the correlation
between these patterns and clinical indicators, providing new
insights for personalized identification of AD abnormal FC
patterns and personalized precision intervention.

Although directly selecting stimulation targets based on ab-
normal patterns in AD can modulate local functional net-
works(Koch et al., 2022), this approach is overly focused on
individual abnormal brain regions and may fail to activate key
large-scale functional networks associated with the disease,
limiting the precision of the intervention. Prior studies have
shown that tDCS effects are not confined to the stimulation
target but propagate along SC pathways coupled with the tar-
get, thereby inducing widespread brain-wide functional reor-
ganization(Dong et al., 2025; Xie et al., 2025). Therefore,
using SC as a ”navigation” system enables more precise guid-
ance of current effects to multiple associated abnormal brain
regions, facilitating broad intervention on complex FC pat-
terns. However, AD patients exhibit significant individual
neurophysiological heterogeneity, and group-level SC tem-
plates often fail to accurately capture the SC damage in spe-
cific individuals, making it difficult to predict the propagation
path of stimulation effects in particular pathological contexts.
Therefore, combining individualized functional abnormalities
with SC constraints to select targets will be key to enhancing
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the effectiveness of AD modulation.
In this work, we propose a normative model and

connectome-driven target prioritization decision (NCTPD)
model for AD. The model first establishes a normative model
based on the FC of the normal control (NC) group and quanti-
fies the individual abnormal FC patterns inADpatients, which
are then used as targets for modulation. Next, we identify ab-
normal regions within the abnormal FC patterns and quantify
the structural coupling strength between each candidate re-
gion and the abnormal regions under the constraint of SC to
determine target priority. Finally, stimulation is applied to the
target regions in a personalized digital twin brain model, pre-
dicting the changes in FC, and the target efficacy is assessed
by the regression magnitude of the normative deviation. This
methodology enables personalized target selection under FC
normative deviation and structural constraints, providing a
strategy for future model-guided closed-loop optimization of
neuromodulation targets.

Methods
We propose an individualized neuromodulation target-
prioritization decision model for AD constrained by FC
normative model and SC connectome. The FC normative
model delineates the distributed dysfunctional regions requir-
ing modulation by identifying individual-specific abnormal
patterns; meanwhile, the SC connectome leverages physi-
cal topology to guide the propagation of stimulation effects
along the structural backbone, thereby ensuring that single-
target stimulation effectively covers and synergistically mod-
ulates these multiple abnormal regions. As shown in Figure 1,
first, identifying abnormal FC patterns in AD subjects through
FC normative deviation; second, performing target prioritiza-
tion under functional-structural connectivity constraints; and
third, evaluating the efficacy of prioritized targets through vir-
tual stimulation. This methodology provides a quantitative
individualized target ranking, avoiding extensive trial-and-
error, and offers methodological support for the development
and closed-loop optimization of precision neuromodulation
strategies for AD.

Identification of abnormal FC patterns
To characterize the individualized abnormal FC patterns in
patients with AD, we established an edge-wise FC normative
space based on a digital-twin brain framework. This workflow
comprises two core steps: first, constructing a digital-twin
brain to reproduce the dynamical features of empirical brain
activity; and subsequently, establishing a normative model
based on the simulated FC from the NC group to quantify the
standardized deviations of each AD individual relative to the
norm.

Digital twin brain. We construct a large-scale brain net-
work model comprising multiple neural masses as a digital-
twin brain to simulate dynamic brain activity. The neural-
mass formulation adopts the dMFM proposed by Deco et al.
(2013) to capture local cortical dynamics, while inter-regional

coupling is governed by SC. In this model, each cortical re-
gion is represented by coupled excitatory and inhibitory spik-
ing populations, whose dynamics are described by the follow-
ing equations:

¤𝑆𝑖 = − 𝑆𝑖
𝜏𝑆

+ 𝛾(1 − 𝑆𝑖)𝐻 (𝑥𝑖) + 𝜎𝜉𝑖 (𝑡), (1)

𝑥𝑖 = 𝑤𝐽𝑆𝑖 + 𝐺𝐽
∑
𝑗

𝐶𝑖 𝑗𝑆 𝑗 + 𝐼, (2)

𝐻 (𝑥𝑖) =
𝑎𝑥𝑖 − 𝑏

1 − exp[−𝑑 (𝑎𝑥𝑖 − 𝑏)] . (3)

Here, ¤𝑆𝑖 , 𝑥𝑖 , and 𝐻 (𝑥𝑖) denote the mean synaptic gating
variable, the total input current, and the mean firing rate
of the neuronal population in cortical region 𝑖, respectively.
Model parameters were taken from neurophysiological mea-
surements to ensure biophysical realism (Gordon et al., 2017).
Detailed definitions of these parameters, as well as the fit-
ting procedure for large-scale dynamical models, have been
reported in prior work(Wei et al., 2022). Based on the result-
ing digital-twin brain, we are able to reproduce group-level
dynamical features in both AD and NC cohorts and to gen-
erate simulated FC that closely matches empirical FC while
preserving its complexity and biological plausibility.

