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 47 
Abstract 48 
Fluid reasoning is considered central to general intelligence. How its psychometric structure relates 49 
to brain function remains poorly understood. For instance, what is the dynamic composition of 50 
ability-specific processes underlying fluid reasoning? We investigated whether distinct fluid 51 
reasoning abilities could be differentiated by electroencephalography (EEG) microstate profiles. 52 
EEG microstates specifically capture rapidly altering activity of distributed cortical networks with a 53 
high temporal resolution as scalp potential topographies that dynamically vary over time in an 54 
organized manner. EEG was recorded simultaneously with functional magnetic resonance imaging 55 
(fMRI) in twenty healthy adult participants during cognitively distinct fluid reasoning tasks: 56 
induction, spatial relationships and visualization. Microstate parameters successfully discriminated 57 
between fluid reasoning and visuomotor control tasks as well as between the fluid reasoning tasks. 58 
Mainly, microstate B coverage was significantly higher during spatial relationships and 59 
visualization, compared to induction, while microstate C coverage was significantly decreased 60 
during spatial relationships and visualization, compared to induction. Additionally, microstate D 61 
coverage was highest during spatial relationships and microstate A coverage was most strongly 62 
reduced during the same condition. Consistently, multivariate analysis with a leave-one-out cross-63 
validation procedure accurately classified the fluid reasoning tasks based on the coverage 64 
parameter. These EEG data and their correlation with fMRI data suggest that especially the tasks 65 
most strongly relying on visuospatial processing modulated visual and default mode network 66 
activity. We propose that EEG microstates can provide valuable information about neural activity 67 
patterns with a dynamic and complex temporal structure during fluid reasoning, suggesting 68 
cognitive ability-specific interplays between multiple brain networks. 69 
 70 
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1. Introduction 98 
 99 
The understanding of intelligence and brain function underlying its cognitive processes is of 100 
particular interest in psychology and neuroscience. General intelligence (g) is a key psychometric 101 
construct that quantifies the positive correlation among widely diverse cognitive tasks. Fluid 102 
reasoning is considered a central cognitive ability for g and is represented by the fluid intelligence 103 
factor Gf (Carroll, 1993; Cattell, 1963; Deary et al., 2010; Jensen, 1980; Jensen, 1998; Spearman, 104 
1927). Fluid reasoning refers to logical and abstract thinking, understanding relationships between 105 
stimuli, and solving problems in novel situations (Cattell, 1987). Emphasizing its socio-economic 106 
relevance, individual performance on fluid reasoning tasks predict a large variety of cognitive, 107 
developmental, aging, educational and health effects (Alexander et al., 1997; Batty et al., 2007; 108 
Calvin et al., 2017; Calvin et al., 2011; Deary et al., 2005; Gottfredson, 1997; Gray & Thompson, 109 
2004; Hunt, 2011; Matsuda & Saito, 1998; Whalley et al., 2004; Buckley et al., 2018).  110 
 111 
A vast amount of neuroimaging studies focused on intelligence, and several also specifically on 112 
fluid reasoning, to explain general cognitive performance (Barbey et al., 2012; Basten, 2015; 113 
Colom, Jung, & Haier, 2006; Deary et al., 2010; Duncan, 2010; Duncan et al., 1995; Duncan et al., 114 
2000; Glascher et al., 2010; Gray et al., 2003; Jung & Haier, 2007; Lee et al., 2006; Perfetti et al., 115 
2009; Prabhakaran et al., 1997; Roca et al., 2010; Santarnecchi et al., 2015; Song et al., 2008; 116 
Woolgar et al., 2010). However, it remains unclear how the psychometric structure of intelligence 117 
relates to brain function, especially how cognitive tasks draw on a combination of both common 118 
and unique abilities (Colom, Burgaleta, et al., 2013; Colom & Quiroga, 2009; Glascher et al., 2009; 119 
Roman et al., 2014). This is relevant, since psychometric evidence suggests that, although g can 120 
account for a large proportion (50% or more) of the variance in individual cognitive abilities, 121 
specific cognitive abilities show a considerable amount (20 to 50%) of unique variance (Deary et 122 
al., 2010). Moreover, the effect of using different tasks to measure fluid reasoning, each requiring 123 
particular cognitive abilities, remains poorly understood (Burgess et al., 2011; Gazzaley et al., 124 
2005). Studies still need to characterize the dynamic composition of ability-specific and common 125 
processes to understand the neuro-functional mechanisms of fluid reasoning.  126 
 127 
The influential, empirically-based psychometric framework proposed by Carroll (1993) provides 128 
useful insight into the relationship between task-common and task-specific cognitive functions by 129 
showing that cognitive abilities are organized according to a stratified structure. A discrete number 130 
of specific cognitive abilities (“narrow” factors) located on the lowest stratum have high loadings 131 
on Gf on the second stratum, but also some uniqueness. Gf in turn loads on the general factor g 132 
located on the first stratum.  133 
 134 
fMRI findings started to clarify this framework by showing that specific cognitive abilities with 135 
high loadings on Gf recruit partially unique brain circuits (Ebisch et al., 2012) and that task-136 
common regions interact in a context-dependent way with task-specific brain regions during distinct 137 
Gf tasks (Ebisch et al., 2013). This is consistent with neuroimaging findings suggesting that abstract 138 
reasoning abilities essentially rely on an integrative functioning of multiple task-common and task-139 
specific brain networks including lower levels of perceptual processing (Barbey et al., 2014; 140 
Burgaleta et al., 2014; Cole et al., 2015; Colom et al., 2006; Deary et al., 2010; Duncan, 2010; Gray 141 
et al., 2003; Roca et al., 2010; Roman et al., 2014; Santarnecchi & Pascual-Leone, 2017; Woolgar 142 
et al., 2010; Brumback et al., 2004; Buschman et al., 2011; Melnick et al., 2013; Narr et al., 2007; 143 
Soulieres et al., 2009).  144 
 145 
Although functional magnetic resonance imaging (fMRI) is efficient in capturing neural activity 146 
with high spatial precision, its low temporal resolution is a drawback. Fluid reasoning abilities as 147 
usually assessed by common psychometric tests are relatively complex (e.g., Raven Progressive 148 
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Matrices). Different cognitive processes could be recruited during early and late processing stages 149 
of fluid reasoning tasks, while the temporal structure of such processes is not always known (Hayes, 150 
2015).  151 
 152 
The dynamic variation of electrical neuronal activity likely contains relevant complementary 153 
information. Electroencephalography (EEG) is suitable to capture the macroscopic temporal 154 
dynamics of brain electrical activity with a very high temporal resolution (~1 ms), allowing to track 155 
the cerebral dynamics with the temporal detail of the neuronal processes. Post-synaptic excitatory 156 
and inhibitory potentials are the main sources of the EEG signals (Lopes da Silva & van Rotterdam, 157 
2012). EEG oscillations reflect rhythmic fluctuations of these excitation and inhibition potentials in 158 
neuronal ensembles (Lopes da Silva, 1991).  159 
 160 
By multichannel EEG, it is possible to detect periods in which the electric potential topographic 161 
configuration on the scalp is stable (Britz et al., 2010; Michel & Koenig, 2017). This phenomenon 162 
allows to describe neuronal activity by a limited number of rapidly transitioning scalp potential 163 
topographies, or “maps”, that remain stable for a brief period of time (60-120 ms) (Michel & 164 
Koenig, 2017). Such epochs of topographic stability have been referred to as “microstates” 165 
(Lehmann, 1987; Lehmann & Koenig, 1997; Pascual-Marqui et al., 1995). In other words, 166 
microstates capture altering activity of distributed cortical networks as global patterns of scalp 167 
potential topographies that dynamically vary over time in an organized manner (Lehmann & 168 
Koenig, 1997; Lehmann & Michel, 2011). 169 
 170 
Initial studies converged on the existence of four microstates across subjects (Britz et al., 2010; 171 
Brodbeck et al., 2012; Koenig et al., 1999), although it also has been recommended to determine the 172 
appropriate number for each dataset based on the explained variance. The four microstates 173 
exhibited highly similar topographies across studies and were labelled as class A, B, C, and D 174 
(Koenig et al., 1999; Michel & Koenig, 2017). Microstate map A exhibits a left-right orientation, 175 
map B exhibits a right-left orientation, map C exhibits an anterior-posterior orientation, and map D 176 
exhibits a fronto-central maximum. Although several studies identified more maps, these four maps 177 
seem to consistently dominate the data across different age ranges, conditions, and pathological 178 
states (Khanna et al., 2015; Koenig et al., 1999).  179 
 180 
No complete consensus exists on the cerebral sources of the four microstates, yet. One study found 181 
a high degree of overlap for the four microstates, particularly in the anterior and posterior cingulate 182 
cortices and the left and right occipital/parietal areas (Pascual-Marqui et al., 2014). Another study 183 
showed that common areas of the four microstates corresponded to main structural and functional 184 
brain hubs, including anterior and posterior cingulate cortices, precuneus, superior frontal cortex, 185 
