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Abstract

Understanding encoded language, such as written words, requires multiple cognitive processes that act in a parallel and inter-
active fashion. These processes and their interactions, however, are not fully understood. Various conceptual and methodical
approaches including computational modeling and neuroimaging have been applied to better understand the neural underpin-
nings of these complex processes in the human brain. In this study, we tested different predictions of cortical interactions
that derived from computational models for reading using dynamic causal modeling. Morse code was used as a model for
non-lexical decoding followed by a lexical-decision during a functional magnetic resonance examination. Our results suggest
that individual letters are first converted into phonemes within the left supramarginal gyrus, followed by a phoneme assembly
to reconstruct word phonology, involving the left inferior frontal cortex. To allow the identification and comprehension of
known words, the inferior frontal cortex then interacts with the semantic system via the left angular gyrus. As such, the left
angular gyrus is likely to host phonological and semantic representations and serves as a bidirectional interface between the
networks involved in language perception and word comprehension.
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of individual words. Decoding alphabetic languages is
thought to rely on two separate processes dependent on
the orthographic regularity of a word. On the one hand,
regular words can be—and unknown words must be—
decoded in a letter-by-letter fashion (non-lexical decod-
ing). This decoding utilizes regularities in the grapheme-
phoneme correspondence (GPC; Protopapas et al. 2016;
Yap et al. 2015), where the phonology of a word can be
reconstructed based on the individual phonemes. On the
other hand, irregular words that violate these regularities
need to be decoded involving item-specific knowledge,
which is possible once the word has become familiar to
the reader (lexical decoding; e.g., Graves et al. 2010).
Reading models addressing both decoding strategies have
been strongly influenced by the investigation of patients
with acquired dyslexia, who suffer from impaired reading
performance of either regular (phonological dyslexia) or
irregular words (surface dyslexia). Both, phonological and
surface dyslexia can be associated with lesions in distinct
brain regions (Tomasino et al. 2020), indicating that the
cognitive processes involved in non-lexical and lexical
decoding rely on at least partially distinct brain regions.
At the same time, decoding in experienced readers, such
as adults, is likely to involve both non-lexical and lexi-
cal decoding strategies simultaneously in an interactive
manner (Barton et al. 2014). Various approaches such as
computational modeling have been used to explain the
interaction of non-lexical and lexical decoding in healthy
subjects (Levy et al. 2009) and dyslexic patients (Ziegler

a: Dual-route cascade model

b: Connectionist dual-process m.

et al. 2008; Bergmann and Wimmer 2008; for a review, see
Rapcsak et al. 2007).

Common computational models like the dual-route cas-
cade (DRC; Coltheart et al. 2001) and the connectionist
dual-process (CDP; Perry et al. 2007) model use two paral-
lel decoding routes to simulate the interaction of non-lexical
and lexical decoding (see Fig. 1). The lexical route links
the orthography of known words to their meaning (seman-
tic system) either directly or indirectly via their phonology
(phonological lexicon) and is therefore crucial for decoding
irregular words (Coltheart et al. 2001). In contrast, the non-
lexical route reconstructs the phonology of the word via a
serial conversion of the individual graphemes (sublexical
system) followed by a subsequent storage and assembly of
the resolved phonemes (phonological buffer). As outlined
above, this route is essential for reading unfamiliar words
or artificial nonwords. Although the DRC and CDP models
share an identical lexical route, they differ in their imple-
mentation of the non-lexical route. While the DRC model
assumes a rule-based grapheme-phoneme network (see
Fig. 1a), the CDP model uses a parallel two-layered asso-
ciation network to extract the statistically most reliable GPC
(sublexical system) with a preceding graphemic buffer (see
Fig. 1b). In both models, associations between the phonol-
ogy (phonological lexicon) and semantics (semantic sys-
tem) enable subsequent comprehension of known words.
Although both models differ in their computational imple-
mentation, they can be criticized for their pure bottom-up
view on non-lexical decoding.

c: Cognitive m.
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Fig.1 Models for language decoding. Dual-route cascade (DRC; a)
and connectionist dual-process (CDP; b) model for reading. Both
models were joined into a cognitive model for non-lexical decoding
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This unidirectional processing alone cannot account for
the ‘word superiority effect’, in which the recognition of
individual letters can be enhanced when written in the
context of a word or readable nonword (Ripamonti et al.
2018). Accordingly, additional modulation via top-down
connections might be required, suggesting a bidirectional
network for non-lexical decoding. Furthermore, neither
DRC nor CDP include a computational implementation
of semantics, representing only a framework for word
comprehension (Seidenberg 2012). Nevertheless, both
models reflect the main processes involved in understand-
ing encoded language, yielding a priori hypotheses for
the cognitive network architecture involved in non-lexical
language decoding (see Fig. 1c). In this way, these models
represent a suitable framework to guide the interpretation
of brain imaging data (e.g., Taylor et al. 2013). Impor-
tantly, the DRC and CDP are computational models that
per se do not assign the postulated functions to any spe-
cific brain regions. However, due to the high reading speed
and parallel lexical and non-lexical decoding, the mapping
of these functions remains challenging.