Normative modeling of FC. We construct the normative
space based on the FC of NC subjects generated by the digital
twin brain. Specifically, for each NC subject 𝑠, the FC matrix
generated by the digital twin brain is first Fisher 𝑧-transformed
and vectorized by extracting the upper triangular elements. To
avoid treating multiple simulations from the same subject as
independent samples, which could introduce bias in statisti-
cal analysis and incorrectly inflate the sample size, we aver-
age the repeated simulations within each NC subject to obtain
the representative edge connectivity strength 𝐶𝑁𝐶

𝑠,𝑟 . We then
estimate the normative mean and standard deviation for each
edge 𝑟 across the NC group:

𝜇𝑁𝐶
𝑟 =

1
|𝑁𝐶 |

∑
𝑠∈𝑁𝐶

𝐶𝑁𝐶
𝑠,𝑟 , (4)

𝜎𝑁𝐶
𝑟 =

√
1

|𝑁𝐶 | − 1

∑
𝑠∈𝑁𝐶

(
𝐶𝑁𝐶
𝑠,𝑟 − 𝜇𝑁𝐶

𝑟

)2
. (5)

This yields the edge-wise FC normative parameters
𝜇𝑁𝐶
𝑟 , 𝜎𝑁𝐶

𝑟 , which serve as a unified statistical reference for
calculating subject deviations in AD.

Individualized abnormal FC patterns in AD. For the FC
of AD individual 𝑠 simulated by the digital-twin brain model,
we apply the same preprocessing pipeline as that used for the
NC group to obtain the edge-wise FC strength 𝐶𝐴𝐷

𝑠,𝑟 . Based
on the previously estimated NC edge-wise normative param-
eters {𝜇𝑁𝐶

𝑟 , 𝜎𝑁𝐶
𝑟 }𝐸𝑟=1, the standardized deviation 𝑍𝐴𝐷

𝑠,𝑟 of AD
individual 𝑠 on edge 𝑟 is defined as:

𝑍𝐴𝐷
𝑠,𝑟 =

𝐶𝐴𝐷
𝑠,𝑟 − 𝜇𝑁𝐶

𝑟

𝜎𝑁𝐶
𝑟

, 𝑟 = 1, . . . , 𝐸. (6)
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Figure 1: The normative model and connectome-driven target prioritization decision (NCTPD) model. (a) Identification of
individual abnormal FC patterns driven by normative model deviation. (b) Target prioritization and ranking under FC-SC
constraints. (c) Evaluation of target efficacy using virtual stimulation.

To construct individualized abnormal FC patterns, we adopt
a deviation-magnitude–based Top-𝑝 edge selection strategy.
Specifically, all FC edges are ranked in descending order ac-
cording to |𝑍𝐴𝐷

𝑠,𝑟 |, and the top 2% are selected to form the ab-
normal FC pattern E𝑎𝑏𝑛 (𝑠) for AD individual 𝑠. These ab-
normal FC patterns are then used as targets for evaluating and
optimizing neuromodulation effects.

Functional–structural connectivity constrained
target prioritization
To devise more precise individualized stimulation strategies,
we propose a target decision model constrained by both FC
and SC, leveraging the structural propagation mechanism of
tDCS. Specifically, the model first delineates individualized
functionally dysfunctional regions based on abnormal pat-
terns; subsequently, it quantifies the physical modulation po-
tential of candidate nodes over these regions using the struc-
tural connectome, serving as the basis for target prioritization.

