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Abstract  34 

 Learning the associations between words and meanings is a fundamental human 35 

ability. Although the language network is cortically well defined, the role of the white 36 

matter pathways supporting novel word-to-meaning mappings remains unclear. Here, by 37 

using contextual and cross-situational word-learning, we tested whether learning the 38 

meaning of a new word is related to the integrity of the language-related white matter 39 

pathways in 40 adults (18 women). The arcuate, uncinate, inferior-fronto-occipital and 40 

inferior-longitudinal fasciculi were virtually dissected using manual and automatic 41 

deterministic fiber-tracking. Critically, the automatic method allowed assessing the white 42 

matter microstructure along the tract. Results demonstrate that the microstructural 43 

properties of the left inferior-longitudinal fasciculus predict contextual learning, whereas 44 

the left uncinate was associated to cross-situational learning. In addition, we identified 45 

regions of especial importance within these pathways: the posterior middle temporal 46 

gyrus, thought to serve as a lexical interface and specifically related to contextual 47 

learning; the anterior temporal lobe, known to be an amodal hub for semantic processing 48 

and related to cross-situational learning; and the white matter near the hippocampus, a 49 

structure fundamental for the initial stages of new-word-learning and, remarkably, related 50 

to both types of word-learning. No significant associations were found for the inferior-51 

fronto-occipital fasciculus or the arcuate.  While previous results suggest that learning 52 

new phonological word-forms is mediated by the arcuate fasciculus, these findings show 53 

that the temporal pathways are the crucial neural substrate supporting one of the most 54 

striking human abilities: our capacity to identify  correct associations between words and 55 

meanings under referential indeterminacy. 56 
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Significance statement  57 

The language processing network is cortically (i.e., grey matter) well-defined. 58 

However, the role of the white matter pathways that support novel word-learning within 59 

this network remains unclear. In this work, we dissected language-related (arcuate, 60 

uncinate, inferior-fronto-occipital and inferior-longitudinal) fasciculi using manual and 61 

automatic tracking. We found the left inferior-longitudinal fasciculus to be predictive of 62 

word-learning success in two word-to-meaning tasks: contextual and cross-situational 63 

learning paradigms. The left uncinate was predictive of cross-situational word-learning. 64 

No significant correlations were found for the arcuate or the inferior-fronto-occipital 65 

fasciculus. While previous results showed that learning new phonological word-forms is 66 

supported by the arcuate fasciculus, these findings demonstrate that learning new word-67 

to-meaning associations is mainly dependent on temporal white matter pathways. 68 

 69 

 70 

 71 

 72 

 73 

 74 

 75 
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Introduction 76 

Learning new words and meanings is a fundamental aspect of first and second 77 

language acquisition, representing a continuous challenge for humans throughout their 78 

lifespan. However, there is a current lack of understanding regarding the brain networks 79 

supporting word-to-meaning mappings. Establishing a link between a new word and a set 80 

of representations (Allport, 1985) could be governed by different mechanisms with 81 

different task-requirements: from simple associative ones in which a new label is fast-82 

glued to an external referent, to more subtle and continuous learning processes, in which 83 

repeated encounters with a new-word in different contexts allows for a gradual inference 84 

of its meaning (Nation, 2001).  85 

In addition to task-requirements, subject-specific differences in performance can 86 

be linked to differences in neuroanatomy. The microstructural properties of white matter 87 

(WM) pathways—which constrain the flow of information across brain areas—convey 88 

reliable information about the role of these pathways and their connected regions in 89 

supporting particular cognitive processes (Kanai and Rees, 2011; Behrens and Johansen-90 

Berg, 2005). With the aim of identifying—by performing in vivo dissections—the WM 91 

pathways supporting word-to-meaning mappings, we collected diffusion weighted MRI 92 

(DW-MRI) data of 40 healthy adults who completed two semantic learning tasks which 93 

relied on different processes: (i) a contextual learning task (CTXL; Mestres-Missé et al., 94 

2008; Ripollés et al., 2014) and (ii) a cross-situational learning paradigm (XSL; Yu and 95 

Smith, 2007). During CTXL, possible meaning candidates that correspond with the 96 

contextual information available in a learning instance (i.e., sentences) are gradually 97 

narrowed down until reaching a correct word-to-meaning mapping through inferential 98 
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processes (Daalen-Kapteijns et al. 2001). In contrast, XSL allows to identify correct 99 

word-to-meaning mappings through the computation of cross-situational statistics by 100 

tracking the frequency of co-occurrence between words and referents (Smith et al., 2014; 101 

but see Medina et al., 2011; Trueswell et al., 2013 for alternative hypothesis testing 102 

accounts of XSL). While XSL neuroimaging studies are lacking, previous research using 103 

functional MRI (fMRI), shows that, in CTXL, learning word-to-meaning mappings is 104 

mediated by ventral inferior frontal (BA 47) and posterior middle temporal regions 105 

(Mestres-Missé et al., 2008; Ripollés et al., 2014; Mestres-Missé et al., 2009). Although 106 

the inferior-fronto-occipital (IFOF) and the inferior-longitudinal fasciculi (ILF) are 107 

thought to mediate a direct connection between occipito-frontal and occipito-temporal 108 

areas, respectively (Forkel et al., 2014; Catani et al., 2003), research shows that 109 

information could flow from the posterior middle temporal gyrus (pMTG)—a hub in 110 

which several major WM pathways converge—to the ventral inferior frontal gyrus (IFG) 111 

through two routes: directly via the IFOF (Turken and Dronkers, 2011) or using a two-112 

step alternative pathway comprising the ILF (ending in the anterior temporal lobe) and 113 

the uncinate fasciculus (UF; connecting the anterior temporal lobe to the IFG; Vigneau et 114 

al., 2006). However, a discrepancy exists about which of these pathways support general 115 

language-related processes, let alone word-to-meaning mappings. While several findings 116 

suggest that the ILF (Wong et al., 2011; Saur et al., 2008; Shinoura et al., 2010) and the 117 

UF do have a role in semantic processing (Harvey et al., 2013; Papagno et al., 2011; Dick 118 

and Tremblay, 2012), other research tends to favor the IFOF as the main semantic 119 

pathway (Duffau et al., 2009; Duffau et al., 2005; Mandonnet et al., 2007).  120 
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To characterize the potential role of the IFOF, ILF and UF in different types of 121 

semantic learning (the arcuate fasciculus, AF, was also dissected as a control, given its 122 

role in learning new phonological word-forms; Lopez-Barroso et al., 2013), we applied 123 

both manual dissections (in which an average diffusivity value for a whole pathway is 124 

taken) and an automatic method, which allowed for the computation independent values 125 

along a particular tract. The latter method can provide information about the parts of the 126 

tract instrumental for semantic learning, as axons do not always run along a whole tract 127 

and can enter or exit at different anatomical positions within a pathway (Yeatman et al., 128 

2012).  129 

Materials and Methods 130 

Participants 131 

 Forty German speakers (mean age, SD = 24.78  4.7, 18 women; same as in 132 

Ripollés et al., 2014) were recruited from the student population at Otto-von-Guericke-133 

University (Magdeburg, Germany). All participants were right handed, gave their 134 

informed written consent, and were paid or received course credits for their participation 135 

in accordance with local ethics. Stimuli were presented using the Psychophysics Toolbox 136 

3.09 (Brainard, 1997) and Matlab version R2011b (7.13.0.564, 32 bit). 137 

Contextual Learning Paradigm 138 

 For CTXL we used the same paradigm as previous research (Ripollés et al., 2014; 139 