Although the usage of artificial nonwords and irregular
words allows at least a partial distinction between non-
lexical and lexical decoding strategies, a parallel activation
of the two decoding routes cannot be ruled out (Levy et al.
2009). Both routes are not fully independent and interact
at both the phonological and semantic level (Rapcsak et al.
2007). To circumvent these challenges, we previously used
the international Morse code (MC) as a model for lan-
guage learning and decoding, allowing us to probe exclu-
sively the non-lexical decoding strategy followed by a lex-
ical-decision (for a detailed description, see Junker et al.
2020). While MC and written script differ perceptually
(auditory vs. visual) and in their way of encoding (tempo-
ral vs. spatial encoding), both require the same (or at least
similar) cognitive computations to be decoded and under-
stood. During non-lexical decoding, individual graphemes
must be translated and combined. For comprehension, the
phonology of a known word must then be reconstructed,
leading to a (re)activation of semantic associations learned
during language acquisition. These decoding processes are
unique to encoded languages such as written script or MC
and are not required for speech perception. In contrast to
verbal language, which has evolved at least within the
modern Homo sapiens over the past 200.000 years (Richter
et al. 2017), reading and writing are a fairly recent inven-
tion (first evidence for alphabetic languages around 2000
BC (Darnell et al. 2005)). As no cortical specialization for
reading can be assumed within this short period (Tooby
and Cosmides 2000), language decoding makes use of pre-
existing cognitive features (Dehaene et al. 2010, 2015).
Since the cognitive computations (and their underlying
neuronal resources) for non-lexical decoding of written

script and MC are the same, MC can be used as a (limited)
model for language learning and decoding.

Using MC and fMRI, we previously identified brain acti-
vations associated with non-lexical decoding (sublexical
system and phonological buffer) in the left inferior parietal
lobule and inferior frontal cortex (non-lexical decoding net-
work; Junker et al. 2020). Additional activations associated
with word comprehension (lexicality effect) were found in
the left angular gyrus, the anterior cingulate cortex, and the
precuneus, indicating subsequent lexical and semantic pro-
cessing (comprehension network). Accordingly, the brain
regions that host the cognitive computations required for
decoding and comprehension of MC and written script (e.g.,
Taylor et al. 2013) are highly consistent, further supporting
the concept of feature-specific rather than modality-specific
representations. However, this study used a univariate data
analysis within the framework of the general linear model
(GLM) to identify brain regions associated with non-lexical
decoding and word comprehension. As this analysis is not
capable to detect cross-regional interactions (as expected
during language decoding), further classifications were not
possible in this prior study.

To investigate causal interactions across brain regions
using functional brain imaging, advanced analysis tech-
niques such as dynamic causal modeling (DCM) are required
(Friston 2009). In contrast to alternative methods for effec-
tive connectivity analyses, DCM combines a neurobiologi-
cal model for neural dynamics and a biophysical model to
describe the transformation of neural activity to the meas-
ured BOLD signal, minimizing the influence of regional
differences in hemodynamic response (Friston et al. 2013).
DCM uses Bayesian model selection to identify significant
families of models as well as the most likely individual
model architecture, which takes both model performance
and complexity into account (Stephan and Friston 2010). In
addition, DCM aims to estimate various model parameters,
describing how activity in an area is affected by intrinsic
and latent static connections (A matrix), as well as modula-
tory experimental influences (C matrix). Additionally, the
direct influence of experimental influences on the effective
connectivity between regions can be estimated (B matrix).

In this study, we further investigated the non-lexical route
using fMRI and DCM, with a specific interest in the interac-
tion of brain regions involved in non-lexical decoding (sub-
lexical system, phonological buffer) and word comprehen-
sion (phonological lexicon, semantic system). Based on the
brain regions identified by task-related fMRI (while decoding
MC) and applying the cognitive model for non-lexical lan-
guage decoding (see Fig. 1c), we sought to disentangle the
functional network architecture with different subcomponents
enabling decoding and comprehension. More specifically, we
investigated the interaction of two intertwined networks sub-
serving non-lexical decoding and word comprehension; i.e.,
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the translation, short-term storage and assembly of phonologi-
cal units (phonemes), and the subsequent identification of a
(known) word. We also sought to identify the connecting hubs,
enabling an information flow between the decoding and com-
prehension network.