Individualized abnormal brain regions in AD. Abnormal
degree is used to quantify the extent to which a brain region
is involved in an individual’s abnormal FC pattern. For any

candidate node 𝑗 ∈ {1, 2, . . . , 𝑛}, its abnormal degree is de-
fined as the number of times it appears as an endpoint in the
abnormal edge set E𝑎𝑏𝑛 (𝑠):

AbnormalDegree𝑠 ( 𝑗) =
∑

(𝑢,𝑣) ∈E𝑎𝑏𝑛 (𝑠)
1{𝑢= 𝑗 or 𝑣= 𝑗 } . (7)

Here, 1{𝑢= 𝑗 or 𝑣= 𝑗 } is an indicator function that checks
whether the abnormal edge (𝑢, 𝑣) has node 𝑗 as one of its end-
points: it takes the value 1 if either 𝑢 = 𝑗 or 𝑣 = 𝑗 , and 0 oth-
erwise. A larger AbnormalDegree𝑠 ( 𝑗) indicates that region 𝑗
plays a more prominent role in the abnormal FC pattern of AD
individual 𝑠, thereby defining the set of individual abnormal
regions V𝑎𝑏𝑛 (𝑠).

Structural connectome guided target prioritization.
Based on the physical mechanism of tDCS propagation
along structural pathways, we introduce “structural cou-
pling strength” to quantify the modulation potential of
candidate targets over the set of abnormal brain regions
V𝑎𝑏𝑛 (𝑠). Specifically, given the structural connectivity
matrix SC𝑠 ∈ R𝑛×𝑛 for individual 𝑠, the structural coupling
strength for any candidate target 𝑗 is defined as:
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𝐶𝑜𝑢𝑝𝑙𝑒𝑠 ( 𝑗) =
∑

𝑣∈V𝑎𝑏𝑛 (𝑠)
𝑆𝐶𝑠 ( 𝑗 , 𝑣). (8)

Here, 𝑆𝐶𝑠 ( 𝑗 , 𝑣) denotes the normalized SC weight between
region 𝑗 and abnormal region 𝑣. We use 𝐶𝑜𝑢𝑝𝑙𝑒𝑠 ( 𝑗) as
the target priority score. A larger 𝐶𝑜𝑢𝑝𝑙𝑒𝑠 ( 𝑗) indicates a
stronger overall SC between target 𝑗 and the set of abnor-
mal nodes. From a structural propagation perspective, such
targets are more likely to cover and influence abnormal re-
gions, and therefore, are expected to yield more pronounced
improvements in the abnormal FC pattern.

Evaluation of target prioritization based on virtual
stimulation
Based on the obtained target-priority sequence, we sequen-
tially apply virtual stimulation to each candidate target in the
AD digital-twin brain model and simulate the network re-
sponse post-stimulation. Furthermore, the modulation effect
is quantified by comparing the deviations of the AD individ-
ual’s FC abnormal pattern from the normative reference be-
fore and after stimulation, thereby validating the effectiveness
of the proposed target-prioritization strategy.

Virtual stimulation. Using the trained digital-twin brain
model, we perturb each candidate target to simulate the
brain dynamics induced by electrical stimulation and obtain
stimulation-evoked changes in FC. Specifically, we introduce
an exogenous perturbation term to the mean synaptic gat-
ing variable of the stimulated region in the digital-twin brain
model, as described in Equation 9:

¤𝑆′𝑖 = − 𝑆𝑖
𝜏𝑆

+ 𝛾(1 − 𝑆𝑖)𝐻 (𝑥𝑖) + 𝜎𝜉𝑖 (𝑡) + 𝛿(𝑖, 𝑡). (9)

Here, ¤𝑆′𝑖 denotes the rate of change of the mean synaptic gat-
ing variable after perturbation, and 𝛿(𝑖, 𝑡) represents the stim-
ulation intensity applied to region 𝑖 at time 𝑡. Each virtual
stimulation targets a single region at a time, while all other
regions remain unperturbed.

Evaluation of target improvement effect. To validate the
effectiveness of the target-prioritization decision model, we
evaluate the improvement of targets by comparing the devi-
ation changes of FC relative to the normative reference be-
fore and after targeted stimulation in the AD digital-twin brain
model. Specifically, for each candidate stimulation target
𝑗 ∈ {1, 2, . . . , 𝑛}, virtual stimulation is applied with brain re-
gion 𝑗 serving as the stimulation site. The FCmatrix obtained
from each simulation is processed using the same preprocess-
ing pipeline as the normative model, and the results frommul-
tiple simulations are averaged at the individual level to obtain
the post-stimulation mean edge-strength vector Cpost_AD(j)

𝑠,𝑟 .
Under the unified FC normative parameters {𝜇𝑁𝐶

𝑟 , 𝜎𝑁𝐶
𝑟 }𝐸𝑟=1,

the edge-wise standardized deviation in the post-stimulation
state is defined as:

𝑍
𝑝𝑜𝑠𝑡_𝐴𝐷 ( 𝑗 )
𝑠,𝑟 =

𝐶
𝑝𝑜𝑠𝑡_𝐴𝐷 ( 𝑗 )
𝑠,𝑟 − 𝜇𝑁𝐶

𝑟

𝜎𝑁𝐶
𝑟

, 𝑟 = 1, . . . , 𝐸.