supramarginal gyrus, dorsal superior prefrontal cortex, and insula (Custo et al., 2017). 186 
 187 
Integration of EEG with fMRI data provided further insight into the sources of the microstates. 188 
Some data suggest that microstate A reflects auditory network activity, microstate B visual network 189 
activity, microstate C control network activity and microstate D dorsal attention network activity 190 
(Britz et al., 2010). However, other results suggest that microstate C rather reflects activity in the 191 
default mode network (Michel & Koenig, 2017; Seitzman et al., 2017) and microstate D is 192 
associated with reflexive aspects of attention, focus switching, and reorientation, processes 193 
occurring more frequently during rest than during single-goal-directed tasks (Milz et al., 2016). 194 
 195 
Only very little evidence is available regarding the relation between microstates and fluid 196 
reasoning. A recent study (Santarnecchi et al., 2017) showed that scores on certain fluid reasoning 197 
tests (Raven Advances Progressive Matrices, RAPM, Raven, 2003; Sandia logical matrices, Matzen 198 
et al., 2010) inversely co-varied with microstate C, whereas fluid reasoning scores based on other 199 
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fluid reasoning tests (BOMAT, Hossiep et al., 1999; Sandia relational matrices, Matzen et al., 2010) 200 
was associated with microstate B. The latter possibly reflects the involvement of abilities related to 201 
visual search, feature selection and visuospatial attention. Given that Santarnecchi and colleagues 202 
(2017) measured microstates during a resting state without a particular cognitive task, and only few 203 
studies addressed microstate modulation during task performance (Milz et al., 2016; Seitzman et al., 204 
2017) or otherwise related to task performance (Muthukrishnan et al., 2016), it remains an open 205 
issue how microstates are involved in actual fluid reasoning. Moreover, a relevant question is 206 
whether EEG microstates distinguish between psychometric subcomponents of fluid reasoning. 207 
 208 
The present study aims at investigating whether and how distinct fluid reasoning subcomponents 209 
(“narrow” factors) could be typified by task-specific microstate profiles. For this purpose, EEG 210 
recordings were performed simultaneously with fMRI scanning (see Ebisch et al., 2013; Ebisch et 211 
al., 2012) during fluid reasoning tasks: induction, visualization and spatial relationships (Carroll, 212 
1993). The fluid reasoning tasks were psychometrically validated warranting that they significantly 213 
loaded on Gf and were characterized by unidimensionality, though represented psychometrically 214 
distinguishable cognitive factors. The fluid reasoning tasks were accurately matched regarding 215 
difficulty and stimuli characteristics. EEG analyses comprised the comparison of the coverage, 216 
duration and occurrence parameters of the different microstates between the fluid reasoning tasks as 217 
well as the application of a multivariate approach to classify the distinct tasks based on the 218 
microstate parameters. 219 
 220 
We hypothesized an increase of microstate B properties during the conditions Visualization and 221 
Spatial Relationships, given the stronger emphasis on visuospatial processing in these tasks, 222 
compared to the Induction task. Microstate C involvement was expected to be decreased during all 223 
the fluid reasoning conditions, compared to a visuomotor control task, reflecting a general 224 
suppression of the default mode network during cognitively demanding tasks. Finally, microstate D 225 
metrics could be enhanced by all the fluid reasoning conditions, compared to the visuomotor control 226 
condition, associated with stronger demands on visuospatial orienting with respect to the visual 227 
fluid reasoning stimuli, but it could be especially recruited during the Spatial Relationships task due 228 
to increased demands on visuospatial processing. Differential microstate profiles for the distinct 229 
tasks were further expected to be confirmed by above chance classification of the tasks using a 230 
multivariate approach. Regarding the relationship with fMRI data, we hypothesized that 231 
involvement of microstate B positively correlated with neural activity in visual cortices, microstate 232 
C negatively correlated with common activity in default mode network, and microstate D positively 233 
correlated with common activity in the dorsal attention network. 234 
 235 
 236 

2. Material and methods 237 
 238 
2.1 Participants 239 
 240 
Twenty university students (age range: 20–24), all healthy, female and right-handed (Edinburgh 241 
Handedness Inventory score > 0.85), participated in the present EEG-fMRI study according to the 242 
procedures described in Ebisch et al. (2012) as the studies concern the same participants. Two 243 
participants from the original study (N = 22; Ebisch et al., 2012) were excluded, because of 244 
technical problems with the EEG data acquisition. All participants provided their written informed 245 
consent after full explanation of the study's procedure, in line with the Declaration of Helsinki. The 246 
experimental protocol was approved by the local institutional ethics committee.  247 
 248 
2.2 Calibration study of the fluid reasoning test 249 
 250 
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The fluid reasoning tasks administered during EEG-fMRI acquisition were extracted from the initial 251 
item bank produced for the construction of the Fluid Intelligence Test (FIT) created by R.R. and 252 
A.S. (Romanelli & Saggino, 2014). The FIT items used for the present study consisted of a bank of 253 
220 items, randomly assigned to two parallel forms (FIT1 and FIT2). According to Carroll's 254 
framework (Carroll, 1993), four subtests were included in the FIT: Induction (IN), Visualization 255 
(VZ), Spatial Relationships (SR) and Quantitative Reasoning. IN is defined by the ability to inspect 256 
a class of stimuli and then to infer/induce/deduce a common characteristic underlying these 257 
materials; VZ involves manipulating or transforming the image of spatial patterns into other visual 258 
arrangements; SR is based on the ability to perceive spatial patterns or to maintain orientation with 259 
respect to objects in space. Because of the very different nature of the stimuli, the Quantitative 260 
Reasoning factor (the ability to reason deductively or inductively based on mathematical properties 261 
and relations) was not included in the EEG-fMRI study. 262 
 263 
The FIT was validated by a calibration study showing a proper internal consistency and a good 264 
construct validity. FIT items had a mean difficulty level, good discrimination and an acceptable 265 
level of guessing. Unidimensionality and local independence assumptions were met for both forms. 266 
Local independence implicates that all items are correlated with one another, because they measure 267 
the same latent trait. If we keep the latent trait constant, all items will be independent as their 268 
relationship is only determined by that specific latent trait. Internal consistency reliabilities for the 269 
FIT total scores were high:  FIT-1 had a KR-20 coefficient of 0.95, while FIT-2 a KR-20 coefficient 270 
of 0.94. Regarding the subtests, KR-20 coefficients of the FIT-1 were 0.89 for IN, 0.85 for VZ and 271 
0.82 for SR. KR-20 coefficients of the FIT-2 were 0.78 for IN, 0.82 for VZ and 0.81 for SR. A more 272 
detailed description of the calibration study and its results is provided in the supplementary material 273 
and in Ebisch et al. (2012). 274 
 275 
The two parallel forms of the FIT (total scores) correlated significantly with RAPM total score (rFIT-276 
1;APM = 0.55; rFIT-2;APM = 0.72) in a subgroup of 300 participants. The lower correlation between 277 
FIT-1 and RAPM could be attributed to a low correlation of the quantitative reasoning subtest 278 
(included in the FIT, but not in the present study) with RAPM (r = 0.23). Indeed, the individual FIT 279 
subtests included in the present EEG-fMRI study correlated significantly and consistently with 280 
RAPM scores (rIN-1;APM = 0.50; rIN-2;APM = 0.60; rVZ-1;APM = 0.50; rVZ-2;APM = 0.58; RRS-1;APM = 0.53; 281 
rRS-2;APM = 0.57), thus, further showing that all the subtests are relevant for fluid reasoning and Gf. 282 
The subtests were also highly inter-correlated. Within FIT-1, the following correlations could be 283 
observed: rin-vz = 0.67, rin-sr = 0.70, and rvz-sr = 0.61. Within FIT-2, the following correlations could 284 
be observed: rin-vz = 0.61, rin-sr = 0.66, and rvz-sr = 0.60.  285 
 286 
2.3 Stimuli 287 
 288 
Seventy-five visual items were extracted from the FIT item bank for the fMRI-EEG study; 25 items 289 
from each subtest reflected a specific first-order Gf factor: Induction, Visualization, and Spatial 290 
Relationships. These factors were characterized by identical visual characteristics and type of task. 291 
The experimental conditions constituted by items selected across the different factors were matched 292 
for difficulty according to Item Response Theory (IRT) (Bock, 1997; Embreston, 2000) parameters 293 
obtained by the calibration study (see Table 1). In the present EEG-fMRI study, IN included 10 294 
items from FIT-1 and 15 items from FIT-2, VZ included 14 items from FIT-1 and 11 from FIT-2, 295 
and SR included 13 items from FIT-1 and 12 items from FIT-2. A Chi-Square test showed that 296 
items from FIT-1 and FIT-2 were equally distributed over the conditions; p = 0.50). 297 
 298 
All test items of IN, VZ and SR consisted of black and white line drawings. Every item in the test 299 
has four response alternatives indicated by a letter (a, b, c and d), among which participants have to 300 
