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Abstract

There are a growing number of neuroimaging studies motivating joint structural and functional
brain connectivity. Brain connectivity of different modalities provides insight into brain functional
organization by leveraging complementary information, especially for brain disorders such as
schizophrenia. In this paper, we propose a multi-modal independent component analysis (ICA)
model that utilizes information from both structural and functional brain connectivity guided by
spatial maps to estimate intrinsic connectivity networks (ICNs). Structural connectivity is
estimated through whole-brain tractography on diffusion-weighted MRI (dAMRI), while functional
connectivity is derived from resting-state functional MRI (rs-fMRI). The proposed structural-
functional connectivity and spatially constrained ICA (sfCICA) model estimates ICNs at the
subject level using a multi-objective optimization framework. We evaluated our model using
synthetic and real datasets (including dMRI and rs-fMRI from 149 schizophrenia patients and 162

controls). Multi-modal ICNs revealed enhanced functional coupling between ICNs with higher
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structural connectivity, improved modularity, and network distinction, particularly in
schizophrenia. Statistical analysis of group differences showed more significant differences in the
proposed model compared to the unimodal model. In summary, the sSfFCICA model showed benefits
from being jointly informed by structural and functional connectivity. These findings suggest
advantages in simultaneously learning effectively and enhancing connectivity estimates using

structural connectivity.
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1. Introduction

The human brain can be modeled as a distinct functional unit that exhibits a temporally
synchronized pattern known as intrinsic connectivity networks (ICNs) (Genon et al., 2018; Iraji et
al., 2020). These ICNs interact with each other, collectively representing brain function.
Consequently, accurate estimation of ICNs is a critical step in studying brain networks because it
minimizes the impact of inaccuracies in functional activities (Iraji et al., 2020). One approach for
identifying ICNs and gaining insights into brain networks, including brain disorders like
schizophrenia (Iraji et al., 2019; Iraji, Faghiri, Fu, Kochunov, et al., 2022; Iraji, Faghiri, Fu,
Rachakonda, et al., 2022), is data-driven independent component analysis (ICA) (Calhoun &
Adali, 2012; Calhoun & de Lacy, 2017). This method assumes spatial independence for the
temporally synchronized functional units and recovers a set of maximally independent sources
from a mixture of unknown source signals without any prior information (Calhoun et al., 2001),
using single modality neuroimaging, particularly resting-state functional magnetic resonance
imaging (rs-fMRI). Rs-fMRI images dynamically measure the hemodynamic response associated

with neural activity in the brain during rest.

ICA has become widely used to partition the brain into spatially overlapping and distinct ICNs at
the group level. Group ICNs are estimated using fMRI images from all subjects, then the
corresponding subject-level ICNs are obtained. The most common approach is to apply ICA to the
data, then use back reconstruction to estimate subject-specific maps (Allen et al., 2011; Calhoun
et al., 2001; Erhardt et al., 2011). These approaches are fully data-driven; however, more recently,
spatially constrained ICA approaches (Du & Fan, 2013; Lin et al., 2010) have been proposed to

estimate ICNs using a set of templates for ICNs as priors. They can be used to build a fully
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automated approach (e.g., the NeuroMark pipeline (Du et al., 2020)) that does not require post hoc
ICN selection or network matching (Du et al., 2020), and also automatically provides ICN
ordering, providing modular functional network connectivity. These approaches have been used
in many prior studies and offer a fully automated framework that can be integrated within a larger

framework (e.g., a containerized version is available from http://trendscenter.org/software/gift, as

well as a BIDSapp (Kim et al., 2023)), making them more easily comparable across studies.

Current constrained ICA approaches are unimodal and do not leverage information from other
modalities, particularly dMRI images. Although MRI images, such as T1 and T2, include structural
information about the brain, dMRI images provide information about the physical paths in the
human brain, captured as structural connectivity which drives functional activities of different
units. In this study, we investigate a model that estimates functional brain patterns (ICNs) informed
by multi-modal data to provide a more complete view of the connectome by employing both
structural and functional connectivity. This has many advantages, for example, a connectivity
domain ICA approach (Iraji et al., 2016) called joint connectivity matrix ICA has been used to
jointly parcellate structural and functional connectivity data, yielding a data-driven

structure/function parcellation (Wu & Calhoun, 2023).

One longstanding aspiration in brain research is to link brain function to its underlying architecture,
making the interplay between structural connectivity and functional network connectivity (FNC)
a fundamental in network neuroscience (Park & Friston, 2013). There have been studies, such as
(Calhoun & Sui, 2016) using computational models on the connectivity domain to estimate the
human brain functional activities propounding from different modalities, mainly single modality

information. Consequently, a fundamental question arises regarding how to model human brain
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92 functional activity changes with a deeper understanding of structural and functional information
93  (Batista-Garcia-Ramoé & Fernandez-Verdecia, 2018; Skudlarski et al., 2010). Several studies have
94  Dbeen proposed to fill this gap ((Batista-Garcia-Ram6 & Fernandez-Verdecia, 2018; Suarez et al.,
95 2020)) by developing different models predicting FNC from structural connectivity using
96 statistical models (Messé et al., 2014; Misi¢ et al., 2016; Suarez et al., 2020), or communication
97 models based on structural-functional network connectivity (Goii et al., 2014; Zamani Esfahlani

98 etal., 2022).

99 In addition, jointly analyzing models is a growing methodology used to investigate the human
100  brain and how structural and functional relate to each other (Calhoun & Sui, 2016; Puxeddu et al.,
101  2022; Zhu et al., 2021). One may provide variations in brain functions at different regions by
102  multilayer network models (Puxeddu et al., 2020; Shine et al., 2016). Multilayer network models
103  have emerged to analyze the human brain employing the concepts of graph theory with multiple
104  viewings of the human brain (Puxeddu et al., 2020; Puxeddu et al., 2022). In parallel, other studies
105 have investigated brain network modules, uncovering intrinsic brain network activations using
106  data-driven models (Calhoun & Adali, 2012; Yeo et al., 2011), and community detection (Power
107 et al, 2011). Several studies have attempted to develop multi-modal fusion models (Calhoun &
108  Sui, 2016; Sui et al., 2014) incorporating complementary information across modalities into the
109 analysis of ICNs (Batista-Garcia-Ramo6 & Fernandez-Verdecia, 2018; Suarez et al., 2020). Multi-
110  modal fusion can provide additional insights into brain structure and function that are impacted by
111 psychopathology, including identifying which structural or functional aspects of pathology might
112 be linked to human behavior or cognition (Sui et al., 2014), particularly in disorders related to both

113  brain function and structures such as schizophrenia (Calhoun, 2018).
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114  Moreover, information from different modalities can be jointly analyzed to investigate ICNs using
115  ICA. This has been done mostly by focusing on linking group-level spatial features, including joint
116  ICA (JICA) (Calhoun et al., 2006), parallel ICA (pICA) (Liu et al., 2009), parallel ICA with
117  reference (pICAR) (Chen et al., 2013), multi-modal canonical correlation analysis (mCCA)+ICA
118  (Sui et al., 2011), multisite canonical correlation analysis with reference (mCCAR)+jICA (Qi et
119  al., 2018; Shile et al., 2016), and linked ICA (Groves et al., 2011), or jointly optimizing for fMRI

120  networks and covarying networks from structural MRI as in parallel group ICA+ICA.

121  However, these approaches have not directly integrated structural and functional network
122 connectivity information (Qi et al., 2022; S. L. Qi et al., 2019). To our knowledge, fewer prior
123 works have used structural connectivity to estimate ICNs, as in (Wu & Calhoun, 2023), which
124  performed joint structure/functional parcellation. Specifically, there is a lack of methodologies to
125 guide adaptive ICN estimation by incorporating both structural and functional network
126  connectivity. A common practice in neuroscience is to compress Network connectivity
127  information into nodes and edges to understand functional interactions in the brain
128  (Babaeeghazvini et al., 2021). Thus, using network connectivity helps to drive the model to learn
129  from both structural connectivity (real connections among different functional networks) and FNC

130  (their functional interactions).

