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a b s t r a c t 

The hierarchical characteristics of the brain are prominent in the pharmacological treatment of psychiatric dis- 

eases, primarily targeting cellular receptors that extend upward to intrinsic connectivity within a region, in- 

terregional connectivity, and, consequently, clinical observations such as an electroencephalogram (EEG). To 

understand the long-term effects of neuropharmacological intervention on neurobiological properties at different 

hierarchical levels, we explored long-term changes in neurobiological parameters of an N-methyl-D-aspartate 

canonical microcircuit model (CMM-NMDA) in the default mode network (DMN) and auditory hallucination net- 

work (AHN) using dynamic causal modeling of longitudinal EEG in clozapine-treated patients with schizophrenia. 

The neurobiological properties of the CMM-NMDA model associated with symptom improvement in schizophre- 

nia were found across hierarchical levels, from a reduced membrane capacity of the deep pyramidal cell and 

intrinsic connectivity with the inhibitory population in DMN and intrinsic and extrinsic connectivity in AHN. 

The medication duration mainly affects the intrinsic connectivity and NMDA time constant in DMN. Virtual per- 

turbation analysis specified the contribution of each parameter to the cross-spectral density (CSD) of the EEG, 

particularly intrinsic connectivity and membrane capacitances for CSD frequency shifts and progression. It fur- 

ther reveals that excitatory and inhibitory connectivity complements frequency-specific CSD changes, notably 

the alpha frequency band in DMN. Positive and negative synergistic interactions exist between neurobiological 

properties primarily within the same region in patients treated with clozapine. The current study shows how com- 

putational neuropharmacology helps explore the multiscale link between neurobiological properties and clinical 

observations and understand the long-term mechanism of neuropharmacological intervention reflected in clinical 

EEG. 
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. Introduction 

The human brain is a complex hierarchical system composed of inter-

ctions at different levels, from microscale neurons to macroscale brain

etworks. This hierarchical characteristic is prominent in the treatment

f psychiatric diseases. As a most common treatment, antipsychotic

edication, which primarily targets cellular-level neuroreceptors, is ex-

ected to induce long-term changes in the intraregional connectivity

nd interregional brain circuitry and, consequently, routine clinical elec-
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rophysiology. Thus, understanding the hierarchical effects of antipsy-

hotic medications on clinical electrophysiology, particularly an elec-

roencephalogram (EEG), is critical to dissect the long-term mechanism

f neuropharmacological intervention and to adjust treatment methods.

Despite the widespread use of drugs and many reports on drug-

nduced EEG changes ( Adams et al., 2022; Hyun et al., 2011; Jackson

nd Seneviratne, 2019; Knott et al., 2001; Ozaki et al., 2021; Raymond

t al., 2022 ), there is scant information on the long-term neurophar-

acological alterations at the cellular properties, intrinsic connectiv-
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ty among excitatory and inhibitory neural populations, and extrinsic

nterregional connectivity, induced by antipsychotic medications. The

ffects of those neural properties on EEG alterations are also poorly un-

erstood. The resolution of neuropharmacological effects on multiscale

eural properties is very challenging, as we need more knowledge of

he complex hierarchical mechanisms of neuropharmacology. It is also

ontrivial to observe activities at all hierarchical levels for exploration.

owever, computational modeling with biologically plausible assump-

ions may help to address these challenges. 

In the present study, using dynamic causal modeling (DCM)

 Friston et al., 2003 ) of longitudinal EEG, we investigated long-term

hanges in neural properties at different hierarchical levels in patients

ith schizophrenia treated with clozapine and proposed methods to

pecify the effects of neural properties and their nonlinear interactions

n cross-spectral density (CSD) of EEG. 

Schizophrenia, a major mental spectrum disorder of unknown etiol-

gy ( McCutcheon et al., 2019 ), has positive symptoms (delusions, hallu-

inations, and disorganized behavior), negative symptoms (diminished

motional expression or motivation) and cognitive dysfunction (defi-

iencies in attention, working memory, and executive functioning). An-

ipsychotic medications, such as risperidone, olanzapine, paliperidone,

uetiapine, aripiprazole, haloperidol, and chlorpromazine, are the most

ecommended treatments for schizophrenia. Among various antipsy-

hotic drugs, clozapine has been used for treatment-resistant patients

ith schizophrenia who do not respond to typical and atypical antipsy-

hotics ( McEvoy et al., 2006 ). 

Clozapine, a mild agonist of N-methyl-D-aspartate (NMDA) re-

eptors, acts on several neurotransmitter receptors ( O’Leary and

olan, 2015 ). Despite its efficacy, the mechanisms of clozapine are not

ully understood. Particularly, there is a dearth of information on how

t changes brain circuits longitudinally and how it alters schizophrenia

EGs over long periods ( Ravan et al., 2015; Risby et al., 1995 ). 

To address these questions, we chose patients with refractory

chizophrenia who were treated with clozapine. Clozapine remains the

nly drug licensed to treat refractory schizophrenia ( Flanagan et al.,

020 ), and the dosage of clozapine for the control of symptoms in re-

ractory period has not changed much for a long time. The relatively con-

tant drug dose in clozapine-medicated patients is advantageous for ex-

loring clozapine treatment mechanisms that induce long-term electro-

hysiological changes. This is important as the effect of the psychotropic

rug on EEG due to the change in dosage could be minimized. 

We adopted DCM with a canonical microcircuitry model (CMM) with

MDA, called the CMM–NMDA model ( Adams et al., 2020; Pereira

t al., 2021; Symmonds et al., 2018 ). As a conductance-based neu-

al state model ( Moran et al., 2013a; 2011; Pereira et al., 2021 ), the

MM–NMDA model formulates conductance changes of channel pro-

eins such as the alpha-amino-3-hydroxy-5-methyl-4-isoxazolepropionic

cid receptor (AMPA) and NMDA, within the neural context of intrin-

ic and extrinsic connectivity. For a review on the CMM-NMDA, see

ereira et al. (2021) . The CMM-NMDA model can be considered a hi-

rarchical model because it includes cellular-level neural properties for

 subpopulation, intrinsic connectivity among subpopulations in a cor-

ical column, and interregional extrinsic connectivity between cortical

olumns. Consequently, the CMM–NMDA model allows the exploration

f changes in these neural properties throughout the hierarchy due to

ong-term medication. 

For group analysis of longitudinal changes in neural properties with

nterindividual variability in medication duration (MDur, the duration

etween follow-up and baseline) and symptom improvement ratio (SI),

e utilized the parametrical empirical Bayes (PEB) of DCM ( Friston

t al., 2015; 2016 ) with a group-level design matrix composed of those

actors. 

To apply the CMM–NMDA model to schizophrenia, we focused on the

efault mode network (DMN) and the auditory hallucination network

AHN). In schizophrenia, DMN is a common target of schizophrenia re-

earch with respect to autobiographical and attention-related symptoms
2 
 Galindo et al., 2018; Garrity et al., 2007; Li et al., 2017; Sambataro

t al., 2010; Swanson et al., 2011 ). AHN is not only related to audi-

ory hallucinations, a major symptom of schizophrenia ( Andreasen and

laum, 1991; Stephane et al., 2001 ), but it is also the region commonly

ffected in schizophrenia. This is evident from the alteration of cortical

hickness and metabolism in this region ( Cui et al., 2018; Park et al.,

006 ). 

We examined the effects of patient-specific MDur and SI on neural

roperties at each hierarchical level by taking advantage of the hierar-

hical structure of the CMM–NMDA. We further discerned how changes

n specific neural properties in the CMM–NMDA model induce EEG CSD

hifts at four different frequency bands (delta, theta, alpha and beta) by

ntroducing a virtual perturbation analysis. We also proposed a method

o explore nonlinear interaction effects between neural properties in al-

ering EEG CSD. 

We found that longitudinal neuropharmacological changes in

lozapine-treated patients occurred widely at hierarchical levels. These

ncluded cellular-level properties, such as membrane capacitance and

MDA time constants, and intrinsic and extrinsic connectivity. Within

he hierarchy, changes in intrinsic connectivity were dominant in ex-

laining individual variations in MDur and SI. This was particularly ev-

dent in inhibitory interneurons. 

Virtual perturbation analysis showed the role of each neural prop-

rty in generating frequency shifts and the complementary excitatory-

nhibitory role in explaining longitudinal changes in EEG CSD in

lozapine-treated patients. We also found nonlinear interactions be-

ween neural properties in inducing positive and negative synergistic

ffects on the progression of CSD. 

In doing so, we argue the importance of computational modeling,

alled computational neuropharmacology, in exploring the long-term ef-

ects of clozapine by linking clinical observations with the neural proper-

ies of its underlying neural circuitry. Furthermore, computational neu-

opharmacology will also help to understand the causal effects of each

eural property and the interactions between neural properties on the

rogression of EEG CSD. 

The current study comprises five sections. First, we briefly intro-

uce a CMM-NMDA model. Second, we present the EEG preprocessing

nd spectral DCM modeling of individual resting-state EEG after de-

ermining the basic topology of DMN and AHN using Bayesian model

election. Third, we evaluated long-term longitudinal changes in cel-

ular properties and intrinsic and extrinsic connectivity by associating

hem with MDur and SI in patients with schizophrenia medicated with

lozapine. Fourth, we present methods to assess the sensitivity of each

eural property or set of neural parameters in altering EEG CSD. We

lso introduce methods for evaluating the complementary process of

xcitatory-inhibitory neurons and nonlinear interaction effects between

eural properties on EEG CSD changes and progression by virtually per-

urbing these properties in the computational model. Finally, we discuss

he analysis results with empirical data and virtual perturbation analysis

o demonstrate the utility of current neuropharmacological modeling. 

. Experimental data 

.1. Patients 

Longitudinal clinical EEG data from 23 patients with schizophrenia

reated with clozapine (13 males, 10 females), obtained as a clinical

rocedure at Dongguk University International Hospital, were used in

he current study ( Fig. 1 A). EEG data were acquired twice: at the be-

inning of the first acquisition of EEG with stable clozapine treatment

s a baseline and at the second follow-up EEG acquisition; the base-

ine age was 40 . 3 ± 8 . 1 ( 𝑚𝑒𝑎𝑛 ± 𝑠𝑡𝑑, from now on) and the duration be-

ween the two sets of EEG data was 1047 . 1 ± 502 . 7 days. The mean doses

f clozapine (with std) at baseline and follow-up were 251 . 1 ± 59 . 6 𝑚𝑔
nd 240 . 2 ± 66 . 5 𝑚𝑔. There were no significant differences in the dose of

lozapine between follow-up and baseline ( 𝑝 = 0 . 08 ). The Positive and
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Fig. 1. Demographic information. (A) Longitudinal resting state EEG data were collected from 23 patients with schizophrenia at baseline and follow-up time points, 

with an average time (medication duration, MDur) between the two points of 1047.1 ± 502.7 days. The mean dose of clozapine at baseline was 251.1 ± 59.6 mg, and 

240.2 ± 66.5 mg at follow-up. The average improvement in PANSS scores was 13.4 ± 11.8. (B) PANSS score changes between baseline and follow-up and symptom 

improvement ratio (SI) are plotted. Patients with the highest 35% and lowest 35% SI were subdivided into the SI-H and SI-L groups. (C) Patients are displayed with 

respect to MDur and SI. The correlation between MDur and SI is 𝑟 = 0 . 498 . 

Table 1 

Demographic data of patients. 

All SI-H (upper 35%) SI-L (lower 35%) two-sample t -test 

Demographics 

Group size 23 8 8 

Gender M 13:F 10 M 4:F 4 M 5:F 3 

Age [years] 40.3 ( ± 8.1) 37.4 ( ± 4.1) 45.5 ( ± 10.8) t = -2.00, p = 0.07 

duration [days] 1047.1 ( ± 502.7) 1103.1 ( ± 360.5) 1016.6 ( ± 654.1) t = 0.33, p = 0.75 

PANSS 

Baseline 80.4 ( ± 10.4) 85.5 ( ± 9.3) 77.0 ( ± 10.8) t = 1.68, p = 0.11 

Follow-up 67.0 ( ± 12.4) 59.1 ( ± 12.2) 73.6 ( ± 7.6) t = -2.85, p = 0.01 ∗ 

Paired t -test t = 5.45, p = 0.000 ∗ t = 11.8, p = 0.000 ∗ t = 1.18, p = 0.28 

Clozapine [mg] 

Baseline 251.1 ( ± 59.6) 231.3 ( ± 83.2) 281.3 ( ± 45.8) t = -1.49, p = 0.16 

Follow-up 240.2 ( ± 66.5) 215.6 ( ± 81.2) 278.1 ( ± 41.1) t = -1.94, p = 0.07 

Paired t -test t = 1.48, p = 0.15 t = 0.89, p = 0.41 t = 1, p = 0.35 

∗ Indicates being statistically significant ( 𝑝 < 0 . 05 ) for paired t -test between follow-up and base- 

line, and two-sample t -test between SI-H and SI-L. 
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egative Syndrome Scale (PANSS) scores at the follow-up were signif-

cantly reduced compared to baseline ( 𝑝 < 0 . 001 ). PANSS scores in the

aseline phase do not correlate significantly with the dose of clozap-

ne ( 𝑟 = −0 . 382 , 𝑝 = 0 . 072 ). Demographic information is summarized in

able 1 . 

We define the symptom improvement ratio (SI) according to the

ANSS score as follows: 

I = 

(
PANSS baseline − PANSS follow-up 

)
∕ PANSS baseline . (1) 
3 
he mean and standard deviation of SI were 16.2 and 14.6. PANSS

cores and SI are shown in Fig. 1 B. SI is significantly correlated with

edication duration (MDur) between the two acquisitions of EEG data

 𝑟 = 0 . 498 , 𝑝 = 0 . 016 ) ( Fig. 1 C). 

We divided all patients according to SI after regressing the MDur ef-

ect: patients with 35% upper (8 patients) and 35% lower as SI-H and

I-L groups ( Fig. 1 C). At baseline, the PANSS scores and the clozapine

oses did not differ significantly between the SI-L and SI-H groups. How-

ver, PANSS scores were significantly lower in the SI-H group compared
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o the SI-L group at follow-up ( 𝑝 = 0 . 01 ). Although all 23 patients’ data

ere used for model selection, evaluation of frequency and edge-specific

SDs associated with SI and MDur, and evaluation of model parameters

ssociated with SI and MDur, SI-H is the main target of evaluation, as it

hows improvement in symptoms during the clozapine medication pe-

iod, compared to the SI-L group that showed resistance to clozapine

edication. We expected that focusing on the SI-H group would reduce

nter-individual variations in exploring the relationship between neu-

al properties and CSD changes. There were no significant differences

etween the SI-H and SI-L groups in CSD powers at each edge in each

requency band. 

The institutional review board approved this retrospective study of

ongguk University International Hospital. 

.2. EEG acquisition and preprocessing 

The EEGs with a frequency filter range of 0.1 and 100 Hz were

ecorded according to 10/20 systems with 32-channel EEG (Grass Tech-

ologies Comet-PLUS) at a sampling frequency of 400 Hz. Among

he 32 channels, one channel was used for the electrocardiogram

ECG) and two for the electrooculogram (EOG). We resampled the

ata at 250 Hz, followed by high-pass filtering at 1 Hz and line noise

emoval using EEGLab, a MATLAB toolbox ( https://eeglab.org ). We

tilized ’Clean rawdata EEGLAB plug-in’ to remove bad and noisy

hannels with flat signals and low-frequency drifts. The channel sig-

als removed were interpolated with spherical methods. All chan-

els were re-referenced using common-average reference. We per-

ormed independent component analysis (ICA) using the Amica toolbox

 https://sccn.ucsd.edu/~jason/amica_web.html ) to identify noisy com-

onents, which were classified using ICALabel. The signal was recon-

tructed by recombining all components with a residual variance (RV)

f less than 0.15 and the probability of being the brain more than 70%.

he continuous signals were epoched in 2 sec. To eliminate undesir-

ble epochs, short-term Fourier transforms with a frequency range of

–50 Hz were applied to epoched EEG signals. Epochs with a Z-score of

ore than three standard deviations were discarded. The analysis pro-

edure is shown in Fig. 2 . 

