
Title:  Independent Multiple Factor Association Analysis for multiblock data in 1 

Imaging Genetics. 2 

Running title:  ICA-MFA for multiblock data in Imaging Genetics. 3 

 4 

Authors: Vilor-Tejedor* N(1-5); Ikram MA(6); Roshchupkin GV(7,8); Cáceres A(3-5); 5 

Alemany S(3-4); Vernooij MW(6,7); Niessen WJ(7-9); van Duijn CM(6); Sunyer J(3-5,10); 6 

Adams** HH(6,7); González** JR(3-5). 7 

** co-last authors 8 

 9 

(1) Center for Genomic Regulation (CRG), the Barcelona Institute of Science and Technology, 10 

Barcelona, Spain. 11 

(2) BarcelonaBeta Brain Research Center (BBRC) – Pasqual Maragall Foundation, Barcelona, 12 

Spain. 13 

(3) Barcelona Research Institute for Global Health (ISGlobal), Barcelona, Spain. 14 

(4) Universitat Pompeu Fabra (UPF), Barcelona, Spain.  15 

(5) CIBER Epidemiología y Salud Pública (CIBERESP), Barcelona, Spain.  16 

(6) Department of Epidemiology, Erasmus MC, Rotterdam, the Netherlands 17 

(7) Department of Radiology and Nuclear Medicine, Erasmus MC, Rotterdam, the Netherlands 18 

(8) Department of Medical Informatics, Erasmus MC, Rotterdam, the Netherlands 19 

(9) Faculty of Applied Sciences, Delft University of Technology, Delft, The Netherlands 20 

(10) IMIM (Hospital del Mar Medical Research Institute), Barcelona, Spain 21 

 22 

*Correspondence to:  23 

Natàlia Vilor-Tejedor, Center for Genomic Regulation (CRG).  C. Doctor Aiguader 88, 24 

Edif. PRBB 08003 Barcelona, Spain. E-mail: natalia.vilortejedor@crg.eu 25 

ORCID: 0000-0003- 4935-6721 26 

 27 

Declarations of interest: none 28 

 29 

 30 

mailto:natalia.vilortejedor@crg.eu


Abstract 31 

Introduction. Multivariate methods have the potential to better capture complex 32 

relationships that may exist between different biological levels. Multiple Factor 33 

Analysis (MFA) is one of the most popular methods to obtain factor scores and 34 

measures of discrepancy between data sets. However, singular value decomposition 35 

in MFA is based on PCA, which is adequate only if the data is normally distributed, 36 

linear or stationary. In addition, including strongly correlated variables can 37 

overemphasize the contribution of the estimated components. Methods. In this work, 38 

we introduced a novel method referred as Independent Multifactorial Analysis (ICA-39 

MFA) to derive relevant features from multiscale data. This method is an extended 40 

implementation of MFA, where the component value decomposition is based on 41 

Independent Component Analysis. In addition, ICA-MFA incorporates a predictive 42 

step based on an Independent Component Regression. Simulation study. We 43 

evaluated and compared the performance of ICA-MFA with both, the MFA method 44 

and traditional univariate analyses, in a simulation study. We showed how ICA-MFA 45 

explained up to 10-fold more variance than MFA and univariate methods. 46 

Application. We applied the proposed algorithm in a study of 4,057 individuals 47 

belonging to the population-based Rotterdam Study with available genetic and 48 

neuroimaging data, as well as information about executive cognitive functioning. 49 

Specifically, we used ICA-MFA to detect relevant genetic features related to 50 

structural brain regions, which in turn were involved, in the mechanisms of executive 51 

cognitive function. Results. The proposed strategy makes it possible to determine the 52 

degree to which the whole set of genetic and/or neuroimaging markers contribute to 53 

the variability of the symptomatology jointly, rather than individually. While 54 

univariate results and MFA combinations only explained a limited proportion of 55 

variance (less than 2%), our method increased the explained variance (10%) and 56 

allowed the identification of significant components that maximize the variance 57 

explained in the model. Conclusions. The potential application of the ICA-MFA 58 

algorithm constitutes an important aspect of integrating multivariate multiscale data, 59 

specifically in the field of Neurogenetics. 60 

 61 

Keywords:  data integration, ICA-MFA, Imaging Genetics, modelling, neurogenetics  62 



1. Introduction 63 

Current biomedical research increasingly combines high-throughput data. For 64 

instance, sequencing technologies produces omics data at different levels of cellular 65 

components. In addition, magnetic resonance imaging produces vast amounts of data 66 

(e.g. structural, functional and connectivity) with even more complex features and 67 

broader dimensions (Luo 2016). The analysis of this type of data presents different 68 

challenges, even more so if we consider the combined analysis of both sources, field 69 

referred as imaging genetics. 70 

A common strategy to investigate potential associations between neuroimaging 71 

features and genetic data is based on performing massive marginal linear models in 72 

which extensive pair-wise correlations are computed (Hoogman et al. 2014). 73 

However, this strategy has important limitations such as (i) the inability to exploit the 74 

multidimensionality of data and synergistic effects between variables and (ii) the 75 

requirement of a large number of subjects for well-powered inferences.  76 

Joint multivariate methods have the potential to better capture the complex 77 

relationships that may exist between different biological levels and significantly 78 

reduce the number of statistical tests, accounting for the multiple testing correction 79 

problems (Liu and Calhoun 2014). Multiblock methods are an alternative to address 80 

problems regarding marginal analyses (Kawaguchi et al. 2017).  81 

Multiple Factor Analysis (MFA) is one of the most popular methods for analyzing 82 

multiple sets of variables measured on the same observations (Husson et al. 2011). 83 

