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Abstract.  Group Independent Component Analysis (gICA) is widely used 
in clinical neuroimaging to decompose high-dimensional functional MRI data 
into interpretable brain networks. However, conventional gICA primarily mod-
els components that are shared across subjects. This group-level assumption can 
limit the recovery of networks present only in individual subjects or subsets of 
subjects, reducing sensitivity to inter-subject heterogeneity in clinical and het-
erogeneous neuroimaging datasets. 

I introduce Copula-Linked Group ICA (CoLiG-ICA), a novel algorithm 
within the Group ICA 2.0 framework that jointly estimates template-linked, co-
hort-only, and subject-only brain networks within a unified model. The pro-
posed algorithm, CoLiG-ICA, combines ICA-based spatial decomposition, 
copula-based dependence modeling, and deep learning optimization to retain 
the consistency and interpretability of template-constrained ICA while enabling 
additional free components beyond the provided reference networks. By linking 
subject decompositions to shared templates and jointly estimating cohort-only 
and subject-only sources, CoLiG-ICA provides a flexible representation of in-
dividual variability that is not captured by conventional group priors. 

I evaluated CoLiG-ICA using resting-state fMRI data from the UCLA Con-
sortium for Neuropsychiatric Phenomics dataset. I compared the proposed algo-
rithm with conventional constrained ICA to assess estimation of template-
linked components, discovery of additional free components, component inde-
pendence, and the degree to which the estimated components capture subject-
level variability beyond the shared group prior. 

In a schizophrenia-only group analysis, CoLiG-ICA identified three addi-
tional resting-state components beyond the 53 template-linked NeuroMark 
components. Compared with MOO-ICAR, CoLiG-ICA also showed signifi-
cantly lower intercomponent spatial dependence, indicating improved subject-
level component independence, and significantly reduced motion-related vari-
ance in the template-linked components. 
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1 Introduction 

   The human brain is organized through distributed, interacting systems, and func-
tional neuroimaging provides a non-invasive way to measure these systems on a scale. 



However, functional MRI (fMRI) data are high-dimensional, typically consisting of 
tens of thousands of voxel-wise time series per subject. This makes dimensionality 
reduction and latent decomposition central to fMRI analysis, particularly when the 
goal is to obtain interpretable representations of large-scale brain networks. 

 

 

Figure 1: Conventional group ICA framework for fMRI. Subject fMRI datasets are concate-
nated and reduced using PCA before group-level ICA estimates common spatial components. 
Back-reconstruction is then used to obtain subject-specific spatial maps and associated time 
courses. 

Independent Component Analysis (ICA) is one of the most widely used data-driven 
approaches for fMRI decomposition [1–4]. In contrast to model-based approaches that 
require a predefined task design or temporal response model, ICA estimates latent 
sources directly from the data by seeking components that are statistically independ-
ent. Under standard linear ICA assumptions, the latent sources are identifiable up to 
scale and permutation ambiguities, which provides a well-defined decomposition 
target and supports interpretable representation learning. 
   ICA was introduced to fMRI in the late 1990s and has since become a standard tool 
for exploratory functional neuroimaging analysis. In fMRI, ICA can be formulated as 
either spatial ICA, which estimates statistically independent spatial maps and their 
associated time courses, or temporal ICA [5], which estimates independent temporal 
patterns. Because fMRI data generally contain many more voxels than time points, 
spatial ICA has been more widely used, especially in resting-state fMRI, where the 
resulting components are commonly interpreted as intrinsic functional brain networks 
[6, 7]. Resting-state fMRI is also more broadly available than task-based fMRI and is 
less affected by variability in task compliance. Accordingly, this paper focuses on 
spatial ICA of resting-state fMRI. 

Early applications of ICA to fMRI were typically performed at the individual-
subject level [3, 4], decomposing each subject’s data into spatial components and 



associated time courses. Although this approach allowed subject-specific network 
estimation, it created a practical barrier for group analysis: components estimated 
independently for each subject had to be matched, ordered, and interpreted across 
individuals. This was especially challenging in resting-state fMRI, where components 
may reflect both neural networks and artifacts, and manual inspection can introduce 
additional effort and variability. 