Ripollés et al., 2016). In this paradigm, participants were required to read 80 duplets of 140 

sentences that always ended in a new word. These words respected the phonotactic rules 141 

of German and were artificially created by changing one or two letters of an existing 142 
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word. The nouns to be learned were selected from the CELEX database (mean frequency 143 

46.5 per million, standard deviation 22.85). Participants can derive and learn the meaning 144 

of new words using the semantic context provided by the duplets of sentences as they are 145 

built with an increasing degree of contextual constraint (Ripollés et al., 2014; Mestres-146 

Missé et al., 2008; Mestres-Missé et al., 2010; Mestres-Missé et al., 2009). Mean cloze 147 

probability (the proportion of people who complete a particular sentence fragment with a 148 

particular word) was 14.88 ± 7.6% for the first sentence (low constraint), and 89.1 ± 149 

9.2% for the second (high constraint). These cloze probability patterns were assessed by 150 

presenting each individual sentence in isolation to 150 participants (Mestres-Missé et al., 151 

2010). Only half of the pairs of sentences disambiguated multiple possible meanings, 152 

thus enabling the learning of the new word (M+ condition). For example, a duplet of 153 

sentences could be: 1. ‘‘Every Sunday the grandmother went to the jedin’’; 2. ‘‘The man 154 

was buried in the jedin’’. Using the context provided by the sentences, participants can 155 

infer and learn that jedin means graveyard as it is congruent with both the first and 156 

second sentence (see Figure 1A). Thus, participants were able to learn the meaning of up 157 

to 40 new words. For the other 40 pairs, the second sentences were scrambled so that 158 

they no longer matched their original first sentence. In this case, the new word was not 159 

associated with a congruent meaning across sentences and could not be correctly learned 160 

(e.g., 1. ‘‘Every night the astronomer watched the heutil’’. Moon is one possible meaning 161 

of heutil. 2. ‘‘In the morning break co-workers drink heutil.’’ Coffee is now one of the 162 

possible meanings of heutil, which is not congruent with the first sentence). These 163 

sentences were part of a control condition (M-) designed to increase the level of 164 

difficulty of the task and to control for novelty during fMRI scanning (Ripollés et al., 165 

2014), and was not analyzed in this work (note the non-significant correlation between 166 
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the number of correctly learned M+ words and the number of correctly rejected M- 167 

words; r=-0.07, p>0.66).  In addition to the M+ and M- conditions, non-readable 168 

sentences (NR; created by converting each letter of a sentence into a symbol) were also 169 

included in the paradigm. As is the case for M-, this condition was created for fMRI 170 

purposes and is not analyzed. Before entering the scanner, participants were instructed to 171 

learn the meaning of a new word only if both sentences had a redundant meaning (M+) 172 

and to reject the new words when learning was not possible (M-). To ensure that both 173 

stimulus types were equally comparable, participants were told that it was just as crucial 174 

to learn the words of the M+ condition as it was to correctly reject the new words from 175 

the M- condition. For the NR conditions, participants were asked to look at the symbols 176 

and try to “read” them. 177 

 Four pairs of the M+, 4 pairs of the M-, and 2 pairs of the NR conditions were 178 

presented during a total of 10 short learning runs. Therefore, a total of 40 new words 179 

from the M+ and 40 from the M- conditions were presented during the whole 180 

experiment. In order to achieve an ecologically valid paradigm, the first and second 181 

sentences ending in the same new word were presented separately in time. The 4 first 182 

sentences of each of the M+ and M- conditions (a total of 8 new words) plus 2 183 

‘sentences’ of the NR condition were presented in a pseudo-randomized order (e.g., 184 

M+1A, M-1A, M-1B, NR1A, M-1C, M+1B, M+1C, NR1B, M+1D, M-1D) in each 185 

learning run. Later, the second sentence ‘pair’ of both M+ and M- conditions was 186 

presented (i.e., second presentation of the identical 8 new words) in a pseudo-randomized 187 

order including 2 ‘sentences’ of the NR condition (e.g., M-2C, M-2B, NR2A, M+2B, 188 

M+2D, M-2D, M+2C, M+2A, M-2A, NR2B). The temporal order of the different new 189 
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words in the first sentence presentation was not related in any systematic way to the 190 

order of presentation of the same new words in their second sentence. Each of the 20 191 

trials of a run (10 first sentences and 10 second sentences) started with a 500 ms fixation 192 

cross and continued with the 6 first German words of the sentence presented for 2 s, 193 

followed by a 1 s duration dark screen. Each new word was presented for 500 ms in the 194 

center of a black screen. All words were written in white color employing a font size of 195 

22. Each new trial was preceded by a dark screen inter-trial interval with a variable 196 

duration of 1 to 6 seconds (Poisson distribution, Hinrichs et al., 2000).  197 

 After each learning run, participants had to complete a brief recognition test. 198 

Participants were presented with a new word in the center of the screen and two possible 199 

meanings below, each on one side of the screen. In each test, all 4 M+ and 4 M- new 200 

words presented during a learning run were tested in a pseudo-randomized order. If the 201 

new word tested did not have a congruent meaning across the first and second sentences, 202 

and thus learning was not possible (M- condition), participants had to press a button 203 

located in their left hand. In this case, the two possible meanings presented served as 204 

fillers: one was the meaning evoked by the second sentence of the M- new word being 205 

tested; the other word shown was the meaning evoked by another second sentence 206 

presented in the same run as the new word being tested. Instead, if the new word tested 207 

had a consistent meaning across the first and second sentences, and thus learning was 208 

possible (M+ condition), participants had to select the correct meaning using a two-209 

button pad placed on their right hand. In this case, one of the two possible meanings was 210 

correct and the other, which served as a filler, was the meaning of another new word 211 

presented in the same run. Therefore, chance level was set at 33% accuracy as, for both 212 
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the M+ and M- conditions, three response options were available (no consistent meaning, 213 

consistent meaning on the left, consistent meaning on the right). As previously stated, the 214 

present work focused on the ability of the participants to learn new words and therefore, 215 

only answers for the M+ condition were analyzed (the M- condition was included for 216 

fMRI purposes). All participants completed a training block before entering the scanner 217 

in order to become familiarized with the task and the recognition test.  218 

Cross-Situational Learning Paradigm 219 

 For XSL we used the exact same paradigm and parameters reported in previous 220 

research (Yu and Smith, 2007). The participants were required to learn the correct 221 

associations between 18 spoken pseudo-words and their corresponding pictures, which 222 

were unknown objects. Insofar the concept of meaning includes basic visual object 223 

representations (Gupta and Tisdale, 2009), this paradigm evaluates the ability to learn the 224 

correct word-to-meaning mappings through a cross-trial strategy, where within-trial 225 

referential ambiguity can be solved across multiple learning instances (Yu and Smith, 226 

2007). The learning set included 18 new words and 18 pictures. The spoken words were 227 

designed according to the phonotactical rules of the German language and were 228 

generated with the MBROLA speech synthesizer software (Dutoit et al., 1996), 229 

concatenating diphones at 16 kHz from its German data base. In each learning trial, 4 230 

object pictures appeared simultaneously on the screen while 4 bisyllabic words were 231 

presented, in randomized order, during 3 seconds, for a total trial duration of 12 seconds 232 

(see Figure 1B). This configuration yielded a high within-trial referential ambiguity with 233 

4 possible word-referent associations per learning trial. The participants were told that 4 234 

words and 4 objects would co-occur on each trial and they were to learn which word goes 235 
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with which object across trials. No information about word-picture correspondence was 236 

provided and the order of presentation of the words was not systematically related to the 237 

position of the objects. The task included 27 learning trials with a duration of 5 min and 238 