131  In this paper, we introduce a novel adaptive ICA model designed to directly investigate the ICNs.
132 This is achieved by imposing constraints using two different modalities at the subject level. Our
133 approach involves constructing a new multi-modal ICA model that jointly embeds structural and
134  functional network connectivity. This model is supported by previous studies that indicate that

135  structural connectivity forms the foundation of functional connectivity (Honey et al., 2009;
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136  Litwinczuk et al., 2022; Stam et al., 2016; Zhu et al., 2021). In addition, we incorporated prior
137  spatial information into our multi-modal ICA model to increase the generalizability of the
138  estimated ICNs. Our model is an iterative pipeline that simultaneously learns from both dMRI and
139 fMRI, along with ICN spatial maps, to identify joint structural-functional independent

140  components.

141 While prior work (Wu & Calhoun, 2023) applied a connectivity-based model to perform joint data-
142  driven parcellation of dMRI and fMRI, no approaches have attempted to directly link the full
143  spatiotemporal fMRI data with dMRI data in the context of a connectivity constraint at the subject
144  level within a spatially constrained model, thus providing a fully automated approach. Our
145  proposed structural-functional network connectivity and spatially constrained ICA model
146  (sfCICA) identifies ICNSs that are simultaneously optimized to be maximally spatially independent,
147  influenced by both structural and functional connectivity. Thus, the learning procedure to estimate
148  subject-level ICNs is informed by the structural and functional network connectivity information
149  of each subject. We first validated the approach employing synthetic data and then applied the
150 proposed model to a real dataset, including controls and patients with schizophrenia. The results
151  demonstrate that the proposed method can effectively impose prior information on ICNs while
152  jointly learning from structural-functional network connectivity in both synthetic and real human
153  brain data. Furthermore, the identified ICNs exhibit an increased ability to distinguish between

154  healthy controls and individuals with schizophrenia.

155

156
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157 2. Material and Methods
158  2.1. Structural-functional network connectivity and spatially constrained ICA (sfCICA).
159  Model definition.
160 A multi-modal ICA (sfCICA) model, called structural and functional network connectivity and
161  spatially constrained ICA was introduced. Briefly, the sftCICA framework estimates subject-level
162  ICNs by imposing structural network connectivity weights on time course distances (functional
163  network connectivity). The main advantage of the constraints in the sSfCICA framework is driving
164  the model to jointly learn from both structural and functional network connectivity at the subject
165 level. Using the sfCICA model, subject-specific ICNs were estimated through multi-modal
166  information, incorporating prior spatial maps for each ICN derived from a standard template.
167  In summary, we introduced a multi-objective function as described in Eq. 1, consisting of three
168  terms. The first and second terms find independent ICNs which are learned from the spatial
169  template. The third term constrains the learning procedure to account for both structural and
170  functional network connectivity.

max  (J(SF), F(S{), —C(wi) ()

171

172 The sfCICA model was proposed in a multi-objective framework, aiming to estimate ICNs by
173  optimizing their independence, through maximizing their non-Gaussianity measured by
174  negentropy or kurtosis (J(S})) (Hyvarinen, 1999) (Eq. 2).

max J(Sf) = (E[G(SF)] - E[G()])? 2)

175
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176  Where, G is any quadratic function, E is the expectation maximization operator, and v is a random
177  variable. SF and w are respectively the spatial map and time course of the [*"* ICN (here we use
178  Neuromark fMRI_1.0 including 53 ICNs) for k" subject. These are estimated by maximizing the
179  square differences between the expectation maximization of two vectors, as defined in Eq. 2.

180  In addition, the similarity of the spatial maps with the prior spatial information was maximized by
181  another cost function (F (Slk)) in Eq. 3. Thus, independence and similarity to the prior spatial

182  information (here a standard template was used) were jointly maximized during optimization.
max F(Sf) = E[S;SF] 3)

s. t. ”Wlk” =1
183

184  where the S; denoted the spatial map of the [*"* components in the template.

185  Furthermore, we integrate structural connectivity information, measured as the number of
186  streamlines connecting node pairs, into the model as a constraint on the FNC of the estimated time
187  course. To this end, the model is guided by minimizing the weighted distances of the time courses
188  based on structural connectivity. The structural connectivity weights captured from dMRI can
189  reflect existing physical connectivity between functionally related gray matter regions, this means,
190 more fiber bundles between two brain regions (here are ICNs) may result in stronger functional
191 correlations and shorter distances between time courses (Zhu et al., 2021).

192 Thus, we assumed regions with higher structural connectivity (more fiber tracts) would exhibit

193  closer functional signal activities because of their shorter distance. Prior works (He & Niyogi,

194  2003; Zhu et al., 2021), led us to reconstruct an objective function (min Z]z M, j||F C;* —FC ||2)

195  to adjust the functional activity of an ICN by considering other structurally connected ICNs. Here,

196  M;; represents structural connectivity weights and FC denotes the correlation between pairs of
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ICNs (U, j). It is important to note that maximizing the FC between ICNs involves minimizing the
distance of their time courses. Therefore, we propose the following cost function (Eq. 4), in
addition to the previous cost functions, to be simultaneously optimized. This is aimed at

incorporating information from both structure and function as constraints.

RS )
min  L(w?) = ) Myllw - wf|P
j=1
st wk” =1

To solve a multi-objective optimization problem, one usually needs to find the Pareto optimal set
or its subset and critically evaluate which specific trade-off is more appropriate to the problem
under study. In addition, optimizing a linear weighted sum of cost functions is a commonly used
method for solving multi-objective optimization problems, which simplifies the problem
(Klamroth & Jergen, 2007). In our study, we utilize a linear weighted approach to address the
multi-objective problem described in Eq. 1. This allows us to explore various points along the
Pareto front by adjusting the weighting values in the linear weighted sum objective function.
C=aJ(SF)+ B F(SF) —yL(wf) O]

s. t. ”Wlk” =1

Where, a, f , and y are constant weight values. To ensure a fair comparison and prevent the
optimization from being biased towards a cost function with a larger magnitude, we normalize the
cost functions in Eq. 2-4 as described in (Du & Fan, 2013), and weights («, 8, and y) are chosen
to be equal (0.33). Then a gradient ascent method was used to iteratively converge on an optimal
solution. The iterative algorithm for optimizing the cost (C) is derived as follows. Initially, S} =

wWT = Xk, SF | is substituted into Eq. 6.

10
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C(wlk) =a](wl") +ﬁF(wlk) —yL(wlk) (6)
216

217  Then, according to the derivatives of each term, we have:

VCewf) =aVj(wf) + BVF(wf) — yVL(wf) (7
218
219  More details regarding the derivative of each term are described in (Du & Fan, 2013). Once the

220 gradient of the objective function of Eq. 7 is available, we employ the steepest ascent iterative
221  formula:

[Wh] = Wl + . df ®)
222

223 Where [w¥]**! represents the value of w) after t+1 iteration, d® is the normalized VC(w)) and,
224  ut' stands for the step-length. To ensure a sufficient increase in the objective function in an inexact
225  line search, u* was estimated using the Armijo condition (Jorge Nocedal, 2006).

226  2.2. Evaluation analysis.

227  To evaluate the benefit of leveraging multi-modal information, we compare our model with one
228  of the spatial constrained ICA (CICA) models, known as a multi-objective optimization ICA
229  model (Du et al., 2020), which is a simplified version of the proposed framework when the multi-
230 modal information is not utilized. To this end, first, we used synthetic data to confirm that the
231  model is working in the intended objective defined for the optimization of the time series. Then,
232 we cope to evaluate our hypothesis using real data, capturing better group differences by
233 leveraging multi-modal information.

234 2.2.1. Synthetic data

235  Simulation. The synthetic dMRI was from FiberCup phantom data (Fillard et al., 2011; Poupon

236 et al, 2008) (https:/tractometer.org/fibercup/data/), including 3mm isotropic images in 64

237  uniformly distributed over a sphere with b-value = 2000 m/s. It also provided 16 brain regions and

11
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fiber pathways among the regions to reconstruct structural connectivity, (shown in Figure 1). To
keep consistency between the simulated dMRI and fMRI data, we used the same sixteen predefined
FiberCup regions as a reference to design synthetic fMRI images, similar to (Chu et al., 2018). We
simulated synthetic fMRI images using the simTB toolbox (Erhardt et al., 2012),

(https://trendscenter.org/software/simtb/).

*4.,
3.4 P
@15 %
@

(b)
Figure 1. In panel (a) and (b), we present simulated fiber pathways and predefined regions from FiberCup, respectively,

for the reconstruction of synthetic structural connectivity.