Group ICA (gICA) was introduced to address this limitation by estimating a com-
mon set of group-level components from multi-subject fMRI data [7, 8]. In the com-
monly used temporal-concatenation framework, subject-level data are first reduced, 
concatenated across subjects, and then decomposed using ICA to estimate spatial 
components shared across the cohort. Subject-specific spatial maps and time courses 
are then obtained through back-reconstruction or related projection/regression proce-
dures. gICA is illustrated in Figure 1. This strategy greatly simplifies cross-subject 
comparison because components are aligned by construction, enabling group-level 
inference and downstream statistical analysis. 

However, this improvement comes at the cost of reduced sensitivity to subject-
specific variability [7, 9]. Group ICA has two important limitations, one practical and 
one theoretical. From a practical perspective, gICA estimates a decomposition tai-
lored to a particular cohort [7, 10, 11]. When a different cohort or dataset is analyzed, 
the decomposition often must be re-estimated, and the resulting components may 
differ across studies, including differences in both intrinsic networks and artifact 
components. These cohort-specific decompositions make between-group comparisons 
challenging and can reduce consistency across studies. Moreover, component labeling 
often requires manual inspection [12, 13], which introduces subjectivity; different 
researchers may assign similar components to different functional domains or classify 
artifacts differently. From a theoretical perspective, ICA is valued because it exploits 
higher-order statistical structure [1, 2]. In standard gICA, however, this higher-order 
information is used only after subject-level dimensionality reduction and group-level 
aggregation, rather than being directly leveraged at the subject level [7, 14]. 

There are alternative approaches to the subject component matching problem be-
sides gICA. For example, Independent Vector Analysis (IVA) estimates subject-level 
decompositions while jointly encouraging alignment across subjects [15–17]. By 
modeling statistical dependence across datasets, IVA can preserve subject-level vari-
ability while linking corresponding components across individuals. However, IVA is 
a multiset optimization problem and can become computationally and memory inten-
sive as the number of subjects increases [18]. In practice, published IVA applications 
to multi-subject resting-state fMRI remain limited in scale; for example, a recent con-
strained IVA study analyzed resting-state fMRI data from 98 subjects and described 
this as the largest number of subjects used by IVA algorithms [18]. 

To address these issues, constrained ICA approaches were proposed. These ap-
proaches leverage higher-order statistics while decomposing each subject using a 
common ICA template or reference, thereby promoting consistency of components 
across subjects [11, 19]. For example, group-information-guided ICA estimates sub-
ject-specific independent components using group-level information as guidance, and 
NeuroMark extends this idea into an automated, adaptive pipeline for identifying 



reproducible fMRI markers across datasets, studies, and disorders [11, 19]. However, 
these approaches are also limited: they assume that a fixed template provides an ade-
quate representation for each subject, even though clinical populations may differ in 
the number, structure, and prominence of functional networks. They also do not ex-
plicitly allow additional subject-only or cohort-only networks beyond the provided 
template. This matters both for mitigating subject- or cohort-specific artifacts and for 
capturing meaningful resting-state networks that may be specific to a subgroup or 
individual. 

Group ICA 2.0 is a broader methodological framework that combines deep learn-
ing optimization and copula-based dependence modeling to address key limitations of 
conventional gICA and enable flexible multimodal linkage and group- and subject-
level decompositions. CLiP-ICA [20, 21] was the first method developed within this 
framework. In this study, I address a longstanding gap in group-level decomposition 
by introducing Copula-Linked Group ICA (CoLiG-ICA), which was initially present-
ed in a preliminary conference abstract [22]. The present work provides the full meth-
odological formulation and an expanded empirical evaluation. CoLiG-ICA retains the 
benefits of template-constrained network estimation [11, 18, 19] while allowing co-
hort-specific and subject-specific brain networks beyond the provided template. Co-
LiG-ICA integrates ICA, copula-based dependence modeling, and deep learning op-
timization to estimate flexible group and individual decompositions. 

CoLiG-ICA estimates cohort-specific and subject-specific brain networks in addi-
tion to the provided template-linked networks while maximizing independence among 
all components. It also allows subjects to have different model orders, enabling multi-
scale analysis across individuals and cohorts. 

 

 

Figure 2: Block diagram of CoLiG-ICA. Template-linked components are coupled with refer-
ence maps using Gaussian copulas, while free components remain unconstrained. The subject-
specific unmixing matrix 𝑾𝒔 is estimated using gradient-based optimization within a deep 
learning framework. 