.3. Regions of interests for DMN and AHN 

The brain regions of DMN and AHN were determined according to

he previous literature ( Jardri et al., 2011; Steen et al., 2019 ). 

For DMN, the left lateral parietal lobe (lLP: Montreal Neurological

nstitute (MNI) coordinates -46, -66, 30), the right lateral parietal lobe

rLP: 49, -63, 33), the posterior cingulate / precuneus (PrCu: 0, -58,

), and the medial prefrontal cortex (mPFC: -1, 54, 27) were chosen,

ccording to the previous DCM EEG study ( Steen et al., 2019 ). 

For AHN, according to Jardri et al. (2011) , we chose the left inferior

rontal gyrus (lIFG: -50, 13, 5), the right inferior frontal gyrus (rIFG:

7, 10, -10), the left superior and middle temporal gyrus (STG: -56,

45, 14) and the left supramarginal gyrus (SMG: -55, -20, 14). Since

EG may not reliably capture deep brain activity, the hippocampus, and

arahippocampal gyrus were excluded. 

.4. General linear model (GLM) analysis for normalized CSD differences 

We analyzed longitudinal CSD changes in four frequency bands with

espect to MDur and SI of patients. Four frequency bands are delta (1–

 Hz, 𝛿), theta (4–7 Hz, 𝜃), alpha (8–12 Hz, 𝛼), and beta (13–30 Hz,

). We normalized the original EEG 𝐶𝑆𝐷 raw 

by the Euclidean norm of

𝑆𝐷 raw 

across all frequencies ( 𝐹 , 1–40 Hz) and all edges ( 𝐸) to reduce

he effects of the EEG acquisition environment between sessions and

etween individuals. 

 𝑆𝐷( 𝑒, 𝑓 ) = 

𝐶 𝑆𝐷 raw 

( 𝑒, 𝑓 ) √ ∑
𝑒 ∈𝐸 

∑
𝑓∈𝐹 𝐶 𝑆𝐷 raw 

( 𝑒, 𝑓 ) 2 
, (2)
4 
or DMN and AHN, the CSD matrix for each individual, 𝐶𝑆𝐷( 𝑒, 𝑓 ) , in-

ludes 10 edges (all unique edges among four regions under symmet-

ic conditions) × 4 frequency bands. The CSD power difference be-

ween the follow-up and baseline is Δ𝐶𝑆𝐷 ( 𝑒, 𝑓 ) = 𝐶𝑆𝐷( 𝑒, 𝑓 ) follow-up −
𝑆𝐷( 𝑒, 𝑓 ) baseline . We applied GLM analysis for the individual’s CSD

ower difference Δ𝐶𝑆𝐷 ( 𝑒, 𝑓 ) at each frequency band at each edge with

 design matrix composed of MDur and SI after Z-score normalization,

lus a vector of one for offset, that is, 

𝐶𝑆𝐷 ( 𝑒, 𝑓 ) = 𝛽0 + 𝛽1 ×𝑀𝐷𝑢𝑟 + 𝛽2 × 𝑆𝐼. (3)

ased on this GLM model, we explored the common( 𝛽0 ), MDur( 𝛽1 ),

nd SI( 𝛽2 ) effects for longitudinal CSD changes. Although MDur and SI

ere significantly correlated ( 𝑟 = 0 . 498 ), the collinearity was not high

nough. Thus, we did not conduct Gram-Schmidt orthogonalization. 

. Dynamic causal modeling of longitudinal EEG of chronic 

chizophrenia 

To link neural properties at each hierarchical level with EEG, we

odeled longitudinal EEGs of chronic patients with schizophrenia using

CM in the hierarchical Bayesian framework. 

Figure 2 describes the entire procedure of the present work. 1)

he EEG data were preprocessed to eliminate artifacts. 2) Using cross-

pectral density (CSD) for DMN and AHN, we estimated individual-level

ull CMM-NMDA DCM models considering all potential extrinsic connec-

ions between brain regions in the network. 3) From estimated DCMs for

ndividuals, we performed Bayesian model reduction and the best model

election for DMN and AHN. 4) Using the PEB method, we performed

 group-level analysis to identify parameters for the group common,

Dur, and SI effects. 5) Finally, we performed a virtual perturbation

nalysis to evaluate the effects of parameters on the CSD. 

The current analysis is based on the CMM–NMDA model in

cm_meeg toolbox in SPM12 ( https://www.fil.ion.ucl.ac.uk/spm/

oftware/SPM12/ ). Figure 3 shows the hierarchical structure of a CMM–

MDAfor EEG model, which describes channel-level neural properties,

nteractions among subpopulations within a region, and interactions

mong the brain regions. 

The current study follows the conventional DCM modeling

 Friston et al., 2003 ), comprising a neural state model and an observa-

ion model. In the DCM, the neural state dynamics model 𝑓 ( 𝑥 ( 𝑡 ) , 𝑢 ( 𝑡 ) , 𝜃)
xpresses the dynamics of neural states 𝑥 ( 𝑡 ) , that is, activities of neural

opulations. The observation model ℎ ( 𝑥 ( 𝑡 ) , 𝜙) converts the neural states

 ( 𝑡 ) to the observed signals 𝑦 ( 𝑡 ) . The observed signals 𝑦 ( 𝑡 ) can be formu-

ated by the combination of the two model equations: 

̇  = 𝑓 ( 𝑥 ( 𝑡 ) , 𝑢 ( 𝑡 ) , 𝜃) + Γ𝑥 , (4) 

 ( 𝑡 ) = ℎ ( 𝑥 ( 𝑡 ) , 𝜙) + 𝜀, (5) 

here 𝜃 and 𝜙 represent the model parameters for the neural state dy-

amics function 𝑓 and the observation function 𝑔. 𝑢 ( 𝑡 ) denotes an exter-

al stimulus or input, which is not specified in the modeling of resting-

tate EEG. Γ𝑥 and 𝜀 represent endogenous fluctuation and observational

oise. 

.1. CMM–NMDA neural state model 

.1.1. Intrinsic neural properties and dynamics 

The CMM–NMDA model simulates neuronal activity in response

o changes in the conductance of receptor channels. This model

s composed of the conductance dynamics of three receptor chan-

els, NMDA, AMPA, and gamma-aminobutyric acid (GABA) ( Fig. 3 A)

 Pereira et al., 2021 ). The state dynamics of a neural population 𝑗 with

 neural state 𝑥 ( 𝑗) = { 𝜇( 𝑗) 
𝑉 
, 𝜇

( 𝑗) 
𝑔 AMPA 

, 𝜇
( 𝑗) 
𝑔 GABA 

, 𝜇
( 𝑗) 
𝑔 NMDA 

} , is described as follows

 Marreiros et al., 2009 ). 

 

( 𝑗) 𝜇̇( 𝑗) 
𝑉 

= 

∑
𝑘 

𝜇( 𝑗) 𝑔 𝑘 

(
𝑉 𝑘 − 𝜇

( 𝑗) 
𝑉 

)
+ 𝜇( 𝑗) 𝑔 NMDA 

𝑚 

(
𝜇
( 𝑗) 
𝑉 

)(
𝑉 NMDA − 𝜇

( 𝑗) 
𝑉 

)
(6) 

https://eeglab.org
https://sccn.ucsd.edu/~jason/amica_web.html
https://www.fil.ion.ucl.ac.uk/spm/software/SPM12/
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Fig. 2. The procedure of DCM PEB analysis for longitudinal neural property changes in patients with schizophrenia treated with clozapine. In the initial phase, 

the EEG data were preprocessed. We then selected regions of interest (ROI) for DMN and AHN, and estimated individual DCMs with full models, with all possible 

connections among regions in the network. For the estimated models, we conducted model reduction and selected the best models for DMN and AHN. The multilevel 

PEB analysis was applied to extract common, medication duration (MDur) and symptom improvement (SI)-related effects in neural property changes. Finally, we 

performed virtual perturbation analyses (for details, see Table 4 ). 
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̇ ( 𝑗) 𝑔 𝑘 
= 𝜅

( 𝑗) 
𝑘 

(
𝜁
𝑗 

𝑘 
− 𝜇( 𝑗) 𝑔 𝑘 

)
, for 𝑘 ∈ { L,AMPA,GABA } , (7) 

here 𝜇
( 𝑗) 
𝑉 

represents the mean membrane voltage, and 𝜇
( 𝑗) 
𝑔 𝑘 

the con-

uctance of the channel 𝑘 in the neural population 𝑗. Note that the

onductance of the leak channel (denoted L), 𝜇
( 𝑗) 
𝑔 L 

, is assumed to be a

onstant 1 as in SPM12. 𝑚 ( 𝜇𝑉 ) reflects voltage-dependent magnesium

Mg +2 ) block, which has a nonlinear relation with membrane voltage 𝑉 

 Jahr and Stevens, 1990; Koch, 1998; Moran et al., 2013a ): 

 ( 𝑉 ) = 

1 
1 + 0 . 2 ⋅ exp (− 𝛼NMDA ⋅ 𝑉 ) 

(8)

ere, 𝛼NMDA is the magnesium block parameter set to 0.06 in SPM12. 

.1.2. Intrinsic connectivity 

In the CMM–NMDA model, each brain region consists of four neural

opulations at three major cortical layers: the superficial pyramidal cell

 𝑠𝑝 ), the spiny stellate cell ( 𝑠𝑠 ), the deep pyramidal cell ( 𝑑𝑝 ), and the in-

ibitory interneuron ( 𝑖𝑖 ) according to the columnar organization of the

rain cortex ( Fig. 3 B). Connectivity between neural populations within

 region is called intrinsic connectivity. Intrinsic connectivity from pop-

lation 𝑖 to 𝑗 through channel 𝑘 , is represented as a coupling parameter,
( 𝑖,𝑗) 
𝑘 

, and the input to the 𝑗th neural population, 𝜁
𝑗 

𝑘 
, is defined as below.

𝑗 

𝑘 
= 

∑
𝑖 

𝛾
( 𝑖,𝑗) 
𝑘 

𝜎
(
𝜇𝑖 
𝑉 
− 𝑉 𝑅 , Σ𝑖 

)
. (9)

he function 𝜎 reflects the proportion of activated neurons in a neural

opulation and is expressed as the cumulative distribution function of
5 
he univariate normal distribution, with a mean ( 𝜇𝑖 
𝑉 
− 𝑉 𝑅 ) and variance

𝑖 . 𝑉 𝑅 indicates the membrane potential threshold, which was set to

40 𝑚𝑉 in SPM12. 

.1.3. Extrinsic connectivity 

The CMM–NMDA model contains both forward and backward con-

ections mediated by AMPA and NMDA receptors, resulting in four types

f extrinsic connections ( Fig. 3 C). Forward connectivity begins at the 𝑠𝑝

ell of a region and extends to the 𝑠𝑠 cell of its target region. Extrinsic

ackward connectivity begins with the 𝑑𝑝 cell of a region connecting to

he 𝑠𝑝 and 𝑖𝑖 cells of its target region. 

 

𝑓 

𝑘 ( 𝑖,𝑗) = 𝐴 

𝑓 

𝑘 ( 𝑖,𝑗) ⋅ 𝜎𝑗,𝑠𝑝 (10)

 

𝑏 
𝑘 ( 𝑖,𝑗) = 𝐴 

𝑏 
𝑘 ( 𝑖,𝑗) ⋅ 𝜎𝑗 ,𝑑 𝑝 (11) 

here 𝑘 ∈ { AMPA,NMDA } 

here 𝐼 
𝑓 

𝑘 ( 𝑖,𝑗) indicates the forward current in region 𝑗 from region 𝑖 , 𝐼 𝑏 
𝑘 ( 𝑖,𝑗) 

he backward current, and 𝜎𝑗,𝑠𝑝 and 𝜎𝑗 ,𝑑 𝑝 mean firing rate in the 𝑠𝑝 cell

nd in the 𝑑𝑝 cell. The details of the parameters are listed in Table 2 . 

.2. EEG observation model 

The observation model is a function that connects the activity of a

ource neural population to the sensor data. In the case of EEG, this
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Fig. 3. The hierarchical structure of the CMM–NMDA model and model inversion using DCM. The CMM-NMDA model comprises intrinsic neural properties (A), 

intrinsic intraregional connectivity (B), and extrinsic interregional connectivity (C). (A) The CMM–NMDA model describes dynamics in the membrane potential of 

a neural population according to conductance changes of three channels; NMDA, AMPA, and GABA channels. (B) Each brain region of the CMM–NMDA model is 

composed of four neuron populations, that is, superficial pyramidal ( 𝑠𝑝 ) cell, spiny stellate ( 𝑠𝑠 ) cell, deep pyramidal ( 𝑑𝑝 ) cell, and inhibitory interneuron ( 𝑖𝑖 ), which 

are interconnected via intrinsic connectivity ( 𝛾) in the model. (C) At the brain network level, pairs of two brain regions are connected via forward ( 𝐴 𝑓 ) or backward 

connections ( 𝐴 𝑏 ) (magenta solid and dotted lines), which are further classified as NMDA and AMPA connections. Thus, four extrinsic connections exist for pairs of 

two brain regions in the CMM–NMDA model. (D) In the DCM framework, the multiscale parameters of the CMM-NMDA involve in generating EEG signals through 

the neuronal state model and observation model. DCM inverts all model parameters to fit experimental cross-spectral density (CSD) derived from EEG. (E) The CSD 

edge component and the extrinsic connectivity for the CMM-NMDA model explain the same edge between regions 𝐴 and 𝐵 but differently. For an edge, a symmetric 

CSD is defined while eight extrinsic connectivity ( 𝐴 
𝑓 

AMPA 
, 𝐴 𝑏 

AMPA 
, 𝐴 

𝑓 

NMDA 
, 𝐴 𝑏 

NMDA 
for both directions of 𝐴 → 𝐵, 𝐵 → 𝐴 ) is defined in the CMM-NMDA model. 
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unction is called the lead field or gain matrix 𝐿 ( 𝜙) that maps the rela-

ionship between source positions and the sensor activity. The source is

ssumed to be the pyramidal cellular activity of a region. 

̂ 𝑖 ( 𝑡 ) = ℎ ( 𝑥, 𝜙) = 𝐿 ( 𝜙) 𝑥 ( 𝑡 ) (12) 

 𝑖 = 𝑦̂ 𝑖 + 𝜀 (13) 

here 𝑦̂ 𝑖 and 𝑦 𝑖 represent the predicted and observed signals on a sensor

 and ℎ ( 𝑥, 𝜙) observation function, with measurement noise 𝜀 . 

.3. Model inversion 

Using the variational Bayesian technique with the Laplace approxi-

ation ( Friston et al., 2007; 2003 ), parameters in both the neural state

nd observation models were estimated from EEG data using SPM12.

he model parameters were estimated by maximizing the free energy,
6 
aking into account the accuracy and complexity of the model ( Fig. 3 D).

e used cross-spectral density DCM (csd-DCM) analysis ( Friston et al.,

012 ) for the resting state EEG in the absence of external stimuli. In

sd-DCM, the CSD of the EEG data in the frequency range of 1 to

0 Hz was used to estimate the model parameters of the fully connected

odels (i.e., having all possible extrinsic connectivity) for DMN and

HN. 