The simTB toolbox employs a data generation model that assumes spatiotemporal separability,
allowing the simulated fMRI data to be represented as the multiplication of spatial maps and time
courses. The generated data exhibit realistic dimensions, spatiotemporal activations, and noise
characteristics similar to those observed in typical fMRI datasets (Erhardt et al., 2012). Our fMRI
simulation consists of 16 ICNs for each of the 30 subjects, evenly divided into 3 distinct groups
(10 subjects per group) with varying design parameters (Group A, B and C). Generally, all spatial
maps have V = 64 x 64 voxels (where V is the total number of voxels) and time courses are T =
3000 time points in length with a repetition time (TR) of 2 seconds. Spatial maps of the ICNs

represented in Figure 2 correspond to the regions in the FiberCup data shown in Figure 1.

12
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260  Groups A, B, and C differ in four ways, as outlined below. Firstly, the noise level for each group
261  was specifically selected to determine the robustness of the proposed model. For Group A, the
262  mean was 1.7, with a standard deviation of 0.2; for Group B, the mean was 1.5 with a standard
263  deviation of 0.4; and for Group C, the mean was 1.1 with a standard deviation of 0.35. Secondly,
264  to introduce diversity among the ICNs across different Groups, we implemented additional
265  adjustments to both the amplitudes (gic), and shapes of the reference ICNs. For ICN 6 in Group A,
266  we selected a weaker amplitude compared to Group B and C, while Group C had a weaker
267  amplitude for ICNs 8 and 11 compared to Groups A and B. The amplitudes of the ICNs (gic) were
268 modeled on a normal distribution. For instance, the distribution of ICN 6 (gics) is normal with a
269 mean of 2.5 and a standard deviation of 0.3 for Group A, and a mean of 3.5 with a standard
270  deviation of 0.3 for Group B. Similarly, ICN 8 and 11 in Group C follow a normal distribution
271  with a mean of 2.5 and a standard deviation of 0.3, whereas Groups A and B have a mean of 3.5
272  and a standard deviation of 0.3. Additionally, each ICN underwent distinct transitions in the x and
273  y directions, as well as rotations, introducing unique changes. Moreover, the ICNs in Groups A
274  and C were expanded by factors of 1.2 and 1.3, respectively, while the ICNs in Group B were
275  contracted by a factor of 0.9.

276  Then, we constructed a synthetic ICN template to be used as a prior spatial map in the constrained
277  ICA model. The synthetic template was determined by averaging each ICN over all groups and
278  introducing deformation and noise.

279

280

281

282
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283
285 ‘
286
287
288

289

290 (a) (b)

Figure 2. (a) It represents the 16 spatial maps of the ICNs, derived from the FiberCup regions, inserted into the
291

simTB toolbox as a reference to generate synthetic fMRI images. Using the generated synthetic data, we determined

292

an average template, shown in the first column from the left (b), to be used as a prior spatial map. The second and
293 third columns from the left in (b) illustrate examples of estimated ICNs by the sfCICA and CICA model using

294  synthetic fMRI.

295  Evaluation criteria. Our model works on decreasing the weighted distance between time courses
296  of'the structurally connected ICNs. To ensure the objective is preserved, we used a distance metric
297  and sparsity to measure the effect of the structural connectivity constraint on TCs. For this purpose,
298  the sum of the distances between an ICN with all other ICs was determined utilizing the Euclidean
299  distance as outlined in Eq 9.

L )
Dis = [|w — w [’
j=1

300  where w; is the time course of ICN number / and w; is the time courses of all other remaining ICNs.
301 This measure was estimated for both the sfCICA and CICA models.

302  Sparsity was measured as the number of weak connections to all possible connections in the FNC.
303 To identify weak connections, we first determined an optimal threshold by maximizing the global

304  cost-efficiency of the brain networks (Bassett et al., 2009), (here a threshold of 0.45 was
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305 determined). The remaining connections after this threshold were considered strong connections
306 (ST). Then, all FNC networks were thresholded to retain strong connections and sparsity as

307 follows.

N — ST (10)

308  Where ST is the number of strong connections and N is the total number of possible connections.
309 Moreover, the robustness of the model was assessed by varying noise levels across the three
310  distinct simulated groups.

311 2.2.2. Real data

312  In this study, the real rs-fMRI and dMRI images were used from the Function Biomedical
313  Informatics Research Network (FBIRN) phase III datasets (Keator et al., 2016). Data collection
314  was at multiple sites of healthy control (HC) subjects or with schizophrenia (SZ) disorder. FBIRN
315  dataset consists of rs-fMRI and dMRI images from 311 age-gender-matched adults (age ranging
316  from 18 to 65 years old). It is 162 healthy controls (HC) including 115 male and 45 female (Avg
317 £ SD age: 37.0 = 10.9) and 149 schizophrenia (SZ) patients including 115 male and 36 female
318 (Avg=+SD age: 38.7 £ 11.6).

319  Acquisition. Images were scanned at six 3T Siemens Tim Trio System and one 3T GE Discovery
320 MR750 scanner at multiple sites. The acquisition parameters of the rs-fMRI imaging were as
321  follows: FOV of 220 x 220 mm (64 x 64 matrix), TR =2 s, TE = 30 ms, flip angle (FA) = 77°,
322 162 volumes, 32 sequential ascending axial slices of 4 mm thickness and 1 mm skip. Subjects had
323  their eyes closed during the resting state scan. For more details see (Keator et al., 2016). For the
324  dMRI images, scanning protocols were settled virtually to ensure equivalent acquisitions with 30
325  directions of diffusion gradient at b = 800 s/mm? and five measurements of b = 0 (b0) s/mm?

326  (Keator et al., 2016).
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327  rs-fMRI preprocessing. The rs-fMRI images were preprocessed via the statistical parametric

328  mapping (SPM12, http://www.fil.ion.ucl.ac.uk/spm/) toolbox in MATLAB 2020b, following the
329  procedure outlined in (Iraji, Fu, et al., 2022). The main steps of the preprocessing included
330 removing the first five fMRI timepoints, motion correction, slice timing correction, image
331 registering to the standard Montreal Neurological Institute (MNI) space, spatial resampling (to 3
332 x 3 x3 mm? isotropic voxels), spatial smoothing using Gaussian kernel with a full width at half
333  maximum (FWHM) = 6 mm.

334  dMRI preprocessing. For preprocessing of the dMRI images, first, all images were corrected for
335 eddy current and motion distortions using the eddy package (FSL 6.0 (Jenkinson et al., 2012)) by
336 motion induced signal dropout detection based on b0 volumes and replacement method
337  (Andersson & Sotiropoulos, 2016). Then, a data quality check was performed by an in-house
338 developed algorithm and visual inspection to exclude images with extreme head motion, signal
339  dropout, or noise level (Caprihan et al., 2011; Wu et al., 2015).

340 An additional step was carried out on preprocessed dMRI images to determine white matter fiber
341  tracts for constructing structural connectivity. First, we used linear regression under the dtifit in
342  the FSL toolbox (Jenkinson et al., 2012) to model a voxel-wise diffusion tensor. The estimated
343  diffusion tensors were employed in deterministic tractography using the CAMINO toolbox (Cook
344 et al., 2006). This procedure involved three stopping criteria: a fixed step size of 0.5mm, an
345  anisotropy threshold of 0.2, and an angular threshold of 60° (Cook et al., 2006). All fiber tracts
346  were extracted in native space. Next, we transformed the native fractional anisotropy (FA) maps
347  into the standard MNI space using advanced normalizations tools (ANTSs) (Avants et al., 2009).
348  Then we applied inverted spatial normalization to the Neuromark fMRI 1.0 atlas (including N =

349 53 ICNs) (Du et al., 2020) to obtain the corresponding atlas in native space.
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350 The ICNs of the normalized Neuromark fMRI 1.0 atlas, which divides the brain into distinct
351 regions, were used as nodes in the network to build the structural connectivity network. For each
352  subject, we reconstructed an NxN structural connectivity network (M), counting the number of
353  streamlines connecting pairs of nodes.
354  Evaluation criteria. First, to determine the effect of the defined objective function in our
355  multimodal model, we used the same criteria adopted for the synthetic data. Consequently, for the
356 ICNs of each model (sfCICA and CICA), the distance was estimated using Eq. 9. Then, we
357  computed the sparsity of the estimated FNCs as in Eq. 10.
358 To enhance distance representation, we determined the difference of the measured distances, as
359  shownin Eq. 11.