MFA aims to provide common factor scores and measures of discrepancy between 84 

blocks of variables (Abdi et al. 2013). However, singular value decomposition in 85 

MFA is based on PCA, which is adequate only if the data is normally distributed, 86 

linear or stationary. Also, including strongly correlated variables can overemphasize 87 

the contribution of the estimated principal components (Lever et al. 2017). To 88 

overcome these problems, we propose a novel method called Independent MFA. This 89 

method is an extended implementation of MFA, where the component value 90 

decomposition is based on Independent Component Analysis (ICA) that does not 91 

assume multivariate normality and linearity (Hyvärinen 2013).  92 

The main advantages of the proposed method are that (1) it is applicable if there is 93 

correlation between variables within structures, (2) it increases the variability 94 



explained by the data components and, (3) it performs a feature selection considering 95 

the correlation data structure of variables. 96 

This article is organized as follows. In section 2, we propose an extension of MFA, 97 

referred to as Independent Multiple Factor Analysis (ICA-MFA). ICA-MFA 98 

incorporates ICA as a generalization of PCA decomposition. ICA-MFA also 99 

incorporates a feature selection based on a meaningful independent component 100 

regression (ICR). In section 3, we explore the performance of the algorithm. We 101 

evaluate and compare the performance of ICA-MFA with both the MFA method and 102 

traditional univariate analyses in a simulation study. In section 4, we applied and 103 

compare ICA-MFA, MFA and univariate analysis in an imaging genetics study using 104 

data from the Rotterdam Study (Ikram et al., 2017). The main results of simulations 105 

and real data analyses are discussed in the final section of the paper. 106 

 107 

2. Method 108 

MFA is a multivariate version of Factorial Analysis (FA) and an extension of PCA 109 

used to integrate m different sets of variables (in a matrix format), X1,...,Xm on the same 110 

set of observations. MFA is mainly comprised of three steps:  111 

 First, a PCA of each data set is performed via single value decomposition 112 

(SVD). The SVD of a given 𝐼𝑥𝐽 rectangular data matrix X is its factorization into three 113 

matrices  114 

𝑋 = 𝑈ℾ𝑉𝑇 such that 𝑈𝑇𝑈 = 𝑉𝑇𝑉 = 𝐼, 115 

 116 

where U is a 𝐼𝑥𝐿 matrix of the normalized left singular vectors, V is a 𝐽𝑥𝐿 matrix of 117 

the normalized right singular vectors and ℾ is the 𝐿𝑥𝐿 diagnal matrix of the L singular 118 

values, L being the rank of the decomposed matrix X, and U and V being orthonormal 119 

matrices.    120 

 Second, data sets are normalized by dividing all the elements of each table Xi 121 

by the corresponding explained variance of the first singular vector, given by the 122 

inverse of the first squared singular value ℾ𝑖,(1,1).   123 

Finally, the normalized data sets are concatenated into a unique data set and a PCA is 124 

computed on the general data set to evaluate how much the whole set of variables 125 

contribute to the inertia extracted by a component.  126 



To address problems related with the single value decomposition in PCA 127 

(orthogonality assumption and multivariate normal distribution of the variables in 128 

each dataset), we present a statistical methodology based on an extension of MFA, 129 

referred as ICA-MFA. This approach is designed to evaluate potential relationships 130 

between sources of data based on ICA decomposition and ICR that is used to link 131 

MFA results with an outcome of interest. 132 

 133 

2. 1 Independent Component Analysis (ICA) 134 

ICA aims to find a linear representation of non-Gaussian vectors such that the 135 

estimated vectors are statistically independent (Comon 1994). ICA decomposition is 136 

similar to PCA model, but while the PCA identifies linear combinations of the original 137 

variables such that the covariance between the derived variables is zero, ICA identifies 138 

statistically independent variables. The PCA identifies linear combinations of the 139 

original variables such that the covariance between the derived variables is zero.  As 140 

independence implies null covariance and not vice versa, it is a stronger condition that 141 

can better reflect the intrinsic properties of mixed signals.   142 

The ICA decomposition of X is given by 143 

𝑋 = 𝐴𝑆, 144 

 where S and A are matrix of independent components and mixture matrix, 145 

respectively.  Independent component regression (ICR) is similar to Principal 146 

Component regression (PCR), with the  difference that ICR uses independent 147 

components S, and the coefficient matrix, A, obtained by ICA in the regression 148 

analysis instead of the principal components and matrix of scores obtained by PCA 149 

decomposition. Hence, since X can be described by its coefficient matrix, A, the 150 

multiple linear regression equation between A and the matrix of components, can be 151 

defined as in PCR (Bair et al. 2006). 152 

 153 

2. 2 Independent Multifactorial Analysis (ICA-MFA) 154 

We propose a multiblock framework to evaluate relationships between two 155 

rectangular data matrices collected on the same set of observations. Although the 156 

method is described considering two data sets (genetic data and imaging features), the 157 

procedure can be extended to K matrices.  158 



Consider an imaging genetics study where 𝑁𝑛,𝑘  and 𝐺𝑛,𝑝  denotes blocks of 159 

neuroimaging and genetic data, where n is the number of individuals, k is the number 160 