DCM estimates model parameters 𝜃 by maximizing the negative free

nergy, a function of observed data 𝑦 and recognition density 𝑞 ( 𝜃) as

elow: 

 ( 𝑞, 𝑦 ) = ⟨log 𝑝 ( 𝑦 |𝜃) 𝑞 ⟩ − 𝐷 KL [ 𝑞( 𝜃) ‖𝑝 ( 𝜃) ] (14)

𝑝 ( 𝑦 |𝜃) is a likelihood function and 𝐷 KL represents Kullback–Leibler

ivergence between the recognition density 𝑞 ( 𝜃) and the prior 𝑝 ( 𝜃) .
hen optimized, the recognition density 𝑞 ( 𝜃) approximates the poste-

ior 𝑝 ( 𝜃|𝑦 ) . 
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Table 2 

Summary of parameters. 

Parameter Description Reference value Prior 

Intrinsic property 

𝛼NMDA Magnesium block parameter 0.06 - 

𝐶 ( 𝑗) Membrane capacitance, 𝑗 ∈ { 𝑠𝑠, 𝑠𝑝, 𝑖𝑖, 𝑑𝑝 } 0.128,0.128,0.256,0.032 𝑁(0 , 1∕16) 
𝑆 Population variance 32 𝑁(0 , 1∕64) 
𝑇 𝑐ℎ (∼ 1∕ 𝜅𝑐ℎ ) Channel time constant [ms], 𝑐ℎ ∈ { 𝐺𝐴𝐵𝐴, 𝐴𝑀𝑃𝐴, 𝑁𝑀𝐷𝐴 } 4,16,100 𝑁(0 , 1∕64) 
𝐸 Background activity 0.8 𝑁(0 , 1∕64) 
Intrinsic connectivity 

𝛾𝑘 ( 𝑖 → 𝑗 ) Intrinsic connectivity from a neural population 𝑖 to 𝑗 in region k 

𝛾𝑘 ( 𝑖 → 𝑗 ) ( 𝑖, 𝑗) ∈ {( 𝑠𝑠, 𝑠𝑝 ) , ( 𝑠𝑠, 𝑖𝑖 ) , ( 𝑠𝑝, 𝑑𝑝 )} 4 𝑁(0 , 1∕32) 
𝛾𝑘 ( 𝑖 → 𝑗 ) ( 𝑖, 𝑗) ∈ {( 𝑑𝑝, 𝑖𝑖 ) , ( 𝑖𝑖, 𝑠𝑠 ) , ( 𝑖𝑖, 𝑑𝑝 )} 2 𝑁(0 , 1∕32) 
𝛾𝑘 ( 𝑖 → 𝑗 ) ( 𝑖, 𝑗) ∈ {( 𝑖𝑖, 𝑑𝑝 ) , ( 𝑠𝑠, 𝑠𝑠 ) , ( 𝑠𝑝, 𝑠𝑝 )} 2 𝑁(0 , 1∕32) 
𝛾𝑘 ( 𝑖 → 𝑗 ) ( 𝑖, 𝑗) ∈ {( 𝑖𝑖, 𝑖𝑖 )} 32 𝑁(0 , 1∕32) 
𝛾𝑘 ( 𝑖 → 𝑗 ) ( 𝑖, 𝑗) ∈ {( 𝑑𝑝, 𝑑𝑝 )} 128 𝑁(0 , 1∕32) 
Extrinsic connectivity 

𝐴 f/b 
NMDA 

( 𝐴 → 𝐵) NMDA extrinsic forward (f)/ backward (b) connectivity from region A to B 0.11 𝑁(0 , 1∕8) 
𝐴 f/b 

AMPA 
( 𝐴 → 𝐵) AMPA extrinsic forward (f)/ backward (b) connectivity from region A to B 1 𝑁(0 , 1∕8) 

Notes: Unconnected edge in the reduced model is set by assigning the mean -32 with a covariance of 0 to the parameter of the 

full model. Prior distributions of all parameters, except 𝑇 𝑐ℎ , are given as 𝑋 = 𝑋 0 exp ( 𝑥 ) , where 𝑥 ∼ 𝑁( mean , covariance ) , and 

prior distributions of 𝑇 𝑐ℎ parameters is given as 𝜅𝑐ℎ = 𝑋 0 exp (− 𝑥 ) , where 𝑥 ∼ 𝑁( mean , covariance ) , 𝜅ch = 𝑋 0 exp (− 𝑥 ) , where 𝑥 ∼
𝑁( mean , covariance ) . 𝑋 ∶ parameter , 𝑋 0 ∶ reference value . 𝑐ℎ : channel type ∈ { GABA, AMPA, NMDA } . 𝑠𝑠 : excitatory spiny stel- 

late cells; 𝑠𝑝 : excitatory superficial pyramidal cells; 𝑖𝑖 : inhibitory interneuron; 𝑑𝑝 : excitatory deep pyramidal cells. 
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As an index to the reliability of the estimated model, we used ex-

lained variance (EV): 

𝑉 = 100 ⋅
∑

𝑒,𝑓 𝐶𝑆𝐷( 𝑒, 𝑓 ) 2 ∑
𝑒,𝑓 𝐶𝑆𝐷( 𝑒, 𝑓 ) 2 + 

∑
𝑒,𝑓 ( 𝐶𝑆𝐷( 𝑒, 𝑓 ) − 

̃𝐶𝑆𝐷 ( 𝑒, 𝑓 )) 2 
. (15)

ere, 𝐶𝑆𝐷( 𝑒, 𝑓 ) and ̃𝐶𝑆𝐷 ( 𝑒, 𝑓 ) denote the CSD of observed signals and

he estimated CSD at frequency 𝑓 at an edge 𝑒 that connects two brain

egions among a set of regions of the brain 𝑅 ( Fig 3 E). 

The EVs for all patients were greater than 90% (average EV = 98.86

 0.96), indicating that the model reproduced the experimental data

ith high accuracy (Supplementary Figure S1). 

.4. Bayesian model selection for DMN and AHN 

We selected the best model by performing Bayesian Model Selection

BMS) after generating various test models for DMN and AHN of all 23

atients’ baseline and follow-up DCMs using Bayesian Model Reduction

BMR) ( Friston and Penny, 2011; Friston et al., 2016; Zeidman et al.,

019 ). For this, we inverted the full DCM models with all possible edges

mong regions of each network using all EEG data. We then constructed

arious test models according to biological plausibility. The test model

s a reduced model nested within the full model with the covariance of

he to-be-reduced edge to zero. Among the biologically plausible test

odels, we performed BMS analysis and determined the best model for

he group ( Kass and Raftery, 1995; Stephan et al., 2010 ). 

For DMN test models, based on Steen et al. (2019) , we assigned the

onnection between lLP and rLP to be at the same hierarchical level and

ave forward and backward connections between them. Based on this

onstraint, 12 test models were generated by changing the backward and

orward connections between mPFC, PrCu, and LP (see Supplementary

igure S2A). We selected the best model after performing BMS for these

2 test models (Fig. S3A). 

AHN test models are constructed on the basis of Jardri et al. (2011) .

he basic hierarchy of the left hemisphere was set to IFG ← SMG ←
TG. We also assigned direct connections from the STG to the lIFG and

onsider three types of connection from the three regions of the left brain

ith the right IFG (rIFG); absent, forward, and backward. Finally, 18 test

odels were generated using BMR (see Supplementary Figure S2B). We

pplied BMS to select the best model (Fig. S3B). 

The best model for DMN in Fig. 4 A sets the mPFC as the highest at

he hierarchical level, followed by the PrCu and two LP regions. There

re also direct connections from the two LP regions to the mPFC. In the
7 
est model for AHN, rIFG appears to be hierarchically below lIFG but

bove SMG and STG ( Fig. 4 B). The probability of the best model in both

etworks is 1. (see Supplementary Figure S3) 

.5. Parametric empirical bayes: Multilevel analysis 

PEB estimates group-level parameters according to the design matrix

or the posterior density of the DCM parameters estimated at the indi-

idual level ( Friston et al., 2015; 2016 ). More precisely, in the first-level

CM, the signal 𝑦 𝑖 of a patient 𝑖 can be expressed by a function Γ( 𝜃𝑖 ) of

arameters 𝜃𝑖 and noise 𝜀 
(1) 
𝑖 

. The DCM parameters estimated at the first

evel are modeled at the second level using a group design matrix 𝑋,

he group effect 𝛽 and the random effect 𝜀 (2) . 

 𝑖 = Γ( 𝜃𝑖 ) + 𝜀 
(1) 
𝑖 

(16) 

= 𝑋𝛽 + 𝜀 (2) (17) 

In the longitudinal data analysis, the PEB can be extended to third-

evel modeling for the second-level model parameters ( Park et al.,

021; 2018; 2017 ). For example, the longitudinal effect in the first-

evel DCM parameters of an individual can be modeled at the second

evel (between-session within-subject). The longitudinal effect between

essions of each individual can be further modeled at the third group

evel (between subjects). 

In the current study, we modeled the between-session effect (follow-

p versus baseline) of an individual with a second-level design matrix,

 1 = [1 1; 1 − 1] ( Fig. 5 ). The second between-session effect (that is,

he difference between follow-up and baseline) of group individuals was

gain modeled with MDur and SI of individuals as regressors in the third-

evel design matrix 𝑋 2 , after Z-score normalization. This PEB analysis

esulted in the group-level parameters for the common, MDur, and SI

ffects. The common effect implies the average amount of longitudinal

arametric changes between individuals, after adjusting to the mean

Dur and the mean SI since MDur and SI were centered. The group-

evel design matrix 𝑋 2 is the same as that used in the CSD GLM analysis

n the previous Section 2.4 . 

In the subsequent analysis, we focus on three types of parameters at

ifferent hierarchical levels: intrinsic neural properties (membrane ca-

acitance 𝐶 

𝑖 and channel decay time constant 𝑇 𝑐ℎ ); intrinsic connectiv-

ty coefficient ( 𝛾𝑘 ( 𝑖 → 𝑗) ); extrinsic AMPA/NMDA connectivity of AMPA

nd NMDA ( 𝐴 

f/b 
AMPA/NMDA 

). 
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Fig. 4. The best models for the default mode network (DMN) and the auditory verbal hallucinations network (AHN) based on Bayesian model selection (BMS). lLP: 

left lateral parietal lobe; rLP: right lateral parietal lobe; PrCu: middle posterior cingulate/precuneus; mPFC: medial prefrontal cortex; lIFG: left inferior frontal gyri; 

rIFG: right inferior frontal gyrus; STG: left superior and middle temporal gyrus; SMG: left supramarginal gyrus. 

Fig. 5. Procedure for two-step PEB analysis. In the first step, a within-subject PEB analysis (or the second-level analysis) was applied to the DCMs of each patient 

estimated at the first level. The design matrix of this PEB analysis, X1, includes the average and difference between baseline and follow-up DCMs. In the second step, 

an additional PEB (third-level analysis) was applied to the second term (difference between sessions) of within-subject PEB results of individuals. The design matrix 

in this step, X2, includes the average, medication duration (MDur), and symptom improvement ratio (SI). 
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. Analysis results 

.1. GLM analysis results: Main effects of MDur and SI for longitudinal 

SD changes 

The differential effects of MDur and SI on Δ𝐶𝑆𝐷 ( 𝑒, 𝑓 ) in all 23 pa-

ients, that is, the longitudinal changes of CSD between follow-up and

aseline, according to frequency bands and networks, are shown in

ig. 6 and Supplementary Table S1. 

The common effects of the longitudinal changes in CSD are more

rominent in DMN than in AHN. In DMN, the negative longitudinal dif-

erence (follow-up versus baseline) of CSD in the delta band and the

ositive difference in the alpha band were found at almost all edges.

he theta band CSD between the mPFC and lLP showed a longitudi-

al increase in the group common effect. As the medication duration

ncreases, the longitudinal increase ( Δ𝐶𝑆𝐷 ( 𝑒, 𝑓 ) ) decreases more at the

heta band of lLP-lLP and mPFC-mPFC and the delta band of PrCu-rLP. In

ontrast, longitudinal differences in the alpha band of rLP-rLP, the beta

and of mPFC-mPFC, and the beta band in CSD of rLP-mPFC increased

long with the increased duration. The difference in the beta band CSD

etween the lLP and rLP increases proportionally to increased SI. 

In AHN, the edges of the common group difference in CSD do not ap-

ear significant. The alpha frequency band in SMG-lIFG, SMG-STG, rIFG-

MG, and rIFG-STG, and the beta frequency band in lIFG-STG showed
8 
ositive effects of MDur. As SI increases, both lIFG and STG show a lon-

itudinal decrease in theta frequency power, but an increase in the beta

requency power in lIFG. Longitudinal differences in interhemispheric

SD between lIFG and rIFG, and between SMG and rIFG in theta band

howed a negative effect of SI. The interaction between the hemispheres

s predominant in MDur and SI of both DMN and AHN, indicating that

edication durations and symptomatic improvements of the individuals

re closely related to hemispheric interactions. 

.2. PEB analysis results: Main effects of MDur and SI for longitudinal 

hanges on model parameters 

PEB analysis reveals parameter sets associated with the common,

Dur and SI effects in DMN and AHN. The model parameters that sur-

ived a non-zero criterion with a posterior confidence of 95% are shown

n Fig. 7 and Supplementary Figure S4, and are summarized in Table 3 .

The common, MDur, and SI effects were found at different hierarchi-

al levels. These include intrinsic neural properties, intrinsic connectiv-

ty, and extrinsic interregional connectivity. 

In the common effect, that is, the average group difference in the

arameter between follow-up and baseline, most parameters decreased

n both DMN and AHN. However, the intrinsic connection for 𝑠𝑠 to 𝑠𝑝

n the mPFC ( 𝛾𝑚𝑃𝐹𝐶 ( 𝑠𝑠 → 𝑠𝑝 ) ) and rLP ( 𝛾𝑟𝐿𝑃 ( 𝑠𝑠 → 𝑠𝑝 ) ) of DMN and 𝑖𝑖 to

𝑝 in the STG ( 𝛾 ( 𝑖𝑖 → 𝑑𝑝 ) ) of AHN shows a longitudinal increase. 
𝑆𝑇𝐺 
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Fig. 6. GLM analysis results for longitudinal CSD differences at four frequency bands in all 23 patients. All patients’ symptom improvement ratio (SI) and medication 

duration (MDur) were associated with the CSD differences using GLM analysis. (A-B) The exemplary CSDs at the edges related to the symptom improvement ratio 

(SI) in (A) DMN and (B) AHN are displayed separately for the SI-L (blue) and SI-H (red) groups despite no statistical group test in this experiment. Solid lines and 

dashed lines indicate the average CSDs of each group for baseline and follow-up. The light-colored shadow represents the standard error of the mean of each group 

( 𝑛 = 8 ). (C-D) CSDs related to the common, medication duration (MDur), and SI effects for each frequency band for DMN (C) and AHN (D) are displayed. Solid 

colored lines and dashed lines represent positive and negative effects ( 𝑝 < 0 . 05 ) for each frequency band. Circles represent the effects associated with the power 

spectrum. The asterisks indicate the significance of the edges after the Bonferroni correction with factor 40 (4 frequency bands × 10 non-duplicated edges of a 4 × 4 
symmetric matrix). DMN: default mode network; lLP: left lateral parietal lobe; rLP: right lateral parietal lobe; PrCu: middle posterior cingulate/precuneus; mPFC: 

medial prefrontal cortex; AHN: auditory verbal hallucinations network; lIFG: left inferior frontal gyrus; rIFG: right inferior frontal gyrus; STG: left superior and middle 

temporal gyri; SMG: left supramarginal gyrus. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this 

article.) 
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The MDur effects were found mainly in the intrinsic connectivity

ssociated with inhibitory cells 𝑖𝑖 . Meanwhile, SI effects were found at

embrane capacitance and intrinsic connectivity in DMN and intrin-

ic connectivity and extrinsic connectivity in AHN. Regarding intrinsic

roperties, PEB identified a reduced membrane capacity 𝐶 

( 𝑑𝑝 ) of the

eep pyramidal cell for SI in DMN and an increased NMDA time con-

tant in the left and right LPs for MDur. 