choose the correct answer. The problem of each Gf item consists in finding the response alternative 301 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

 6

that represents the most suitable answer to the problem. Questions preceding each problem were 302 
visually presented on the screen like, for example, “Which figure completes the series?” or “Which 303 
is the missing figure?”.  304 
 305 
For the fMRI-EEG experiment, 25 visual Control items (CC) were added to control for the visual 306 
aspects, oculomotor activity and motor response, without including a reasoning ingredient. The 307 
control items consisted of modified line drawings based on those in the IN, VZ and SR conditions. 308 
At an unpredictable moment (average: 14 s; range: 7–28 s), a letter (A, B, C and D) appeared in a 309 
random place in the drawing. The instruction preceding each control item was “Study the figure and 310 
indicate, by means of a button press, which letter appears in the drawing”.  311 
 312 
2.4 Procedure 313 
 314 
A computerized fluid reasoning test was developed including the items as described above. Item 315 
order during the experiment was randomized. Each test item was preceded by a question mark 316 
(1000 ms) and a specific question/instruction (2000 ms). Trial duration was self-paced, depending 317 
on the time required by the participant to find the correct answer (maximum = 40 s). Participants 318 
had two buttons in their left hand (middle and index finger) and two buttons in their right hand 319 
(index and middle finger) representing from left to right the letters a–d. Participants were asked to 320 
press a button to indicate the correct answer to each test item. After the button press, the test item 321 
disappeared from the screen to proceed with the intertrial interval. In case the participant failed to 322 
press a button within 40 s, the item disappeared automatically to proceed with the intertrial interval. 323 
 324 
The intertrial interval consisted of a grey screen and a fixation cross that gradually appeared in the 325 
center of the screen over a period of 5000 ms. The onset of the fixation cross varied between 1000 326 
and 5000 ms and the cross got either brighter or darker, compared to the background colour. 327 
Participants were required to indicate whether the cross became darker or brighter by means of a 328 
button press with their left or right index finger, respectively. This basic task was added to the 329 
intertrial interval for interrupting the reasoning processes related to the preceding test items, 330 
because a pilot study revealed that participants tend to continue reasoning about the preceding test 331 
item during the intertrial interval. The next test item followed the intertrial interval automatically 332 
after a fixed period of 15 s. The entire experiment consisted of 6 separated fMRI-EEG runs, with 2 333 
runs for each fluid reasoning condition and 12 or 13 fluid reasoning items/run. Control items were 334 
randomly inserted in these runs. The total (effective) duration of the fMRI experiment was 55 min 335 
on average with a minimum of 45.5 min and a maximum of 67.5 min. Prior to the fMRI session, a 336 
practice session was performed outside the scanner to train the participants on the task. The time 337 
line of the experimental procedure and the visual stimuli are visualized in Ebisch et al. (2012). 338 
 339 
2.5 EEG-fMRI data acquisition 340 
 341 
During a single session measurement, EEG was recorded simultaneously with fMRI at 3T using 342 
MR compatible devices.  343 
 344 
EEG data were recorded by Brain Vision Recorder (Brain Products, GmhB, Germany) using a 64-345 
channel MR compatible EEG system with an MR compatible amplifier and a synchronisation box 346 
(Brain Products, GmhB, Germany). The EEG cap (BrainCap MR, EasyCap GmbH, Germany) 347 
consisted of 62 scalp electrodes, ring-type sintered nonmagnetic Ag/AgCl electrodes, distributed 348 
according to the 10–10 system and two additional channels dedicated for recording the 349 
electrocardiogram and the electro-oculogram. The reference electrode was predefined in the cap and 350 
positioned in correspondence of the FCz electrode. The ground electrode was predefined and placed 351 
at Iz. Impedances at all recording electrodes were kept below 10 kΩ by means of an electrode paste. 352 
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The resolution and dynamic range of the EEG acquisition system were 100 nV and ± 3.2 mV, 353 
respectively. Data were sampled at 5000 Hz, with a band-pass filter of 0.016-250 Hz. The Sync Box 354 
device (Brain Products, GmhB, Germany) was used to synchronize the hardware clock of the EEG 355 
with the MRI scanner’s gradient switching system. 356 
 357 
Functional MRI data were recorded using a 3 T Philips Achieva scanner at the Institute of 358 
Advanced Biomedical Technologies (ITAB), Chieti, Italy. An initial T1-weighted anatomical (3D 359 
MPRAGE pulse sequence; 1 mm isotropic voxels) and T2*-weighted functional data were collected 360 
with an eight channel phased array head coil. EPI data (gradient echo pulse sequence) were 361 
acquired from 31 slices (3.5×2.875×2.875 mm3 resolution, TR=1950 ms, TE=62 ms, SENSE 362 
factor=2, flip angle=80°, field of view=230 mm). Slices were oriented parallel to the AC–PC axis 363 
of the observer's brain. 364 
 365 
2.6 EEG data pre-processing 366 
 367 
The EEG data were pre-processed using Brain Vision Analyzer (Brain Products, Munich, 368 
Germany). Gradient artefact correction was performed by means of the method proposed by Allen 369 
et al. (2000) and incorporated integrated in Brain Vision Analyzer v.2.0. Data were down-sampled 370 
to 500 Hz and exported in matlab format and processed by using a self-developed software 371 
implemented in MATLAB (Mathworks, Sherborn, MA). They were digitally filtered in the band 372 
0.5–50 Hz using a Chebyshev II-type filter with 40 dB attenuation and zero-phase distortion. After 373 
visually checking them for the elimination of movement artefacts and noisy channels from the 374 
whole data set, by setting a threshold of 100 microvolt for all subjects, a procedure based on 375 
Independent Component Analysis (Comon, 1994; Hyvärinen, 2001; James, 2004) was used for the 376 
rejection of the ballistocardiographic artefact, ocular movement and the residual imaging artefact 377 
from the filtered EEG recordings (Mantini et al., 2007; Vanderperren et al., 2010). 378 
 379 
2.7 EEG Microstates data analysis 380 
 381 
Only trials with a successful response were utilized for the microstate analysis. We used a modified 382 
version of the k-means clustering algorithm (Pascual-Marqui et al., 1995). A Butterworth filter of 383 
2nd order was firstly used to forward and back filter the 62 EEG signals between 1 and 30 Hz and 384 
data were down-sampled to a sampling rate of 125 Hz. For each subject and for each condition (CC, 385 
IN, SR, VZ), the inter-trial intervals were removed and the remaining concatenated data were 386 
divided in epochs of 2 second duration. The Global Field Power (GFP) was calculated for each time 387 
frame in the resulting concatenated EEG time series (Figure 1). Specifically, the GFP is the 388 
standard deviation of the EEG signal across electrodes and represents a global measure of the EEG 389 
strength. For each 2-second window, only the EEG data corresponding to the maxima of GFP were 390 
then submitted to a clustering algorithm. Indeed, these peaks correspond to periods of highest 391 
topographic stability, when the probability to observe a transition is more likely (Murray, Brunet, & 392 
Michel, 2008). For each subject and for each condition, the k-means algorithm was repeated 393 
varying the number of clusters (k) from 1 to 12. The optimal number of k was chosen by estimating, 394 
for each repetition, the Krzanowski-Lai (KL) criterion and by choosing the number of clusters 395 
corresponding to the second KL maximum value (Murray et al., 2008). With this criterion, the 396 
optimal number of microstates was found to be equal to 4. 397 
 398 
From the above procedure, four maps for each subject and for each condition were obtained (Figure 399 
1). To individuate a correspondence of individual microstates topographies across subjects and to 400 
calculate the mean microstate maps for each condition, the following iterative procedure was 401 
applied (Koenig et al., 1999). Separately for each condition (CC, IN, SR, VZ), a number of 4 initial 402 
maps were randomly chosen as template set. The maps of each subject were spatially correlated 403 
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with the template maps and assigned to one map of the template on the basis of the best spatial 404 
correlation values. A new template set was then obtained by averaging all the maps assigned to the 405 
same template. With the new template, the procedure of spatial correlation and map assignment was 406 
repeated, and a new template set obtained. The iteration spatial correlation/assignment/average and 407 
new template was repeated until the best fit was found and the new assignment did not change 408 
anymore. The maps resulting from this procedure (four maps for each condition) were paired 409 
between the 4 conditions (CC, IN, SR, VZ) by ensuring the minimal maps dissimilarity and were 410 
labelled as A, B, C, D in accordance to the topographies previously found in literature (see Koenig 411 
et al., 1999, for a complete description). In this way, a total of sixteen maps (four maps, labelled A, 412 
B, C, and D for each of the four conditions CC, IN, SR, VZ) were obtained. The four global maps 413 
representing all the four conditions were computed by averaging the corresponding maps across 414 
conditions.  415 
 416 
To compute microstates metrics, the obtained global maps were fitted backward to the original data 417 