of neuroimaging-based features (i.e. brain volumes, …) and p denotes the number of 161 

genetic variants (i.e., SNPs, genetic scores, structural variants, …). The proposed 162 

algorithm comprises five steps (Figure 1):  163 

 Step 1. Computing ICA decomposition on each block of variables: An ICA 164 

decomposition of each block of variables is performed in order to search linear 165 

combinations of variables that optimize statistical independence. Let us assume c 166 

independent components𝛷1, … , 𝛷𝑐 . Therefore, by definition, the joint probability 167 

density function (pdf) is factorizable as the joint product of c terms. Then, we obtain 168 

a set of observation signals for each dataset respectively, 𝑥𝑁𝑗 ,  𝑥𝐺𝑧 , j = 1,…,k and z = 169 

1,…p, that are mixtures of the original variables. Then, we can model the mixing 170 

process decomposing into a linear mixture 𝑥1, … , 𝑥𝑐, of c independent components for 171 

each dataset, 172 

{
 𝑥𝑁 = 𝐴𝛷𝑁𝑐
𝑥G = 𝐵𝛷𝐺c

  173 

where 𝐴, 𝐵 are the associated mixing matrices. Notice that x vectors are understood as 174 

column vectors; thus the transpose of x (𝑥𝑇), is a row vector.  175 

Then, after estimating the matrices  𝐴, 𝐵, we can compute its inverse, 𝑊𝑁 , 𝑊𝐺  and 176 

obtain the independent components simply by:  177 

{
𝛷𝑁𝑐 = 𝑊𝑁 · 𝑥𝑁
𝛷𝐺𝑐 = 𝑊𝐺 · 𝑥𝐺

 178 

  179 

Step 2. Normalization of each data table: data sets are scaled by dividing all of its 180 

elements by the square root of the first independent component from those obtained 181 

in step 1, following the same strategy as in MFA.  182 

{
 

 𝑍𝑁 = 𝑁𝑛𝑥𝑘√�̂�𝑁1
−1

𝑍𝐺 = 𝐺𝑛𝑥𝑝√�̂�𝐺1
−1

 183 

       Step 3. Concatenation of data sets: The normalized datasets, 𝑍𝑁 and 𝑍𝐺  are 184 

concatenated into a complete dataset denoted by C.    185 



𝐶 = 𝑍𝑁 ∨ 𝑍𝐺  186 

 187 

 Step 4. Compute an ICA on the generalized dataset C: ICA decomposition is 188 

performed on the concatenated table C to extract a vector of independent imaging 189 

genetic components Φ, 190 

𝐶 = 𝛴 · 𝛷𝑖 191 

 192 

where 𝛴 is the associated mixing matrix with elements 𝜎𝑦𝑡. 193 

 194 

 Step 5. Feature Selection: Finally, an ICR through a hold-out validation is 195 

computed to determine relevant features related to our outcome of interest 196 

(dichotomous or quantitative trait), Y, and the total amount of variability explained for 197 

those features.  198 

𝑌𝑗 = 𝛽0 + ∑𝛽𝑗𝛷𝑖𝑗 + ɛ𝑖 199 

 200 

2.3. Selection of a priori Independent Components 201 

Given a set of candidate number of independent components, 𝑐 = {𝑐1, 𝑐2, … , 𝑐𝑙}, we 202 

compute l-times an ICA, specifying a different number of a priori components in each 203 

computation. For each pair of components, we calculate the log likelihood ratio 204 

representing the relative likelihood of a correlation between both independent 205 

components. The number of selected components is the value, which minimizes the 206 

mean log likelihood of components relatedness. 207 

 208 

3. Simulation Study 209 

 210 

3.1 Simulation Design 211 

We performed a simulation study to compare the variability explained by ICA-MFA, 212 

MFA, and univariate linear regression models for a quantitative trait. We use the 213 

PhenotypeSimulator package from GitHub 214 

(https://github.com/cran/PhenotypeSimulator). PhenotypeSimulator functions fit a 215 

linear model with the genotype as the explanatory variable and the phenotype as the 216 

response variable, including the effect of additional covariates and random noise.  217 

We simulated datasets with different sample sizes N, (N= 1000, 3000), a quantitative 218 

outcome Y mimicking disease score, 𝑛𝑆𝑁𝑃𝑠variables representing the genotypes of a 219 



set of Single Nucleotide Polymorphisms (SNPs) (𝑛𝑆𝑁𝑃𝑠=10, 100, 1000), a set of causal 220 

SNPs in each simulated set of genetic variants (𝑛𝑐𝑆𝑁𝑃𝑠 =10, 100, 1000), and n𝑏=15 221 

image variables representing different brain structures. Genetic effects were simulated 222 

as the matrix product of genotype matrix, 𝑁 × 𝑛𝑐𝑆𝑁𝑃𝑠, and effect size matrix 𝑛𝑆𝑁𝑃𝑠 ×223 

𝑛𝑏, assuming a Linkage Disequilibrium (LD) structure, an additive genetic model and 224 

allele frequencies of 5, 10, 30 and 40%. Allele frequencies were uniformly sampled 225 

and used to simulate individual genotypes by drawing values from a binomial 226 

distribution with 2 trials. Information was summarized using non-standardized allele 227 

codes (i.e; 0, 1, 2). Brain structure effects were simulated as quantitative variables 228 

following a multivariate normal distribution. From realistic data (McCarthy et al. 229 