In both DMN and AHN, only a few extrinsic connectivities were iden-

ified as significant in PEB. 
9 
In DMN, a significantly reduced longitudinal alteration was found

rom baseline to follow-up in forward connectivity 𝐴 

𝑓 

AMPA 
( 𝑙𝐿𝑃 →

𝐿𝑃 ) and backward connectivity 𝐴 

𝑏 
AMPA 

( 𝑙𝐿𝑃 → 𝑟𝐿𝑃 ) . In AHN, an SI-

elated increase was found in AMPA connectivity from STG to lIFG

 𝐴 

𝑓 

AMPA 
( 𝑆𝑇 𝐺 → 𝑙 𝐼𝐹 𝐺 ) ). 

Note that each edge 𝑒 has a value 𝐶𝑆𝐷( 𝑒, 𝑓 ) at the level of the

EG CSD, and the forward and backward model parameters, 𝐴 

𝑓∕ 𝑏 
NMDA 

( 𝑒 )
nd 𝐴 

𝑓∕ 𝑏 
AMPA 

( 𝑒 ) , as shown in Fig. 3 E. However, the changes in longitudi-

al parameters associated with common, MDur, and SI do not overlap
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Fig. 7. Results of the PEB analysis. Significant parameters (i.e., 95% of credible intervals of parameters are outside zero) for the common, medication duration 

(MDur), and symptom improvement ratio (SI) effects are displayed for DMN (A) and AHN (B). Red and blue represent positive and negative effects. The solid and 

dashed lines represent forward and backward connectivity for extrinsic connections, and excitatory and inhibitory connectivity for intrinsic connections. The width of 

the line represents the strength of the connection. Here, all significant extrinsic connections were AMPA connections. Intrinsic neural properties such as the channel 

time constant ( 𝑇 ) and the membrane potential ( 𝐶) are displayed with a pentagon and a square. DMN: default mode network; lLP: left lateral parietal lobe; rLP: right 

lateral parietal lobe; PrCu: middle posterior cingulate/precuneus; mPFC: medial prefrontal cortex; AHN: auditory verbal hallucinations network; lIFG: left inferior 

frontal gyrus; rIFG: right inferior frontal gyri; STG: left superior and middle temporal gyrus; SMG: left supramarginal gyrus. (For interpretation of the references to 

colour in this figure legend, the reader is referred to the web version of this article.) 
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losely with those of longitudinal changes in edges in the CSD power

 Figs. 6 –7 ). 

. Virtual perturbation analysis I. The parameter specific effects 

n CSD frequency shift 

To analyze the parameter-specific effects on CSD, we conducted vir-

ual perturbation analyses for different purposes, which are summarized

n Table 4 . The basic notation for the virtual perturbation analysis is

hown in the upper part of Table 4 . Note that the previous PEB results

ere used only in Perturbation 1 of Virtual Perturbation Analysis I in

able 4 , while all model parameters were evaluated afterward. 

.1. Sensitivity of parameters on altering frequency specific CSD 

We explored the sensitivity of each model parameter in inducing

ollow-up CSD. For this, we replaced the target parameters of the base-

ine with those of the follow-up system and generated a simulated
10 
𝑆 𝐷( 𝑒, 𝑓 ) , denoted as 𝐶̃ 𝑆 𝐷( 𝑒, 𝑓 ) , for all frequency bands 𝑓 at each edge

 . To emphasize the frequency shifts between the two acquisitions, we

alculated the individual’s relative CSD power, denoted as 𝑟𝐶𝑆𝐷( 𝑒, 𝑓 ) ,
hich is the CSD power of a frequency band 𝑓 divided by the sum of all

requencies in an edge 𝑒 . 

𝐶 𝑆𝐷( 𝑒, 𝑓 ) = 

𝐶 𝑆𝐷( 𝑒, 𝑓 ) ∑
𝑓 𝐶 𝑆𝐷( 𝑒, 𝑓 ) 

(18)

We defined the degree of frequency shift or sensitivity Δ( 𝑝 ) 1 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 )
f a parameter ( 𝑝 ) ( Fig. 8 ) by calculating the difference between the

elative CSD powers of the simulated ̃𝐶𝑆𝐷 and the baseline CSD. The

imulated CSD ( ̃𝐶𝑆𝐷 ) was generated by a virtual model after replacing

he baseline parameter with that of the follow-up. 

( 𝑝 ) 1 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) = 𝑟 ̃𝐶𝑆𝐷 ( 𝑒, 𝑓 |{Θ(1) 
⧵𝑝 , Θ

(2) 
𝑝 }) − 𝑟𝐶𝑆𝐷 

(1) ( 𝑒, 𝑓 ) (19)

hich indicates the deviation of the estimated relative CSD (rCSD) from

he baseline rCSD by replacing a baseline parameter with that of the

ollow-up. 
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Table 3 

PEB analysis results. 

DMN 

Common 𝛽0 Duration (MDur) 𝛽1 Improvement (SI) 𝛽2 

𝐴 
𝑓 

AMPA 
( 𝑙𝐿𝑃 → 𝑟𝐿𝑃 ) -0.2228 𝑇 NMDA ( 𝑙𝐿𝑃 ) 0.0999 𝐶 ( 𝑑𝑝 ) -0.2414 

𝐴 𝑏 
AMPA 

( 𝑙𝐿𝑃 → 𝑟𝐿𝑃 ) -0.2245 𝑇 NMDA ( 𝑟𝐿𝑃 ) 0.1005 𝛾𝑙𝐿𝑃 ( 𝑖𝑖 → 𝑠𝑠 ) 0.1273 

𝛾𝑟𝐿𝑃 ( 𝑠𝑠 → 𝑠𝑝 ) 0.1826 𝛾𝑙𝐿𝑃 ( 𝑖𝑖 → 𝑠𝑝 ) 0.1767 𝛾𝑟𝐿𝑃 ( 𝑠𝑝 → 𝑠𝑝 ) 0.1371 

𝛾𝑃𝑟𝐶𝑢 ( 𝑠𝑠 → 𝑖𝑖 ) -0.1392 𝛾𝑟𝐿𝑃 ( 𝑖𝑖 → 𝑠𝑠 ) -0.2176 𝛾𝑟𝐿𝑃 ( 𝑖𝑖 → 𝑠𝑠 ) 0.2326 

𝛾𝑚𝑃𝐹𝐶 ( 𝑠𝑠 → 𝑠𝑝 ) 0.1132 𝛾𝑃𝑟𝐶𝑢 ( 𝑑𝑝 → 𝑖𝑖 ) 0.1813 𝛾𝑟𝐿𝑃 ( 𝑑𝑝 → 𝑖𝑖 ) 0.1588 

𝛾𝑚𝑃𝐹𝐶 ( 𝑠𝑝 → 𝑑𝑝 ) -0.1243 𝛾𝑚𝑃𝐹𝐶 ( 𝑠𝑠 → 𝑠𝑝 ) -0.1623 𝛾𝑚𝑃𝐹𝐶 ( 𝑠𝑝 → 𝑑𝑝 ) -0.1721 

𝛾𝑚𝑃𝐹𝐶 ( 𝑑𝑝 → 𝑖𝑖 ) 0.1362 

AHN 

Common 𝛽0 Duration (MDur) 𝛽1 Improvement (SI) 𝛽2 

𝐴 
𝑓 

AMPA 
( 𝑆 𝑇 𝐺 → 𝑆 𝑀𝐺) -0.2287 𝛾𝑙𝐼𝐹𝐺 ( 𝑑𝑝 → 𝑖𝑖 ) -0.1376 𝐴 

𝑓 

AMPA 
( 𝑆𝑇 𝐺 → 𝑙 𝐼𝐹𝐺 ) 0.2894 

𝐴 
𝑓 

AMPA 
( 𝑆𝑀 𝐺 → 𝑟𝐼 𝐹𝐺) -0.2076 𝛾𝑆𝑇𝐺 ( 𝑠𝑠 → 𝑖𝑖 ) -0.1436 𝛾𝑙𝐼𝐹𝐺 ( 𝑠𝑠 → 𝑠𝑝 ) -0.1107 

𝛾𝑟𝐼𝐹𝐺 ( 𝑖𝑖 → 𝑠𝑠 ) -0.1451 𝛾𝑆𝑇𝐺 ( 𝑠𝑝 → 𝑑𝑝 ) -0.126 𝛾𝑟𝐼𝐹𝐺 ( 𝑠𝑠 → 𝑠𝑠 ) -0.1838 

𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑠𝑠 ) -0.183 𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑠𝑠 ) 0.1821 𝛾𝑟𝐼𝐹𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) 0.1318 

𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) -0.1307 𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑑𝑝 ) 0.1627 𝛾𝑆𝑇𝐺 ( 𝑠𝑠 → 𝑖𝑖 ) 0.1293 

𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑑𝑝 ) 0.181 𝛾𝑆𝑀𝐺 ( 𝑖𝑖 → 𝑑𝑝 ) 0.1365 

𝛾𝑆𝑇𝐺 ( 𝑑𝑝 → 𝑖𝑖 ) -0.1228 𝛾𝑆𝑀𝐺 ( 𝑑𝑝 → 𝑖𝑖 ) -0.1223 

𝛾𝑆𝑀𝐺 ( 𝑠𝑝 → 𝑠𝑝 ) -0.1367 

𝛾𝑆𝑀𝐺 ( 𝑠𝑝 → 𝑑𝑝 ) -0.1111 

𝛾𝑆𝑀𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) -0.1071 

𝐴 
𝑓∕ 𝑏 
AMPA 

( 𝐴 → 𝐵) : AMPA extrinsic forward (f)/ backward (b) connectivity from region A to B; 𝛾𝑘 ( 𝑖 →
𝑗) : Intrinsic connectivity from a neural population 𝑖 to 𝑗 at region 𝑘 ; 𝐶 ( 𝑖 ) : Membrane capacitance, 

AMPA extrinsic forward (f)/ back- ward (b) connectivity from region A to B; 

Table 4 

Summary for Virtual Perturbation Analyses. 

Notation 

Θ( 𝑡 ) Parameters at the time 𝑡 

𝑡 Acquisition time 𝑡 ( 𝑡 = 1 for baseline, 𝑡 = 2 for follow-up) 

Θ( 𝑡 ) 
𝑝 

Subset of Θ( 𝑡 ) composed of parameters belonging to a parameter subset 𝑝 

Θ( 𝑡 ) 
⧵𝑝 Subset of Θ( 𝑡 ) composed of all parameters except the parameter subset 𝑝 

𝐶𝑆𝐷 ( 𝑡 ) ( 𝑒, 𝑓 ) Empirical CSD power at the frequency (bands) of 𝑓 at the edge 𝑒 at time 𝑡 

̃𝐶𝑆𝐷 
( 𝑡 ) ( 𝑒, 𝑓 |Θ( 𝑡 ) ) Simulated CSD power at frequency (bands) of 𝑓 at edge 𝑒 at time 𝑡 using Θ( 𝑡 ) 

Virtual Perturbation Analysis I: Sensitivity of parameters on altering frequency specific CSD 

Perturbation 1 Sensitivity of parameters ( Fig. 8 ) 

∙ Parameter {Θ(1) 
⧵{ 𝑝 } , Θ

(2) 
{ 𝑝 } } , 𝑝 ∈ { significant PEB parameter displayed in Table 3 and Fig. 7 } . 

∙ Evaluation Δ( 𝑝 ) 1 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) = 𝑟 ̃𝐶𝑆𝐷 ( 𝑒, 𝑓 |{Θ(1) 
⧵𝑝 , Θ

(2) 
𝑝 
}) − 𝑟𝐶𝑆𝐷 (1) ( 𝑒, 𝑓 ) ( Eq. (19) ). 

∙ Patient All patients 

Perturbation 2 Contribution of parameter sets on the CSD change ( Fig. 9 ) 

∙ Parameter {Θ(2) 
⧵𝑐 , Θ

(1) 
𝑐 

}, 𝑐 = { 𝑖𝑝, 𝑖𝑐 , 𝑒𝑐 } . 
𝑖𝑝 : intrinsic property category set 

𝑖𝑐: intrinsic connectivity category set 

𝑒𝑐: extrinsic connectivity category set 

∙ Evaluation Δ( 𝑐) 2 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) = 𝑟 ̃𝐶𝑆𝐷 ( 𝑒, 𝑓 |{Θ(2) 
⧵𝑐 , Θ

(1) 
𝑐 
}) − 𝑟𝐶𝑆𝐷 (2) ( 𝑒, 𝑓 ) , 𝑐 ∈ { 𝑖𝑝, 𝑖𝑐 , 𝑒𝑐 } ( Eq. (20) ). 

∙ Patient All patients 

Virtual Perturbation Analysis II: Complementary effects of excitatory and inhibitory connectivity on CSD 

Perturbation 3 Interdependency of excitatory and inhibitory connectivity on CSD ( Fig. 10 ) 

∙ Parameter {Θ(2) 
⧵𝐸∪𝐼 , Θ

(2) 
𝐸 

+ 𝜆𝐸 ΔΘ𝐸 , Θ
(2) 
𝐼 

+ 𝜆𝐼 ΔΘ𝐼 } ( Eq. (21) ) 

∙ Evaluation Δ𝑟𝐶𝑆𝐷 ( 𝑒, 𝑓 |𝜆𝐸 , 𝜆𝐼 ) = 𝑟 ̃𝐶𝑆𝐷 ( 𝑒, 𝑓 |Θ̃( 𝑑) 
𝑝 
( 𝜆𝐸 , 𝜆𝐼 )) − 𝑟𝐶𝑆𝐷 (2) ( 𝑒, 𝑓 ) ( Eq. (22) ). 

∙ Patient Patients in SI-H group 

Virtual Perturbation Analysis III: Core parameters and nonlinear parameter interactions on CSD progression 

Perturbation 4 Analysis of CSD trajectories and prediction of CSD progression ( Fig. 11 ) 

∙ Parameter {Θ(1) 
𝑎𝑙𝑙 

+ 𝜆(Θ(2) 
𝑎𝑙𝑙 

− Θ(1) 
𝑎𝑙𝑙 
) } ( Eq. (23) ) 

∙ Evaluation ̃𝐶𝑆𝐷 pattern. 

∙ Patient Patients in the SI-H group 

Perturbation 5 Core parameters for CSD progression ( Fig. 12 ) 

∙ Parameter {Θ(2) 
⧵𝑝 , Θ

(2) 
𝑝 

+ log (1 . 5) ⋅ sign (Θ(2) 
𝑝 

− Θ(1) 
𝑝 
)} ( Eq. (24) ) 

∙ Evaluation 𝑅𝑀𝑆 𝐸 𝑝 = 
√ 

1 
𝑛 ( 𝐸)×𝑛 ( 𝐹 ) 

∑
𝑒 ∈𝐸 

∑
𝑓∈𝐹 

{
̃𝐶𝑆 𝐷 

(
𝑒, 𝑓 |Θ̃( 𝑝 ) 

)
− 𝐶𝑆 𝐷 (2) ( 𝑒, 𝑓 ) 

}2 
( Eq. (27) ). 