calculating the spatial correlation between each template and the topography at each time instant 418 
corresponding to the maximum value of GFP. Such a procedure allows to represent the EEG time 419 
course in terms of sequence of microstates and to extrapolate variables of interest.  420 
 421 
For each subject, for each microstate class and for each condition, the following metrics were 422 
calculated (Brunet et al., 2011; Lehmann, 1987): 423 

1) mean microstate duration (ms): the average duration or lifespan of each microstate 424 
calculated as the average length of time that a given microstate remains stable whenever it appears 425 
(Lehmann & Koenig, 1997). As such, the microstate duration index can be interpreted as reflecting 426 
the stability of its underlying neural assemblies. 427 

2) mean microstate occurrence (N): the frequency of occurrence of each microstate 428 
calculated as the average number of times per second that the microstate becomes dominant during 429 
the recording period (Lehmann & Koenig, 1997). Microstate occurrence could reflect the tendency 430 
of its underlying neural generators to become activated. 431 

3) mean microstate coverage (%): the coverage of a microstate calculated as the fraction of 432 
total recording time (covered analysis time) that the microstate is dominant (Lehmann, 1987).  433 
 434 
Mean Global Explained Variance (GEV) was also obtained for all the microstate classes, as the sum 435 
of the explained variances weighted by the global field power at each moment in time. The metrics 436 
were separately computed for each condition (CC, IN, SR, VZ). Both microstate coverage and GEV 437 
reflect the relative time coverage of its underlying neural generators compared to others. 438 
 439 
2.8 Microstate Statistical Analysis 440 
 441 
Prior to statistical analysis, delta scores were calculated for each microstate metric (coverage, 442 
duration and occurrence) in the experimental conditions by subtracting microstate scores of the 443 
control condition, CC, from the scores of the IN, RS and VZ tasks.  444 
 445 
Firstly, to test whether microstate parameters (coverage, duration and occurrence) during the fluid 446 
reasoning tasks were significantly different from the control condition, one-sample t-tests were 447 
performed on the delta scores (p < 0.05 after Bonferroni correction).  448 
 449 
Secondly, to assess differences across different experimental conditions, repeated measure analyses 450 
of variance (ANOVAs) were separately performed for each microstate metric delta score. A 4 X 3 451 
design was applied, with Microstate Class (A, B, C, D) and Conditions (IN, SR, VZ) as within-452 
subject factors. Greenhouse-Geisser correction has been applied if the sphericity assumption was 453 
not valid. When an interaction Microstate Class * Conditions was found, reduced models were 454 
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separately applied for each microstate class, with fluid reasoning conditions as within-subject 455 
factor. Post-hoc paired samples t-tests were carried out to assess significant differences of delta 456 
microstate class metric among conditions. Post-hoc comparisons were Bonferroni corrected.  457 
 458 
2.9 Multivariate Analysis 459 
 460 
In addition to canonical microstates analysis, a multivariate approach was separately applied to each 461 
metric (duration, occurrence, coverage) to classify the conditions IN, RS and VZ. A support vector 462 
machine (SVM) classifier at single trial level was used with a leave-one-out cross-validation 463 
scheme (Cawley and Talbot, 2004). SVM is a supervised learning algorithm that can be employed 464 
for binary linear classification. Since in our case three different conditions need to be classified, a 465 
one versus all approach was performed (Rifkin and Klautau, 2004). In general, a SVM model is a 466 
representation of points in the features space (in our case, microstates metrics for each trial and for 467 
each subject) mapped so that different classes are divided by a gap that is as wide as possible 468 
(Cortes and Vapnik, 1995).   469 
 470 
At each cross-validation step, the classifier was trained with all the single trials of 19 subjects and 471 
tested with all the single trials of the excluded subject. SVM analysis was computed in MatLab with 472 
the following setting: Auto-scale, 1; Box-constraint, 1; Kernel function, Linear; Method Sequential 473 
Minimum Optimization. The total number of trials for classification analysis was 650 for IN, 724 474 
for RS and 564 for VZ. As an indicator of the classification performance, the global accuracy (ratio 475 
between true positive and number of total tested samples) was calculated and to obtain a confusion 476 
matrix. This matrix shows on the rows the number of predicted classes and on the columns the 477 
number of true cases. 478 
 479 
2.10 fMRI Statistical Analysis 480 
 481 
A boxcar waveform representing the stimuli (predictors: question mark, question, test items 482 
according to the experimental conditions with a successful response, test items with an unsuccessful 483 
response, button press; see also Ebisch et al., 2012) was convolved with the default Boynton 484 
hemodynamic response function to account for the hemodynamic delay. The intertrial interval was 485 
not modelled and was used as a baseline. Prior to statistical analysis calculation, a percent signal 486 
change normalization of the fMRI time series was performed. This scaling normalizes a voxel time 487 
course by transforming the mean signal to a value of 100 and letting fluctuate the individual values 488 
around that mean as percent signal deviations. Normalized fMRI responses allow to indicate 489 
differences across conditions regardless of the variability in the fMRI signal across subjects, 490 
scanning sessions, and voxels. The parameters (beta-values) estimated in individual-subject GLM 491 
analyses were entered in a second-level voxel-wise random effect group analysis in order to search 492 
for voxel clusters showing consistent effects (differences in BOLD response between the 493 
experimental conditions) for the whole group of participants. To account for spatial variability 494 
among participants, spatial smoothing with a Gaussian kernel of 6 mm full width half-maximum 495 
was applied to the functional images. To identify voxel clusters in which brain activity significantly 496 
(p < 0.01 corrected) correlated with microstate parameters, whole-brain voxel-wise covariance 497 
analyses were performed.  498 
 499 
Each fluid reasoning condition was contrasted separately with the control condition, while using 500 
microstate parameters (average differential value: fluid reasoning task minus control condition) as a 501 
covariate. The focus was specifically on microstate coverage, given that this parameter specifically 502 
distinguished between the fluid reasoning tasks (see results, paragraphs 3.3 – 3.6). The p-value of 503 
the statistical maps (p < 0.001) and an estimate of the spatial correlation of voxels were used as 504 
input in a Monte Carlo simulation to access the overall significance level and to determine a cluster 505 
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size threshold in order to obtain the significance level of p < 0.01 corrected for multiple 506 
comparisons (Cox et al., 1996; Forman et al., 1995). This procedure computes a cluster-507 
size threshold taking into account the probability of detecting false positive (noise-only) clusters 508 
for a given voxel-wise p-value threshold by simulating noise-only random volumes (1000 509 
simulations), thresholding and clustering them, and counting statistics of how often data survives 510 
these processes at various threshold combinations (per-voxel and cluster-size).  511 
 512 
  513 

3. Results 514 
 515 
3.1 Behavioral analysis 516 
 517 
Differences between the fluid reasoning conditions with respect to reaction times (of correct 518 
responses) and errors (percentage trials with incorrect responses) were tested by means of ANOVAs 519 
with condition (IN, SR, VZ) as within-subject factor. No significant main effect was detected for 520 
reaction times (F2,38= 1.643, p= 0.21), implying that the conditions were comparable for reaction 521 
time. A significant main effect was found for errors (F2,38= 3.432, p= 0.04), but post-hoc paired 522 
sample t-tests failed to detect significant differences between the conditions (all p> 0.07 after 523 
Bonferroni correction).  524 
 525 
3.2 EEG results: microstate identification 526 
 527 
According to the KL criterion, the optimal number of templates was found to be equal to 4 for each 528 
condition (CC, IN, SR, VZ). The global explained variance by the four microstates was 75 ± 2.2 % 529 
for the control condition, 74 ± 2 % for the Induction condition, 76 ± 1.8 % for the Spatial 530 
Relationships condition and 75 ± 1.7% for the Visualization condition. Explained variance was not 531 
different across conditions (p > 0.200). The four topographic maps of the microstates (labelled as A, 532 
B, C and D, according to literature) are visualized in Figure 2a. 533 
 534 
3.3 EEG results: microstate coverage during the fluid reasoning conditions 535 
 536 
One-sample t-tests on the delta coverage scores (see red dots in Figure 2b) showed that, compared 537 
to CC: microstate A was significantly decreased during SR (p < 0.02 after Bonferroni correction); 538 
microstate B was significantly increased during SR and VZ (p < 0.005 after Bonferroni correction); 539 
microstate C was significantly decreased during SR (p < 0.005 after Bonferroni correction); 540 
microstate D was significantly increased during SR (p < 0.005 after Bonferroni correction).  541 
 542 