24 s. To generate each trial, 4 object-word pairs were randomly selected among the 18 239 

pairs of the learning set. Each object appeared with its corresponding word a total of 6 240 

times during the entire learning phase (i.e., six repetitions per object-word pair).  241 

 After the learning phase, the participants underwent a 4-alternative forced-choice 242 

(4AFC) test. Each test trial presented one spoken word with 4 object pictures. 243 

Participants were requested to select the object that corresponded to the aurally presented 244 

word, therefore chance level was set at 25% accuracy. There were 18 test trials, one for 245 

each object-word pair presented during the learning phase. On each trial the 3 filler 246 

objects were randomly selected from the set of 18 objects presented during the learning 247 

task.   248 

Scanning Parameters and diffusion measures 249 

DW-MRI data were acquired on a 3T scanner (Siemens MAGNETOM Verio, 250 

software Syngo MR B17) with a 32-channel phased-array head coil well suited for DTI-251 

imaging. Diffusion images were acquired with a twice refocused, single-shot, spin-echo 252 

EPI sequence fully optimized (Reese et al., 2003) for DW-MRI of WM (72 axial slices, 253 

TR: 10400 ms, TE: 86 ms, PAT-modus: GRAPPA acceleration factor 3, slice thickness: 254 

2.0 mm, acquisition matrix: 128 × 128, voxel size: 2.0 × 2.0 × 2.0 mm3). Two runs with 255 

one non-diffusion weighted volume (using a spin-echo EPI sequence coverage of the 256 

whole head) and 30 diffusion weighted volumes (non-collinear diffusion gradient 257 

directions from Siemens MDDW mode, b-values of 1000 s/mm2) were acquired. A high 258 
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resolution T1 image (MPRAGE) was also acquired during this MRI session (TR: 2500 259 

ms, TE: 4.82 ms, TI: 1100 ms, slice thickness: 1.0 mm, acquisition matrix: 256 × 256, 260 

voxel size: 1.0 × 1.0 × 1.0 mm3).  261 

Several diffusion measures can be extracted from DW-MRI. One of them is the 262 

Radial Diffusivity (RD) index which has gained increasing interest in recent years. 263 

Several factors can contribute to the RD signal, including the number of axons and axon 264 

packing and diameter. Among all diffusion measures, RD has been consistently related to 265 

the myelin content along axons, with demyelination being associated to increased RD 266 

values (Klawiter et al., 2011; Song et al., 2002; Song et al., 2005; Zatorre et al., 2012). 267 

Accordingly, thicker myelin sheaths have been related to increased conduction of action 268 

potentials along WM pathways (Fields, 2008). Indeed, in animal studies, directional 269 

measures (i.e., RD)—unlike summary parameters such as mean diffusivity or fractional 270 

anisotropy—provide better structural details of the state of the axons and myelin (Aung 271 

et al., 2013). Therefore, RD has been suggested to be a sensitive index of cognitive 272 

processing as fibers with greater myelination are hypothesized to enable a faster and 273 

more synchronized transfer of information between separated brain regions. This is of 274 

crucial importance to our hypothesis, as semantic learning requires the synergic 275 

cooperation of different cortical regions and RD values could provide an indirect 276 

measure of the speed of information exchange between language-related areas. 277 

Concordantly, a recent study showed a relationship between decreased RD values of the 278 

left long segment of the AF and the ability to learn new word forms from a continuous 279 

speech stream (i.e., new phonological word-form learning; Lopez-Barroso et al., 2013). 280 

Hence, for both manual and automatic dissections, RD maps for each participant were 281 
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calculated using the eigenvalues extracted from the diffusion tensors, to be later used to 282 

calculate the microstructure of several WM tracts.  283 

Manual dissection of WM pathways 284 

 Diffusion data processing started by correcting for eddy current distortions and 285 

head motion using FMRIB’s Diffusion Toolbox (FDT), which is part of the FMRIB 286 

Software Library (FSL 5.0.1, www.fmrib.ox.ac.uk/fsl/; Jenkinson et al., 2012). 287 

Subsequently, the gradient matrix was rotated corresponding to the head movement, to 288 

provide a more accurate estimate of diffusion tensor orientations using the 289 

fdt_rotate_bvecs program included in FSL (Leemans and Jones, 2009). In a next step, 290 

brain extraction was performed using the Brain Extraction Tool (Smith, 2002), which is 291 

also part of the FSL distribution. The analysis continued with the reconstruction of the 292 

diffusion tensors using the linear least-squares algorithm included in Diffusion Toolkit 293 

0.6.2.2 (Ruopeng Wang, Van J. Wedeen, trackvis.org/dtk, Martinos Center for 294 

Biomedical Imaging, Massachusetts General Hospital). As stated above, RD values were 295 

obtained. 296 

Previously preprocessed DTI data were analyzed for deterministic tracking using 297 

a two-ROI approach within the TrackVis software. ROIs were defined using the 298 

fractional anisotropy (FA) and FA color-coded maps as a reference for individual 299 

anatomical landmarks (comparable to a T2-weighted MRI image). Here, we focused in 300 

WM pathways related to the ventral stream of language processing (Hickok and Poeppel, 301 

2007; Rauschecker and Scott, 2009). Thus, we performed virtual in vivo dissections of 302 

the IFOF, ILF and UF. We placed three spherical ROIs at the level of the anterior 303 

temporal lobe (temporal ROI), the posterior region located between the occipital and 304 
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temporal lobe (occipital ROI) and the anterior floor of the external/extreme capsule 305 

(frontal ROI). In order to define each of the tracts of interest we applied a two-ROI 306 

approach. The ILF was obtained by connecting the temporal and occipital ROIs. The 307 

streamlines passing through the occipital lobe and frontal ROIs were considered as part 308 

of the IFOF. The frontal capsule ROI was united to the temporal ROI to delineate the UF. 309 

All these ROIs were applied according to a well-defined anatomical atlas (Catani and 310 

Thiebaut de Schotten, 2008). The exclusion of single fiber structures that do not 311 

represent part of the dissected tract was achieved using subject specific no-ROIs. These 312 

processes were carried out for both the left and the right hemisphere. After the dissection 313 

was completed, the mean RD value of each tract was extracted for further analysis.  314 

Although this work is focused in the ventral stream of language processing, the 315 

long segment of the AF (the main tract associated to the dorsal stream of language 316 

processing) was also dissected as a control. This approach was based on previous 317 

research relating the long segment of the AF to phonological word-learning, when novel 318 

word forms without meaning are segmented from continuous speech (Lopez-Barroso et 319 

al., 2013). This segment was dissected using established guidelines and a two-ROI 320 

approach (Lopez-Barroso et al., 2013; Catani et al., 2005; Francois et al., 2016; Vaquero 321 

et al., 2016). A first frontal ROI was placed in the coronal plane, between the central 322 

fissure and the cortical projection of the tract. A second temporal ROI was placed in the 323 

axial plane involving the fibers descending to the posterior temporal lobe through the 324 

posterior portion of the temporal stem. The streamlines going through the frontal and 325 

temporal ROIs were classified as the long segment of the AF. This process was carried 326 

out for both the left and the right hemisphere.  327 
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Automatic dissection of WM pathways 328 

For the automatic virtual dissection, we used the Automatic Fiber Quantification 329 