∙ Patient Patients in the SI-H group 

Perturbation 6 Nonlinear interactions effects of parameters on CSD progression ( Fig. 14 ) 

∙ Parameter {Θ(2) 
⧵{ 𝑝 1 ,𝑝 2 } 

, Θ(2) 
{ 𝑝 1 ,𝑝 2 } 

+ log (1 . 5) ⋅ sign (Θ(2) 
{ 𝑝 1 ,𝑝 2 } 

− Θ(1) 
{ 𝑝 1 ,𝑝 2 } 

)} ( Eq. (26) ) 

∙ Evaluation 𝐼( 𝑝 1 , 𝑝 2 ) = 1 , −1 , 0 for positive, negative, mild synergistic interactions ( Eq. (28) ). 

∙ Patient Patients in the SI-H group 

11 
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Fig. 8. Effects of model parameters on CSD edges, evaluated using Δ( 𝑝 ) 1 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) for each parameter 𝑝 , in DMN (A) and AHN (B). Δ( 𝑝 ) 1 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) indicates the relative 

power difference after replacing a specific parameter with the follow-up from baseline. This measure indicates the parameter’s contribution to the deviation from the 

baseline. The group averages of Δ( 𝑝 ) 1 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) for each parameter 𝑝 or for 𝑎𝑙 𝑙 parameters in the set of parameters with significant effects associated with the common, 

medication duration (MDur), and SI in the previous PEB analysis is displayed for each frequency band. The rectangular block ( 4 × 4 matrix) for each frequency band 

( 𝛿, 𝜃, 𝛼, and 𝛽) and each parameter indicates Δ( 𝑝 ) 1 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) for all edges of the network, either DMN (A) or AHN (B). The brain regions are listed in the zoomed examples. 

The dots within the red and blue boxes represent the positive and negative changes that were found to be statistically significant in a one-sample t -test (one asterisk: 

𝑝 < 0 . 05 , two asterisks: 𝑝 < 0 . 01 ). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

 

a  

(  

a  

t

 

𝐴  

b  

i  

f  

w  

Δ  

c  

c  

b

 

𝛾  

r  

𝛾  

r  

A  

b  

b

5

c

 

i  

e  

r  

w

Δ

 

f

 

(  

q  

t  

n  

D  

p  

A  

a  

b  

C

6

e

 

C  

s  

n  

t  

f

 

t  

f

Θ

w  

a

 

u  

s

Δ

 

u  

e  

T  
We evaluated the sensitivity to frequency shift of each parameter in

 set of significant effects for common, MDur, and SI in the PEB analysis

 Table 3 and Fig. 7 ). Figure 8 presents the results of this perturbation

nalysis showing the average frequency shift patterns of the group at

he CSD edges in DMN and AHN. 

In DMN ( Fig. 8 A), the alternation from baseline to follow-up at

 

𝑓 

AMPA 
( 𝑙𝐿𝑃 → 𝑟𝐿𝑃 ) plays a dominant role in altering baseline CSD,

y reducing slow interaction components ( 𝛿, 𝜃 band frequencies) but

ncreasing fast interaction components ( 𝛼, 𝛽 band frequencies). The

orward connection 𝐴 

𝑓 

AMPA 
( 𝑙𝐿𝑃 → 𝑟𝐿𝑃 ) reduced Δ𝑟𝐶𝑆𝐷 ( 𝑙𝐿𝑃 − 𝑟𝐿𝑃 , 𝛿) ,

hile the backward connection 𝐴 

𝑏 
AMPA 

( 𝑙𝐿𝑃 → 𝑟𝐿𝑃 ) tends to increase

𝑟𝐶𝑆𝐷 ( 𝑙 𝐿𝑃 − 𝑟𝐿𝑃 , 𝛿) . 𝑇 𝑁 𝑀 𝐷𝐴 ( 𝑙 𝐿𝑃 ) in the MDur effect parameter set in-

reased theta band interactions of most CSD edges, not only the lLP-

onnected edges. 𝛾𝑙𝐿𝑃 ( 𝑖𝑖 → 𝑠𝑠 ) , an SI-related parameter, reduced delta

and interactions at most CSD edges. 

In AHN ( Fig. 8 B), a parameter related to the common effect,

𝑟𝐼𝐹𝐺 ( 𝑖𝑖 → 𝑠𝑠 ) , increased the delta-band CSDs of rIFG-lIFG and rIFG-

IFG, but reduced alpha band CSDs between rIFG and all other regions.

𝑆𝑇𝐺 ( 𝑠𝑝 → 𝑑𝑝 ) and 𝛾𝑆𝑇𝐺 ( 𝑠𝑠 → 𝑖𝑖 ) , two parameters related to MDur,

educed slow-frequency CSDs while increasing high-frequency CSDs.

mong the parameters related to SI, 𝛾𝑆𝑀𝐺 ( 𝑑𝑝 → 𝑖𝑖 ) reduced the delta

and CSD between SMG and STG, while 𝛾𝑆𝑀𝐺 ( 𝑖𝑖 → 𝑑𝑝 ) increased the

eta band CSD between SMG and rIFG. 

.2. Contribution of intrinsic property, intrinsic connectivity and extrinsic 

onnectivity on the CSD change 

We analyzed the contribution of each parameter set (categorized into

ntrinsic properties, intrinsic connectivity, and extrinsic connectivity) by

valuating the deviation of the relative CSD (rCSD) from the follow-up

CSD due to the replacement of a set of parameters 𝑐 from the follow-up

ith that of the baseline. 

( 𝑐) 2 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) = 𝑟 ̃𝐶𝑆𝐷 ( 𝑒, 𝑓 |{Θ(2) 
⧵𝑐 , Θ

(1) 
𝑐 }) − 𝑟𝐶𝑆𝐷 

(2) ( 𝑒, 𝑓 ) , 𝑐 ∈ { 𝑖𝑝, 𝑖𝑐, 𝑒𝑐} 
(20) 

This evaluation differs from Δ( 𝑝 ) 1 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) in Eq. (19) , which starts

rom the baseline model. 

DMN and AHN show different deviations in these parameter sets

 Fig. 9 ). The intrinsic property contributed greatly to the alpha fre-
12 
uency band of rCSD, while the intrinsic connectivity contributes mainly

o theta and beta frequency bands in AHN. In general, intrinsic con-

ectivity induced more frequency shifts than extrinsic connectivity. In

MN, extrinsic connectivity showed opposite trends in the delta and al-

ha bands and the theta and beta bands, but changes were minimal. In

HN, the contribution of intrinsic connectivity was outstanding, gener-

lly reducing the delta- and theta-band CSDs and increasing the beta-

and CSDs. Intrinsic properties show high contributions for alpha-band

SDs. 

. Virtual perturbation analysis II. Complementary effects of 

xcitatory and inhibitory connectivity on CSD change 

To investigate the effects of excitatory and inhibitory connectivity on

SD in the SI-H group (relatively long medicated and showing improved

ymptom scores), we divided all intrinsic connectivity into two con-

ectivity sets: intrinsic connections from an inhibitory subpopulation 𝑖𝑖

o other subpopulations (called I-edges) and all excitatory connections

rom non-inhibitory subpopulations to other subpopulations (E-edges). 

We altered each type of connectivity set by increasing or decreasing

hem according to the proportion of the parameter difference between

ollow-up and baseline. 

̃ ( 𝑑) ( 𝜆𝐸 , 𝜆𝐼 ) = {Θ(2) 
⧵( 𝐸∪𝐼) , Θ

(2) 
𝐸 

+ 𝜆𝐸 ΔΘ𝐸 , Θ
(2) 
𝐼 

+ 𝜆𝐼 ΔΘ𝐼 } (21) 

𝜆𝐸 , 𝜆𝐼 ∈ {−1 . 5 , −1 . 4 , … , 1 . 4 , 1 . 5} 

here ΔΘ𝐸∕ 𝐼 = Θ(1) 
𝐸∕ 𝐼 − Θ(2) 

𝐸∕ 𝐼 is a difference vector between the baseline

nd follow-up parameters. 

We then evaluated the deviation of the relative CSD from the follow-

p by calculating the mean of the relative power difference between the

imulated rCSD and that of the follow-up. 

rCSD 

(
𝑓 |𝜆𝐸 , 𝜆𝐼 )

= 

∑
𝑒 

{ 

𝑟 ̃CSD 

(
𝑒, 𝑓 

|||Θ̃( 𝑑 ) 
𝑝 

(
𝜆𝐸 , 𝜆𝐼 

))
− rCS 𝐷 

( 2 ) ( 𝑒, 𝑓 ) 
} 

(22) 

Figure 10 shows the landscape of the rCSD deviation from the follow-

p (i.e., the absolute value of Δ𝑟𝐶𝑆𝐷 ( 𝑓 |𝜆𝐸 , 𝜆𝐼 ) ) as a function of intrinsic

xcitatory ( 𝜆𝐸 ) and inhibitory connectivity strength ( 𝜆𝐼 ) as two axes.

he effects of excitatory and inhibitory connectivity strengths on CSD
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Fig. 9. Effect of parameter sets of extrinsic connectivity ( 𝑒𝑐), intrinsic connectivity ( 𝑖𝑐), and intrinsic neural property ( 𝑖𝑝 ) on CSDs in DMN (A) and AHN (B), evaluated 

using Δ( 𝑐) 2 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) . Δ( 𝑐) 2 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) indicates the relative CSD deviation from the relative follow-up CSD due to the replacement of a parameter set 𝑐 of the follow-up with 

that of the baseline. The group average Δ( 𝑐) 2 
𝑟𝐶𝑆𝐷 

( 𝑒, 𝑓 ) was displayed with a statistical significance mark within the red and blue boxes in a one-sample t -test (one asterisk: 

𝑝 < 0 . 05 , two asterisks: 𝑝 < 0 . 01 , three asterisks: 𝑝 < 0 . 005 , three asterisks with red: Bonferroni correction passed). The group average CSDs at the baseline and after 

replacing each parameter set, i.e., 𝑒𝑐, 𝑖𝑐, and 𝑖𝑝 , were exemplarily displayed. The light-colored shadow represents the standard error ( 𝑛 = 23 ). (For interpretation of 

the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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requency shifts differ depending on the frequency bands and networks.

n DMN, the low-frequency band ( 𝛿 and 𝜃) rCSDs of the baseline system

emarkably get close to the follow-up system (colored blue) as excita-

ory and inhibitory connectivity increased to the level of follow-up. Fur-

her increases in excitatory and inhibitory connectivity beyond the level

f the follow-up did not induce notable shifts in low-frequency CSD in

MN. A black-lined white region in Fig. 10 indicates a stable parameter

one for rCSD generation where simulated rCSD does not significantly

eviate from the follow-up rCSD. If the excitatory and inhibitory con-

ectivity strength remains within this stable zone, the rCSDs do not dif-

er substantially from the follow-up system. The alpha frequency band

CSD in DMN has a narrow-shaped stable zone, indicating the balance

etween excitatory and inhibitory connectivity strengths to stay within

his stable zone. In the beta frequency band in DMN, the inhibitory con-

ectivity strength is critical for rCSD shift but is less dependent on the ex-

itatory connectivity strength. In the AHN, the excitatory and inhibitory

attern in the delta-band rCSD was similar to that of the DMN delta fre-

uency band. The stable zone of the theta band in AHN is fairly similar

o that of the alpha band in DMN, located between the increase and

ecrease of frequency-specific rCSD. 

. Virtual perturbation analysis III. Core parameters and 

onlinear parameter interactions on CSD progression 

.1. Analysis of CSD trajectories and prediction of CSD progression 

By using a generative model in the CMM-NMDA, we explored a CSD

volution trajectory from baseline to follow-up for each individual in

he SI-H group. For this evaluation, we assumed that the unit change

f the parameter set is proportional to the difference vector between

he follow-up and baseline parameters. We also predicted the CSD pro-

ression after follow-up by extrapolating parameters according to this

ifference vector. 

𝑆̃𝐷 ( 𝑒, 𝑓 ) = 

̃𝐶𝑆𝐷 ( 𝑒, 𝑓 |{Θ(1) + 𝜆(Θ(2) − Θ(1) )}) (23) 

𝜆 ∈ {0 , 0 . 25 , 0 . 5 , 0 . 75 , 1 , 1 . 25} 

ere, 𝜆 simulates the time points on the trajectory from baseline to

ollow-up. 𝜆 = 0 and 𝜆 = 1 generate CSDs with baseline and follow-up

arameters. 𝜆 = 1 . 25 correspond to the future time point with extrapo-

ated parameters after follow-up. 

The simulation results of four patients (S11 and S4 in the SI-L group

nd S2 and S17 in the SI-H group) are shown in Fig. 11 , which shows the

eterogeneous time courses of CSDs from baseline to follow-up across

atients and networks. For example, in DMN, S11 and S2 showed shifts

f complex CSD peaks along the time course to follow-up. In contrast, the

pectral peaks and amplitudes in AHN gradually shifted. Consequently,
13 
SD after follow-up with 𝜆 = 1 . 25 can be easily predicted for the gradu-

lly changing network of an individual but complex in the other cases.

n particular, the CSD trajectories from baseline to follow-up varied be-

ween individuals, and it is not trivial to generalize the time courses of

SD changes specific to groups. The four examples in Fig. 11 do not

epresent all the diversity of each group but suggest the importance of

ndividual-level computational modeling and simulation. 

.2. Core parameters for CSD progression 

If the progress of a model parameter continues along the direction

rom baseline to follow-up, how will the CSD progress in the SI-H group?

hich parameters are more influential in inducing progressive CSD

hanges from follow-up? 

Regarding these questions, we used a virtual perturbation analysis of

ll model parameters in DMN and AHN. We explored the core parame-

ers that influence the CSD progression of each patient in the SI-H group.

or all parameters, we individually altered the follow-up parameter to

rogress 50% in the direction from baseline to follow-up. If a follow-up

arameter was increased from baseline, we added the parameter with

og (1 . 5) , which was driven by considering a real biological effect, i.e.,

 . 5 𝑋 0 exp ( 𝑥 ) . If a follow-up parameter is smaller than the baseline, we

ubtracted log (1 . 5) from the follow-up parameter. To evaluate the in-

uence of a parameter 𝑝 on the progression of CSD, we perturbed the

ollow-up system with a set of parameters Θ̃( 𝑝 ) , defined as follows. 

̃ ( 𝑝 ) = 

{ 

Θ(2) 
⧵𝑝 , Θ

(2) 
𝑝 + log (1 . 5) ⋅ sign 

(
Θ(2) 
𝑝 − Θ(1) 

𝑝 

)} 

(24) 

ere, sign 
(
Θ(2) − Θ(1) ) represents the sign of 

(
Θ(2) 
𝑝 − Θ(1) 

𝑝 

)
, i.e., 1 for

(2) − Θ(1) > 0 , −1 for Θ(2) − Θ(1) < 0 . 
To measure the influence of each parameter 𝑝 on the progression of

SD in each patient after follow-up, we used 𝑅𝑀𝑆𝐸 𝑝 , which is defined

y the root mean square error between the CSD of the progressive system

 

̃𝐶𝑆𝐷 

(
𝑒, 𝑓 |Θ̃( 𝑝 ) )) and that of follow-up ( 𝐶𝑆𝐷 

(2) ( 𝑒, 𝑓 ) ) at all 𝑛 ( 𝐸) edges

nd 𝑛 ( 𝐹 ) frequency bands as below. 

𝑀𝑆 𝐸 𝑝 = 

√ 

1 
𝑛 ( 𝐸) × 𝑛 ( 𝐹 ) 

∑
𝑒 ∈𝐸 

∑
𝑓∈𝐹 

{
̃𝐶𝑆 𝐷 

(
𝑒, 𝑓 |Θ̃( 𝑝 ) 

)
− 𝐶𝑆 𝐷 

(2) ( 𝑒, 𝑓 ) 
}2 
. 