Diff = Disgscica — Discica (11)
360 In addition, we evaluated the proposed model with real data, using a set of statistical analysis. A
361  Paired t-test analysis was employed to determine if the examined ICNs from the sfCICA model,
362  constrained by structural connectivity, differ significantly from those of the CICA model. The
363 paired t-test analysis assesses whether the mean difference between paired observations is
364  significantly different from zero. Here, we used the time course of the ICNs and their FNC matrices
365 as observations for the paired t-test. FNC matrices were assessed using Pearson’s correlation
366  among the time courses of the ICNs at the subject level for both the sfCICA and CICA models.
367 Moreover, for group comparison between subjects with schizophrenia (SZ) and healthy control
368 (HC), we applied a Generalized Linear Regression model (GLM) utilizing FNC matrices and
369  spatial maps. GLM analysis is a statistical technique that provides a flexible framework for
370  modeling the relationship between a dependent variable and one or more independent variables.

371  In this study, we used GLM to regress out effects of the age, sex, diagnosis, motion, and imaging
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372  site effect as covariates for the FNC matrices and spatial maps. Additionally, false discovery rate
373  (FDR) correction was performed to adjust the estimated p-values.

374  Finally, to show that structural connectivity helps tune the FNCs we used network graph
375  parameters. To this end, graph theory analysis, utilizing FNC features was employed. We
376  estimated the FNCs as Pearson’s correlation between TC related to each network (ICN) to
377  construct the FNC network at the individual level for both the CICA and sfCICA. Then, we
378  determined four common brain network parameters including modularity (Newman, 2006), local
379  and global efficiency (Latora & Marchiori, 2001), and small worldness (Amaral et al., 2000) to
380 characterize the graph properties of the resulting FNC. In addition, randomness (Vergara et al.,
381  2018), and sparsity were also examined.

382  In a brain network, modularity indicates the presence of functional modules involved in specific
383  cognitive processes (Newman, 2006). Local efficiency represents the efficiency of the
384  communications between regions (here ICNs) and global efficiency is the capacity of the network
385 for transferring information across the whole brain (Latora & Marchiori, 2001). Additionally,
386  small-worldness is the ratio of clustering to shortest path length, which summarizes the balance
387  between the efficiency and clustering in the brain network (Amaral et al., 2000).

388 3. Results

389  To determine multimodal ICNs through an iterative optimization, we applied the proposed sfCICA
390 model to the diffusion MRI (dMRI) and the resting-state fMRI (rs-fMRI) data obtained from 30
391 synthetic samples and 311 real subjects (146 HC and 162 SZ). The number of the ICNs was
392  determined based on a predefined standard ICN template, used as prior spatial maps. In this study,
393  the NeuroMark 1.0 template was utilized as prior maps for the real data. This template consists of

394  seven distinct functional domains, including subcortical (SC), sensorimotor (SM), auditory
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395 (AUD), visual (VS), cognitive control (CC), default mode (DM), and cerebellum (CB). Our results
396  represent multimodal ICNs that are more informative and enhanced by incorporating multi-modal
397 information. They provide supporting evidence indicating the impact of the structural connectivity
398 information on neural activities (Litwinczuk et al., 2022).

399 3.1. Estimated ICNs using synthetic datasets show a structural and functional learning

400 pattern.

401  To determine the applicability and the robustness of the proposed model, we investigate the time
402  course distances of the ICNs, as a measure of the correlation, for both the sfCICA and the CICA
403  model at the subject level for different synthetic groups.

404  Distance analysis on the synthetic dataset predominantly revealed smaller distances after
405 performing structural connectivity constraints using the sfCICA model compared to the CICA
406  model, shown in Figure 3. This is reflected by average paired distances for the sfCICA (red box)
407  and the CICA (green box) model. Figure 3, column (a) displays average paired distances at the
408  subject level for each ICN. In all three groups of synthetic datasets, the average distances of the
409 sfCICA were primarily constrained by structural connectivity and decreased compared to the
410 CICA model. The corresponding group structural connectivity is shown in column (b).

411  Statistical analysis, employing a paired t-test, revealed significant differences (p-value <0.05, FDR
412  correction: g< 0.05) in the average group distances between the sfCICA and the CICA model for
413  all the ICNs, except for ICN 14 in Group B, and ICN 1, 3, 7, 8, 11, 13, 14, 15 and, 16 in Group C.
414

415

416

417
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434 Figure 3. (a) Shows the average time course distance of the three groups of synthetic data, comparing the sfCICA
435

436 (red box) to CICA (green box) at the subject level for each ICN. (b) Displays the corresponding group-level structural
437
438
439  Figure 4. represents the time course distance of an ICN (here ICNs 2 and 15) from other connected

connectivity.

440 ICNs at the subject level across three different groups using both the sfCICA and CICA models.
441  We specifically selected ICNs with varying connection weights: one exhibiting a high structural
442  connection (ICN number 2) and another with a low structural connection (ICN number 15) to other
443  ICNs. The results in Figure 4. illustrate a greater decrease in time course distance for the connected

444  ICNs in the sfCICA model (red box) compared to the CICA (green box). As expected, in the
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subject-level analysis, the distance between ICNs in the sfCICA model decreased more

significantly than those in the CICA model.

Structural connectivity weights of the ICN 2 with 16 other ICNs Structural connectivity weights of the ICN 15 with 16 other ICNs
ICN2.2 3-67 8| 9[10 11{12[1314] 15 16| icnis| 1] 2[3[4]5]6]7]8 91!.1413141’
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Figure 4. It depicts the estimated time course distance of ICN 2 and 15 with other connected ICNs at the subject
level, shown in columns (a) and (b) respectively. The time course distance of the ICNs in sfCICA model was
lower compared to CICA. The corresponding structural connectivity of ICN 2 and 15 with other ICNs comes at

top of each column (a) and (b).

Moreover, we examined changes in distance specifically between two pairs of ICNs: one with a
connection (between ICNs 2- 4) and another without a connection (between ICNs 2- 13), across
three different synthetic datasets in Figure 5 (a-c). The time course distance between ICN 2 - 4
(with strong structural connectivity, M = 0.66) and ICN 2 -13 (without structural connectivity) was

investigated at the subject level. Results show that the proposed model exhibits a lower distance
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compared to CICA for ICN 2-4 consistently across all subjects and various groups with different
noise levels. However, for ICNs 2 - 13 (without structural connectivity), the time course distance
for both sfCICA and CICA models was similar. The distance for the connected ICNs (e.g. 2-4) is
higher than that for the unconnected ICNs (e.g. 2-13) when comparing the distance results between
ICN 2- 4 and ICN 2- 13 at the subject level. The decrease in time course distance observed for
connected ICNs in the sSfCICA model is greater than in the CICA model. This reflects the influence
of the structural connection and the adaptivity of our model in fluctuating the ICN estimation. For
the non-connected ICNs (without structural connectivity), only functional information was

effective, and the observed changes were consistently at a similar level for both models.

Subject-level paired ICNs distance, Group A Subject-level paired ICNs distance, Group B
155 M=066 ﬂéo— - 16 M=0.66 © M=o e
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Figure 5. The time course distance of ICN 2 with a connected ICN (e.g 4) and a non-connected ICN (e.g. 13) is represented
for synthetic data with three different noise levels (a-c). The distance decreased for connected ICNs (e.g. ICN 2- 4), while

the disconnected ICNs had similar distances across all subjects.
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493  Statistical analysis using a two-sample t-test reveals an increase in various graph metrics,
494  (modularity: 0.35240.01, global efficiency: 0.157+0.01, local efficiency: 0.199+0.009, small-
495  worldness: 1.41540.055, non-randomness: 5.0£1.15) for sfCICA compared to CICA (modularity:
496  0.35140.01, global efficiency: 0.155+0.01, local efficiency: 0.198%+0.009, small-worldness:
497  1.41240.006, non-randomness: 4.18+1.15). A slight, but insignificant decrease (p-value>0.05) was
498  observed between the sparsity measurements of the CICA (MeantStd: 0.28+0.01) and sfCICA
499  (MeantStd: 0.27+0.01) models.

500 3.2. FNCis informed by structural connectivity weights in synthetic data.

501 To emphasize the influence of the structural connectivity information on the FNC of ICNs in
502  synthetic data, we assess the similarity of the FNC with structural connectivity, as well as the
503 residual FNC for both the proposed sfCICA and the CICA models. The residual FNC is determined
504  as the difference between the FNC matrices from the sfCICA and CICA models (FNCitr =
505  FNCiscica - FNCeica).