2 Method 

2.1 Overview: Copula-Linked Group ICA (CoLiG-ICA) 

   CoLiG-ICA is a template-guided, scalable latent decomposition algorithm designed 
to retain the practical advantages of constrained/template ICA (consistent component 
identity across subjects) while closing the gap between group-level and subject-level 
decomposition. The proposed algorithm, CoLiG-ICA, couples each subject’s estimat-
ed functional networks to a provided template set (e.g., NeuroMark-53 or a study-



specific gICA template), while also allowing additional cohort-only and subject-only 
components. In contrast to standard gICA (where higher-order statistics are primarily 
leveraged after group-level reduction), CoLiG-ICA applies ICA-style higher-order 
modeling at the subject level, and uses copula-based dependence modeling to flexibly 
enforce template coupling without over-constraining the marginal distributions. 
   At a high level, CoLiG-ICA optimizes a joint objective that (i) encourages statistical 
independence among all recovered components (template + free components) and (ii) 
enforces template alignment via a copula dependence term between each template 
map and its matched subject map. The “free” components are not matched to the tem-
plate, enabling discovery of cohort-only and subject-only networks (including sub-
group-specific networks and subject-specific artifacts). Figure 2 presents a block dia-
gram of CoLiG-ICA. 

2.2 Data model and notation (spatial ICA) 

For subject 𝑠, let 𝑋௦ ∈ ℝ்×௏denote the preprocessed rs-fMRI data, with 𝑇 time 
points and 𝑉 voxels. Spatial ICA models the data as 𝑋௦ = 𝐴௦𝑀௦, where 𝐴௦ ∈

ℝ்×஼ೞ
contains the component time courses and 𝑀௦ ∈ ℝ஼ೞ×௏contains the spatial maps. 

CoLiG-ICA partitions the model order as 𝐶௦ = 𝐶் + 𝐶ி
௦, where 𝐶் components are 

template-linked and 𝐶ி
௦ components are free of template constraints. 

Subject-level PCA projection 𝑃௦ reduces and whitens the data: 𝑍௦ = 𝑃௦𝑋௦, 𝑀௦ =

𝑊௦𝑍௦ , where 𝑊௦ ∈ ℝ஼ೞ×஼ೞ
is the subject-specific ICA unmixing matrix. Thus, 𝑀௦ =

𝑈௦𝑋௦, where 𝑈௦ = 𝑊௦𝑃௦. Unlike conventional group ICA, CoLiG-ICA optimizes 
𝑊௦ separately for each subject. 

2.3 Template-linked and free component decomposition 

For subject 𝑠, let 𝑍௦ ∈ ℝ஼ೞ×௏denote the dimension-reduced fMRI data and 𝑀௦ =

𝑊௦𝑍௦ the estimated component maps, where 𝑊௦ ∈ ℝ஼ೞ×஼ೞ
. The components are 

partitioned as 𝐶 ௦ = 𝐶் + 𝐶ி
௦, where 𝐶் components are linked to the template and 𝐶ி

௦ 
are free components learned without template constraints. 

Let 𝒯 = {𝑡௜}௜ୀଵ
஼೅  denote the set of template maps. Using Sklar’s theorem [23], the 

likelihood, up to terms independent of 𝑊௦, is 
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where 𝑢௜௩

௦ = 𝐹௜(𝑚௜௩
௦ ), 𝑢෤௜௩ = 𝐹்೔

(𝑡௜௩), and 𝑐ఘ೔
 is the copula density linking subject 

component 𝑖 to its matched template component. For the Gaussian copula, 
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where                     𝐪 = ൤
Φିଵ(𝑢)

Φିଵ(𝑢෤)
൨ , 𝑅௜ = ൤
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൨ , ∣ 𝜌௜ ∣< 1. 

 
The model is optimized by minimizing the negative log-likelihood. Only the first 

𝐶் components receive copula constraints. The remaining 𝐶ி
௦ components have no 

template-coupling term and are therefore free to capture subject-specific or cohort-
enriched patterns not represented in the template. Component-template matching is 
performed during initialization and may be updated during early optimization until the 
assignments stabilize. 