2015; Table 2) we extracted the mean modulate values, µ𝑛𝑏, and standard deviations, 230 

𝜎n𝑏 , of 15 scanner-specific cortical thickness values for brain structures. Each source 231 

of data was scaled to explain a certain proportion of the entire outcome variance. We 232 

assumed that the proportion of variance explained by brain structure components was 233 

30%, the total genetic variance 40%, and the proportion of variance of fixed genetic 234 

effects 2.5%. Moreover, single SNP effects were assumed of 1% of the total 235 

phenotypic variance.   236 

In addition, to illustrate the general n<<p case (in our context N << 𝑛𝑆𝑁𝑃𝑠 ), we 237 

included scenarios with sample sizes N= 50, 100, 500, 𝑛𝑆𝑁𝑃𝑠=1000, and 𝑛𝑏=15. 238 

In total, we simulated 9 different scenarios assuming combinations of the considered 239 

parameters.  The information is summarized in Table 1. 240 

 241 

3.2 Simulation Evaluation Performance 242 

We compared the performance of each method by computing the variability of the 243 

outcome (Y). The variability of Y was calculated as the explained sums of squares 244 

(ESS) due to hold-out validation (caret R-package) through an independent 245 

component regression (ICR) for the ICA-MFA method. For the MFA method we used 246 

principal component regression (PCR), and for univariate models, we used a linear 247 

regression. The ESS is defined as the sum of the squares of the differences of the 248 

predicted values and the mean value of the response value:  249 

𝐸𝑆𝑆 =∑(𝑦�̂� − �̅�)
2

𝑖

 250 

We additionally compared the goodness of fit for the different models based on an 251 

analysis of deviance with the inclusion of the latent components. We compared each 252 



model with models that do not include any component through Akaike criteria 253 

information. Notice that lower numerical values of AIC statistic indicate a better fit 254 

of the model to the observed data (Akaike 1998). Moreover, we tested whether the 255 

extracted principal and independent components were significantly associated with Y. 256 

 257 

 3.3 Simulation Results  258 

Results of the simulation studies are summarized in Tables 2 and 3. We observed that 259 

in all scenarios, ICA-MFA outperforms both MFA and univariate regression 260 

approaches in terms of variability explained. Specifically, ICA-MFA provided an 261 

increase of ~10% of variance explained in all scenarios. We also observed that the 262 

magnitude of variability explained does not depend on the sample size or the number 263 

of imaging genetic covariates included in the models [Table 2].  264 

Moreover, ICA-MFA can handle scenarios where the number of features is smaller 265 

than the number of samples. Again, in these scenarios, ICA-MFA outperformed the 266 

MFA method and the univariate regression approach while maintaining the 267 

percentages of variability obtained for the previous scenarios [Table 3]. Moreover, in 268 

all scenarios, independent components obtained from ICA-MFA provides a better 269 

goodness of fit based on the Akaike information criterion (AIC), and a better 270 

performance of prediction compared with components obtained from MFA [Figure 2-271 

3].  272 

For reproducibility purposes, the data sets and scripts supporting the results of these 273 

simulation studies can be found at https://github.com/natvt8/ICA-MFA. 274 

 275 

4. Application to Real Dataset: Executive cognitive function 276 

We applied  ICA-MFA and MFA methods on a subset of imaging genetics data from 277 

the Rotterdam Study (Ikram et al. 2017).  278 

 279 

4.1 Study Population 280 

The Rotterdam study is a prospective population-based cohort study comprising of 281 

14,926 middle aged and elderly individuals, investigating the determinants and 282 

consequences of age-related diseases in older adults. Genotyping was performed on 283 

11,496 individuals and 5,691 unique participants underwent brain magnetic resonance 284 

imaging (MRI).  285 

https://github.com/natvt8/IMFA-ICR


From the total of 14,926 participants in the Rotterdam Study, genotypic, 286 

neuroimaging data and executive function were available for 4,057 individuals (mean 287 

age 64.7). [Figure S1]. The Rotterdam study has been approved by the medical ethics 288 

committee according to the Population Study Act Rotterdam Study, executed by the 289 

Ministry of Health, Welfare and Sports of the Netherlands. A written informed 290 

consent was obtained from all participants. 291 

 292 

4.2 Executive cognitive function 293 

Executive cognitive function was assessed with the Letter-Digit Substitution test 294 

(LDST: Jolles et al. 2017). The LDST asks the participants to make as many letter-295 

digit combinations as possible in 60 seconds, following an example that shows the 296 

correct combinations. Normative LDST have been well established for adults (van der 297 

Elst et al. 2006). In the Rotterdam Study all LDST were administered by trained 298 

investigators in quiet rooms. The test took no longer than 30 minutes to complete and 299 

a stopwatch was used for the control of time (Hoogendam et al. 2014). LDST were 300 

assessed from 1997-1999 and consecutive follow-up examinations every 3 to 4 years 301 

have been conducted until now. For analytical purposes, in this study, we selected 302 

those executive function measurements closest to the brain MRI performed in the 303 

study participants. 304 

 305 

4.3 Image acquisition, processing and selection. 306 

Magnetic Resonance Imaging (MRI) scanning was done on a 1.5-T MRI scanner 307 

(Signa Excite II; General Electric Healthcare, Milwaukee, WI, USA). The MRI 308 

protocol included a high-resolution axial T1-weighted 3-dimensional fast radio 309 

frequency spoiled gradient recalled acquisition in steady state with an inversion 310 

recovery prepulse (FASTSPGR-IR) sequence (repetition time [TR] = 13.8 ms, echo 311 

time [TE] = 2.8 ms, inversion time [TI] = 400 ms, field of view [FOV] = 25 cm2, 312 

matrix = 416 × 256, flip angle = 20°, number of excitations [NEX] = 1, bandwidth 313 