506  We perform two different evaluations by computing the similarity of the FNC matrix to determine
507  the degree to which the structural connectivity impacted the resulting model weights, as shown in
508  Figure. 6. For this purpose, the FNC matrix of the estimated ICNs from the sfCICA model was
509 determined by computing Pearson’s correlation between paired ICNs for each subject. The
510 similarity of the FNCs was then computed: (1) with structural connectivity and, (2) with FNClaitr,
511  at the subject level. A similar procedure was performed on the ICNs from the CICA model, and
512 the results from both the sfCICA and CICA models were compared. From both evaluations,
513  FNCstcica demonstrated higher similarity with FNCaifr and structural connectivity than FNCcica.
514  These results suggest that the proposed sfCICA model is informed by structural information and

515 remains robust to noise. Even with an increase in the noise level from Group A to C, the proposed

23


https://doi.org/10.1101/2023.08.13.553101
http://creativecommons.org/licenses/by-nc-nd/4.0/

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.13.553101; this version posted June 1, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

model showed improvement compared to the CICA model. However, FNCstcica and FNCcica

exhibited the same level of similarity with structural connectivity.
Subject-level similarity between FNC and structural connectivity ~ Subject-level similarity between FNC and structural connectivity Subject-level similarity between FNC and structural connectivity
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Figure 6. Similarity (Pearson correlation) of the FNC matrix with structural connectivity and with FNCaist (FNCaitr =
FNCisteica - FNCeica) was estimated for both the sfCICA and the CICA model across three distinct groups of synthetic
data (columns). The results indicate that the sSfCICA model exhibits a higher correlation with both structural connectivity
and FNCuitr compared to CICA, as expected. Notably, greater differences were observed for FCuaitr. Furthermore, the
findings demonstrate the robustness of the proposed model to noise, as evidenced by its consistent performance even as
noise increases from Group A to C.
3.3. The subject-level structural-functional ICNs show more modular and integrated
networks for the FBIRN data.
Using the sfCICA model, the ICNs are guided by structural connectivity and FNC for each subject.
In this paper, we used the NeuroMark template (Du et al., 2020) as prior spatial information, and
the included information was evaluated by estimating the spatial similarity between the estimated
ICNs and the corresponding NeuroMark template networks using Pearson’s correlation for both

the sfCICA and the CICA models. To analyze the effectiveness of the proposed model for both

healthy (HC) and disease (SZ) cases, we presented separate results for each group. In Figure 7a,
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539  the results showed an unimodal Gaussian distribution for HC and a bimodal Gaussian-like
540  distribution in SZ, which is more clearly highlighted in the proposed model compared to the CICA
541  model. It illustrates more significant spatial similarity for all subjects in the sftCICA model (Mean:
542  0.52) compared to the CICA model (Mean: 0.47) across both HC and SZ cohorts from the FBIRN
543  dataset. On average, the sfCICA model exhibited a 10% increase in similarity compared to the
544  spatial similarity estimated by the CICA model. The enhanced spatial similarity observed with
545  standard and reproducible templates across multiple subjects suggests that informing the
546  optimization process using structural connectivity could improve the results.

547  Moreover, in Figure 7b, we computed and depicted the time course distance between paired ICNs
548  at the subject level to assess the impact of structural connectivity. As we expected, the estimated
549  distance showed a dependence on the structural connectivity weights, being consistently smaller
550 for all the ICNs estimated by sfCICA in comparison to the CICA model. Overall, the distances, as
551  well as the average distance of the time courses, were smaller in sfCICA than in CICA for both
552 HC and SZ subjects, indicating greater functional integration (paired t-test: p-value<0.05).
553  However, the increased spatial similarity resulted in more modular networks compared to the
554  CICA model. In this context, distance refers to the mean square distances between paired time
555  courses.
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581 Figure 7. Distribution of average spatial similarity and time course distance over the ICNs at the subject level were

represented for each model using FBIRN data. In (a), the distribution of the spatial similarity (Pearson correlation)

582

583 with NeuroMark 01 template, used for prior spatial information, is illustrated for both the CICA and the sfCICA

584 models in two groups: HC in green and SZ in red. Mean square distances of each time course from remaining time

cg5 courses are shown in (b) within each HC (green) and SZ (red) group using the sfCICA and the CICA models. The
sfCICA model showed higher spatial similarity and reduced time course distances.

586

587

588  3.4. The subject-level structural-functional ICNs show a structural and functional learning
589 pattern for the FBIRN data.

590 Figure. 8 illustrates the differences in the estimated time course distances (a measure of the
591  correlation) between the sftCICA and the CICA model for each ICN at the subject level. Negative
592  distance values (below the pink line) indicate lower distances among ICNs in the sfCICA model
593  compared to CICA. Interestingly, we observed predominantly negative correlations in the FBIRN
594  dataset. In addition, ICN 18, 29, 37, 40, 4, 47, 48, 51, 52, and 53 show, on average, positive

595 differences across all subjects. In general, we expect that ICNs with weak mean structural
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619

connectivity weight (as shown in Figure. 8) will show higher distances in the sfCICA model than

in the CICA model, resulting in a positive average pattern for distance differences. Figure. 8

reveals that the weights of the structural connectivity are associated with the distance of the time

courses, i.e., where the structural connectivity is weak, the distance is large, and where the

structural connectivity is strong, the distance is small among the sfCICA relative to the CICA time

courses. These results suggest that both structural weights and functional spatial maps contribute

complementary information to the estimated ICNs.
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Figure 8. Illustrates that the differences in time course distances for most of the Intrinsic Connectivity Networks

(ICNs) estimated by the sfCICA model, as compared to the CICA model in the FBIRN dataset, are smaller. The

average distance differences of the time courses are predominantly negative, signifying smaller distances in the

sfCICA compared to the CICA model, and this difference is influenced by Structural Connectivity.

We also estimated the time course distance for six randomly selected paired ICNs including 13-

22, 48-47, 13-52, 12-48, 2-37, and 3-5, with different structural connectivity weights from weak

to strong in the FBIRN data. As depicted in Figure 9, and similarly to the synthetic dataset, we
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620 observed distinct time course distances between sfCICA and CICA, with a decrease in sfCICA as
621 the structural connectivity weights increased. On average over all subjects, our model (red box)
622  has a higher distance for ICN 13 with 22 and 52 (both weak structural connections) compared to
623  the CICA model (green box). For ICN 48, we consider two moderate (structural connectivity
624  weight, M = 0.2) and weak connections (0.002) respectively with ICN 12 and 47. Interestingly,
625 the distance between ICN 48 and 47 was increased compared to the CICA model, similar to the
626  distance between ICN 13 and 52 (structural connectivity weight, M = 0.037). Conversely, the
627  distance between ICN 48 and 12 was lower in our model. We evaluated the distance for the ICNs
628  with strong structural connection, ICN 37 with 2 (M = 0.66) and ICN 3 with 5 (M = 0.91). As

629  expected, for both connections, the distance decreased compared to the CICA model.

630
Subject level time course distance difference distribution for paired ICNs
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Figure 9. Depicts the distribution of time course distances for six paired ICNs estimated by both sfCICA and CICA

638

models in the FBIRN dataset. These, paired ICNs were selected with varying structural connectivity weights ranging
03 from weak to strong (0 - 0.91) connections. The estimated distance demonstrates an increase in structural connectivity
640 weights, resulting in a decreased time course distance for the sfCICA model (red box) compared to the CICA model
641 (green box). This highlights the influence of structural connectivity on the estimated ICNs.
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642  3.5. Distinguished spatial patterns for the ICNs in the sfCICA compared to the CICA model
643 using the FBIRN data.

644  Significantly, we observed enhanced modularity and well-defined spatial maps in certain
645  functional networks represented by ICNs IC 2, 22,42, 7, 11, 21, 13,14, 34, 37, 50, 3, 27, 39, and
646 42, across most subjects, especially in those diagnosed with schizophrenia. These observations
647  indicate that the structural connectivity constraints assist in better distinguishing between healthy
648 and patient subjects within these specific ICNs. These functional networks mostly include
649  subcortical, sensory networks (sensorimotor and, visual), default mode, and the cerebellum. In
650  Figure 10, three different ICNs for subjects 29, 30, 37, and 74 are depicted in each row. All ICNs
651  were converted to z-scores and thresholded at z-score>3, p-value<0.05. Additionally, a qualitative
652  examination reveals more modular networks compared to the CICA model, (refer to Figure 11).
653  Moreover, we performed paired t-test analysis between sfCICA and CICA using the spatial maps
654  within each group (HC / SZ) separately. In healthy subjects, significant differences (p-value<0.05)
655  were observed in most of the ICNs, except for the ICNs 45 and 51. ICNs 9, 27, and 51 in
656  schizophrenia showed no significant differences between sfCICA and CICA.