Repeated measures ANOVA with the microstate delta coverage scores of the fluid reasoning 543 
conditions (factor with three levels: IN, SR and VZ) and the microstates (factor with four levels: A, 544 
B, C, D) as within-subject variables showed a significant main effect of microstate (F3,114 = 545 
321.999; p = 0.019) as well as a significant microstate * condition interaction effect (F6,114 = 546 
48.814; p = 0.007), but no significant main effect of condition (F2,114 = 63.439; p = 0.070). No 547 
significant covariance effect was detected for errors (p> 0.4) or for reaction times (p> 0.1).  548 
 549 
Reduced models applied on the separate microstates based on repeated measures ANOVA with the 550 
microstate delta scores of the 3 conditions (IN, SR and VZ) as within-subject variables yielded 551 
significant main effects for microstate A (F2,38 = 6.466, p = 0.005), microstate B (F2,38 = 11.463, p = 552 
0.001), microstate C (F2,38 = 16.106, p = 0.001), and microstate D (F2,38 = 21.107, p = 0.001). Thus, 553 
coverage of all microstates differentiated between the fluid reasoning conditions. 554 
 555 
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To further test for specific differences in microstate delta scores between the Gf conditions, post-556 
hoc paired-sample t-tests were performed (Figure 2b). Concerning microstate A, a significant 557 
difference was found between SR and VZ (p < 0.02 after Bonferroni correction), but not between 558 
VZ and IN or between SR and VZ (p > 0.5 and p > 0.06, respectively). This suggested a stronger 559 
reduction of microstate A coverage during the SR condition. 560 
 561 
Microstate B was significantly higher during both SR and VZ, compared to IN (p < 0.005 after 562 
Bonferroni correction), whereas no difference was found between SR and VZ (p > 0.5), indicating a 563 
higher coverage of microstate B during the SR and VZ conditions. 564 
 565 
Microstate C coverage delta score was significantly lower during SR and VZ, compared to IN (p < 566 
001 and p < 0.03 after Bonferroni correction, respectively), but not different between SR and VZ (p 567 
> 0.07). This implied stronger reduction in microstate C coverage during SR and VZ. 568 
 569 
Finally, SR showed a stronger coverage delta score for microstate D than both VZ (p < 0.001 after 570 
Bonferroni correction) and IN (p < 0.001 after Bonferroni correction), whereas IN and VZ did not 571 
differ (p > 0.4). Microstate D coverage was specifically increased during the SR condition. 572 
 573 
Mean delta coverage scores and 95% confidence intervals (CIs) for the different microstates and 574 
conditions are provided in Supplementary Table 3. 575 
 576 
3.4 EEG results: microstates duration during the fluid reasoning conditions 577 
 578 
One sample t-tests on the delta duration scores (see Figure 2c) showed that duration of all 579 
microstates (A, B, C, D) was reduced during all the fluid reasoning conditions (IN, SR, VZ), 580 
compared to CC (all p < 0.001 after Bonferroni correction; see red dots in Figure 2c).  581 
 582 
Repeated measures ANOVA with the microstate duration delta scores of the fluid reasoning 583 
conditions (factor with three levels: IN, SR and VZ) and the microstates (factor with four levels: A, 584 
B, C, D) as within-subject variables showed a significant main effect of microstate (F3,114 = 585 
321.999; p = 0.019) as well as a significant microstate * condition interaction effect (F6,114 = 586 
48.814; p = 0.007), but no significant main effect of condition (F2,114 = 63.439; p = 0.07). No 587 
significant covariance effect was detected for errors (p> 0.4) or for reaction times (p> 0.1). 588 
 589 
Reduced models applied on the separate microstates based on repeated measures ANOVA yielded a 590 
significant main effect of fluid intelligence condition for microstate A (F2,38 = 6.899, p = 0.004), 591 
microstate B (F2,38 = 3.433, p = 0.048), microstate C (F2,38 = 6.752, p = 0.006), but not for 592 
microstate D (F2,38 = 0.798, p = 0.4). This suggested that duration of microstates A, B and C 593 
differentiated between the fluid intelligence conditions. 594 
 595 
To further test for specific differences in microstate delta scores between the Gf conditions, post-596 
hoc paired-sample t-tests were performed. Concerning microstate A, a significant difference was 597 
found between SR and VZ (p < 0.05 after Bonferroni correction), but not between VZ and IN or 598 
between SR and VZ (p > 0.3 and p > 0.01, respectively). This suggested a stronger reduction of 599 
microstate A duration during the SR condition. 600 
 601 
Microstate B was significantly lower during IN, compared to VZ (p < 0.05 after Bonferroni 602 
correction), whereas no difference was found between SR and VZ or between IN and SR (both p > 603 
0.5), indicating a stronger reduction of microstate B during the IN condition. 604 
 605 
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Finally, microstate C was significantly lower during SR, compared to IN (p < 001 after Bonferroni 606 
correction), but not different between SR and VZ or between VZ and IN (p > 0.01 and p > 0.5, 607 
respectively). This implied a stronger reduction in microstate C duration during SR. 608 
 609 
Mean delta duration scores and 95% CIs for the different microstates and conditions are provided in 610 
Supplementary Table 4. 611 
 612 
3.5 EEG results: microstates occurrence during the Gf conditions 613 
 614 
One sample t-tests on the delta occurrence scores showed that occurrence of all microstates (A, B, 615 
C, D) was not different during the fluid intelligence conditions (IN, SR, VZ), compared to CC (all p 616 
> 0.2) in all cases, except for microstate B during IN (p < 0.005 after Bonferroni correction). The 617 
latter indicated a reduction in microstate B during IN, compared to CC. 618 
 619 
Repeated measures ANOVA with the microstate occurrence delta scores of the Gf conditions 620 
(factor with three levels: IN, SR and VZ) and the microstates (factor with four levels: A, B, C, D) as 621 
within-subject variables showed a significant main effect of microstate (F3,114 = 9.424; p < 0.001), 622 
but neither a significant effect of condition (F2,114 = 1.860; p = 0.18) nor a significant microstate * 623 
condition interaction effect (F6,114 =1.437; p = 0.229). 624 
 625 
Mean delta occurrence scores and 95% CIs for the different microstates and conditions are provided 626 
in Supplementary Table 5. 627 
 628 
3.6 EEG results: multivariate classification analysis 629 
 630 
The coverage metric resulted in a good overall classification accuracy of 72.45 % in distinguishing 631 
fluid reasoning conditions (IN, SR, VZ). The confusion matrix, reported in Figure 3, shows the 632 
classification performances for each fluid reasoning condition with a specific accuracy of 69.2% for 633 
IN, 71.8% for RS, and 77.0% for VZ. By contrast, global accuracy of the classification was below 634 
35% for the duration and occurrence metrics. 635 
 636 
3.7 Correlations between microstates and fMRI data 637 
 638 
Given that microstate coverage most clearly distinguished between the fluid reasoning tasks (see 639 
results, paragraphs 3.3 – 3.5) and was the only parameter that classified the fluid reasoning tasks 640 
above chance using a multivariate approach (see results, paragraph 3.6), the coverage parameter 641 
was specifically used to be correlated with the fMRI data. 642 
  643 
Coverage delta score of microstate A positively covaried with fMRI beta-values (SR – CC) during 644 
SR performance in medial posterior parietal cortex (BA 7; x = 0, y = -66, z = 56; 378 voxels), left 645 
pre-supplementary motor area (BA 6; x = -3, y = 13, z = 48; 297 voxels) and left superior frontal 646 
cortex (BA 8; x = -9, y = 28, z = 51; 378 voxels) (r > 0.68, p < 0.01 corrected, k > 8; see Figure 4). 647 
 648 
Coverage delta score of microstate B covaried with fMRI beta-values (SR – CC or VZ – CC), 649 
negatively during SR performance in right hippocampus (BA 36; x = 21, y = -11, z = -19; 513 650 
voxels) and left hippocampus (BA 36; x = -21, y = -11, z = -19; 378 voxels) (r > -0.68, p < 0.01 651 
corrected, k > 8) and positively during VZ performance in medial (BA 18; x = 1, y = -61, z = 14; 652 
243 voxels) and right inferior occipital cortex (BA 19; x = 30, y = -79, z = -11; 297 voxels) (r > 653 
0.68, p < 0.01 corrected, k > 8; see Figure 4). 654 
 655 
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Coverage delta score of microstate C covaried with fMRI beta-values (SR – CC or VZ – CC), 656 
positively during SR performance in left hippocampus (BA 36; x = 21, y = -11, z = -19; 297 voxels) 657 
(r > 0.68, p < 0.01 corrected, k > 8) and negatively during VZ in right superior frontal cortex (BA 6; 658 
x = 9, y = 19, z = 55; 270 voxels) (r > -0.68, p < 0.01 corrected, k > 8; see Figure 4).  659 
 660 
Coverage delta score of microstate D did not covary with fMRI beta-values (SR – CC) during SR 661 
performance. 662 
 663 
Finally, average coverage delta score of microstate C (average IN/SR/VZ - CC) negatively covaried 664 
with average fMRI beta-values for the fluid intelligence tasks (average IN/SR/VZ - CC) in right 665 
medial superior frontal cortex (x = 8, y = 18, z = 55; 891 voxels) (BA 6; r > -0.68, p < 0.01 666 
corrected, k > 8; see Figure 5). 667 
 668 
 669 

4. Discussion 670 
 671 
The present study aimed at investigating whether psychometrically distinct, but unidimensional, 672 
fluid reasoning processes, including induction, spatial relationships and visualization, could be 673 
differentiated by EEG microstate profiles. The results showed that microstate coverage as well as 674 
microstate duration were successful parameters in discriminating the fluid reasoning tasks (IN, SR, 675 
VZ) from a visuo-motor control task (CC). The coverage parameter showed the most variable 676 