(25) 

We sorted 𝑅𝑀𝑆𝐸 𝑝 of all parameters and chose the eight highest core

arameters for each individual of the eight patients in the SI-H group.

e then counted the number of occurrences of each parameter in the

ight patients. Figure 12 A and B display 𝑅𝑀𝑆𝐸 𝑝 and the occurrence

ounts for each parameter for DMN and AHN. 

Despite heterogeneity between individuals, most membrane capaci-

ance parameters ( 𝐶 

( 𝑖 ) ) except 𝑑𝑝 , some intrinsic connectivity ( 𝛾𝑖𝑗 ), and
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Fig. 10. Effects of excitatory and inhibitory connectivity on CSD frequency shifts. (A) All intrinsic connectivity is divided into two sets: intrinsic connections from 

an inhibitory subpopulation 𝑖𝑖 to other subpopulations (called I-edges) and all excitatory connections from noninhibitory subpopulations to different subpopulations 

(E-edges) shown as red arrows. (B) For a diverse pair of excitatory and inhibitory connectivity strengths, the deviation of relative CSD (rCSD) from follow-up CSD 

(i.e., Δ𝑟𝐶𝑆𝐷 ( 𝑓 |𝜆𝐸 , 𝜆𝐼 ) , a difference between the rCSD simulated with the parameter pair ( ̃Θ( 𝑑) 
𝑝 
( 𝜆𝐸 , 𝜆𝐼 ) ) and that of the follow-up) was displayed in color (blue for 

reduced simulated rCSD and red for increased simulated rCSD compared to follow-up rCSD) with its absolute value ( Δ𝑟𝐶𝑆𝐷 ( 𝑓 |𝜆𝐸 , 𝜆𝐼 ) ) as a landscape amplitude at 

four frequency bands in DMN and AHN. Black-lined white zones of excitatory and inhibitory connectivity strength indicate where they do not lead to a noticeable 

deviation of rCSD from the follow-up rCSD ( < 0 . 05 ). The stable zone surrounds the excitatory and inhibitory connectivity of the follow-up point (red bar) with a 

different pattern for each frequency band and network. In this stable zone, the excitatory and inhibitory connectivity are interdependent to maintain a similar level 

of rCSD without deviating from the follow-up rCSD. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 

this article.) 
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ime constants of neural dynamics ( 𝑇 𝑖 ) in DMN and AHN are the core

arameters ( Fig. 12 C and D). 

In DMN, 𝛾𝑟𝐿𝑃 ( 𝑑𝑝 → 𝑑𝑝 ) is influential in six patients and 𝛾𝑃 𝑟𝐶𝑢 ( 𝑑𝑝 →
𝑝 ) in four patients. In AHN, 𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) , 𝛾𝑆𝑇𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) , and

𝑆𝑀𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) are detected as cores in five patients. 

.3. Nonlinear interactions effects of parameters on CSD progression 

By extending the previous core analysis on the CSD progression, we

urther investigated the interactions of every pair of parameters using

irtual perturbation analysis. The model parameters Θ̃( 𝑝 1 ,𝑝 2 ) of a virtual

odel with a paired perturbation of ( 𝑝 1 , 𝑝 2 ) , are given by 

̃ ( 𝑝 1 ,𝑝 2 ) = {Θ(2) 
⧵{ 𝑝 1 ,𝑝 2 } 

, Θ(2) 
{ 𝑝 1 ,𝑝 2 } 

+ log (1 . 5) ⋅ sign (Θ(2) 
{ 𝑝 1 ,𝑝 2 } 

− Θ(1) 
{ 𝑝 1 ,𝑝 2 } 

)} (26)

he effect of interaction between a parameter 𝑝 1 and 𝑝 2 on the progres-

ion of CSD is defined by the root mean square error, 𝑅𝑀𝑆𝐸 ( 𝑝 1 ,𝑝 2 ) as
14 
elow. 

MS 𝐸 ( 𝑝 1 ,𝑝 2 ) 

= 

√ 

1 
𝑛 ( 𝐸 ) × 𝑛 ( 𝐹 ) 

√ ∑
𝑒 ∈𝐸 

∑
𝑓∈𝐹 

{ 

C̃SD 

(
𝑒, 𝑓 |Θ̃( 𝑝 1 ,𝑝 2 ) ) − CS 𝐷 

( 2 ) ( 𝑒, 𝑓 ) 
} 2 

(27) 

We defined three types of interactions: 1) positive synergistic in-

eraction, 2) negative synergistic interaction, and 3) mild interaction,

y comparing the combined 𝑅𝑀𝑆𝐸 ( 𝑝 1 ,𝑝 2 ) with separate 𝑅𝑀𝑆𝐸 𝑝 1 
and

𝑀𝑆𝐸 𝑝 2 
. 

( 𝑝 1 , 𝑝 2 ) = 

⎧ ⎪ ⎪ ⎨ ⎪ ⎪ ⎩ 

−1 for 𝑅𝑀𝑆𝐸 ( 𝑝 1 ,𝑝 2 ) < min ( 𝑅𝑀𝑆 𝐸 𝑝 1 
, 𝑅𝑀𝑆 𝐸 𝑝 2 

) 

0 for min ( 𝑅𝑀𝑆 𝐸 𝑝 1 
, 𝑅𝑀𝑆 𝐸 𝑝 2 

) ≤ 𝑅𝑀𝑆𝐸 ( 𝑝 1 ,𝑝 2 ) 

< ( 𝑅𝑀𝑆 𝐸 𝑝 1 
+ 𝑅𝑀𝑆 𝐸 𝑝 2 

) 

1 for 𝑅𝑀𝑆𝐸 ( 𝑝 ,𝑝 ) ≥ ( 𝑅𝑀𝑆 𝐸 𝑝 + 𝑅𝑀𝑆 𝐸 𝑝 ) 

(28) 
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Fig. 11. CSD evolvement trajectory from baseline to follow-up when the model parameters change from baseline to follow-up with ratios of 0.25, 0.5, 0.75, 1.0, 

and 1.25. 𝜆 = 0 and 𝜆 = 1 generate CSDs with parameters of baseline and follow-up. 𝜆 = 1 . 25 correspond to the future time point with extrapolated parameters after 

follow-up. The CSD trajectory of DMN and AHN are shown for two patients, S11 and S4 in SI-L group and S2 and S17 in SI-H group. 
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ere, the mild interaction indicates interactions between positive and

egative synergistic interactions, including an additive linear interac-

ion and most of the negative but mild synergistic interactions. For each

atient in the SI-H group, we evaluated 𝐼( 𝑝 1 , 𝑝 2 ) for all pairs of 𝑝 1 and 𝑝 2 
n the best model. This leads to an interaction map among parameters.

e then averaged individuals’ interaction maps for display. 

Figure 13 illustrates examples of positive and negative synergistic

nteractions in DMN and AHN. In the example of positive synergistic in-

eraction in DMN, perturbations of 𝑝 1 = 𝛾𝑟𝐿𝑃 ( 𝑖𝑖 → 𝑖𝑖 ) , 𝑝 2 = 𝛾𝑟𝐿𝑃 ( 𝑖𝑖 → 𝑑𝑝 )
eparately do not cause significant progressions in CSD after follow-up.

hen perturbed together, the progression of the CSD from follow-up is
15 
igher than the sum of each progression. This nonlinear interaction is

ound similarly in AHN, between 𝑝 1 = 𝑇 AMPA ( 𝑆𝑇 𝐺) , 𝑝 2 = 𝛾𝑆𝑇𝐺 ( 𝑑 𝑝 → 𝑑 𝑝 ) .
In the negative synergistic interaction examples in DMN and AHN,

ndividual perturbations of 𝑝 1 = 𝑇 𝐺𝐴𝐵𝐴 ( 𝑚𝑃 𝐹 𝐶) , 𝑝 2 = 𝛾𝑚𝑃𝐹𝐶 ( 𝑖𝑖 → 𝑖𝑖 ) in

MN and 𝑝 1 = 𝛾𝑆𝑇𝐺 ( 𝑑𝑝 → 𝑖𝑖 ) , 𝑝 2 = 𝛾𝑆𝑇𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) in AHN show the pro-

ression of CSD from follow-up, but combined perturbation reduces the

rogression, lower than the minimal progression, by separate perturba-

ion of the two parameters, canceling separate perturbation effects. 

Figure 14 and Table 5 summarize the results of the nonlinear in-

eraction analysis of all pairs of parameters. The average interaction

ap of the group in Fig. 14 reveals the most positive or negative non-
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Fig. 12. Influential core parameters in progressing CSD changes. (A, B) As a measure of each parameter’s influence on CSD progression, the root mean square error, 

𝑅𝑀𝑆𝐸 𝑝 , between the CSD of a virtually progressed parameter set, ̃𝐶𝑆𝐷 

(
𝑒, 𝑓 |Θ̃( 𝑝 ) ), and that of follow-up, 𝐶𝑆𝐷 

(2) ( 𝑒, 𝑓 ) , was evaluated for every single parameter 𝑝 of 

each patient in the SI-H group. The result is displayed for DMN (A) and AHN (B). The black line represents the group average 𝑅𝑀𝑆𝐸 𝑝 . (C, D) The eight parameters 

that showed the highest 𝑅𝑀𝑆𝐸 𝑝 were selected as cores for each patient. The occurrence frequencies of each parameter as a core in 8 patients are displayed for DMN 

(C) and AHN (D). 

Fig. 13. Examples of combined parameter effects on CSD progression in the SI-H group. CSD of follow-up is shown with the black line. The blue and green lines 

indicates CSD perturbed by 𝑝 1 , ̃𝐶𝑆𝐷 𝑝 1 
, and by 𝑝 2 , ̃𝐶𝑆𝐷 𝑝 2 

, and red line shows CSD perturbed by ( 𝑝 1 , 𝑝 2 ) , i.e., ̃𝐶𝑆𝐷 𝑝 1 ,𝑝 2 
. Examples of the positive and negative nonlinear 

synergistic effects in DMN (A) and AHN (B) are presented. In the example of DMN, 𝑝 1 = 𝛾𝑟𝐿𝑃 ( 𝑖𝑖 → 𝑖𝑖 ) , 𝑝 2 = 𝛾𝑟𝐿𝑃 ( 𝑖𝑖 → 𝑑𝑝 ) and 𝑝 1 = 𝑇 𝐺𝐴𝐵𝐴 ( 𝑚𝑃 𝐹 𝐶) , 𝑝 2 = 𝛾𝑚𝑃𝐹𝐶 ( 𝑖𝑖 → 𝑖𝑖 ) 
were selected for the positive and negative nonlinear synergistic effects. For AHN, 𝑝 1 = 𝑇 AMPA ( 𝑆𝑇 𝐺) , 𝑝 2 = 𝛾𝑆𝑇𝐺 ( 𝑑 𝑝 → 𝑑 𝑝 ) and 𝑝 1 = 𝛾𝑆𝑇𝐺 ( 𝑑 𝑝 → 𝑖𝑖 ) , 𝑝 2 = 𝛾𝑆𝑇𝐺 ( 𝑑 𝑝 → 𝑑 𝑝 ) 
were selected as the examples of positive and negative nonlinear synergistic effects. (For interpretation of the references to colour in this figure legend, the reader is 

referred to the web version of this article.) 

16 
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Fig. 14. The group average interaction maps of DMN and AHN. The group interaction maps comprised the interaction effect on the CSD progression from follow-up 

between all pairs of model parameters in the SI-H group after combined parameter perturbation. The group average interaction maps are illustrated as adjacency 

matrices (including all parameter pairs) and circular graphs (parameter pairs of nonlinear interactions in more than 4 out of 8 patients) for DMN and AHN. The 

positive and negative nonlinear synergistic interactions are colored in red and blue in the circular maps. Most positive or negative nonlinear interactions were found 

between the intrinsic connectivity ( 𝛾𝑘 ) in a region. Nonlinear interactions are also found between some time constants and intrinsic connectivity in a region. (For 

interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 5 

Parameter pairs of synergistic interactions on CSD progression. 

DMN AHN 

Positive synergistic interactions Patients Positive synergistic interactions Patients 

𝑇 AMPA ( 𝑟𝐿𝑃 ) ↔ 𝛾𝑟𝐿𝑃 ( 𝑑𝑝 → 𝑑𝑝 ) 4 𝑇 AMPA ( 𝑟𝐼𝐹𝐺) ↔ 𝛾𝑟𝐼𝐹𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) 5 

𝑇 AMPA ( 𝑃𝑟𝐶𝑢 ) ↔ 𝛾𝑃𝑟𝐶𝑢 ( 𝑑𝑝 → 𝑑𝑝 ) 4 𝑇 AMPA ( 𝑆𝑇 𝐺) ↔ 𝛾𝑆𝑇𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) 4 

𝛾𝑙𝐿𝑃 ( 𝑠𝑠 → 𝑠𝑠 ) ↔ 𝛾𝑙𝐿𝑃 ( 𝑠𝑠 → 𝑖𝑖 ) 4 𝛾𝑟𝐼𝐹𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) ↔ 𝛾𝑟𝐼𝐹𝐺 ( 𝑖𝑖 → 𝑑𝑝 ) 4 

𝛾𝑟𝐿𝑃 ( 𝑠𝑠 → 𝑠𝑠 ) ↔ 𝛾𝑟𝐿𝑃 ( 𝑠𝑠 → 𝑖𝑖 ) 5 𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) ↔ 𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑑𝑝 ) 4 

𝛾𝑃𝑟𝐶𝑢 ( 𝑠𝑠 → 𝑠𝑠 ) ↔ 𝛾𝑃𝑟𝐶𝑢 ( 𝑠𝑠 → 𝑖𝑖 ) 5 𝛾𝑆𝑀𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) ↔ 𝛾𝑆𝑀𝐺 ( 𝑖𝑖 → 𝑑𝑝 ) 5 

𝛾𝑚𝑃𝐹𝐶 ( 𝑠𝑠 → 𝑠𝑠 ) ↔ 𝛾𝑚𝑃𝐹𝐶 ( 𝑠𝑠 → 𝑖𝑖 ) 4 

𝛾𝑙𝐿𝑃 ( 𝑖𝑖 → 𝑖𝑖 ) ↔ 𝛾𝑙𝐿𝑃 ( 𝑖𝑖 → 𝑑𝑝 ) 4 

𝛾𝑟𝐿𝑃 ( 𝑖𝑖 → 𝑖𝑖 ) ↔ 𝛾𝑟𝐿𝑃 ( 𝑖𝑖 → 𝑑𝑝 ) 4 

𝛾𝑃𝑟𝐶𝑢 ( 𝑖𝑖 → 𝑖𝑖 ) ↔ 𝛾𝑃𝑟𝐶𝑢 ( 𝑖𝑖 → 𝑑𝑝 ) 4 

Negative synergistic interactions Patients Negative synergistic interactions Patients 

𝑇 𝐺𝐴𝐵𝐴 ( 𝑙𝐿𝑃 ) ↔ 𝛾𝑙𝐿𝑃 ( 𝑑𝑝 → 𝑑𝑝 ) 5 𝑇 𝐺𝐴𝐵𝐴 ( 𝑙 𝐼𝐹𝐺 ) ↔ 𝛾𝑙𝐼𝐹𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) 4 

𝛾𝑙𝐿𝑃 ( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾𝑙𝐿𝑃 ( 𝑑𝑝 → 𝑑𝑝 ) 7 𝑇 𝐺𝐴𝐵𝐴 ( 𝑆𝑇 𝐺) ↔ 𝛾𝑆𝑇𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) 4 