(AFQ; https://github.com/jyeatman/AFQ) software which can identify 18 major WM 330 

tracts and allows for the calculation of differentiated diffusion measurements along the 331 

whole dissected pathways (Yeatman et al., 2012). AFQ was run under MATLAB version 332 

R2012a (The MathWorks, Natick, MA, USA). Data were first preprocessed using the 333 

mrDiffusion toolbox (http://web.stanford.edu/group/vista/cgi-334 

bin/wiki/index.php/MrDiffusion). This preprocessing included standard steps (motion 335 

correction of the DW-MRI images, co-registration of the DW-MRI images to the T1 and 336 

re-alignment to the AC-PC line, and tensor calculation). The preprocessed DW-MRI data 337 

were then fed to the AFQ standard pipeline consisting of three main steps: i) whole brain 338 

tractography, ii) tract segmentation, and iii) fiber tract refinement (Yeatman et al., 2012).  339 

Whole brain tracking used a deterministic streamlines tracking algorithm with a 4th 340 

Runge–Kutta path integration method and 1 mm fixed step size (Basser et al., 2000; Mori 341 

et al., 1999). Tract segmentation was done using a two-ROI approach, using ROIs 342 

defined in MNI space (Wakana et al., 2007). These MNI ROIs were registered to each 343 

participants' space by means of non-linear transformation (Friston and Ashburner, 2004). 344 

Only fibers passing through the two specified ROIs were assigned to a particular tract. 345 

Fiber tract refinement was accomplished in two phases. For each participant, the 346 

dissected tracts in native space were first compared to a probability atlas of major WM 347 

pathways (also registered from standard to native space; Hua et al., 2008) and aberrant 348 

fibers were discarded. Secondly, the fibers that spatially deviated more than 3 or 4 349 

standard deviations from the core or the tract were also removed (we adjusted the value 350 

depending on the subject and tract until aberrant fibers were left out). Finally, diffusion 351 
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properties were extracted for the AF, IFOF, ILF and UF. Specifically, RD values at 100 352 

equidistant nodes along each tract were calculated. This approach enabled the assessment 353 

of the relationship between each participants' word-learning ability and WM 354 

microstructure on a point-by-point basis along each of the dissected tracts (i.e., using the 355 

100 different RD values obtained per WM tract).  356 

In addition, for the automatic method and for visualization purposes only, we 357 

created approximated probabilistic group overlaps of the AF, ILF, UF and IFOF. First, 358 

the coordinates for each of the 100 nodes that form each AFQ tract were extracted for 359 

each participant. Then, 3-mm spheres were created for each of the nodes using MarsBar 360 

(Brett et al., 2002). For each tract and subject, the spheres were combined together and 361 

binarized to obtain an approximated map of the AFQ dissected WM pathway in native 362 

space. The structural high-resolution T1-weighted images of each subject were then co-363 

registered to the individual diffusion maps by using Statistical Parametric Mapping 364 

software (SPM8; Wellcome Department of Imaging Neuroscience, University College, 365 

London, UK, www.fil.ion.ucl.ac.uk/spm). New Segment (Ashburner and Friston, 2005) 366 

was applied to the T1 images in order to obtain grey and white matter tissue probability 367 

maps that were imported and fed into Diffeomorphic Anatomical Registration using 368 

Exponentiated Lie algebra (DARTEL; Ashburner, 2007). The flow fields obtained from 369 

this process were applied to the tract masks in native space previously created with 370 

MarsBar, to register them to MNI space. Finally, for each tract, all the MNI individual 371 

tract masks were averaged to obtain an approximated probabilistic map of the dissected 372 

WM pathways. For display purposes, we thresholded these maps at a 50% threshold 373 

(showing only voxels that are part of the tract in at least half of the participants). 374 
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Moreover, in order to compare these WM pathways with the cortical regions usually 375 

associated to semantic processing, we conducted a meta-analysis using NeuroSynth (a 376 

platform for large-scale, automated meta-analysis of fMRI data; www.neurosynth.org; 377 

Yarkoni et al., 2011). We calculated a term-based search on “semantic” that resulted in 378 

884 studies (search performed on April 23, 2017). Then, a reverse inference map was 379 

generated in MNI space. This reverse inference map depicts the brain regions that are 380 

preferentially related to the term “semantic” (i.e., it shows areas which are more 381 

diagnostic of the term “semantic”, instead of brain regions that are just activated in 382 

studies associated with that term). Finally, the probabilistic tract masks were visually 383 

compared with the cortical fMRI semantic-related activations (Francois et al., 2016). 384 

Experimental Design and Statistical Analysis 385 

Correlational analyses were performed using MATLAB version R2012a. For all 386 

correlations computed regarding manual dissections, RD mean values of manual tracts 387 

greater than 2.5 standard deviations of the mean were considered outliers and removed 388 

(Lopez-Barroso et al., 2013). AFQ was occasionally unable to dissect a particular tract 389 

and therefore the affected WM pathway was excluded from all analyses regarding 390 

automatic dissections (1 right AF, 1 left and right ILF, 1 left and right UF, 1 left IFOF 391 

and 4 right IFOFs). In order to compare manual and AFQ dissections, Spearman’s rank-392 

order correlations were first computed for mean RD values of each tract of interest (for 393 

automatic dissections, mean RD values were calculated as the average of the 100 RD 394 

values obtained).  395 

 In order to assess the relationship between word-learning and WM 396 

microstructure, Spearman’s rank-order correlations were also used to correlate scores in 397 
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both word-learning tasks and RD values. For manual dissections, scores from both the 398 

CTXL and the XSL tasks were correlated with the mean RD values of the ILF, UF, IFOF 399 

and the long segment of the AF from both hemispheres. FDR correction was used to 400 

control for multiple comparisons (16 correlations: 4 tracts x 2 hemispheres x 2 word-401 

learning scores; see for a similar approach Vaquero et al., 2016; Kronfeld-Duenias et al., 402 

2016; Rojkova et al., 2016; Zhao et al., 2016).  403 

Regarding automatic dissections, correlations were computed between the scores 404 

of both learning tasks and the 100 RD values obtained for the ILF, UF, IFOF and the AF 405 

from both hemispheres. In order to correct for multiple comparisons (100 correlations 406 

were computed per tract and score) we used a FWE-corrected cluster size threshold, 407 

calculated by a non-parametric permutation method (Nichols and Holmes, 2002). 408 

Specifically, we used the AFQ_MultiCompCorrection function (which is part of the AFQ 409 

software; Yeatman et al., 2012), which returns, among other values, the minimum 410 

number of significant and sequential nodes (i.e., a cluster) so that any cluster with a 411 

greater number of significant nodes is considered corrected for multiple comparisons. 412 

We, thus, only report those clusters in which a significant correlation at an uncorrected 413 

level of p<0.05 occurred in a sufficient number of sequential nodes (see for similar 414 

approaches, Vaquero et al., 2016; Dodson et al., 2017; Travis et al., 2017).  415 

 Finally, we used a cross-validation approach to assess whether the white matter 416 

tracts showing significant correlations between diffusion values and word-learning 417 

scores, actually predicted (instead of just correlated with) CTXL and XSL (see King et 418 

al., 2016, for a similar analysis). Note that for this analyses we only used data from the 419 

automatic method, as it allowed us to use all the information provided by the AFQ 420 
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software (the 100 diffusivity values along each tract) to fit a generalized linear model 421 