pattern across the various fluid reasoning abilities and discriminated them most clearly. 677 
Specifically, we found the highest coverage of microstate B during both SR and VZ. By contrast, 678 
microstate C coverage was lowest during both SR and VZ. Moreover, coverage of microstate A was 679 
highest during SR, whereas coverage of microstate D was lowest during SR. Confirming the 680 
discriminative properties of the coverage parameter, multivariate classification analyses showed 681 
that only microstate coverage, but not the duration or occurrence parameters, was able to classify 682 
the different fluid reasoning tasks above chance. 683 
 684 
4.1 Microstate coverage 685 
 686 
Since coverage is calculated as the percentage of total recording time that the microstate is 687 
dominant during a certain condition (Lehmann, 1987; Lehmann & Koenig, 1997), it reflects the 688 
time coverage of a given microstate, compared to others, that is, it indicates the relative rather than 689 
absolute presence of a microstate. As a consequence, coverage differences between the fluid reason 690 
conditions could be interpreted to some degree as variations in the interdependency of microstates. 691 
This would be in line with the suggestion that individual microstate classes cannot be completely 692 
reduced to specific functions, but that they need to be viewed also in the context of their interplay to 693 
understand how they support specific cognitive processes (Milz et al., 2016). Supporting the view 694 
that global microstate features characterize different cognitive processes, multivariate classification 695 
analyses that examined the microstates together accurately classified the cognitively distinct fluid 696 
reasoning conditions. A different interplay between the microstates could be particularly relevant to 697 
characterize complex cognitive processes, like fluid reasoning abilities, that essentially rely on an 698 
integrative functioning of multiple brain networks (e.g. (Barbey et al., 2014; Burgaleta et al., 2014; 699 
Cole et al., 2015; Colom et al., 2006; Deary et al., 2010; Duncan, 2010; Ebisch et al., 2013; Gray et 700 
al., 2003; Roca et al., 2010; Roman et al., 2014; Santarnecchi & Pascual-Leone, 2017; Woolgar et 701 
al., 2010). 702 
 703 
The results favour the interpretation that different fluid reasoning components can be distinguished 704 
by the coverage of certain microstate classes at the cost of other classes. Both SR and VZ showed 705 
the strongest modulations of coverage of microstates B and C, but the effects were opposite: 706 
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whereas microstate B coverage was enhanced, microstate C coverage was reduced during both SR 707 
and VZ. Furthermore, microstate D was increased and microstate A was decreased specifically 708 
during SR. Interestingly, SR and VZ have in common that they both emphasize visuospatial aspects 709 
of fluid reasoning. As also suggested by previous fMRI findings (Ebisch et al., 2013; Ebisch et al., 710 
2012), SR and VZ put higher demands on visuospatial neural processes, compared to a stronger 711 
emphasis on abstract reasoning by IN. Because visual input was similar during all the conditions, it 712 
likely is the type of cognitive process, and not the physical stimulus property, that differentiates.  713 
 714 
No consensus has been reached about the neural sources and functions related to each of the 715 
microstates, yet. However, several studies attempted to identify fMRI-based networks at rest as 716 
hemodynamic correlates of the various microstates. A combined EEG-fMRI study (Britz et al., 717 
2010) associated microstate B with the posterior visual system, and microstate C with the salience 718 
network involved in interoception and task-level control. The salience network also has been found 719 
repeatedly involved in reasoning tasks (Crone et al., 2009; Ebisch et al., 2013; Ebisch et al., 2012; 720 
Hilger et al., 2017; Yuan et al., 2012). However, although the involvement of microstate B in visual 721 
processing has been confirmed by several studies (Michel & Koenig, 2017), the link between 722 
microstate C and the salience network remains more controversial. Indeed, other studies suggested 723 
that microstate C could be related to the default mode network composed of brain regions that are 724 
more active at rest (i.e. when not being involved in any particular cognitive task, but allowed to 725 
think freely) (see for review Michel & Koenig, 2017).  726 
 727 
It can be argued that the observed reduction in microstate C coverage is more in line with a 728 
suppression of the task-negative default mode activity as commonly observed during cognitive task 729 
performance (Raichle et al., 2001; Shulman et al., 1997). Instead, in case of a task-positive network 730 
like the salience network activity, one would expect to see an increase in microstate C coverage. 731 
Accordingly, studies looking at microstates during task performance reported similar decreases in 732 
microstate C parameters during task, compared to rest (Milz et al., 2017; Seitzman et al., 2017). The 733 
microstate C reduction during fluid reasoning is partially in agreement with our hypothesis. A 734 
remaining question would be why this reduction was detected only during SR and VZ, but not IN, 735 
since all three conditions were cognitively demanding. One possible explanation is that microstate 736 
C does not reflect the default mode network generally, but that microstate classes represent specific 737 
components of this network (Milz et al., 2017). Evidence supporting our results of visuospatial 738 
specificity of microstate C reduction is provided by previous findings showing that this class indeed 739 
is more strongly decreased during visualization tasks, compared to a verbalization task (Milz et al., 740 
2016). 741 
 742 
The enhanced coverage of microstate B during SR and VZ confirms our hypothesis and is 743 
congruent with the visuospatial functions attributed to microstate B (Michel & Koenig, 2017). 744 
Indeed, electrical activity of left and right occipital cortices, including primary visual areas, have 745 
been associated with microstate B at rest (Custo et al., 2017). However, contrasting results have 746 
been described as well. For instance, decreases in microstate B were detected during a visualization 747 
task (Milz et al., 2016) due to a hypothesized relation between microstates and alpha inhibitory 748 
activity (Milz et al., 2017). A relevant detail that could explain this discrepancy is that, in Milz et al. 749 
(2016), participants were asked to internally visualize stimuli with their eyes closed. Differently, in 750 
our study, participants were required to perform cognitive operations on visually presented stimuli 751 
with their eyes open. Of interest, one study that investigated microstate modulations during task 752 
performance showed increased coverage and occurrence of microstate B in eyes open conditions, 753 
compared to eyes closed conditions (Seitzman et al., 2017).  754 
 755 
Microstates thus seem to be modulated differently during eyes open and eyes closed conditions. It 756 
might further be speculated that this interacts with the task at hand. Seitzman and colleagues (2017) 757 
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did not find differences between rest and task conditions in microstate B parameters, neither during 758 
eyes closed nor during eyes open conditions, but this might not be surprising, given that their task 759 
(serial subtraction) was not very visually demanding. In our case, tasks that required explicit 760 
visuospatial processing and mental manipulation of direct visual input (SR and VZ, but not IN) 761 
enhanced microstate B. Hence, we propose that certain cognitive tasks can enhance microstate B 762 
coverage, especially when the task explicitly requires visuospatial reasoning in combination with 763 
direct visual input. 764 
 765 
Finally, microstate A was decreased during SR and microstate D was increased during SR. Given 766 
that significant differences were found only for SR, these results did not confirm our expectations. 767 
Further studies would be needed to shed light on this task specificity. An association was reported 768 
of microstates A and D with the auditory network and the dorsal attention network (Britz et al., 769 
2010), respectively. Whereas the former might be irrelevant for the fluid reasoning tasks, the latter 770 
plays a key role in spatial attention and working memory (Corbetta et al., 2002).  771 
 772 
4.2 Microstate duration 773 
 774 
Different from coverage, the duration of all four microstates was rather uniformly decreased during 775 
the various fluid reasoning tasks, compared to CC. In few cases, small, but significant differences 776 
were detected between the conditions suggesting a slightly stronger decrease of duration of 777 
microstates A and C during SR, and of microstate B during IN. In accordance with the uniform 778 
microstate duration profiles across the fluid reasoning conditions, multivariate analyses were not 779 
able to classify the conditions based on the duration parameter. The duration parameter is calculated 780 
as the average duration that a given microstate remains stable whenever it appears during the task 781 
trials (Lehmann & Koenig, 1997). As such, the microstate duration parameter could be interpreted 782 
as reflecting the stability of the activity of the microstate underlying neural assemblies. From this 783 
point of view, the consistent reduction of microstate duration during all the fluid reasoning 784 
conditions, compared to CC, could reflect a more dynamic state in which transitions from one 785 
microstate to another occur faster. Shorter microstate duration during task performance was also 786 