(10)
Further, based on the deviation representations relative to

the FC normative reference before and after stimulation, we
define stimulation-induced modulation effects to quantify the
extent to which abnormal FC is driven toward the norm un-
der stimulation. The modulation effect of an AD individual is
defined as:

Effect( 𝑗 )𝑠 =
1
𝐸

𝐸∑
𝑟=1

(��𝑍AD
𝑠,𝑟

�� − ���𝑍post_AD( 𝑗 )
𝑠,𝑟

���) . (11)

If 𝐸 𝑓 𝑓 𝑒𝑐𝑡
( 𝑗 )
𝑠 > 0, it indicates that the deviation magnitude of

the connection relative to the FC norm decreases after stimu-
lation, suggesting that the connection state returns to the norm
and the modulation effect is significant; if 𝐸 𝑓 𝑓 𝑒𝑐𝑡

( 𝑗 )
𝑠 < 0, it

indicates that the deviation magnitude increases, suggesting
insufficient modulation effect and potentially leading to dis-
ease deterioration.

Datasets
We used the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) dataset (http://adni.loni.usc.edu/ ), which includes
subjects with AD (𝑛 = 21) and NC (𝑛 = 29). These partici-
pants underwent multimodal imaging, including rs-fMRI, T1-
weighted imaging, and diffusion tensor imaging (DTI). All rs-
fMRI data were acquired using a 3T MRI scanner with TR =
3 s, providing 187 time points per subject. For the rs-fMRI
data, the brain was parcellated into 68 regions based on the
Desikan-Killiany brain atlas.

Results
Individual abnormal FC patterns in AD
First, the average fitting correlations between the empirical
and simulated FC of the digital twin brains reached 𝑟 =
0.35 ± 0.10 for the AD group and 𝑟 = 0.39 ± 0.05 for the
NC group, confirming that the digital twin brain accurately
reproduces the empirical FC features of the subjects and pro-
viding a reliable basis for subsequent analyses. The spatial
distribution of abnormal edges in three randomly selected AD
subjects, referenced to the FC normative model, is shown in
Figure 2. As illustrated, there is significant topological het-
erogeneity in abnormal edges across individuals: the abnor-
mal connectivity in AD_Sub01 is mainly concentrated in the
bilateral frontal and anterior cingulate regions, particularly in-
volving the orbitofrontal and mid-frontal cortices. In contrast,
AD_Sub03 exhibits a broader distribution, extending beyond
the frontal areas to involve the bilateral paracentral lobule
and right precentral gyrus. Finally, AD_Sub08’s abnormal
connectivity shows the most extensive involvement, spanning
the bilateral frontal and parietal regions (specifically the pre-
cuneus and superior parietal lobule), as well as the left tempo-
ral cortex. These abnormal connections are primarily located
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in the frontal, parietal, and temporal regions, which are con-
sidered key pathological areas in AD(Chauveau et al., 2025).
Therefore, it is evident that the FC deviations in AD do not
follow a single, unified pattern, but instead present individual-
specific abnormal FC patterns.

Figure 2: Personalized abnormal FC patterns in AD.

Personalized target selection and neuromodulation
effect improvement in AD
Figure 3a shows the top 10 personalized stimulation targets
for three AD subjects. The results indicate that, although the
targets vary slightly across subjects, the majority of the tar-
gets are confined to the left hemisphere of the brain. This
suggests that the left hemisphere may play a dominant role in
the functional modulation of AD, potentially linked to specific
pathological features and functional connectivity shifts.

We conducted virtual stimulation on 68 personalized stim-
ulation targets for 21 AD subjects using a personalized digital
twin brain model and quantitatively evaluated the neuromod-
ulation effects (Figure 3b). The results show significant indi-
vidual differences in the virtual stimulation responses across
subjects. Targets ranked higher consistently exhibited stable
positive modulation effects across multiple subjects. In con-
trast, a few targets demonstrated negative modulation effects,
suggesting that stimulation of these targets may have adverse
effects on the FC of the corresponding subjects’ brains.