(GLM), as opposed to the correlational analysis in which we used each single value 422 

separately to calculate 100 correlations with the learning scores. In this analysis, we 423 

expected CTXL and XSL (y in a GLM) to be a linear combination of the 100 diffusivity 424 

values obtained per tract (x1…x100 in a GLM). In other words, we tried to predict a 425 

vector of CTXL or XSL scores (y) from a matrix of diffusivity values (X: 100 diffusivity 426 

values x N participants). All analyses were performed using MNE (v 0.15; Gramfort et 427 

al., 2013, 2014) and Scikit-Learn packages (Pedregosa et al., 2011).  428 

In order to do this, for each tract, we first fitted a linear model to a training subset 429 

of 75% of the available data (e.g., AFQ was able to automatically dissect the left AF of 430 

all 40 participants; in this case, the training subset came from the 100 diffusivity values 431 

of 30 participants). To fit the model, we used a ridge regression to better account for 432 

multicollinearity effects (as there is a linear relationship between the 100 diffusivity 433 

values) and also to prevent overfitting, since we have more features (100 diffusivity 434 

values), than observations (40 participants). Using the parameters obtained by this fit, we 435 

then predicted word-learning scores on a different testing subset formed by the remaining 436 

25% of the data (e.g., the 100 diffusivity values of the remaining 10 participants in the 437 

left AF example above). These predicted scores could then be compared to the real 438 

CTXL and XLS scores (i.e., the ground truth). We did so by computing a Spearman 439 

correlation between the real and the predicted values (as in King et al., 2016), which 440 

resulted in an rs: the closer this value is to 1, the more similar the predicted and the real 441 

word-learning scores are. This analysis was repeated 100 times per tract using a random 442 

permutation cross-validator (ShuffleSplit function from the Scikit-Learn package; we 443 
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created random subdivisions of our population into training and testing subsets). In other 444 

words, we generated 100 training (with 75% of available participants) and test (with 25% 445 

of available participants) random subsets that were used to: i) fit a model (using the 446 

training subset), ii) predict the word-learning scores (using the testing subset) and iii) 447 

finally, to generate an rs (using the predicted and the real scores of the training set). We 448 

then averaged the 100 rs values to obtain a mean measure of the goodness of fit of the 449 

prediction made by the diffusion properties (the 100 diffusivity values) of each tract.  450 

In order to estimate the null distribution of each prediction, we repeated the same 451 

approach 10.000 times after randomly shuffling the y label (e.g., CTXL or XSL scores) 452 

while maintaining the X (100 diffusivity values x N participants) constant. Thus, in each 453 

of the 10.000 permutations, each X set of values (the 100 diffusivity nodes) is randomly 454 

paired with a y value (i.e., a word-learning score) and we expect the correlation between 455 

the predicted and the real values of the testing set to be 0 (the model is fit using an 456 

incorrect labelling). We finally ranked the 10.000 random rs obtained (i.e., created from 457 

random X-y pairings), so that any real rs (coming from the original data; created using 458 

correct X-y pairings) with a value greater than that of the 9500 position in the ranking 459 

allowed us to reject the null hypothesis with a p<0.05 (i.e., reject that there is no 460 

correlation between the predicted and the real learning scores). Thus, this method 461 

allowed us to assess whether the relationship between the predicted and the real word-462 

learning scores was significant: whether a particular tract is a good predictor of a 463 

particular word-learning score. 464 

  465 



 

21 
 

Results 466 

Behavioral results for the semantic learning tasks  467 

 Participants showed above chance performance in both tasks as they learned 60 ± 468 

15.51% of the new words in the CTXL paradigm [M+ condition; t(39) = 10.80, p<0.001; 469 

chance level was at 33%, see Materials and Methods] and 52 ± 17% of the object-word 470 

pairs in the XSL task [t(39) = 9.97, p<0.001; chance level was at 25%, see Materials and 471 

Methods]. This last result replicates the learning performance reported in a previous 472 

study using the same task (approximately 55% of accuracy; Yu and Smith, 2007). No 473 

behavioral outliers (above or below 2.5 standard deviations) were detected in any of the 474 

tasks. A significant association was observed between the performance of both learning 475 

tasks (r=0.45, p<0.005). Note, that despite this correlation between behavioral measures, 476 

their neural underpinnings differed significantly (see below). 477 

Manual and automatic virtual dissections 478 

 For manual dissections and in order to characterize the hemispheric particularities 479 

of the dissected tracts, we first computed laterality indices (LIs, we used tract volume; 480 

Thiebaut de Schotten et al., 2011). LIs range from -1 to 1, with more positive values 481 

representing left lateralized structures [calculated as (LeftVolume-482 

RightVolume)/(LeftVolume+RightVolume)]. Our results replicate previous findings 483 

(Thiebaut de Schotten et al., 2011; Lopez-Barroso et al., 2013) with the AF (LI=0.19 ± 484 

0.34) being the only tract showing a left lateralized pattern (IFOF=0.07 ± 0.19; ILF=-485 

0.08 ± 0.19; UF=-0.07 ± 0.17). In addition, we also calculated Spearman rank 486 

correlations between intra-hemispheric tracts (correlations between RD values of tracts 487 
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of the same hemisphere). Results (see Table 1) show that, in general, rs were larger for 488 

correlations between left-hemispheric tracts, especially for the left AF-IFOF and left ILF-489 

UF pairs. 490 

Regarding the direct comparison between manual and automatic dissections, there 491 

was a significant correspondence between the mean RD values of both approaches for all 492 

the tracts of interest, with almost all rs values above 0.60, indicating a strong agreement 493 

between methods (left AF: rs = 0.69; right AF: rs = 0.86; left UF: rs = 0.52; right UF: rs = 494 

0.63; left ILF: rs = 0.60; right ILF: rs = 0.53; left IFOF: rs = 0.63; right IFOF: rs = 0.66; all 495 

ps < 0.001).  The coefficients obtained for the left AF are similar to those reported in 496 

previous research (Vaquero et al., 2016), which also compared manual dissections of the 497 

left long segment of the AF with automatic fiber tracking. This shows that, considering 498 

the manual dissections as the gold standard, automatic ones produced reliable diffusion 499 

measures of microstructural WM integrity, further corroborating the validity of the 500 

anatomical measures used here.  501 

Relationship between learning scores and structural connectivity of language 502 

related pathways: manual dissections 503 

 To address the critical question on the relationship between WM structure and 504 

word-learning success, we then correlated subject-specific WM measures with individual 505 

learning success. We used RD values (for both the automatic and manual correlations) as 506 

a measure of WM microstructure, as RD has been consistently related to the myelin 507 

content along axons—an indicator of increased conduction of action potentials (Klawiter 508 

et al., 2011; Song et al., 2002; Song et al., 2005; Fields, 2008; Zatorre et al., 2012)—and 509 

thus could serve as a sensitive index of cognitive processing. While the WM 510 
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microstructure of several pathways crossing the temporal lobe (especially those of the 511 

left hemisphere) showed significant relationships with both learning performances at an 512 

uncorrected threshold, only the left ILF and the left UF were significantly associated with 513 

CTXL (18.5% of the variance explained by the left ILF) and XSL (33.6% of the variance 514 

explained by the left UF), when corrected for multiple comparisons (see Figure 2 and 515 