𝛾𝑟𝐿𝑃 ( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾𝑟𝐿𝑃 ( 𝑑𝑝 → 𝑑𝑝 ) 7 𝑇 𝐺𝐴𝐵𝐴 ( 𝑆𝑀𝐺) ↔ 𝛾𝑆𝑀𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) 4 

𝛾𝑃𝑟𝐶𝑢 ( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾𝑃𝑟𝐶𝑢 ( 𝑑𝑝 → 𝑑𝑝 ) 6 𝛾𝑙𝐼𝐹𝐺 ( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾𝑙𝐼𝐹𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) 6 

𝛾𝑚𝑃𝐹𝐶 ( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾𝑚𝑃𝐹𝐶 ( 𝑑𝑝 → 𝑑𝑝 ) 6 𝛾𝑟𝐼𝐹𝐺 ( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾𝑟𝐼𝐹𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) 6 

𝛾𝑆𝑇𝐺 ( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾𝑆𝑇𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) 4 

𝛾𝑆𝑀𝐺 ( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾𝑆𝑀𝐺 ( 𝑑𝑝 → 𝑑𝑝 ) 8 

𝛾𝑙𝐼𝐹𝐺 ( 𝑠𝑠 → 𝑠𝑠 ) ↔ 𝛾𝑙𝐼𝐹𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) 4 

𝛾𝑟𝐼𝐹𝐺 ( 𝑠𝑠 → 𝑠𝑠 ) ↔ 𝛾𝑟𝐼𝐹𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) 4 

𝛾𝑆𝑀𝐺 ( 𝑠𝑠 → 𝑠𝑠 ) ↔ 𝛾𝑆𝑀𝐺 ( 𝑖𝑖 → 𝑖𝑖 ) 4 

𝛾𝑙𝐼𝐹𝐺 ( 𝑠𝑠 → 𝑠𝑝 ) ↔ 𝛾𝑙𝐼𝐹𝐺 ( 𝑠𝑝 → 𝑠𝑝 ) 4 
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inear interactions between intrinsic connectivity ( 𝛾𝑘 ) in the same re-

ion. Nonlinear interactions are also found between some time constants

nd intrinsic connectivity in the same region. For example, combina-

ions of two intrinsic connectivities such as 𝛾( 𝑠𝑝 → 𝑑𝑝 ) ↔ 𝛾( 𝑑𝑝 → 𝑑𝑝 ) ,
( 𝑠𝑠 → 𝑠𝑠 ) ↔ 𝛾( 𝑖𝑖 → 𝑖𝑖 ) , 𝛾( 𝑖𝑖 → 𝑠𝑠 ) ↔ 𝛾( 𝑖𝑖 → 𝑖𝑖 ) , and 𝛾( 𝑠𝑠 → 𝑠𝑝 ) ↔ 𝛾( 𝑠𝑝 →
𝑝 ) show negative synergistic interactions. 𝑇 𝐺𝐴𝐵𝐴 and 𝛾( 𝑖𝑖 → 𝑖𝑖 ) or 𝑇 𝐺𝐴𝐵𝐴 
nd 𝛾( 𝑑𝑝 → 𝑑𝑝 ) also show a negative synergistic interaction. 

On the other hand, combinations of the AMPA time constant ( 𝑇 AMPA )

nd the intrinsic self-connection of 𝑑𝑝 − 𝑑𝑝 ( 𝛾( 𝑑𝑝 → 𝑑𝑝 ) ) or combina-

ions of 𝛾( 𝑖𝑖 → 𝑖𝑖 ) and 𝛾( 𝑖𝑖 → 𝑑𝑝 ) in the same region induce positive syn-

rgistic interactions in both networks. The interactions between 𝛾( 𝑠𝑠 →
𝑠 ) and 𝛾𝑃 𝑟𝐶𝑢 ( 𝑠𝑠 → 𝑖𝑖 ) are positive synergistic only in DMN. 

. Discussion 

In the present study, we explored long-term changes in neurobiolog-

cal properties at hierarchical levels of the CMM-NMDA model at DMN
17 
nd AHN in clozapine-treated patients with schizophrenia. We identi-

ed neurobiological properties at three hierarchical levels (cellular-level

eural properties, intrinsic connectivity, and extrinsic connectivity) as-

ociated with medication duration and symptomatic improvement in

chizophrenia. To evaluate the precise effects of each neurobiological

roperty on the EEG CSD, we performed virtual perturbation analyses,

aking advantage of the generative nature of the computational model.

irtual perturbation analysis includes a method to evaluate nonlinear in-

eractions between pairs of neurobiological properties that affect CSDs.

Our results suggested that: a) longitudinal changes occur in neurobi-

logical properties across hierarchical levels; b) changes associated with

edication duration and symptomatic improvement are dominant in

ntrinsic connectivity; c) each neurobiological property plays a specific

ole in the frequency shift of EEG CSD; d) both inhibitory and excitatory

onnectivity complement CSD alteration; and e) nonlinear synergistic

nteractions between neural properties contribute to CSD progression

fter follow-up. 
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.1. Multiscale neuropharmacological modeling with the CMM–NMDA 

Computational modeling involves growing attention to bridge

he microscale (channel level), mesoscale (intraregional level), and

acroscale (interregional level) interactions in the neurobiological hi-

rarchy. An increasing number of computational modeling studies have

een conducted in neuropharmacology. Among computational models

or neuropharmacology, the CMM-NMDA receives increasing attention

ecause of its multiscale modeling capability of neurobiological circuits.

Moran et al. (2013b) applied the CMM–NMDA model to analyze the

EG signals obtained during oddball experiments. The model helped

larify the roles of the neuromodulator, acetylcholine, in perception

nd learning under uncertainty. Symmonds et al. (2018) analyzed rest-

ng state EEG data to investigate the receptor function of patients with

MDA receptor antibody encephalitis. The CMM–NMDA models have

een further extended to solve various problems. A separate study

 Adams et al., 2020 ) explored the role of the tiagabine GABA reup-

ake inhibitor in the oddball auditory task using an extended CMM with

ix neural populations for a local circuit for MEG data. Another study

 Shaw et al., 2020 ) introduced a thalamocortical model with neural

opulations from four cortical regions. They studied the effects of ke-

amine on task-induced cortical oscillations, including increases in high-

requency oscillations (gamma band) and decreases in low-frequency

scillations (theta and alpha bands). 

In line with these neuropharmacological modeling studies, we chose

 CMM–NMDA model to explore long-term neurobiological changes

n clozapine-treated patients, taking advantage of its multiscale model

haracteristics. Patients with schizophrenia treated with clozapine were

esistant to drugs other than clozapine. Unlike variations in drug types

nd doses during early treatment, these patients received similar dose

evels between patients without significant dose changes. Consequently,

atients treated with clozapine with schizophrenia are advantageous for

omputational modeling to explore the long-term effects of clozapine on

chizophrenia due to the reduced confounder effects of the type, dose,

nd changes in medication. 

To apply the CMM–NMDA model to longitudinal EEG in patients

ith schizophrenia treated with clozapine, we focused on DMN and

HN based on previous studies ( Andreasen and Flaum, 1991; Galindo

t al., 2018; Garrity et al., 2007; Li et al., 2017; Sambataro et al., 2010;

tephane et al., 2001; Swanson et al., 2011 ). As a Bayesian approach,

he best models for DMN and AHN ( Fig. 4 ) in the resting state were

hosen by performing a BMR and BMS analysis ( Friston and Penny,

011; Friston et al., 2016; Zeidman et al., 2019 ). To constrain the

earch space of the model within biological plausibility, we initially

onstructed the topology of the model with neurobiologically known

onnectivity and allowed other edges previously unexplored or unre-

orted to be searched. This guided search of the network topology is

ecessary, as the best model chosen by the free energy criterion may

ot necessarily be the human brain system. 

The hierarchy of the best DMN model was in the order of mPFC >

rCu > LP with a direct connection from the LP to the mPFC ( Fig. 4 A),

hich is consistent with a previous EEG DCM study ( Steen et al., 2019 ).

or the AHN model, we set the basic hierarchy of the left hemisphere to

FG ← SMG ← STG according to Jardri et al. (2011) . In the best model of

HN, rIFG appears to be hierarchically lower than lIFG but higher than

he SMG and the STG ( Fig. 4 B). This circuit topology is partly evidenced

y a language processing study in which the lIFG plays an integrative

ole and the rIFG supports the lIFG by providing specific information

 Steines et al., 2021 ). 

.2. Strategy for exploring long-term evolvement of neurobiological 

roperties 

In the neurobiological hierarchy, it is reasonable to consider the ef-

ects of clozapine treatment hierarchically. The cellular or channel-level

roperties, the initial target of clozapine, may induce changes in intrin-
18 
ic and extrinsic interregional connectivity due to plasticity at different

emporal scales. However, how one-level change affects others requires

 more complex hierarchical and long-term chronometric model, which

emains an important topic for future study. Instead of exploring the

ropagation of drug effect across hierarchical levels, we used a CMM-

MDA model that includes all hierarchical level neural parameters in a

odel. To mitigate limitations in studying the evolution of interactions

cross hierarchical levels, we have tried to identify hierarchical-level-

pecific effects on EEG CSD. We also explored nonlinear interactions

etween model parameters within and through hierarchical levels. De-

pite being simplified and thus blind to temporal orders, we expected

ore notable changes in intrinsic connectivity within a local region than

n extrinsic interregional connectivity due to the neuropharmacological

echanism of antipsychotic drugs. 

We also lack a generative model from neurobiological properties to

sychotic symptoms, which are hierarchically beyond the EEG level,

he link of which is a fundamental question of human brain research.

nstead of exploring the causal relationship between neurobiological

roperties and symptoms, we remain at the correlative link, employing

he hierarchical Bayesian framework. We specified the neurobiological

hanges at each level according to the medication duration and symp-

omatic improvement in the form of a group design matrix in the PEB

nalysis. 

Since medication duration and symptom improvement ratio were

entered on the mean, the common effect represents an average longitu-

inal difference in the neurobiological model parameter under a group-

verage duration of the medication (between follow-up and baseline)

ith a group-average symptom improvement ratio. Meanwhile, the ef-

ects of treatment duration and improvement ratio are patient-specific.

n the current study with patients resistant to other drugs, relatively sta-

ilized in clozapine dose, a high correlation exists between symptomatic

mprovement ratios and medication durations. In this sense, the effect

f the improvement ratio is attributable to the individual characteris-

ics that respond to clozapine, unexplained by the duration of clozapine

reatment. 

.3. Neurobiological properties related to medication duration and 

ymptom improvement 

Clozapine, a selective monoaminergic antagonist, shows a high affin-

ty for serotonin type 2 (5HT2), adrenergic type 1 dopamine D4 recep-

ors, and histaminergic receptors H1 ( Nucifora et al., 2017 ). Clozapine

lso acts as an antagonist of other receptors, but with lower affinity. As

hese receptors are mainly distributed in the serotonin and dopamine

ircuits, which overlap with DMN ( Conio et al., 2020 ), the effects of

lozapine can be directly associated with the DMN regions but indirectly

ith AHN. 

Longitudinal neurobiological changes associated with medication

uration and symptom improvement occur across hierarchical levels in

atients with clozapine, primarily in intrinsic connectivity ( Fig. 7 ). Ex-

rinsic connectivity changes were found predominantly in the common

ffect, showing that the extrinsic connection decreases along the acqui-

ition time points. 

In DMN, the longitudinal decrease in the extrinsic connection was

ommonly found in the forward and backward interhemispheric AMPA

onnection between the bilateral parietal lobe ( 𝑙𝐿𝑃 → 𝑟𝐿𝑃 ). The rLP

nd mPFC are dominant regions that show changes in intrinsic connec-

ivity associated with the symptom improvement ( Fig. 7 A). In mPFC,

he connectivity of the superior pyramidal cell ( 𝑠𝑝 ) to the deep pyrami-

al cell ( 𝑑𝑝 ) is generally reduced at follow-up (common effect), and the

ecrease was also negatively associated with symptom improvement. In

ther words, this decrease was severe in patients who displayed more

emarkable improvement ( Fig. 7 B and Table 3 ). The greater increase

n intrinsic connectivity from deep pyramidal cells ( 𝑑𝑝 ) to inhibitory

nterneurons ( 𝑖𝑖 ) of the mPFC was also found in the more improved pa-

ients. 
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Regarding the effects related to symptom improvement, increased

onnectivity from the inhibitory neural population ( 𝑖𝑖 ) to the spiny stel-

ate population (ss) ( 𝑖𝑖 → 𝑠𝑠 ) in lLP and rLP of DMN ( Fig. 7 A and Table 3 )

mplies that recovery of the inhibitory GABAergic connection may be as-

ociated with improved symptoms of schizophrenia. In rLP and mPFC,

n increase in excitatory connectivity from the deep pyramidal popu-

ation ( 𝑑𝑝 ) to the inhibitory population ( 𝑖𝑖 ) ( 𝑑𝑝 → 𝑖𝑖 ), which could also

ncrease the activity of the inhibitory neural population ( 𝑖𝑖 ), was iden-

ified as the effect of symptom improvement. 

In AHN, the extrinsic connectivity from STG to SMG (STG → SMG)

enerally decreases in the patient group at follow-up compared to base-

ine. Meanwhile, an increase in extrinsic connection from STG to lIFG

STG → lIFG) in AHN is associated with the symptomatic improve-

ent ratio ( Fig. 7 B). Schizophrenia showed reduced thickness and in-

reased metabolism in the IFG and temporal lobe of the left hemisphere

 Park et al., 2006 ). Patients with schizophrenia have reduced diffusion

nisotropy in the uncinate fascicule, a tract that connects the temporal

nd frontal cortices ( Kubicki et al., 2005 ). A decrease in structural and

unctional connectivity was found between the left IFG and the tempo-

al lobe compared to the healthy control group ( Jeong et al., 2009 ). If

e consider symptomatic improvement as closer to a healthy circuit, the

ncrease in the extrinsic connectivity from STG to lIFG is consistent with

igher connectivity in the healthy group compared to the schizophrenia

roup in previous studies. 

The left STG in AHN also shows outstanding changes in intrinsic

onnectivity in the group average (common effect) and the medication

uration effect ( Fig. 7 B). Among them, the inhibitory neural population

 𝑖𝑖 ) was prominent in the intrinsic connectivity of STG. 

Clozapine treatment affects not only intrinsic and extrinsic connec-

ivity but also cellular-level properties, such as membrane capacitance

nd NMDA time constants. In particular, membrane capacitance in the

eep pyramidal population ( 𝑑𝑝 ) of all regions of DMN was negatively

ssociated with the symptom improvement ratio ( Fig. 7 B and Table 3 ).

embrane capacitance is reported to influence synaptic efficacy and de-

ermine the speed of signal propagation along dendrites and unmyeli-

ated axons ( Gentet et al., 2000 ). Changes in NMDA time constants in

he parietal lobe were found to be positively associated with medication

uration, indicating the slowdown of the NMDA receptor response for

onger medication durations. 

.4. Relationship between CSD changes and neurobiological changes 

Previous studies using EEG power spectral analysis have reported

EG alterations in patients treated with clozapine with schizophrenia.

ost studies reported clozapine-induced increased slow wave (delta,

heta) ( Adams et al., 2022; Hyun et al., 2011; Jackson and Seneviratne,

019; Knott et al., 2001; Ozaki et al., 2021; Raymond et al., 2022 ).

owever, how receptor-level clozapine affects EEG signals and symptom

mprovement in patients with schizophrenia is not well understood. In

ontrast to the previous power spectral analysis method, we evaluated

he cross-spectra changes at the source level, which reflect changes in

nterregional communications among brain regions. Due to considerable

ethodological differences compared to previous studies (e.g., analysis

t EEG sensor level versus source level, power spectrum without interac-

ion information between brain regions versus CSD with inter-regional

nteraction information, CSD without and with total power normaliza-

ion for global power changes versus edge-specific frequency shifts), the

urrent CSD results cannot be directly compared with previous results

nalyzed using power spectrum at the channel level without normaliza-

ion. 