described by Seitzman et al. (2017) when comparing task with rest as well as when comparing eyes 787 
open with eyes closed conditions. Possibly, performance on tasks with higher cognitive demands 788 
requires to shift earlier from one microstate to another, compared to a spontaneous state or a task 789 
that is not particularly demanding.  790 

To support this claim empirically, it would be necessary to study microstate parameters in 791 
relationship with varying levels of difficulty. Our experiment was not specifically designed for 792 
performing this analyses with optimal sensitivity, because fluid reasoning items with a medium 793 
difficulty level were selected for the EEG/fMRI study. Easy items were not included as they might 794 
not have been sufficiently demanding to neuro-functionally distinguish between the tasks that were 795 
cognitively highly similar, whereas difficult items were not included to avoid the risk that many 796 
trials needed to be excluded from the analyses due to incorrect responses by the participants. 797 
Another problem is that externally defined difficulty indices might not be fully generalizable to the 798 
context of EEG/fMRI measurements. Furthermore, previous studies reported inconsistent findings. 799 
Milz et al. (2016) showed decreases as well as increases of microstate duration during task 800 
performance, compared to rest, and decreases as well as increases of microstate duration were 801 
reported by Katayama et al. (2007) comparing rest and various levels of hypnosis. Future attempts 802 
are recommended to investigate if higher cognitive demands are associated with faster transitions 803 
between microstates by properly varying task difficulty. 804 
 805 
4.3 BOLD covariance 806 
 807 
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Covariance with simultaneously recorded BOLD signal was preliminarily analysed to provide 808 
additional information about the brain processes associated with microstate parameters. In 809 
accordance with task-specific involvement of lower levels of processing (e.g. visual and perceptual 810 
stages) in fluid reasoning components (Brumback et al., 2004; Buschman et al., 2011; Ebisch et al., 811 
2013; Melnick, Harrison et al., 2013; Narr et al., 2007; Soulieres et al., 2009) as well as with the 812 
supposed association between microstate B and the visual system (Custo et al., 2017; Michel & 813 
Koenig, 2017), this class positively correlated with BOLD response during VZ in visual occipital 814 
cortex. Confirming our hypothesis, the stronger individual coverage of microstate B, the stronger 815 
BOLD response in occipital cortex during VZ. 816 
 817 
Differently, during SR microstate B negatively correlated with BOLD response in bilateral 818 
hippocampus. One possible interpretation of this unexpected result is that the hippocampus is part 819 
of the default mode network (Buckner et al., 2008), which is, as opposed to the visual network, a 820 
task negative network (Mayhew et al., 2013; Shulman et al., 1997). That is, the performance of 821 
demanding visual cognitive tasks could be accompanied by a suppression of activity in regions of 822 
the default mode network during those tasks (Mayhew et al., 2013; Uddin et al., 2009). Indeed, it 823 
needs to be reminded that the relations between EEG and fMRI data detected by covariance 824 
analysis are not necessarily direct and may reflect secondary neural processes, too. Moreover, some 825 
authors proposed that all microstates could be related to aspects of default mode network activity 826 
(Milz et al., 2017).  827 
 828 
Hence, it can be considered an interesting finding that BOLD responses in hippocampus during SR 829 
also correlated with coverage of microstate C. Consistent with the positive correlation in this case, 830 
microstate C has been linked most directly with the default mode network (Michel & Koenig, 831 
2017). Thus, the observed relations between BOLD and microstate parameters in hippocampus 832 
during SR could, directly (microstate C representing a task negative network) as well as indirectly 833 
(microstate B representing a task positive network inhibiting the task negative network), reflect 834 
modulations of the default mode during task performance.  835 
 836 
Additional indications for a task negative network emerge when looking at the fMRI beta values in 837 
the hippocampus in the graphs of Figure 4. They appear to be mainly negative, meaning that 838 
hippocampus activity was weaker during SR, compared to CC. The negative relation between 839 
microstate C and BOLD response in supplementary motor area during SR could be interpreted in a 840 
similar way as microstate C and supplementary motor area are associated with task negative 841 
(default mode network) (Raichle et al., 2001) and relevant task positive networks (e.g. mental 842 
object rotation; Richter et al., 2000), respectively.  843 
 844 
Nevertheless, alternative interpretations could apply to the observed link between the hippocampus 845 
and the SR task. For instance, studies reported that spatial aspects of intelligence (Colom et al., 846 
2013) as well as other complex spatial cognitive functions (Buzsaki & Moser, 2013; O'keefe, 1978) 847 
also could be more directly related to the hippocampus. Interestingly, the relation between spatial 848 
intelligence and hippocampus properties was opposite in males and females (Colom et al., 2013) 849 
suggesting that mixed samples might also obscure links between brain and cognition. Since the 850 
present sample consisted of females only, it remains an open issue if the same or an opposite pattern 851 
is true for a male sample. 852 
 853 
BOLD correlations of microstate A during SR are more difficult to interpret. Microstate A 854 
correlated positively with frontoparietal regions, including pre-supplementary motor cortex, medial 855 
superior frontal cortex and media superior parietal cortex. This seems in contrast with the link 856 
between microstate A and the auditory network (Britz et al., 2010), although Custo et al. (2017) 857 
reported additional sources of microstate A in frontal and motor cortex. Furthermore, similar 858 
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superior frontal and parietal regions were reported to be involved in the mental rotation of objects, 859 
an ability closely related to our SR task (Richter et al., 2000).  860 
 861 
Finally, microstate classes were correlated with averaged BOLD responses during all the fluid 862 
reasoning tasks, that is, without differentiating between the conditions. In this case, only microstate 863 
C negatively covaried with BOLD response in medial superior frontal cortex. This region was 864 
found to be involved in fluid reasoning by a recent meta-analysis located in the dorsal attention 865 
network involved in executive control (Santarnecchi & Pascual-Leone, 2017). Because microstate C 866 
is presumed to reflect the default mode network as described above (Michel & Koenig, 2017), this 867 
negative correlation in medial superior frontal cortex could mean that lower default mode activity is 868 
inversely related to frontal attention network activity during fluid reasoning. 869 
 870 
Although the investigation of the relationship between microstates and underlying brain network 871 
functions and sources using simultaneous EEG-fMRI data acquisition is an emerging topic, 872 
relatively few studies have been published at present to facilitate the interpretation of our findings. 873 
Few studies measured microstates during periods of cognitive task performance (Milz et al., 2016; 874 
Seitzman et al., 2017). The present study adds to this literature by showing how microstates can be 875 
specifically modulated by cognitively distinct fluid reasoning tasks and that they can be correlated 876 
with simultaneous BOLD responses. 877 
 878 
4.4 Microstates and fluid reasoning 879 
 880 
To our knowledge, only one previous study investigated the relationship between microstates and 881 
fluid reasoning (Santarnecchi et al., 2017). In their study, microstate parameters were calculated 882 
based on EEG recordings during a resting state. Confirming correlations between fMRI resting state 883 
networks and intelligence (Cole et al., 2015; Hilger et al., 2017; Santarnecchi et al., 2014; Song et 884 
al., 2008; van den Heuvel et al., 2009), correlations were detected between fluid reasoning 885 
performance and EEG microstate B and C parameters in the brain at rest. Given that we calculated 886 
microstate parameters during task performance, their results might not be directly comparable with 887 
ours. Nevertheless, it is remarkable that microstates B and C also could be related to fluid reasoning 888 
components in our study as they appeared to be specifically modulated during fluid reasoning tasks 889 
that emphasized visuospatial processing.  890 
 891 
No specific microstate modulation was detected for IN representing a more abstract reasoning task. 892 
While IN did not modulate microstate coverage, it generally did modulate microstate duration in a 893 
similar way as SR and VZ, compared to CC. Only microstate B duration was slightly more reduced 894 
during IN, compared to VZ, but not compared to SR. Considering this pattern of results, we propose 895 
that the four microstates could be more sensitive to tasks that strongly rely on the sensory and 896 
cognitive processing of low level (visual) input. Relevantly, Santarnecchi and colleagues (2017) 897 
also reported different microstate classes being linked with distinct fluid reasoning tasks. Because 898 
few studies analysed microstates during task performance (e.g. Milz et al., 2016; Seitzman et al., 899 
2017), the relationships between cognitive functions, and rest and task conditions remain a relevant 900 
topic for future investigations.  901 