Table 2 for all correlation coefficients). Importantly, both the left and right long segment 516 

of the AF, failed to show a significant relationship (corrected or uncorrected) with 517 

performance on any of the semantic learning paradigms. Hence, our results reveal that 518 

the pattern of behavior is tightly linked to the integrity of WM pathways in the temporal 519 

lobe of the left hemisphere.  520 

Given that the IFOF has previously been implicated in semantic processing 521 

(Duffau et al., 2009; Duffau et al., 2005; Mandonnet et al., 2007), we conducted further 522 

analyses to test for this hypothesis. In particular, we computed a hierarchical multiple 523 

regression in which the IFOF was added as an independent predictor to a model which 524 

included the ILF (with CTXL as a dependent variable) or the UF (with XSL as dependent 525 

variable). Adding the IFOF failed to significantly increase the amount of variability 526 

predicted by the model in both cases [XSL: 0.4% increase in R2, F(1,34)=0.197, p=0.66; 527 

Tolerance=0.76, VIF=1.31; CTXL: 0.1% increase in R2, F(1,35)=0.06, p=0.808; 528 

Tolerance=0.438, VIF=2.28].  529 

Relationship between learning scores and structural connectivity of language 530 

related pathways: automatic dissections 531 
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 As stated before, the automatic tracking method allows for the extraction of 532 

individual RD values along each of the tracts of interest (right/left AF, IFOF, UL and 533 

ILF). Thus, the correlations between word-learning scores and RD values were 534 

calculated on a point-by-point basis using 100 nodes equidistantly placed along each 535 

tract. Figure 3 shows an approximate group map of the 4 different tracts dissected with 536 

the automatic procedure in MNI space (a voxel is shown if it was part of a tract in at least 537 

50% of the participants, see Materials and Methods), along a meta-analysis of semantic-538 

related fMRI activity calculated using NeuroSynth (Yarkoni et al., 2011). This meta-539 

analysis revealed, as expected, a strongly left-lateralized cortical network, covering not 540 

only the left IFG, anterior temporal lobe and pMTG, but also the inferior temporal and 541 

the fusiform gyri, the angular gyrus, and even mesial temporal regions such as the 542 

hippocampus and parahippocampus. In order to further assess the reliability of the tracts 543 

dissected using AFQ, we also compared our MNI group-specific probabilistic tracts 544 

(Figure 3) with a well-known probabilistic tractography atlas (Thiebaut de Schotten, et 545 

al., 2011a; Thiebaut de Schotten, et al., 2011b; Thiebaut de Schotten et al., 2014). We 546 

thresholded both our probabilistic group-specific maps and those of the probabilistic atlas 547 

at the 50% (i.e., showing only voxels that were part of a particular tract in at least half of 548 

our participants). We then calculated the percentage of voxels of our tracts that 549 

overlapped with the atlas. As expected, there was a great overlap between all the 550 

dissected tracts for our group and their corresponding counterparts in the atlas (left AF: 551 

81.91%; left IFOF: 80.70%; left ILF: 85.89%; left UF: 74.34%; right AF: 85.59%; right 552 

IFOF: 83.59%; right ILF: 99.19%; right AF: 89.67%). These results add further evidence 553 

that the obtained dissections are anatomically plausible and reliable.  554 
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Regarding the correspondence between semantic learning measures and 555 

automatic dissections, two clusters along the left ILF (located in the posterior and in the 556 

anterior to mid-portion of the tract) showed significant FWE-corrected associations with 557 

individual word-learning success in the CTXL paradigm (see Figure 4A; 32.8% of the 558 

variance explained by the peak node at the left ILF). The cluster with the strongest WM-559 

behavior correlation was the one located posteriorly, around the pMTG (see Figure 4C 560 

for an approximate location of this cluster in MNI space). In addition, one cluster at the 561 

anterior to mid-region of the ILF also showed a significant association with XSL (see 562 

Figure 4B; 21% of the variance explained by the peak node at the left ILF). Importantly, 563 

there was an overlap between the clusters showing significant correlations for both XSL 564 

and CTXL at the anterior to mid-section of the ILF (near the hippocampus, see Figure 565 

4C, light blue cluster). In order to quantify this overlap we calculated a Dice Similarity 566 

Index (DSI; Dice, 1945), which we defined as twice the overlap between the number 567 

nodes correlating with CTXL and XSL at the same time, divided by the sum of the 568 

number of nodes in the anterior to mid-portion of the ILF that correlate with CTXL and 569 

XSL independently (Ripollés et al., 2012; Seghier et al., 2008). DSI ranges between 0 570 

and 1 (being 0 no overlap and 1 a perfect similarity) with values exceeding 0.80 571 

considered as an indicator of a high similarity (Wilke et al., 2011). DSI for this cluster 572 

was 0.89 which indicates a high overlap between the nodes located in the anterior to mid-573 

part of the ILF that correlate both with XSL and CTXL.  574 

The only other tract showing significant correlations with the semantic tasks was 575 

the UF. A significant FWE-corrected cluster correlating with XSL scores was found in 576 

the inferior part of the left UF (see Figure 5A and B; 30.3% of the variance explained by 577 
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the peak node at the left UF; the non-significant correlations with CTXL outcomes are 578 

also shown for the sake of completeness). This significant cluster is placed around the 579 

left anterior temporal lobe (see Figure 5C for an approximate location of this cluster in 580 

MNI space). 581 

Finally, we applied a cross-validation approach to assess whether the left ILF and 582 

left UF actually predicted (instead of just correlated with) CTXL and XSL scores (King 583 

et al., 2016). Results for the left AF and left IFOF are also presented as controls.  Figure 584 

6 depicts the mean and standard deviation of rs that describe the goodness of fit of each 585 

tract as a predictor for each word-learning score (rs is computed between the predicted 586 

and the real learning scores; the greater rs is, the more similar these values are and the 587 

better the prediction). As expected, both the left ILF and UF were significantly predictive 588 

of CTXL and XSL, respectively. In addition, the left UF was also a good predictor of 589 

CTXL, while the rs between the predictions made by the left ILF RD values and the real 590 

XSL scores approached significance (probability of rejecting the null hypothesis that rs = 591 

0 was 0.0789). This further shows that not only there was a significant relationship 592 

between the left ILF and UF tracts and CTXL and XSL scores, but also that the pattern of 593 

RD values from these tracts actually predicted word-learning. 594 

Discussion 595 

 The goal of the present study was to assess whether the microstructural anatomy 596 

of the ILF, UF and IFOF was associated with individual differences in semantic learning 597 

for different types of word-to-meaning mappings (CTXL and XSL). Our results indicate 598 

that individual differences in the microstructure of the left ILF and UF predict semantic 599 

learning success beyond their suggested—and still controversial (Duffau et al., 2009; 600 
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Duffau et al., 2005; Mandonnet et al., 2007)—contribution to semantic processing. 601 

Specifically, the manual dissection approach indicated that the left ILF and the left UF 602 

correlated with scores in CTXL and XSL, respectively (see Figure 2). The automatic 603 

dissections further corroborated these findings, but revealed—despite both tasks being 604 

correlated on the behavioral level—only a partly overlapping WM-network: although the 605 

anterior to mid-section of the ILF correlated with both learning tasks, its posterior region 606 

(near the pMTG) was more associated with CTXL (see Figure 4C). In the same line, the 607 

anterior inferior portion of the left UF (around the anterior temporal lobe) significantly 608 

correlated with XSL (see Figure 5C). Remarkably, the cross-validation analyses showed 609 

that both the left ILF and UF were good predictors of performance on both semantic 610 

learning tasks, although, as expected, the left ILF generated better predictions than the 611 

left UF for CTXL and the opposite occurred for XSL (see Figure 6).  No significant 612 

correlations were found for the long segment of the AF, part of the dorsal pathway for 613 

phonological processing (Hickok and Poeppel, 2007; Rauschecker and Scott, 2009). 614 