3 Analysis 

3.1 Dataset 

 I used the publicly available UCLA Consortium for Neuropsychiatric Phenomics 
dataset [24]. The first eight functional volumes were discarded to allow the MR signal 
to reach steady state. Resting-state fMRI data were then preprocessed using a standard 
SPM12 pipeline [25], including slice-timing correction, rigid-body realignment, 
coregistration to the T1-weighted image, tissue segmentation, normalization to Mon-
treal Neurological Institute (MNI) [26] space at 3 × 3 × 3 mm resolution, and spatial 
smoothing with a 6-mm full-width at half-maximum Gaussian kernel. Head motion 
was assessed using the six SPM realignment parameters and framewise displacement. 
Scans were flagged during quality control if the mean framewise displacement ex-
ceeded 0.25 mm, the maximum translation exceeded 3 mm, or the maximum rotation 
exceeded 3°. After quality control, 191 participants were retained, including 100 
healthy controls, 30 participants with attention-deficit/hyperactivity disorder, 33 with 
bipolar disorder, and 28 with schizophrenia. All participants had 144 functional vol-
umes except for one healthy control, who had 120 volumes and was excluded from 
analyses involving time courses. The resting-state scans had a repetition time of 2 
seconds. 

3.2 ICA Analysis 

I applied CoLiG-ICA and multi-objective optimization ICA with reference (MOO-
ICAR; also referred to as GIG-ICA in related literature and earlier GIFT [27] termi-
nology) [11, 19] to each subject for comparison. Before decomposition, the mean was 
removed from each fMRI time course for both methods. The NeuroMark template, 
containing 53 non-artifactual components, was used as the reference template. Co-
LiG-ICA was applied with a model order of 100, producing 53 template-linked com-
ponents and 47 additional free components. In contrast, MOO-ICAR is restricted by 
design to the 53 components specified by the reference template and does not estimate 
additional components outside that template. For functional network connectivity 
(FNC) analysis, the six rigid-body realignment parameter time courses were regressed 
from the estimated component time courses. The residual time courses were then 



detrended, despiked, and band-pass filtered between 0.01 and 0.1 Hz. Motion-related 
𝑅ଶ was evaluated separately using component time courses before motion regression. 
I compared the spatial dependencies of the estimated component maps, calculated 
functional network connectivity matrices, and evaluated group differences across the 
diagnostic groups and healthy controls. 

3.3 Cohort-Only Group ICA Analysis 

I also applied CoLiG-ICA at the group level to identify additional cohort-specific 
components. For this analysis, I used data from participants with schizophrenia. I 
performed two-level PCA, reducing the data first to 120 and then to 100 dimensions. 
CoLiG-ICA was then applied to estimate 53 template-linked and 47 free components. 
  

 

Figure 3: Mean FNC matrices obtained using CoLiG-ICA and MOO-ICAR. The functional 
domains are subcortical (SC), auditory (AU), sensorimotor (SM), visual (VI), cognitive control 
(CC), default mode (DM), and cerebellar (CB). 

4 Results 

CoLiG-ICA revealed a clear modular organization in the FNC matrices. Its mean 
FNC matrix was broadly consistent with that of MOO-ICAR (Figure 3), showing 
positive within-domain connectivity and similar positive and negative between-
domain patterns. CoLiG-ICA produced lower absolute connectivity for several net-
work pairs. This may suggest that the free components captured residual shared vari-
ance, including nuisance-related effects, while preserving the principal functional 
organization. 

I next assessed motion-related variance in the template-linked component time 
courses before nuisance regression. The component and motion time courses were 
detrended and band-pass filtered using the same preprocessing procedures. Motion-
related variance was quantified using the coefficient of determination, 𝑅ଶ, for both the 
six-parameter rigid-body motion model and the Friston 24-parameter model. CoLiG-
ICA showed significantly lower motion-related 𝑅ଶ values than MOO-ICAR under 



both models, with mean reductions of 0.0199 (p = 3.3 × 10-37) and 0.0198 (p = 6.6 × 
10-45), respectively (Figure 4). These findings are consistent with the additional free 
components capturing motion-related variance that would otherwise remain in the 
template-linked components.  

 

Figure 4: Motion-related variance. The plots show mean 𝑹𝟐 across the 53 template-linked 
components for the six-parameter and Friston 24-parameter motion models. 