 902 
4.5 Limitations 903 
 904 
Some limitations need to be mentioned. Firstly, further studies are urged not only to identify the 905 
functional and anatomical correlates of the microstate classes, but also to clarify the specific 906 
meaning and interpretation of their related parameters (coverage, duration and occurrence). Indeed, 907 
the behaviour of such parameters is not fully congruent across studies. Moreover, only very few 908 
studies reported results about microstate modulations during tasks. To our knowledge, all the 909 
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studies that aimed to determine the brain networks underlying microstates, both directly from EEG 910 
data (Custo et al., 2017; Milz et al., 2017; Pascual-Marqui et al., 2014) and in association with 911 
fMRI (Britz et al., 2010; Musso et al., 2010; Yuan et al., 2012), are resting-state studies. 912 
 913 
Secondly, other areas beyond those associated with the canonical four microstates could be 914 
recruited when performing a complex task. A possible improvement of our approach could be to 915 
consider more than four microstates. Here, we applied the Krzanowski-Lai criterion to our data to 916 
choose four as optimal number of microstates. The 4 canonical classes explained about 75% of the 917 
variance of our EEG data. 918 
 919 
Thirdly, reproducibility is an important issue to consider, especially in the context of a relatively 920 
limited sample size. In the present study two procedures were adapted to address this issue and 921 
provide some information about the reliability of the results. We calculated 95% CIs providing 922 
information about the range of the population mean estimates as well as the precision of these 923 
estimates. As such, CIs are related to replicability and generalizability. Relatively narrow and non-924 
overlapping 95% CIs for the fluid reasoning conditions for the coverage parameter suggest that the 925 
detected differences in the sample mean between the conditions are rather robust with a probability 926 
of being caused by a sampling error below five percent. Moreover, multivariate classification 927 
analyses were performed on the single trial/subject level using a leave-one-out cross-validation 928 
procedure. At each cross-validation step, the classifier was trained with all the single trials of 19 929 
subjects and tested with all the single trials of the excluded subject. This procedure yielded an 930 
above chance classification performance. Although the CIs and the multivariate classification 931 
results support an adequate replicability and generalizability of the study results, representing 932 
promising future directions, replication studies in separate datasets as well as analyses of 933 
correlations with differences in behavioral performance in a large cohort would be needed to 934 
enforce these claims. 935 
 936 
Finally, the interpretation of correlations between fMRI and EEG data is not always unequivocal. In 937 
the present study, we chose to preliminarily correlate average microstate parameters with average 938 
BOLD responses across conditions and individuals. It has been argued that larger samples are 939 
needed to obtain stable correlation estimates (Schönbrodt and Perugini, 2013), and the EEG-fMRI 940 
correlations also might reflect indirect relationships, such as the suppression of activity in task-941 
irrelevant networks by activity in task-relevant networks. Moreover, the relationships between 942 
excitatory and inhibitory processes and how they affect microstates are still issues of debate (Milz 943 
et al., 2017). In fact, EEG data are band-pass filtered from 1 to 30 Hz and in this range, the 944 
frequency band with the strongest power is the alpha band. The functional significance of this 945 
rhythm is still a matter of debate. Dependently on the sub-frequency range (high alpha or low 946 
alpha), the cortical source and the specific task, alpha rhythm can exhibit active inhibitory functions 947 
(Klimesch, 2012). The integration of microstate parameters with BOLD signals has been rarely 948 
investigated (Britz et al., 2010; Musso et al., 2010), and only during a resting state characterized by 949 
ongoing BOLD signal fluctuations. New studies need develop more sophisticated methods to allow 950 
the integration of EEG microstates with the BOLD signal by exploiting within subject temporal 951 
variability during performance on randomized task conditions. 952 
 953 
4.6 Conclusion 954 
 955 
The present study investigated microstates during different fluid reasoning tasks. In agreement with 956 
psychometric models of cognitive abilities (Carroll, 1993; Colom et al., 2006; Colom et al., 2010; 957 
Roman et al., 2014), and expanding previous fMRI results (Ebisch et al., 2013; Ebisch et al., 2012), 958 
the findings show that unidimensional cognitive abilities, such as IN, SR and VZ, are 959 
distinguishable at the neuro-functional level as indicated by EEG microstate parameters. Changes in 960 
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microstates, reflecting the topography of global field power, indicate changes in the global 961 
coordination of neuronal activity over time (Khanna et al., 2015; Lehmann & Koenig, 1997; 962 
Lehmann & Michel, 2011). The observed differences in microstate parameters thus could be 963 
interpreted in terms of a different interplay between brain networks during distinct, but 964 
unidimensional, fluid reasoning abilities.  965 
 966 
In the present context, such brain networks seem to be especially related to visuospatial processing. 967 
Whereas previous studies showed specific neural correlates of IN and VZ in fMRI data (Ebisch et 968 
al., 2012), in the present study, using simultaneously acquired EEG data, SR showed the most 969 
distinctive activity pattern. In conclusion, microstates could add valuable information about how 970 
brain function supports fluid reasoning with increased sensitivity in the temporal domain. This 971 
complementary role of microstates might be due to the fact that fMRI and EEG reflect partially 972 
distinct neurophysiological processes, and because of the higher temporal resolution of EEG 973 
allowing to detect processes (e.g. microstates) with a dynamic temporal structure during complex 974 
tasks.  975 
 976 
 977 
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Figure 1. Graphic representation of the microstate analysis procedure. On EEG trials with 1272 
successful responses Global Field Power (GFP) curve (in black) is calculated. The topographies 1273 
corresponding to the local maxima of GFP are then submitted to the modified version of k-mean 1274 
clustering algorithm. This step provides four maps for each subject and each condition (CC, IN, RS, 1275 
VZ). A second pseudo-clustering procedure was applied to obtain four global group templates. To 1276 
describe the original EEG signals as a sequence of microstates, the original maps at GFP maxima 1277 
are labelled on the basis of the maximal spatial correlation with the group template. 1278 
 1279 
Figure 2. (A) Topographic maps of the four microstates (A, B, C, D) detected during the 1280 
experimental tasks SR, VZ, IN, CC; (B) Bar graphs showing microstate coverage (average % ± 1281 
S.E.) and differences between the conditions (black bars indicate significant differences compared 1282 
to CC based on one sample t-tests; asterisks indicate differences between the conditions SR, VZ and 1283 
IN based on paired sample t-tests); (C) Bar graphs showing microstate durations (average ms ± 1284 
S.E.) and differences between the conditions (red dots indicate significant differences compared to 1285 
CC based on one sample t-tests; asterisks indicate differences between the conditions SR, VZ and 1286 
IN based on paired sample t-tests). 1287 
 1288 
Figure 3. Confusion matrix of the classification results. The predicted class, i.e. the output of 1289 
classification, are on the rows and the true classes on the columns. The matrix shows the percentage 1290 
of classification: only the values on the diagonal express correct classification (predicted class is 1291 
classified as the true class), while extra-diagonal values the percentage of un-correct classifications 1292 
(predicted class is not classified as the true class). To be noted that the sum of the values in each 1293 
column is equal to 100%, the sum of the correct (diagonal) and un-correct (extra-diagonal) 1294 
classifications for the corresponding true class. 1295 
 1296 
Figure 4. Brain clusters characterized by a significant correlation between BOLD response and 1297 
microstate coverage during the different fluid reasoning tasks (delta’s relative to CC). Scatterplots 1298 
illustrate the distribution of BOLD response delta’s and microstate coverage delta’s as well as their 1299 
relationship (r > |0.68|). 1300 
 1301 
Figure 5. Brain clusters characterized by a significant correlation between BOLD response and 1302 
microstate coverage during the averaged fluid reasoning tasks (delta’s relative to CC). Scatterplots 1303 
illustrate the distribution of BOLD response delta’s and microstate coverage delta’s as well as their 1304 
relationship (r > -0.68). 1305 
 1306 
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Table 1. Difficulty of the selected items for the different Gf conditions used for the fMRI-EEG 
experiment according to IRT parameter a (difficulty; mean Logit ± standard deviation). 

Induction Visualization Spatial relationships 

− 0.82 ± 0.95 − 0.82 ± 0.93 − 0.82 ± 0.96 

 
 
 
Table 2. Behavioral results: reaction times (RT in ms) and errors (%) 
 RT Errors 
 Mean ± SD Mean ± SD 
Induction 15922 ± 4520 25 ± 14 
Spatial Relationships 15297 ± 4715 22 ± 19 
Visualization 14863 ± 4440 27 ± 14 
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