At the group level, we calculated the mean and median of
the modulation effect distribution for each rank to represent
central tendency, and used the standard deviation to describe
the dispersion and individual differences across subjects. As
shown in Figure 3c, the stimulation effect decreased as the tar-
get rank moved lower. Targets ranked higher showed higher
modulation effect values in both the group mean and median,
indicating that these targets more effectively reduce the de-
viation of abnormal edges from the FC normative model and
promote the regression of abnormal patterns toward the nor-
mative reference. As the rank moved lower, the effect gradu-
ally diminished, and in some cases, the effect approached zero
or became negative, suggesting that the improvement dimin-
ished significantly, with some targets possibly exacerbating
deviations.

We further analyzed the improvement effects on the abnor-
mal edge set for each subject’s top 10 targets (Top-10) and
bottom 10 targets (Bottom-10) (Figure 3d), revealing that the
improvement effects of the Top-10 were significantly supe-
rior to those of the Bottom-10 (𝑝 < 0.05, paired t-tests). The
individual-level comparison (Figure 3e) also showed that the
Top-10 improvement effects were better than the Bottom-10
for the majority of subjects, further validating the effective-
ness and practical value of the model in personalized neuro-
modulation target selection.

Commonalities and Differences in Personalized
Target Selection for AD
We further calculated the frequency of occurrence of different
brain regions in the Top-10 high-priority targets across 21 AD
subjects to characterize the commonalities and differences in
target selection at the group level. As shown in Figure 4, sev-
eral brain regions appeared repeatedly in the Top-10 lists of
multiple subjects, including the banks of the superior tempo-
ral sulcus (BSTS), inferior parietal lobule (IPL), entorhinal
cortex (ENT), rostral anterior cingulate cortex (cACC), in-
ferior temporal gyrus (ITG), fusiform gyrus (FUS), cuneus
(CUN), and rostral middle frontal gyrus (cMFG). This indi-
cates that, despite significant heterogeneity in the individual-
ized ranking, certain brain regions are consistently prioritized
across subjects, suggesting that their modulation of abnormal
FC patterns may have stronger generalizability.

Moreover, we found that these high-frequency modulation
targets were all located in the left hemisphere of the brain. Pre-
vious studies have shown that the pattern of left-sided lateral-
ization decreases as AD progresses (Srivishagan et al., 2020;
Wang et al., 2023). Functional asymmetry is a fundamental
organizational principle of the human brain, with each hemi-
sphere supporting distinct cognitive functions to enhance the
parallel processing of multiple tasks, thereby improving over-
all processing efficiency (Corballis, 2019; Hartwigsen et al.,
2021; Vallortigara, Rogers, et al., 2005). Compared to healthy
elderly individuals, the left hemisphere in AD patients ex-
hibits more pronounced changes, including reduced cortical
thickness (Roe et al., 2021), impaired metabolism or blood
flow (Loewenstein et al., 1989; Weise et al., 2018), and net-
work dropout in memory tasks (Tyrer et al., 2020). Stimula-
tion of certain brain regions in the left hemisphere may help
compensate for the functional loss of key neural regions in-
volved in specific cognitive processes (Kumar et al., 2017).
Therefore, we speculate that stimulation of the left hemi-
sphere may enhance FC, and repetitive stimulation may pro-
mote structural plasticity, ultimately contributing to the im-
provement of cognitive function in patients.

Conclusion
In this study, to address the heterogeneity of therapeutic ef-
ficacy arising from the use of generic stimulation targets in
clinical interventions for AD, we proposed a target prioritiza-
tion decisionmodel that integrates a FC normativemodel with
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Figure 3: Personalized stimulation targets and modulation effect improvement in AD. (a) Personalized stimulation targets in AD.
(b) Modulation effect improvement of personalized targets. (c) Average modulation effect improvement of personalized targets
across subjects. (d) Improvement effects of Top-10 vs. Bottom-10 targets.(e) Individual-level improvement effects of Top-10
vs. Bottom-10 targets.

Figure 4: High-frequency brain regions in personalized stimulation targets.

a SC connectome to derive personalized stimulation targets
for AD. First, individual abnormal FC patterns and abnormal
brain regions were identified using an FC normative model.
Subsequently, the coupling strength between candidate targets
and abnormal regions was computed based on SC and used to
rank stimulation targets. Finally, virtual stimulation was per-

formedwithin a digital twin brainmodel to evaluate the degree
of post-stimulation FC regression toward the normative refer-
ence. The results demonstrated that the proposed model ef-
fectively optimized individualized target selection, providing
a computational framework and strategic support for precision
neuromodulation in AD.
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