657 In addition, we computed graph-based network features such as modularity and randomness.
658  Utilizing FNC matrices derived from the estimated Intrinsic Connectivity Networks (ICNs), our
659  analysis revealed that the modularity coefficient for ICNs estimated with the sftCICA model was
660 statistically significant (paired t-test: p-value < 0.05, Meantstd = 0.2440.03) compared to the
661 CICA model (Meantstd = 0.21+0.02). A randomness analysis was also conducted, indicating
662  significant differences in non-randomness. Specifically, the sfCICA model exhibited a lower
663  randomness coefficient (i.e., higher non-randomness characteristic) in the FNC patterns (paired t-

664  test: p-value <0.05, Meantstd = 13.3+£3.5) compared to the CICA model (Meantstd = 11.5+2.05).
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Figure 10. Each column displays spatial maps for selected ICNs (z-score>3) derived from different subjects using
680

sfCICA, CICA, and the NeuroMark template (NM). The sfCICA consistently exhibits more modular characteristics
681 (average modularity for sfCICA: 0.24, for the CICA: 0.21) across different subjects compared to the CICA model.
682
683

684
685  3.6. FNC of the Structural-functional connectivity informed ICNs revealed significantly

686 constrained/ learned from structural connectivity using the FBIRN data.

687
688  To determine the differences between the CICA and sfCICA models, we applied a paired t-test

689  analysis on FNC matrices. Interestingly the paired t-tests indicated rejection of the null hypothesis,

690  signifying significant differences between sfCICA and CICA across all ICNs. The estimated t-
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691  values (Figure. 11a) represented significant differences in ICNs related to the SC, SM, VS, CC,
692  and DM networks. Paired t-test analysis was also performed regarding the absolute value for the
693  FNCs, as illustrated in Figure. 11b, it shows reduced t-values for certain ICNs within the AUD,
694 SM, VS, CC, DM, and CB networks. It replicates a decrease in the FNC association between the
695 two models and can be explained based on the hypothesis that the impact of the relationship
696  between structural connectivity and FNC on cognitive performance may depend on the functional
697  domain.

698  Moreover, regarding Figure. 11 (a-d), and the comparison of structural connectivity patterns
699  (Figure 11(c-d)) with paired t-test analysis (Figure 11(a-b)), it is apparent that the structural
700 connectivity weights optimize the distances, thereby enhancing the estimation of the ICNs.
701  Further, analysis of the paired t-test between ICNs of both models reveals similarity for ICNs 1,
702 6,11,12, 14,15, 18, 20, 22, 29, 39, 40, 43, 45, 50, and 52.
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761 Figure 11. Illustrates the results for the paired t-test analysis between the FNC matrices of the sfCICA and CICA
762

763 models, along with their corresponding structural connectivity, using FBIRN dataset. FNC represents the Pearson

764

765 correlation between the estimated ICNs of each model. In (a). T-value maps for the paired t-test using FNC are

766

;g; shown, while (b) displays the t-map for the absolute FNCs. sfCICA model exhibits higher values in most ICNs

769 compared to the CICA model. The group average structural connectivity, and its logarithmic scale connection weights

770

;;% (logio(connection weights)), are represented in (b) and (¢). The weights of the structural connectivity indicate the

773 number of tracts connecting two ICNs.

=
CB DM
T
T
G
T
T
IS

i
o
FEH

T
I

774

32


https://doi.org/10.1101/2023.08.13.553101
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.13.553101; this version posted June 1, 2024. The copyright holder for this preprint (which

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789
790
791
792
793
794
795
796
797
798

799
800
801
802
803

was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

The determined results were jointly estimated by incorporating information from the structural
connectivity weights into the correlation between the time courses overall time (i.e., the FNC
matrix). A similar analysis on synthetic data was conducted on real data as well to assess the
similarity of the FNC with structural connectivity and FNC with FNCiisr, determining the extent
to which structural connectivity impacts the resulting model weights, as illustrated in Figure. 12.
For this purpose, an FNC matrix was computed for each subject using Pearson’s correlation among
the time courses of the ICNs determined by the sfCICA model. A similar procedure was performed
to estimate FNCcica using the ICNs of the CICA model. The comparison of results from both the
sfCICA and CICA models indicated that in real datasets (FBIRN), FNCsicica exhibits greater
similarity with structural connectivity and FNCaitr to FNCcica. It indicates the proposed sfCICA
model is informed by structural information, showing the multi-modal sfCICA model provides

additional information that could capture variability between subjects and between groups.
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Figure 12. Similarity (Pearson correlation) between FNC matrix of estimated ICNs from the sfCICA model with
structural connectivity and, residual (diff) FNC matrix is represented for FBIRN dataset respectively in (a) and (b).
Results show similarity (correlation) with both structural connectivity and residual FNC (FNCauitr) is higher for the

sfCICA model than the CICA, representing more informatic ICNs.
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804  3.7. Structural-functional connectivity-informed ICNs reveal significant differences

805 between controls and schizophrenia subjects using the FBIRN data.

806  Figure. 13 (a-b) show the average FNC across all subjects for the sftCICA and CICA models.
807  Additionally, group differences analysis using FNC for the HC vs SZ was performed and the
808  results are represented in Figure. 13 (c-d).

809  Furthermore, to investigate the ability of the proposed method to find group differences (healthy/
810 patient) in FNC patterns using both the sfCICA and the CICA models, a generalized linear
811 regression model (GLM) was performed with multiple covariates (Figure. 13 (c-d)). The results
812 indicated a more significant correlation (p-value<0.05, FDR: q<0.03) across all networks
813  (displayed with red stars) comparing HC vs SZ group for the sfCICA model. We detected 503
814  significant cells in the upper triangle for the sfCICA model (Figure 13 ¢), a notable increase
815 compared to the 421 significant cells observed for the CICA model (Figure 13 d). Correlations of
816 the sensory networks were less significant in the sftCICA model compared to the CICA. In contrast,
817  SC-related regions showed more significance. The findings suggested the involvement of
818  structural connectivity in the SC domain, a factor not observed with the CICA model. ICNs for the
819 SC, DMN, and CB networks exhibited significantly higher FNC in HC compared to SZ for the
820  sfCICA model (Figure. 13 ¢), while sensory-related networks (AUD, VS, and SM) and CC network
821  showed significantly higher FNC in HC compared to SZ for both models (Figure. 13 (c-d)). This
822  suggests that considering structural connectivity plays an important role in identifying the FNC of
823  the SC and that the sfCICA which jointly analyzes structural and functional ICA output provides
824  amore sensitive model. The values illustrated in the higher triangle of matrices in Figure 13 (c-d),

825  are -log10(p_value) x sign (t_value) and t-values are represented in the lower triangle.

826
827
828
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865 Figure 13. Average FNC estimated across all subjects and statistical group difference maps (HC/ SZ) for the FBIRN
ggs dataset. In (a) and (b), the average FNC of all subjects is presented for the sfCICA and CICA models respectively. For
ggg the group (HC/ SZ) difference comparison, GLM analysis was performed to regress out covariates including age, sex,
870 motion, imaging site, and diagnosis from the FNC matrices. More significant differences (p-value<0.05 and FDR<0.03),
871 represented by red stars, were observed between HC and SZ in the proposed sfCICA compared to the CICA model.
872 Results were corrected for multiple comparisons using false discovery rate (FDR) with q<0.03; and represented in (c-
873 d), which upper triangle each cell of the matrices are -logio(p-value) *sign(t-value) and lower triangle is t-value. ICNs
874 were categorized in seven different domains including subcortical network (SC), auditory network (AUD), sensorimotor

875 network (SM), visual network (VS), cognitive control network (CC), default mode network (DM) and cerebellum (CB).

876 Results show that FNC in HC are higher than SZ in most of the ICNS, in the sfCICA compared to the CICA model.
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877  3.8. Multimodal ICNs represent more significant spatial maps between groups (controls

878 and schizophrenia) using the FBIRN data.