 

Figure 5: Mean pairwise spatial correlations among the 53 subject-specific component maps 
for CoLiG-ICA and MOO-ICAR 

I also evaluated spatial dependence among the 53 template-linked subject-specific 
component maps. For each subject, spatial dependence was summarized as the mean 



absolute off-diagonal pairwise spatial correlation (Figure 5). CoLiG-ICA showed 
substantially lower spatial dependence than MOO-ICAR, with a mean paired differ-
ence of 0.06463 (MOO-ICAR minus CoLiG-ICA). This reduction was highly signifi-
cant across the 191 subjects (paired 𝑡-test: p = 1.53 × 10-214, 𝑑௭ = 13.075) and was 
confirmed by a Wilcoxon signed-rank test (p = 4.29 × 10-33). These findings indicate 
that CoLiG-ICA more effectively maximized subject-level spatial independence. 

Finally, I evaluated diagnostic-group differences in functional network connectivi-
ty. Age, sex, site, and mean framewise displacement were included as covariates in a 
linear regression model, and the effect of diagnosis was tested for each connectivity 
measure. After FDR correction across 1,378 connectivity measures (q<0.05), neither 
CoLiG-ICA nor MOO-ICAR identified significant diagnostic-group differences. The 
relatively small diagnostic subgroups may have limited statistical power to detect 
subtle effects. By contrast, a previous analysis of FBIRN schizophrenia data found 
that CoLiG-ICA identified more significant group differences after FDR correction 
than MOO-ICAR [22]. 

 

 

Figure 6: Three cohort-only components were identified in the schizophrenia cohort, in addi-
tion to the template-linked components. The top-left component was identified as sensorimotor, 
and the other two were identified as visual networks. 

Accordingly, the cohort-only analysis identified three additional components be-
yond the 53 NeuroMark components. The 47 free components were visually evaluat-
ed for spatial coherence, gray-matter localization, and minimal ventricular, edge, and 
white-matter involvement. Three components meeting these criteria were classified as 
plausible resting-state networks based on their anatomical distributions. One was 
classified as a sensorimotor network, while the other two were classified as visual 
networks. The visual components formed a lateralized pair, with one predominantly 
involving the left hemisphere and the other predominantly involving the right hemi-
sphere. These components are presented in Figure 6. I also calculated their functional 
network connectivity and displayed them within their corresponding functional do-
mains. This was shown in Figure 7. 



Preliminary visual inspection of the subject-level free components suggested a 
mixture of nuisance-related and potentially meaningful network patterns, although 
these components were not systematically evaluated. Future work will systematically 
evaluate these components and investigate additional constraints, such as multimodal 
coupling, to improve the recovery and interpretability of meaningful subject-only 
networks. 

 

 

Figure 7: FNC averaged across participants with schizophrenia (N=28), including three addi-
tional cohort-only components indicated by dashed green lines. These components integrated 
well into the existing modular organization of the FNC.   

5 Conclusion 

I introduced CoLiG-ICA, a flexible decomposition algorithm that jointly estimates 
template-linked and additional free components while maximizing independence 
among all estimated sources. In a schizophrenia-only group analysis, CoLiG-ICA 
identified three additional resting-state components beyond the 53 template-linked 
NeuroMark components, including one sensorimotor and two lateralized visual com-
ponents. These components integrated well into the existing modular FNC organiza-
tion. At the subject level, CoLiG-ICA preserved the large-scale FNC structure while 
showing significantly lower intercomponent spatial dependence and significantly 
reduced motion-related variance in the template-linked components compared with 
MOO-ICAR. These findings suggest that free components can capture cohort-
specific, subject-specific, and nuisance-related variability that would otherwise re-
main unresolved within template-linked networks. Although no diagnostic-group 



differences survived FDR correction in the UCLA CNP analysis, prior FBIRN results 
identified more FDR-significant effects with CoLiG-ICA [22], motivating further 
validation in larger clinical cohorts. 

Future work will evaluate CoLiG-ICA in larger, more heterogeneous clinical co-
horts, including populations with focal structural pathology or substantial anatomical 
abnormalities that may challenge template-guided approaches. By separating cohort- 
and subject-specific variability from template-linked networks, CoLiG-ICA may fa-
cilitate disease-subtype identification, biomarker discovery, and the development of 
individualized treatment targets. 
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