[BW] = 12.50 kHz, 96 slices with slice thickness 1.6 mm 0-padded to 0.8 mm). All 314 

slices were contiguous. According to the Rotterdam Study standard acquisition 315 

protocol images were resampled to 512 x 152 x 192 voxels (voxel size: 0.5 x 0.5 x 0.8 316 

mm3). The T1-weighted MRI scans were processed using a model-based automated 317 

procedure of Freesurfer image analysis suite (http://surfer.nmr.mgh.harvard.edu/) 318 

(Fischl et al. 2004) to obtain segmentations and volumetric summaries of subcortical 319 



structures and thickness of the cerebral cortex. This procedure automatically assigns 320 

a neuroanatomical label to each voxel in an MRI volume based on probabilistic 321 

information obtained from a manually labeled training set. This yielded intracranial 322 

volume (ICV) and gray and white matter volumes for cerebellum and cerebrum. 323 

Further details of the MRI protocol can be found in (Ikram et al. (2015). For the 324 

purpose of this study, we included all subcortical structures pre-processed using 325 

Freesurfer, excluding those labels that correspond to non-brain regions. In addition to 326 

the subcortical volumes of each hemisphere (right/left), we have included the total 327 

volume of the structure (being the sum of the volume of the region in each 328 

hemisphere). The study included 39 subcortical structures [Table S1]. 329 

 330 

4.4 Genotyping acquisition and genetic variant selection 331 

The Rotterdam Study consist on three subcohorts, which were genotyped with the 332 

550K (cohort 1), 550K duo (cohort 2) and 610K (cohort 3) Illumina arrays. Samples 333 

with a call rate below 97.5%, gender mismatch, excess autosomal heterozygosity 334 

(>0.336), duplicates or family relations and ethnic outliers were excluded. Genetic 335 

variants were filtered by Hardy-Weinberg equilibrium (P<10−6), allele frequency 336 

(excluding minor allele frequency (MAF < 0.001)) and SNP call rate with a minimum 337 

of 98%. Genotypes were imputed using MACH/minimac software to the 1000 338 

Genomes phase I version 3 reference panel (all populations). Among the variants 339 

imputed, a total of 9 loci recently associated with Attention-Deficit/Hyperactivity 340 

Disorder (ADHD) in an independent meta-analysis from Demontis et al. (2017), at a 341 

genome-wide threshold of significance (P< 10−8)  were pre-selected [Table S2]. 342 

Moreover, we constructed a genetic risk score (GRS) by multiplying the number of 343 

risk alleles by their reported odds ratio (after natural logarithm transformation) for the 344 

disease, and summing this weighted allele score of each variant up into a disease risk 345 

score for ADHD.  346 

 347 

4.5 Results.  348 

4.5.1 Variability explained by each component 349 

ICA-MFA identified three independent components (Φ) that pass significance criteria 350 

Φ1  (P=2.22E-94); Φ2 (P=9.03E-08); Φ3 (P=2.71E-88), explaining approximately 351 



18% of the global variance of executive function, while the first three principal 352 

components (PCs) from MFA were only able to detect 1% [Table 6]. Specifically, we 353 

show how the increment in the variability explained for executive function varies by 354 

only 1% when going from incorporating a main component to three main components 355 

in the MFA procedure. For ICA-MFA, the amount of variability explained is around 356 

9% considering one IC, increases to 10% when considering two components, and 357 

reaches 18% when including all three components. It seems then that the first and 358 

third components would be the most representative in the quantification of the total 359 

variability of executive function. 360 

4.5.2 Contribution of variables to each dimension 361 

Figures from S2 to S4 show those variables contributing the most to the definition of 362 

the three dimensions of ICA-MFA. Variables that contribute the most to the first 363 

dimension are lateral ventricle volumes, cerebellar cortex, cerebellum, white matter, 364 

and hippocampus volumes. Variables that contribute to the second dimension are 365 

white matter and gray matter volumes, and also cerebellar cortex. Finally, variables 366 

that contribute to the third dimension are gray matter, cerebellar cortex, lateral 367 

ventricles and corpus callosum volumes. For this third dimension we additionally 368 

appreciate the contribution of three genetic components, rs1427829 369 

(DUSP6/POC1B), rs4858241 (Intergenic) and rs9677504 (SPAG16). Moreover, none 370 

of the dimensions of ICA-MFA are characterized by the influence of the genetic risk 371 

score. 372 

 373 

5. Discussion 374 

The aim in the field of imaging genetics is to find relations between genetic data and 375 

imaging phenotypes using large datasets; these relations often have a  small effect size 376 