879  To investigate the hypothesis of the proposed model, we conducted a group differences analysis
880 between HC and SZ on the ICN spatial maps. For this purpose, a GLM analysis was adopted to
881 regress out the effect of age, sex, motion, site, and diagnosis per ICN. Table 1 displays the
882  percentage of significant voxels in each ICN of different networks. Results indicate that out of
883 fifty-three ICNs, thirty-two showed a higher number of significant voxels (p-value<0.05) in the
884  sfCICA model (dark blue rows). Conversely, in the remaining twenty-one ICNs, five (light blue
885 row) demonstrated a similar percentage of significant voxels, and sixteens (white rows)
886  represented a lower percentage with a deviation for the sSfCICA model.

887  In addition, network properties including modularity, efficiency, small-worldness, randomness,
888  and sparsity were estimated using FNC features. Results (Table 2) showed significantly higher (p-
889  value<0.05) efficiency, modularity, and randomness for the sfCICA model using the FNC feature.
890 Small-worldness was also greater for sfCICA but the difference between the two models was not
891  significant.

892

893

894

895

896

897

898 Table 1. Shows the percentage of the significant voxels in each ICN using group differences analysis. ICNs (rows)
899 with higher values for the sfCICA are represented in dark blue, while light blue and white indicate equal or lower

900  values for the sSfCICA compared to the CICA.
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Networks | ICNs Number of significant Number of significant Differences between significant
voxels using CICA (%) voxels using sfCICA (%) voxels, sfCICA — CICA (%)
IC1 4.9 5.6 0.7
1C2 4.1 6 1.9
SC IC3 4.2 4.9 0.7
IC4 3 3.5 0.5
IC5 8.3 9.6 1.3
IC1 2.8 2.9 0.1
AUD 1C2 4.7 54 0.7
IC1 2.1 2.9 0.7
I1C2 2.8 3.4 0.6
1C3 7.1 5.7 -1.4
1C4 8.3 9.1 0.8
SM IC5 5.5 5.8 0.3
1C6 4.4 4.2 -0.2
1C7 3.9 3.9 0
1C8 6.6 7 0.4
1C9 5 5.1 0.1
IC1 3.2 4.1 0.9
1C2 10 10 0
IC3 5.1 5.2 0.1
1C4 8 6.8 -1.2
VS IC5 3.5 4.2 0.7
1C6 3.1 3.4 0.3
1C7 3.8 4.5 0.7
IC8 24 24 0
1C9 4.1 4.8 0.7
IC1 5.1 5.1 0
1C2 8.2 7.3 -0.9
IC3 5.5 5.9 0.4
1C4 53 5.2 -0.1
IC5 6.6 6.7 0.1
1C6 6.7 6.2 -0.5
1C7 5.2 6 0.8
1C8 8.9 6.3 -2.6
CC 1C9 8 8.3 0.3
IC10 7 6.4 -0.6
IC11 9.2 8 -0.8
IC12 33 3.7 0.4
IC13 8 8.3 0.3
IC14 4.3 5.5 1.2
IC15 7 5.4 -1.6
IC16 4.2 4.2 0
IC17 5.6 5.3 -0.3
IC1 3.1 3.4 0.3
1C2 3.5 32 -0.3
1C3 2.5 3.2 0.7
DM IC4 8.2 8.1 -0.1
1C5 4.5 3.6 -0.9
1C6 5.1 5.2 0.1
1C7 7.6 6 -1.6
IC1 2.1 4.8 2.7
1C2 9.1 6.4 -2.7
B IC3 2.1 59 3.8
IC4 4.6 5.6 1

901

37


https://doi.org/10.1101/2023.08.13.553101
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.08.13.553101; this version posted June 1, 2024. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

902

903 Table 2. Graph parameters estimated for the FNC matrices.
Graph parameters Single(:l—\r/ioacriistzdl)\/[odel Multi(;rql;);iii‘;}t/dl\)/lodel
Modularity 0.21+0.02 0.24+0.03
Local efficiency 0.32+0.01 0.37+0.01
Global efficiency 0.30+0.03 0.331+0.03
Small-worldness 1.15+0.08 1.17+0.06
Non- Randomness 11.30£3.50 13.50£2.05
Sparsity 0.28+0.01 0.27£0.01

904

905 4. Discussion

906 This study proposes a new, joint structural-functional, data-driven model to estimate intrinsic
907 functional connectivity networks (ICNs) using multi-modal brain images. While most of the
908 studies typically rely on fixed regions weighted by diffusion MRI (dMRI), our proposed approach
909 is a multi-modal ICA model, named sfCICA, which is guided by the structural and functional
910 connectivity network domain. Using network science, structural and functional information is
911 compressed in nodes and edges which has become a common practice in neuroscience to
912  understand functional interactions in the brain (Babaeeghazvini et al., 2021). In the sfCICA model,
913  the functional connectivity from resting-state magnetic resonance imaging is constrained by
914  structural connectivity weights (normalized number of streams). We applied the proposed model
915 to datasets from subjects with schizophrenia and healthy controls, as well as simulated data.
916  Through this new model, we identified improved spatial maps, individual subject variability, and

917  modularity of the FNC networks. Furthermore, the sfCICA model exhibits less randomness and
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918  greater sensitivity to group differences in healthy controls and subjects with schizophrenia (HC/SZ

919  subjects).

920 Most previous ICA models are focused on functional information or functional information with
921  prior spatial constraints (Du & Fan, 2013; Du et al., 2020). In recent years, there has been a shift
922  towards multi-modal models, incorporating features estimated from different modalities through
923  joint analysis (Wu & Calhoun, 2023). Joint-ICA, parallel ICA, link-ICA, and cmICA models
924  utilize features from fMRI, dMRI, or sMRI, such as connectivity, fractional anisotropy, and
925  structural measures to identify functional networks. The proposed model in this study diverges by
926  simultaneously learning from both functional and structural connectivity. This approach aims to

927  constrain functional changes over time based on estimates of structural connectivity.

928  Less work has been given to dMRI connectivity, as in the cmICA model (Wu & Calhoun, 2023).
929 cmlICA (Wu & Calhoun, 2023), uses multi-modal fMRI and dMRI, integrating features derived
930 from each modality to identify ICNs shared between structural connectivity and FNC,
931 acknowledging that there might be a mismatch between features from each modality. Although
932  cmlCA attempts to address this, the contributions of features from each modality are asymmetrical
933 (Wu & Calhoun, 2023). In contrast, our proposed model is based on both direct and indirect
934  features and the contribution of each modality enhances the other. Thus, when structural
935 connectivity weights are strong, functional data exhibits a higher correlation, while weaker
936  structural connectivity weights result in less correlated functional data. Notably, the sSfFCICA model
937 relies on two main concepts of an ICA analysis, maximizing independence and similarity, and tries
938  to estimate intrinsic brain functional networks which are optimized based on both structural and

939 functional connectivity information. Therefore, we posit that the proposed joint multi-modal
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940 information integration allows for better characterization of healthy and disordered brain
941  connectivity (Iraji et al.,, 2016; Wu & Calhoun, 2023). Characterization of the intrinsic brain
942  activity, known as functional network modeling, has been widely used in human brain studies,
943  particularly because of its relevance to brain disorder research (Wang et al., 2021). One of the
944  greatest advancements in this area was uncovered by rs-fMRI images using ICA analysis (Calhoun
945 et al., 2001) and continues to advance for the field by the inclusion of additional imaging

946 modalities.

947  Including two different modalities of information in our model, the replicability and noise
948  robustness of the proposed model were assessed through three different synthetic datasets (Figures
949 3,4, and 5). Each group has different levels of signal-to-noise ratio (SNR), and for each group, a
950 similar pattern, constrained by structural connectivity, was observed. Our findings highlighted the
951 effect of the structural connectivity constraints on the time courses, as their distances were
952  significantly smaller when structural connectivity was stronger. Additionally, by changing the
953  functional information and keeping the structural connectivity constant, the learning procedure is

954  dependent on information from both modalities during the estimation of ICNSs.