 Previous research, using the same CTXL task (Ripollés et al., 2014) and similar 615 

learning paradigms (Rodríguez-Fornells et al., et al., 2009), show that contextual learning 616 

is supported by regions related to semantic processing (see Figure 3; Binder et al., 2009; 617 

Lau et al., 2008) which are connected by the WM fiber tracts of the ventral pathway of 618 

language processing (ILF, UF and IFOF): the left ventral IFG (BA 47), the pMTG and 619 

the anterior temporal lobe (ATL). The left ventral IFG has been related to semantic 620 

processing, with a special role in guiding top-down retrieval of semantic knowledge from 621 

long-term memory (Badre et al., 2005; Badre and Wagner, 2007; Fiez, 1997). The pMTG 622 

has been suggested to be an important hub for semantic processing (Turken and 623 

Dronkers, 2011), which could also act as a lexical interface that mediates a mapping 624 
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between phonetic representations in superior temporal regions and semantic features 625 

widely localized over a distributed network (Rodriguez-Fornells et al., 2009; Gow, Jr., 626 

2012; Hickok and Poeppel, 2007). In line with this view, our results revealed the highest 627 

correlations with CTXL for the WM surrounding the pMTG (see Figure 4C). Together, 628 

these findings suggest that the combined activity of the above mentioned regions and the 629 

temporal WM pathways connecting them—specially by the ILF around the pMTG—630 

allowed learners: i) to retrieve the possible meaning candidates that cohere with the 631 

contextual information available in a learning instance; and ii) to narrow down the 632 

alternative meanings to finally learn the correct word-to-meaning mappings.  633 

Learning the correct word-to-meaning mappings in a situation of referential 634 

ambiguity can be also achieved through the computation of cross-situational statistics 635 

(Smith et al., 2014). It has been proposed that XSL is supported by statistical learning 636 

mechanisms where word-learning takes place gradually, by tracking the frequency of co-637 

occurrence between many words and referents in a cross-trial approach (Yu and Smith, 638 

2007). Thus, during XSL, we expected participants to use different strategies than those 639 

employed during CTXL. Our results for the automatic dissections show that both the 640 

neuroanatomy of the left ILF and UF was predictive of XSL scores. This time, the area 641 

showing the highest correlations (see Figure 5) was the WM surrounding the left ATL. 642 

Note that there is only a partial overlap for WM-correlations for both CTXL and XSL in 643 

the anterior to mid-section of the ILF. Although fMRI studies focusing on XSL are 644 

lacking, the left ILF has been related to visual object recognition (Mummery et al., 645 

1999), possibly playing a role in linking object representations and labels. Importantly, 646 

the UF has been related to lexical retrieval of semantic knowledge and semantic control 647 
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(de Zubicaray et al., 2011; Harvey et al., 2013; but see Duffau et al., 2009),  reflecting 648 

the role of this pathway in connecting the IFG and the ATL (Catani et al., 2002). Indeed, 649 

XSL might engage both the left IFG and ATL. On the one hand, the IFG has been related 650 

to the retention of semantic short-term representations (Shivde and Thompson-Schill, 651 

2004) and to the selection, activation and inhibition of competing semantic alternatives 652 

(Thompson-Schill and Botvinick, 2006; Hoffman et al., 2009). Furthermore, it has been 653 

proposed that XSL relies on statistical learning mechanisms (Yu and Smith, 2007; 654 

Peñaloza et al., 2017) which have been associated with the IFG in both healthy (Karuza 655 

et al., 2013) and clinical populations (Peñaloza et al., 2015). On the other hand, the ATL 656 

plays a role in semantic processing (Bajada et al., 2016), object naming (Price et al., 657 

2006) and semantic lexical retrieval (Schwartz et al., 2009), with WM  in this region 658 

being also associated to the degradation of conceptual representations in semantic 659 

dementia (Lambon Ralph et al., 2017; Agosta et al., 2010). Moreover, the ATL is thought 660 

to operate as a hub that processes information about object-related associations 661 

(Patterson et al., 2007). Therefore, it is possible that the IFG is engaged during XSL 662 

through statistical learning mechanisms and that the ATL—receiving its contribution 663 

through the UF—integrates novel information about conceptual referents that have been 664 

recently disambiguated. We propose that the ILF and especially the UF may support the 665 

integration and retrieval of the correct representations for recently acquired words during 666 

XSL, though functional data is still needed to support this claim.  667 

Research shows that the initial stage of word-learning is a rapid process sustained 668 

by medial temporal lobe structures (Rodriguez-Fornells et al., 2009; Davis and Gaskell, 669 

2009). Studies in both clinical (Gabrieli et al., 1988; Warren et al., 2016) and healthy 670 
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populations (Breitenstein et al., 2005; Tuomiranta et al., 2014) implicate the 671 

hippocampus in new word-learning, also when a CTXL paradigm is used (Mestres-Missé 672 

et al., 2010; Ripollés et al., 2016). In our study, the region in the anterior to mid-section 673 

of the ILF showing significant correlations with both CTXL and XSL is close to the 674 

hippocampus (see Figure 4C, light blue cluster). This could support the idea that initial 675 

information regarding word-to-meaning mappings reaches the medial temporal lobe via 676 

the ILF. 677 

Remarkably, we found no significant correlations between semantic learning and 678 

the IFOF. In a previous DW-MRI whole-brain analysis (in standard space), we found a 679 

scattered pattern of results that showed significant correlations with CTXL not only for 680 

the ILF and UF, but also for the IFOF and even portions of the AF (Ripollés et al., 2014). 681 

This may suggest that fine grained analyses (i.e., tractography), performed in native 682 

space, can be more sensitive to subject-specific effects. There is still an ongoing debate 683 

regarding whether the IFOF or the ILF-UF route is the crucial pathway for semantic 684 

processing. While previous studies show that intraoperative electrostimulation of the 685 

IFOF—but not of the UF or ILF—induces disruptions in semantic processing (Duffau et 686 

al., 2009; Duffau et al., 2005; Mandonnet et al., 2007), recent research in both healthy 687 

(Wong et al., 2011; Saur et al., 2008) and patient populations (Shinoura et al., 2010; 688 

Papagno et al., 2011; Harvey et al., 2013) show that the ILF-UF pathway may also 689 

support semantic processing. Although we cannot rule out a role of the IFOF in semantic 690 

learning (note that the way in which we selected the ROIs might have constrained the 691 

IFOF temporal connections; Turken and Dronkers, 2011), our results lend support to the 692 

notion that although the IFOF might be sufficient during standard semantic processing, 693 
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the ILF and UF may also support novel word-to-meaning mappings (see Figure 6). 694 

Remarkably, one can find a parallel between this indirect ILF-UF pathway and other 695 

indirect routes. For example, in the VTA-Hippocampal loop, signals coming from the 696 

hippocampus must pass through several anatomical structures (e.g., ventral striatum) 697 

before reaching dopaminergic regions. This complexity is thought to be related to the 698 

need to control which information enters long-term memory (Lisman and Grace, 2005). 699 

In the same way, the ILF-UF pathway provides an indirect connection between temporal 700 

and inferior frontal regions that has the advantage of adding signals from the ATL. 701 

In conclusion, we provide evidence for the involvement of the left ILF and UF in 702 

the acquisition of novel word-to-meaning mappings beyond their possible involvement in 703 

semantic processing. Current and previous (Lopez-Barroso et al., 2013) findings are in 704 

line with views suggesting that the role of the dorsal and ventral pathways in word-705 

learning resemble their role in phonological and semantic processing, respectively. 706 