(Abi-Dargham and Horga 2016; Medland et al. 2014). In order to increase statistical 377 

power, new methods and technologies for data reduction are being considered. We 378 

developed a new method, referred to as ICA-MFA, which better explains variability 379 

in multifactorial analyses than conventional methods. Our method incorporates 380 

independent component decomposition instead of the more common principal 381 

component analysis. Decomposing the data into its most important sources of 382 

variation holds the potential to discover unanticipated sources of signals with 383 



biological meaning, and generate new hypotheses. The proposed multifactorial 384 

method derives an integrated picture of the observations and the relationships between 385 

the groups of variables. This strategy takes into account the structure of the genetic 386 

data and imaging markers, reduces the computational burden posed by large amounts 387 

of data, and handles the case in which the number of features is smaller than the 388 

number of samples (not common in other IG strategies). Furthermore, most variants 389 

identified confer relatively small risk increments, and the amount of variability that is 390 

explained by these genetic components, expected for traits showing a polygenic 391 

architecture, is relatively small (Manolio et al. 2009). By taking advantage of the 392 

independent component decomposition, the proposed method outperforms 393 

multifactorial analysis and univariate regressions in a simulation study. Moreover, in 394 

a real life proof of principle study, the explained variability accounted for by our 395 

proposed method is higher, demonstrating the potential of the algorithm. 396 

We explored the performance of the proposed algorithm on a subset of imaging 397 

genetics data from the population-based Rotterdam Study, in which we explored 398 

genetics and imaging features in relation to executive cognitive function in an adult 399 

population sample. Instead of independently performing univariate regressions, or 400 

applying MFA, we integrated the multimodal feature datasets applying independent 401 

component decomposition. The proposed strategy makes it possible to determine the 402 

degree to which the whole set of genetic and/or neuroimaging markers contribute to 403 

the variability of the symptomatology jointly, rather than individually. While 404 

univariate results and multimodal MFA combinations only explained a limited 405 

proportion of variability (less than 2%), the proposed ICA-MFA increased the 406 

explained variability (9%) and allowed the identification of significant independent 407 

components that maximize the variability explained. Though meant primarily as a 408 

proof of principle example, from a biological perspective, the results obtained in this 409 

real data sample provide new views of research on the characterization of the 410 

cognitive processes that underlie more complex symptoms such as ADHD (Curatolo 411 

et al. 2010; Purper-Ouakil et al. 2011). Moreover, results obtained could suggest an 412 

approximation of the joint affectation of genetic profiles and changes at the level of 413 

brain structure on executive cognitive function (Mueller and Tomblin 2012; Willcutt 414 

et al. 2005). 415 

The potential application of the ICA-MFA algorithm on imaging genetics studies 416 

constitutes an important aspect of integrating imaging genetics data, especially in 417 



relation to neurodevelopment domains due to the small number of studies and 418 

inconsistency of the results (Durston 2010; Vilor-Tejedor et al. 2016).  419 

In addition, notice that the presented method, like most common multivariate methods 420 

used in imaging genetic studies, is based on PCA-based dimensionality reduction 421 

techniques (Pearson 1901), which are often a good strategy to deal with high-422 

dimensional data (Liu and Calhoun 2014; Sui et al. 2012; Vilor-Tejedor et al. 2018). 423 

In these methods, data are replaced by a summary that still captures as much 424 

information as possible from the original data. The information is captured in principal 425 

components that summarize the data. The amount of information explained may vary 426 

through the principal components. The main differences among these methods are the 427 

assumptions held and the dimension of the data space. PCA relies on the assumption 428 

that the obtained components (PCs) are linear combinations of the original variables, 429 

independent, and continuous (multidimensional normality). The PCs are, in addition, 430 

orthogonal to each other, which allows effectively explaining variation of original 431 

variables and may have a much lower dimensionality. However, while PCA deals with 432 

only one data space, X (where it identifies directions of high variance), canonical 433 

correlation analysis (CCA, Härdle and Simar 2007) proposes a way for dimensionality 434 

reduction by taking into account relations between samples coming from two spaces, 435 

X and Y. The assumption is that the observations from these two spaces contain some 436 

joint information that is reflected in correlations between them. Directions showing 437 

high correlations are thus assumed to be relevant. PCA and CCA are also closely 438 

related to partial least squares regression (PLS, Rosipal and Krämer 2005) because 439 

both methods aim to define a linear relationship between a dependent variable/set of 440 

variables, Y, and predictor variables, X. Hence, the goal is to determine which aspects 441 

of a set of observations (e.g., imaging data) are related directly to another set of data 442 

(e.g., genetic data, phenotypic data). PLS maximizes the covariance between latent 443 

variables of the two modalities, while CCA maximizes the correlation between them. 444 

Hence, PLS is a way to model multivariate responses and multiple features. Following 445 

this strategy, the reduced-rank regression (sRRR, Chen & Huang, 2012) method takes 446 

a more general formation based on a multivariate linear regression from X to Y. It 447 

reduces the rank of the project matrix, which facilitates an efficient search of multiple 448 

markers that are highly predictive of multiple phenotypes. However, notice that the 449 

core computations of PLS, CCA and RRR all involve single value decomposition so 450 

that the latent variables or projection vectors within one modality (genetic or imaging) 451 



are orthogonal to each other. In contrast, ICA emphasizes that latent variables 452 