955  Empirical results from our proposed multi-modal model on real data show that our model (the
956 sfCICA) is more sensitive in detecting functional connectivity in both healthy and schizophrenia
957  groups, compared to the CICA model. Estimated ICNs were significantly more spatially similar
958  (Figure 7a) to the reproducible template (NeuroMark template (Du et al., 2020)) for both healthy
959  and schizophrenia subjects. This may enhance the replicability of the components using different

960 datasets (Duda et al., 2023).
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961 Moreover, the proposed sfCICA model aims to estimate a unified and integrated brain network
962  using regional functional information instead of FNC as in (Zhu et al., 2021) which is the first time
963 this has been performed in an ICA analysis. Overall, the results in Figure 7b showed that the
964  distance of the time courses was smaller, which can be interpreted as more functionally correlated,
965 and hence more uniform ICNs. While considering each ICN specifically (Figures 8 and 9), ICNs
966 related to cognitive control (CC), and cerebellum (CB) networks were less constrained. In other
967  words, distance minimization of them was less compared to other ICNs. It is highlighted that
968  overall, they are less structurally connected to other ICNs. For instance, ICNs number 37 and 41
969 in the CC network, represent the weakest connection with CC, SM, and CB networks. Also,
970  consistent with prior findings (Glasser et al., 2016; Van Essen et al., 2019; Wu & Calhoun, 2023),
971  the DM has the largest distances within its network ICNs and the weakest with intra-network such
972  as SC network. These findings suggest the advantages of multi-modal approaches, using a
973  combination of structural and functional features, in facilitating the interpretability of the results

974  which is consistent with previous findings (Glasser et al., 2016; Van Essen et al., 2019).

975  Alternatively, there is a hypothesis that structural connectivity may directly influence FNC, as
976  higher structural connectivity leads to higher FNC (Litwinczuk et al., 2022; Zhao et al., 2023).
977  Statistical analysis on FNC of the estimated multi-modal (sfCICA) ICNs and single model ICNs
978 (CICA) in Figure 11 (a-b), represented no association between the FNCs of the two models in
979  specific domains including SM, AUD, VS, CC, and DM. Interestingly results were following
980 previous findings (Li et al., 2020; Tsai et al., 2019). There is evidence that structural connectivity
981 and FNC have no coupling in SM and VS, which means either structural connectivity is not dense,
982 or it may come from dysfunction characteristics of the SZ subjects accompanied by weaker

983  structural connectivity in SM, anterior cingulum cortex (ACC, related to DM domain) (Li et al.,
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984  2020). So, our results revealed it in the estimated ICNs features (FNC) using the sfCICA model.
985 Regarding the VS domain, little is known about it, however, it has been shown that the connectivity
986  of the visual system in SZ would be reduced (Reavis et al., 2020) which is consistent with our
987  findings. Overall, findings suggested that integrating multi-modal information to estimate ICNs
988  could help to find more accurate intrinsic functional domains in comparison to single-modality

989  models such as the CICA.

990  Our proposed model (sfCICA) was more sensitive to detecting differences between individuals
991  with schizophrenia patients and healthy controls. In schizophrenia both structural and functional
992  networks are affected (Li et al., 2017; S. Qi et al., 2019), our results showed a broad range of
993  impacted networks. Regarding the FNC matrices (Figure 13 a-b), findings are consistent with, and
994  extend, those of prior studies. For example, prior studies have reported dysfunction in the CC
995 network, which was also observed in our statistical results using the single modality CICA model.
996 However, the proposed sfCICA model showed enhanced functional connectivity within the SC
997  network with most of the domains, the CC network with other domains (e.g., visual), and the DM
998 network as well as with SM, AUD, and VS. Overall, these findings suggest that the contribution
999  of structural connectivity information could enhance our ability to identify dysfunctional
1000  connections. Also, ICNs related to memory and higher-order cognitive control functions related to
1001 DM networks have been reported as affected regions in individuals with SZ (Aleman et al., 1999;
1002  Minzenberg et al., 2009; Potkin et al., 2009; S. Qi et al., 2019). Consistent with prior findings our
1003  results show that functional correlations of the DM network are lower for the positive connections
1004  and higher for the negative connections (S. Qi et al., 2019), representing the effectiveness of our
1005  multi-modal model. However, in the proposed model, mostly FNC is higher for healthy compared

1006  to schizophrenia but there exist some ICNs that do not show the same pattern. For example, in
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1007 ICNs 8 (of the SM network) and 42 (of the CC network), FNC is higher for schizophrenia.
1008  Compared to previous studies, mostly dysconnectivity occurs in DM and SM networks (Rong et

1009  al., 2023), and FNC increment is observed in these domains.

1010  There exist some limitations in this study which would be interesting to consider in future works.
1011  We selected the model order using a standard ICN template including 53 ICNs (NeuroMark 1.0).
1012 The identified ICNs are restricted to prior spatial maps and are modified spatially and temporally
1013  during the optimization process. However, it might be variable over subjects, which should be
1014  considered in future works. Moreover, the standard template is functionally defined. Our multi-
1015 modal sfCICA model uncovers differences in functional connectivity between regions and their
1016 interactions are affected by structural information. To include differences in spatial maps and
1017  enable the comparability of results, a multi-modal (structural/functional) template would be
1018 needed. In parallel, increasing structural and functional studies highlights the need for a multi-
1019  modal simulator. Our synthetic data are independent and structural information has no impact on
1020 fMRI simulation. It could be beneficial to develop a simulator for generating structurally informed
1021  fMRI data (e.g. perhaps via a copula framework (Silva et al., 2014)). In addition, our current model
1022  starts from fixed networks for the structural connectivity, it would be useful to extend the model
1023  to also allow for adaptive updates to the structural connectivity at the single subject level, similar
1024  to what is occurring with the fMRI data. Existing methods have used structural connectivity as a
1025  deterministic constraint to functional connectivity (Seguin et al., 2022). In contrast, in our work,
1026  we propose a data-driven multi-objective model using structural connectivity constraints to
1027  incorporate these into an ICA model resulting in spatial maps, time courses, and FNC. Our
1028  expectation is that the results would increase our sensitivity to patient vs control differences. Our

1029  suggested model is one of the first tools for directly linking structural connectivity/FNC in a data-
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1030  driven analysis. Furthermore, future extensions can be developed that allow the structural
1031  connectivity model to adapt to the functional data in the context of a supervised model, optimizing
1032  structural connectivity/FNC to maximize group differences and then using this in a new dataset to
1033  classify. Other future work could be to use our model with an alternative transformation of the
1034  structural connectivity network. Other future work could be to use our model with an alternative
1035 transformation of the structural connectivity network. Most of the not directly connected regions
1036  have polysynaptic communication (Seguin et al., 2022). One way to guide polysynaptic signals in
1037  structural connectivity/FNC models is by using communication network models (Seguin et al.,
1038  2022). Communication network models are derived from structural connectivity and converse to
1039 the structural connectivity, communication network models are dense (Seguin et al., 2022). One
1040 limitation of data fusion is that the structural connectivity informed FNC may be more complex to
1041 interpret than the FNC estimated from fMRI alone. However, there are also advantages as we point
1042  out, especially in enhancing sensitivity to group differences. One way to address this is to perform
1043  both analyses as we have done. An advantage of the use of the NeuroMark spatially constrained
1044  ICA framework is that the data-driven networks maintain their correspondence with one another
1045  due to the similar spatial priors in both. On the other hand, regions-based structural connectivity
1046  was identified before optimization, and it remains constant during resting-state data acquisition. In
1047  addition, for future works, it might be more informatic to use diffusion spectrum imaging (DSI).
1048  Although time courses and spatial maps are updated, the model can be extended to modify
1049  structural weights throughout the optimization process. Beyond this, we can also incorporate the

1050  dynamics of brain function.

1051
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1052 5. Conclusion

1053  In this work, we proposed a novel, structural-functional constrained independent component
1054  analysis (sfCICA), which incorporates both structural and functional connectivity information,
1055  guided by spatial maps to estimate functional networks in the human brain. The main motivation
1056  for the proposed model is to allow for structural and functional information to jointly influence the
1057 model estimation. The resulting ICNs were more spatially focal, and more synchronized in the
1058  sfCICA model compared to the CICA model. In addition, we observed that integrating structural
1059  connectivity information in the sfCICA enhances the sensitivity to group differences. The results
1060  were consistent with those based on synthetic structural and functional imaging data, with different
1061 functional information and noise levels. In sum, our findings demonstrate the effectiveness of the
1062  proposed model in both synthetic and real data. The approach applies to the study of a wide range

1063  of areas including brain development, aging, healthy control, and mental disorders.
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