Conducting statistics along WM fiber bundles was found to be fundamental for a fine-707 

grained identification of areas of specific importance for new word-learning. We suggest 708 

that this approach can be generalized for the identification of WM bottlenecks in 709 

cognitive processing. 710 

  711 
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LEGENDS 955 

Figure 1. Schematic overview of the word-learning paradigms and behavioral 956 

results. The mean percentage of the number of learned words for each task is presented 957 

on the right (+/- S.D.). Dotted lines indicate chance level. A. Example of two congruent 958 

sentences for the main learning (M+) condition of the CTXL paradigm. B. Schematic 959 

example of a trial of the XSL task. Four unknown objects (A, B, C, D) are 960 

simultaneously shown in the screen while their corresponding words are aurally 961 

presented, in randomized order, every 3 seconds. 962 

Figure 2. Manual dissections. Scatter plots of the two correlations showing a significant 963 

p < 0.05 FDR-corrected result. WM microstructure of the left ILF correlated with the 964 

percentage of learned words during CTXL (left panel), while diffusion values of the left 965 

UF correlated with the percentage of learned words during XSL (right panel). Lower RD 966 

values indicate better WM microstructure. 967 

Figure 3. Mean tracts produced by automatic dissections and the semantic network. 968 

An approximation of the mean tracts dissected automatically (thresholded at 50% 969 

probability; see Materials and Methods) is shown (light blue, AF; dark blue, IFOF; green, 970 

ILF; yellow, UF). In red-yellow, thresholded at a p<0.01 FDR-corrected threshold, the 971 

NeuroSynth fMRI meta-analysis on the term “semantic” is shown. Results are overlaid 972 

over a canonical T1 with MNI coordinates at the bottom right of each slice. Neurological 973 

convention is used. L, Left hemisphere; R, Right hemisphere. 974 

Figure 4. ILF automatic dissections. Correlations between word-learning scores and 975 

RD values were calculated on a point-by-point basis using 100 nodes equidistantly 976 
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placed along the ILF. In panels A and B, a tract from an individual subject with a colored 977 

overlay representing Spearman’s rank-order rs is shown on the left. The p-values 978 

associated to each rs at each of the 100 points extracted with the automatic procedure are 979 

displayed in the right (left hemisphere in black; right hemisphere in grey; FWE-corrected 980 

clusters in red). A. Results of the correlations between the WM microstructural properties 981 

of the left ILF and individual success in CTXL. B. Results of the correlations between 982 

the WM microstructural properties of the left ILF and individual success in XSL. C. 983 

Approximate location in MNI space of the results shown in panels A and B (see 984 

methods), shown over a canonical T1 along a Neuro-Synth meta-analysis of semantic-985 

related fMRI activity. Neurological convention is used with MNI coordinates shown at 986 

the right bottom of each slice. In dark blue, portions of the ILF correlating with CTXL. 987 

In light blue, portions of the ILF correlating with XSL. Note the overlap at the anterior-988 

to-mid section of the ILF. The cluster at the posterior region of the ILF is the one 989 

showing the greatest correlation (see blue circle in panel A) for CTXL (highlighted also 990 

with a blue circle in axial and coronal slices). L, Left Hemisphere; pMTG, posterior 991 

Middle Temporal Gyrus; HP, Hippocampus; IFG, Inferior Frontal Gyrus; ITG, Inferior 992 

Temporal Gyrus; MTG, Middle Temporal Gyrus. 993 

Figure 5. UF automatic dissections. Correlations between word-learning scores and RD 994 

values were calculated on a point-by-point basis using 100 nodes equidistantly placed 995 

along the UF. In panels A and B, a tract from an individual subject with a colored 996 

overlay representing Spearman’s rank-order rs is shown on the left. The p-values 997 

associated to each rs at each of the 100 points extracted with the automatic procedure are 998 

displayed in the right (left hemisphere in black; right hemisphere in grey; FWE-corrected 999 
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clusters in red). A. Results of the non-significant correlations between the WM 1000 

microstructural properties of the left UF and individual success in CTXL are shown for 1001 

the sake of completeness. B. Results of the correlations between the WM microstructural 1002 

properties of the left UF and individual success in XSL (in this case FWE-corrected for 1003 

multiple comparisons). C. Approximate location in MNI space of the result shown in 1004 

panel B for the UF and in Figure 4B for the ILF (see methods), shown over a canonical 1005 

T1 along a Neuro-Synth meta-analysis of semantic-related fMRI activity. Neurological 1006 

convention is used with MNI coordinates shown at the right bottom of each slice. In dark 1007 

blue, portions of the ILF correlating with XSL (see Figure 4B). In green, portions of the 1008 

UF correlating with XSL. L, Left Hemisphere; ATL, Anterior Temporal Lobe; IFG, 1009 

Inferior Frontal Gyrus; ITG, Inferior Temporal Gyrus; FG, Fusiform Gyrus. 1010 

Figure 6. Results of the cross-validation approach. A cross-validation approach was 1011 

used to assess whether the 100 RD values from the left ILF and left UF actually predicted 1012 

(instead of just correlated with) CTXL and XSL scores. Data for the left AF and left 1013 

IFOF are also presented as a control.  Bars represent average rs values (+/- S.D.) denoting 1014 

the goodness of fit for each tract as a predictor for each word-learning score. rs is 1015 

computed using the predicted (calculated for 100 testing subsets of the data, using the 1016 

coefficients obtained after fitting a model with their respective training sets; see 1017 

Materials and Methods) and the real learning scores. The closer rs is to 1, the more 1018 

similar predicted and real values are and the better the prediction is. * p<0.05; * 1019 

p=0.0789. 1020 
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Table 1. Spearman rs and p-values for each correlation between mean RD values of pair of tracts 1022 
in each hemisphere. All correlations survived a p < 0.05 FDR-corrected threshold. 1023 

 Left Hemisphere Right Hemisphere Difference 

AF-IFOF rs  = 0.53 p<0.001 rs = 0.39  p<0.017 0.14 

AF-ILF rs = 0.38  p<0.012 rs = 0.35  p<0.037 0.03 

AF-UF rs = 0.37  p<0.021 rs = 0.44  p<0.007 -0.07 

IFOF-ILF rs = 0.68  p<0.001 rs = 0.58  p<0.001 0.10 

IFOF-UF rs = 0.48  p<0.002 rs = 0.47  p<0.003 0.01 

UF-ILF rs = 0.51  p<0.001 rs = 0.37  p<0.021 0.13 
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Table 2. Spearman rs and p-values for each correlation between word-learning success in the two 1026 
different learning paradigms and mean RD value of each tract of interest. Notice that lower RD 1027 
values indicate better WM microstructure integrity. Correlations in bold survived a p < 0.05 1028 
FDR-corrected threshold. 1029 

WM    CTXL   XSL 

Dorsal 

AF left  rs = -0.18, p > 0.266 rs = -0.21, p > 0.183 

AF  right  rs = -0.08, p > 0.623 rs = -0.18, p > 0.283 

Ventral 

ILF  left  rs = -0.43, p < 0.006 rs = -0.32, p < 0.049 

ILF  right  rs = -0.33, p < 0.038 rs = -0.13, p > 0.403 

UF left  rs = -0.25, p > 0.131 rs = -0.58, p < 0.001 

UF  right  rs = -0.34, p < 0.036 rs = -0.28, p > 0.087 

IFOF  left  rs = -0.35, p < 0.027 rs = -0.35, p < 0.027 

IFOF  right  rs = -0.17, p > 0.300 rs = -0.20, p > 0.216 
 1030 