(components) are maximally independent from each other, which can be optimized 453 

through many forms of statistical measures, including minimization of mutual 454 

information and maximization of non-Gaussianity. One extension of ICA methods 455 

applied to imaging genetics is parallel ICA, which simultaneously maximizes both the 456 

independence of components and the correlations between projection vectors of the 457 

two modalities (Liu et al. 2008b). Following this strategy, our proposed method, ICA-458 

MFA, allows accounting for the independence of components and for the relations 459 

between projection vectors of n spaces. Moreover, ICA-MFA allows integrating both 460 

numerical and categorical groups of variables and including supplementary groups of 461 

the data that need to be added to the analysis (e.g., integration of multi-omics data). 462 

However, when data are scarce as compared to the dimensionality of the problem, it 463 

is important to regularize the problem to avoid overfitting. This is provided, for 464 

instance, in the regularized CCA (RCCA, Cruz-Cano and Lee 2014) algorithm, and it 465 

is a possible potential extension to our methodological proposal. Hence, further 466 

research may greatly benefit from the development of multivariate approaches which 467 

represent a potential form to increase the statistical power to detect significant causal 468 

factors in multiblock data analysis (Meyer-Lindenberg 2012). 469 

 470 

Information Sharing Statement  471 

The latest version of our algorithm ICA-MFA can be accessed over GitHub: 472 

github.com/natvt8/ICA-MFA. Scripts for the simulation study are as well maintained 473 

on GitHub: github.com/natvt8/ICA-MFA. Moreover, the used dataset in this paper 474 

came from the Rotterdam Study project. 475 
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Table S1. Characteristics of the MRI subsample. Means, SD, Median, and ranges values are shown for continuous variables.  
Legend: ICV = Total Intracranial volume; TBV = Total Brain volume; BPF = Brain Parenchymal. Segmentation GM, 
WM performed with Free Surfer 5.3 image analysis suite.

Sample N=4057

Age in years, mean (SD), range 64.7(10.7), 45.0-97.0

Sex distribution (F/M)(%) 2236/1821 (55.1%)

Variable Mean(SD) Min Median Max

ICV, mm3 1480310(161558) 926412 1476554 2075800

GM, mm3 597495(58118) 396242 595222 802581

WM, mm3 436338(64199) 216510 435200 684253

TBV, mm3 1033834(117791) 640449 1030498 1440285

BPF, % 0.7 ( 0.05) 0,51 0,7 0,92

CSF, mm3 1259(354) 504 1192 3895

Ventricles, mm3
Lateral 26016(16100) 2900 21516 146082

Third 1533(641) 459 1389 4822

Fourth 1994(569) 454 1906 7865

Hippocampus, mm3
Total 7739(1060) 2191 7826 11537

Right 3877(577) 411 3928 5734

Left 3862(615) 627 3928 6687

Nucleus Accumbens, mm3
Total 1054(173) 264 1045 1829

Right 492(94) 87 486 906

Left 561(97) 177 555 1168

Amygdala, mm3
Total 2718(389) 1045 2713 4448

Right 1402(216) 113 1399 2394

Left 1317(212) 304 1315 2255

Caudate Nucleus, mm3
Total 6889(1080) 3454 6742 14248

Right 3502(562) 1620 3437 7613

Left 3387(541) 1834 3315 7155

Globus Pallidus, mm3
Total 2904(468) 1508 2879 6318

Right 1423(255) 481 1406 3382

Left 1481(238) 499 1475 2936

Putamen, mm3
Total 9112(1257) 3965 9019 17397

Right 4474(643) 1663 4438 8426

Left 4638(653) 1929 4592 9035

Thalamus, mm3
Total 12578(1566) 7178 12454 26764

Right 6294(796) 3310 6239 11937

Left 6285(794) 3592 6231 14827

Cerebellum WM, mm3
Total 23737(3497) 6398 23505 44160

Right 11870(1794) 2947 11751 21065

Left 11868(1802) 3451 11753 26288

Cerebellum Cortex, mm3
Total 99295(10930) 34039 99099 143580

Right 50251(5680) 17330 50126 72111

Left 49044(5459) 16709 48943 72696

Corpus callosum, mm3 2639(539) 478 2664 4601

Corpus callosum Mid, mm3 1056(266) 131 1045 2199

Ventral DC, mm3 7701(877) 4904 7650 11744

Segmentation GM, WM performed with Free Surfer 5.3 image analysis suite
Legend: ICV = Total Intracranial volume; TBV = Total Brain volume; 
BPF = Brain Parenchymal Fraction; GM = Gray Matter; WM = White Matter



Table S2. Characteristics of SNPs associated with ADHD identified in the GWAS meta-analysis from Demontis et al., 2017.  

Legend: SNP = Single Nucleotide Polymorphisms; BP = base position; A1 = major allele; A2 = minor allele; MAF = Minor allele frequency.

SNP CHR position Allele 1 Allele 2 MAF Gene

rs9677504 2 215181889 G A 0,09345891 SPAG16

rs4858241 3 20669071 T G 0,3855309 Intergenic

rs4916723 5 87854395 A C 0,4357276 LINC00461, MIR9-2, LINC02060

rs74760947 8 34352610 A G 0,04077504 LINC01288

rs11591402 10 106747354 T A 0,2212792 SORCS3

rs1427829 12 89760744 A G 0,4357276 DUSP6, POC1B

rs281324 15 47754018 C T 0,4742289 SEMA6D

rs212178 16 72578131 A G 0,1033947 LINC01572
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Fig S1. Flow chart depicting the final sample size of the real application. Solid lines and boxes 

represent individuals remaining in the study. Dashed lines and boxes represent individuals 

excluded. Reason and number of individuals excluded is indicated in dashed boxes.   