During clozapine treatment, frequency-dependent relative CSDs in

MN generally show decreased or negative directional longitudinal

hanges in slow oscillations (delta or theta frequency bands) but in-

rease in the higher frequency oscillations (alpha or beta frequency

ands) on average across group patients ( Fig. 6 C). 
19 
In DMN, SI-related changes were found in the beta frequency chan-

el, with more increase in interhemispheric connectivity between lLP

nd rLP, but reduced power spectral changes in mPFC and rLP in more

mproved patients ( Fig. 6 C). In AHN, more reduction was found in theta

requency CSD powers across the hemispheres and the autopower spec-

ra of STG and lIFG ( Fig. 6 D) in the more improved patients. 

Of note, the relationship between changes in CSD power in the GLM

nalysis and changes in the CMM-NMDA parameter in the PEB analysis

s not straightforward. There was no apparent correspondence between

he edges of the CSD and extrinsic connectivity associated with the com-

on, medication durations, and symptom improvements. The lack of

orrespondence suggests that the change in CSD power at a specific

dge is not simply the result of extrinsic connectivity corresponding to

he edge but may be an interaction of intrinsic connectivity. Consistent

ith this interpretation, Gao et al. (2022) suggests that GABA deficiency

ay result in abnormal local circuitry and, thus, long-distance connec-

ivity between several brain regions, including the dopamine system. In

ur analysis and simulation, the changes in CSD were mainly driven by

nteractions between intrinsic connectivity rather than extrinsic connec-

ivity between regions. Because interregional connectivity is regulated

y supra pyramidal cells ( 𝑠𝑝 ) for forward connections and deep pyrami-

al cells ( 𝑑𝑝 ) for backward connections (see Fig. 3 ), the activity of these

egions may explain the changes in interregional CSD. Since the system

s interwoven, it may not be easy to differentiate specific effects from

he whole in explaining the longitudinal changes of the CSD. However,

hese results imply the need to explore neural-level analysis to better

nderstand changes in CSD. 

.5. Virtual perturbation analyses 

To explore the role of neurobiological properties in longitudinal EEG

hanges in patients with clozapine, we took advantage of computational

odeling to generate signals with different parameters, that is, virtual

erturbation ( Figs. 8–14 ). The virtual perturbation analysis effectively

xpands our understanding of the target system by artificially changing

he model parameters. In Fig. 8 , we were able to identify the sensitiv-

ty of each neurobiological property to the frequency shift of CSD from

aseline to follow-up. Virtual perturbation analysis also reveals the con-

ribution of each neural parameter set to the follow-up EEG, as shown in

ig. 9 . We found that intrinsic neural properties and intrinsic connectiv-

ty are differentially influential in the formation of follow-up EEG CSD

y affecting different frequency bands. 

The sensitivity of each neurobiological property and the contribution

f each neural parameter set based on Eqs. (19) and (20) are conceptu-

lly similar but have slightly different indications. The first is to perturb

he baseline system by replacing a baseline parameter with that of the

ollow-up. In contrast, the second is to perturb the follow-up system

y replacing a parameter or a set of parameters of follow-up with that

or those) of the baseline. As many parameters should be involved to-

ether to achieve follow-up CSD, the effect of a single parameter alone

n the baseline system without considering other parameters may not

dequately represent the role of each parameter on CSD change toward

he follow-up. In contrast, the follow-up system can be regarded as a

esult of changes in all parameters and all interactions between the pa-

ameters during the time courses. The contribution of a parameter was

valuated by the CSD deviation from the follow-up after replacing the

arameter with the baseline while keeping all other follow-up parame-

ers. In the current study, we preferred to perturb the follow-up system

xcept for Perturbation 1 in Table 4 ( Section 5.1 ) 

Virtual perturbation analysis is also helpful in exploring each indi-

idual’s CSD trajectory from baseline to follow-up, as shown in Fig. 11 .

or this simulation, we simplified the transition model by changing the

ector of model parameters proportional to the difference in vectors be-

ween the follow-up and baseline by ignoring the nonlinear transition.

he nonlinear transition, investigated in previous studies for different
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urposes ( Kang et al., 2021; Park and Kang, 2021 ), could be further

nvestigated. 

We used virtual perturbation analysis to explore the complemen-

ary relationship between intrinsic excitatory and inhibitory connec-

ivity, as shown in Fig. 9 . In the neurobiological system, the balance

etween excitation and inhibition is critical for optimal signal gener-

tion and transmission. In schizophrenia, dysfunction of the NMDA re-

eptor and GABAergic abnormalities have been proposed to induce exci-

ation/inhibition imbalance ( Gao and Penzes, 2015; Jardri and Denève,

013; O’Donnell, 2011; Yang et al., 2016 ). 

The effects of the excitatory and inhibitory connectivity strengths on

elative changes in CSD differed depending on frequency bands and net-

orks. For example, in DMN, the low-frequency band ( 𝛿 and 𝜃) rCSDs

emarkably get close to the pattern of the follow-up system (increased

rom baseline, colored blue) as the strengths of the excitatory and in-

ibitory connectivity approach to the follow-up system. They stayed at a

imilar level without a significant change in generating rCSDs even after

 further increase in both connectivities from the follow-up. This pattern

as not found in other frequency bands in DMN and AHN, except the al-

ha band in AHN. The excitatory and inhibitory increase toward the tar-

et system of AHN induces a reduction in the rCSDs in the beta frequency

and, followed by a stable state after a further rise in connectivity. We

ound a stable excitatory/inhibitory parameter zone that generates CSD

hat does not deviate significantly from the follow-up CSD. Any combi-

ation of excitatory and inhibitory strength within this stable zone has a

SD similar to that in follow-up. The stable zones are relatively narrow

nd form a complex shape in some frequency bands, indicating the com-

lementary dependency between excitatory and inhibitory connectivity

n these frequency bands. The complementary dependency between ex-

itatory and inhibitory connectivity was crucial in inducing the alpha

requency band rCSD shifts in DMN. In the beta frequency band in DMN,

he inhibitory connectivity strength is critical for the rCSD change but is

ess dependent on the excitatory connectivity strength. The stable zone

f the theta band in AHN is relatively similar to that of the alpha band in

MN, located between the increase and decrease of frequency-specific

CSD. This analysis suggests that the complementary characteristic be-

ween excitatory and inhibitory connectivity is a common phenomenon

egardless of DMN or AHN, despite slightly different shapes depending

n the frequency bands and networks. The analysis also informs us of

he progression of treatment effects after follow-up. As shown in the

elta and theta frequency bands in DMN and the beta frequency band

n AHN, further excitatory and inhibitory connectivity changes will not

nduce significant changes in rCSD in those frequency bands. 

.6. Nonlinear synergistic interactions of parameters for CSD 

The CSD time courses simulated from baseline to follow-up in

ig. 11 and the influential cores reflected in 𝑅𝑀𝑆𝐸 𝑝 in Fig. 12 showed

igh interindividual variability, suggesting the importance of individu-

lized simulation. Due to the high variability between individuals, we

xtracted the core parameters for the progression of CSD from follow-up

rom each individual in the SI-H group and evaluated their frequency

f occurrence between individuals. The membrane capacitances of all

eural populations except the 𝑑𝑝 population were identified as influ-

ntial core parameters in both DMN and AHN. Intrinsic connectivities,

𝑝 → 𝑑𝑝 in the lLP of DMN, in the STG and SMG of AHN, and 𝑖𝑖 → 𝑖𝑖 in

he STG of AHN were also core parameters in most patients. 

We found that some network systems show highly complex trajecto-

ies, as shown in the DMN of Fig. 11 . This complexity might be related

o the nonlinear interactions between neural parameters. Consequently,

e proposed a novel method to generate an interaction map to explore

he effects of nonlinear interaction between all pairs of parameters on

he progression of the CSD after follow-up. 

We only evaluated interactions of two parameters; Exploring inter-

ctions of more than two is theoretically possible in the current frame-

ork, but it will require a large amount of computation. Similarly to
20 
he current interaction analysis in Eq. (14 ), the parameter interaction

nalysis can be applied in various ways. Indeed, we applied the inter-

ction analysis of the follow-up parameters in achieving the follow-up

SD at different frequency bands, which was presented in the Supple-

entary Section “Nonlinear interaction effects of parameters in induc-

ng frequency-specific follow-up rCSDs ”. It is also possible to evaluate

he nonlinear interactions of all pairs of parameters in the path from

aseline to follow-up. Notably, perturbation of a system by replacing a

ollow-up parameter with that of the baseline or a baseline parameter

ith that of the follow-up has a limitation when the parameters of the

aseline and follow-up do not sufficiently differ; clozapine treatment

ight not successfully alter the parameter from the baseline despite its

mportance in cure. In this case, the replacement of parameters may not

nduce a sufficient change in CSD and cause a minimal interaction ef-

ect with other parameters. Therefore, instead of using the difference

etween follow-up and baseline, we evaluated a continuation effect of

reatment after follow-up by altering all parameters with a 150% in-

rease or decrease according to the time course from baseline to follow-

p. 

We found nonlinear interactions among parameters. We classified

hem into positive and negative synergistic interactions and mild inter-

ctions between the two. In the negative synergistic interaction, indi-

idual perturbations induce CSD progressions from follow-up, but the

ombined perturbation significantly reduces progression from follow-

p, canceling separate perturbation effects. 

According to the group-averaged interaction map ( Fig. 14 ), most pos-

tive or negative nonlinear interactions were found when the intrinsic

onnectivity of the same region ( 𝛾𝑘 ) was perturbed together. Nonlinear

nteractions were also found between some time constants and intrinsic

onnectivity in a region. 

The existence of nonlinear interactions highlights the complex and

nterconnected nature of the neural system. The finding that negative

ynergistic effects were more prevalent than positive synergistic ef-

ects is noteworthy. Negative synergistic interaction may be associated

ith maintaining homeostasis in the biological system for its stability

nd proper functioning. For example, in the regulation of metabolic

athways, negative synergistic effects between enzymes can prevent

he accumulation of harmful by-products and maintain the appropri-

te balance of metabolic intermediates ( Cruchaga et al., 2005; García-

uente et al., 2018; Lai et al., 2003 ). Similarly, in the regulation of

ene expression, negative synergistic effects between transcription fac-

ors can prevent gene overexpression and maintain cell homeostasis

 Patterson et al., 2021 ). 

On the other hand, positive synergistic interactions can result in in-

reased activity or production of some biomolecules. For example, when

egulating gene expression, positive synergistic effects between tran-

cription factors can result in increased expression of genes involved

n critical cellular processes, such as cell growth and differentiation

 Ramanathan et al., 2007 ). Similarly, in the regulation of metabolic

athways, positive synergistic effects between enzymes or biochemical

egulators can result in increased production of some biomolecules, such

s neurotransmitters or hormones ( Papa et al., 2022; Roell et al., 2017 ).

Similar synergistic effects have been reported in biological sys-

em control problems ( García-Fuente et al., 2018; Meyer et al., 2019;

arayan et al., 2020; Roell et al., 2017; 2017; Sagar et al., 2017; Sinzger

t al., 2019; Wooten et al., 2021; Yin et al., 2014; Zhang et al., 2017 ),

mphasizing the importance of considering the combined effects of mul-

iple regulators in these systems. The presence of nonlinear synergis-

ic interaction in a brain system makes the prediction and control of

he system’s response to perturbations complex ( Kang et al., 2021; Park

nd Kang, 2021 ). More research is needed to understand the underlying

echanisms of nonlinear interactions and their impact on the neural

ystem. However, current virtual perturbation analysis gives some intu-

tion and provides a framework to explore how the system will change

or continuous treatment or a new treatment targeting some pairs of

eural parameters. Indeed, the nonlinear interaction of parameters was
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valuated with respect to the progression of CSD from follow-up, which

s an example of prediction after a specific treatment. This scheme could

e used for optimal treatment planning. 

.7. Limitations and future research direction 

The study has several limitations. First, we analyzed the long-term

ongitudinal EEG data obtained from a limited number of patients. Tak-

ng into account individual variations in treatment responses or the eti-

logy of schizophrenia in each patient, a larger patient dataset could

e crucial for a more solid conclusion. We found very heterogeneous

EG changes in patients treated with a single type of clozapine without

ignificant dose changes, which is consistently reported in the previous

iterature ( Ozaki et al., 2021; Risby et al., 1995 ). The alteration paths of

eurobiological properties along the time course would also be hetero-

eneous between patients, as exampled in Fig. 11 . Thus, generalizing

ong-term changes in EEG CSD and neurobiological properties among

lozapine-treated patients with schizophrenia is not trivial. Consider-

ble data accumulation would greatly help subclassify individuals with

espect to EEG CSD and their underlying neurobiological parameters.

t should be noted that the reliability of the current results should be

onsidered on two different levels, as the present analysis is made up of

ndividual- and group-level models. Individual-level modeling estimates

any model parameters to fit the EEG of each patient. The number of

atients in the case of high inter-individual variability will be a more

rucial issue in the group-level analysis than in the individual-level pa-

ameter estimation. The group-level model in PEB we used is determined

y a design matrix explaining individual variations. In this study, we as-

umed that medication duration and symptomatic improvements are the

ain factors explaining the inter-individual variation of DCM parame-

ers in patients with schizophrenia. If the linear model with the present

actors explains well individual variations of parameters, the model’s re-

iability will primarily depend on subject size. Then more patients will

e advantageous in finding reliable parameters for the group-level de-

ign matrix. If this group-level linear model is insufficient for explaining

he parameter variations, more data itself is insufficient. Therefore, it

hould be further researched to find the correct group-level model with

ppropriate variables to explain individual variations. 

Second, longitudinal EEG data from drug-naive patients and patients

aking different antipsychotic drugs would help understand clozapine-

pecific changes in CSD and neurobiological parameters. 

Third, validating the CMM-NMDA model for longitudinal EEGs in

atients with schizophrenia and virtual perturbation analysis requires

urther study with empirical data on clozapine treatment. Validation in-

ludes electrophysiological studies of animals treated with clozapine.

lthough the validation of the current model in humans is not straight-

orward, longitudinal EEG with more time points would help to evaluate

nd update the current model. 

Finally, as mentioned in the previous section, the longitudinal tran-

ition of neural circuits is modeled linearly with respect to symptomatic

mprovements and medication durations. This is too simplistic, and we

eed a more biological model for long-term network evolvement. We

lso need a biological model for the trans-hierarchical progression of

he clozapine effects rather than the current all-in-one model using the

MM-NMDA. 

Despite these limitations, the current study provides a method for ex-

loring long-term changes in multiscale neurobiological properties and

EG due to neuropharmacological intervention, currently in the case of

lozapine for schizophrenia treatment. This study also provides a frame-

ork for using a computational model to specify the role of each neural

roperty and the interactions between neural properties on EEG CSD,

hich is critical to understanding the long-term mechanism of antipsy-

hotic drugs in psychiatric diseases. Although preliminary and theoret-

cal, the current study is a step toward computational neuropharma-

ology linking neural circuits with electrophysiological observations in

outine clinical practice. The current modeling framework could be fur-
21 
her extended to investigate the neurobiological mechanisms underlying

arious treatments for schizophrenia, such as electroconvulsive therapy

ECT), transcranial electrical stimulation (tES), and other psychotropic

rugs. 

In conclusion, the current study shows how computational model-

ng can help explore the multiscale link between neuropharmacology

nd clinical EEG in psychiatric diseases by employing various system

nalysis methods, which is essential in clinical treatment decisions. 
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