Fig S2. Quantitative features of the study ordered by degree of contribution with the first 

dimension of ICA-MFA. 

Fig S3. Quantitative features of the study ordered by degree of contribution with the second 

dimension of ICA-MFA 

Fig S4. Quantitative features of the study ordered by degree of contribution with the third 

dimension of ICA-MFA
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Table S1. Characteristics of the MRI subsample. Means, SD, Median, and ranges values are shown for continuous 

variables.  Legend: ICV = Total Intracranial volume; TBV = Total Brain volume; BPF = Brain Parenchymal. 

Segmentation GM, WM performed with Free Surfer 5.3 image analysis suite. 

Sample   N=4057 
   

Age in years, mean (SD), range 

 
64.7(10.7), 45.0-97.0 

   
Sex distribution (F/M)(%) 

 
2236/1821 (55.1%) 

   
Executive Function  30.5(6.6), 3.0-54.0    

Variable   Mean(SD) Min Median Max 

ICV, mm3 

 
1480310(161558) 926412 1476554 2075800 

GM, mm3 

 
597495(58118) 396242 595222 802581 

WM, mm3 

 
436338(64199) 216510 435200 684253 

TBV, mm3 

 
1033834(117791) 640449 1030498 1440285 

BPF, % 

 
0.7 ( 0.05) 0.51 0.7 0.92 

CSF, mm3 

 
1259(354) 504 1192 3895 

Ventricles, mm3 

     

 

Lateral 26016(16100) 2900 21516 146082 

 

Third 1533(641) 459 1389 4822 

 

Fourth 1994(569) 454 1906 7865 

Hippocampus, mm3 

     

 

Total 7739(1060) 2191 7826 11537 

 

Right 3877(577) 411 3928 5734 

 

Left 3862(615) 627 3928 6687 

Nucleus Accumbens, mm3 

     

 

Total 1054(173) 264 1045 1829 

 

Right 492(94) 87 486 906 

 

Left 561(97) 177 555 1168 

Amygdala, mm3 

     

 

Total 2718(389) 1045 2713 4448 

 

Right 1402(216) 113 1399 2394 

 

Left 1317(212) 304 1315 2255 

Caudate Nucleus, mm3 

     

 

Total 6889(1080) 3454 6742 14248 

 

Right 3502(562) 1620 3437 7613 

 

Left 3387(541) 1834 3315 7155 

Globus Pallidus, mm3 

     

 

Total 2904(468) 1508 2879 6318 

 

Right 1423(255) 481 1406 3382 

 

Left 1481(238) 499 1475 2936 

Putamen, mm3 

     

 

Total 9112(1257) 3965 9019 17397 

 

Right 4474(643) 1663 4438 8426 

 

Left 4638(653) 1929 4592 9035 

Thalamus, mm3 

     

 

Total 12578(1566) 7178 12454 26764 

 

Right 6294(796) 3310 6239 11937 

 

Left 6285(794) 3592 6231 14827 

Cerebellum WM, mm3 

     

 

Total 23737(3497) 6398 23505 44160 

 

Right 11870(1794) 2947 11751 21065 

 

Left 11868(1802) 3451 11753 26288 

Cerebellum Cortex, mm3 

     

 

Total 99295(10930) 34039 99099 143580 

 

Right 50251(5680) 17330 50126 72111 

 

Left 49044(5459) 16709 48943 72696 

      Corpus callosum, mm3 

 
2639(539) 478 2664 4601 

Corpus callosum Mid, mm3 

 

1056(266) 131 1045 2199 

Ventral DC, mm3   7701(877) 4904 7650 11744 
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Table S2. Characteristics of SNPs associated with ADHD identified in the GWAS meta-analysis from Demontis et 

al., 2017.  Legend: SNP = Single Nucleotide Polymorphisms; BP = base position; A1 = major allele; A2 = minor 

allele; MAF = Minor allele frequency. 

 

SNP CHR BP A1 A2 MAF Gene 

rs9677504 2 215181889 G A 0.093 SPAG16 

rs4858241 3 20669071 T G 0.386 Intergenic 

rs4916723 5 87854395 A C 0.436 LINC00461, MIR9-2, LINC02060 

rs74760947 8 34352610 A G 0.041 LINC01288 

rs11591402 10 106747354 T A 0.221 SORCS3 

rs1427829 12 89760744 A G 0.436 DUSP6, POC1B 

rs281324 15 47754018 C T 0.474 SEMA6D 

rs212178 16 72578131 A G 0.103 LINC01572 
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 Fig S1. Flow chart depicting the final sample size for each outcome analyzed. Solid lines and boxes 

represent individuals remaining in the study. Dashed lines and boxes represent individuals excluded. Reason and 

number of individuals excluded is indicated in dashed boxes.   
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Figure S2. Quantitative features of the study ordered by degree of contribution with the first dimension of 

Multifactorial Analysis (ICA-MFA) 
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Figure S3. Quantitative features of the study ordered by degree of contribution with the second dimension of 

Multifactorial Analysis (ICA-MFA) 
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Figure S4. Quantitative features of the study ordered by degree of contribution with the third dimension of 

Multifactorial Analysis (ICA-MFA). 
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