Material and methods
Subjects

Thirty-three participants (18 male) between 18 and 30 years
(mean: 23; standard deviation: 2) took part in the experiment.
All participants were naive to Morse code (MC). Exclusion
criteria included metal implants (retainers, pacemakers, etc.),
neurological or psychiatric history, and claustrophobia. The
handedness was restricted to right-handed persons and con-
trolled using the Edinburgh handedness inventory (Oldfield
1971). All participants gave written informed consent before
the study was performed.

Training

All participants learned 12 Morse code (MC) letters in 6 sepa-
rate lessons spaced across a maximum time range of 12 days
using an audiobook. These letters (A, D, E, G, I, M, N, O, R,
S, T, and U) were chosen so that their MC consisted of a maxi-
mum of three signals (short or long) and that a sufficient num-
ber of German words could be formed. Each audiobook lesson
consisted of 5-10 blocks (30-60 letters per block) and was
completed on-site in the laboratory. If subjects failed to reach
a certain learning target per lesson (e.g., errors in three of the
last six blocks), a repetition of the last block was conducted
(~5 min). Although the learning procedure was similar for all
subjects, it differed in the sensory modalities involved. While
some subjects learned the MC as purely auditory sequences
(Junker et al. 2021: Unisensory learners; 17 subjects), oth-
ers additionally perceived the MC as vibrotactile sequences
applied to the left hand (Junker et al. 2021: Multisensory low-
level learners; 16 subjects). However, since training-related
differences between these groups were only found in right-
hemispheric brain regions associated with tactile perception
(postcentral gyrus) and multisensory integration (inferior fron-
tal cortex), both groups were analyzed together in the present
study. Importantly, all subjects spent the same amount of time
exercising (for a detailed description of the learning procedure,
see Junker et al. 2021).

Task
Stimuli

A total of 40 German words (mean duration: 3.57 s; e.g.,
‘RAD’ or ‘NOT’) and 40 meaningless nonwords (mean
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duration: 3.56 s; e.g., ‘ENS’ or ‘RUQO’) were used in the
experiment and presented as auditory MC (for a detailed
list of all stimuli, see Supplementary Table 1). Only three-
letter stimuli were used, as these provided a good balance
between possible words (n =86) and working memory load.
The words included 37 nouns and 3 adjectives, while the
nonwords included 30 pronounceable pseudowords and
10 unpronounceable nonwords. All words and nonwords
included 79 bigrams and 11 multi-letter graphemes. The
average word frequency was 14.7 instances per million
words (standard deviation =43.98) and was measured based
on a German word corpus comprising the literature between
2000 and 2010 (DWDS core corpus 21; including over 121
million words from Fiction, Popular Literature, Science, and
Journalistic Prose). In addition, the international SOS signal
in MC (mean duration: 2.28 s) as well as a 796 Hz sinusoidal
tone (mean duration: 3.7 s) were presented 25 times each
and served as control stimuli (only sinusoidal tone analyzed
here).

Lexical-decision task

Subjects performed a lexical-decision task before and after
learning while we simultaneously recorded neural activ-
ity using functional magnetic resonance imaging (fMRI).
For this purpose, words and nonwords were presented as
auditory MC sequences. Subjects had to decide whether the
presented letters represent a German word or a nonword.
Additionally, both control tones were presented and had to
be identified. All stimuli were presented in randomized order
using the software Presentation® (Neurobehavioral Sys-
tems, Albany, CA, USA). The subjects communicated their
answers by pressing a keypad with the left pinky (word),
ring (nonword), middle (SOS signal), or index finger (con-
trol). In addition to the lexical-decision task, the subjects
performed a perceptual task using the same stimulus mate-
rial, which has been described elsewhere (see Junker et al.
2021). Each task was divided into two sessions, allowing for
a short break between the sessions. However, only the data
from the lexical-decision task after training were analyzed
here, as the subjects could only decode the MC stimuli after
training (for a comparison of the data before and after learn-
ing, see Schlaffke et al. 2015).

Behavior

Statistical analysis of the behavioral data was performed
using IBM SPSS (version 20), aiming to investigate stim-
ulus-specific differences in recognition performance and
response times (stimuli comparisons). To test for statistical
differences, the normality of the data was tested using the
Shapiro—Wilk test before the stimuli were compared using
either parametric analysis of variance or non-parametric
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Kruskal-Wallis test. Post hoc pairwise comparisons were
performed using either student’s #-tests or Mann—Whitney-
U-test for normal or non-normal distributed data, respec-
tively. Bonferroni correction for multiple comparisons was
performed across stimuli comparisons (recognition perfor-
mance and response times; n=2) and corresponding post
hoc tests (n=23) by multiplying the calculated p-values by
the number of tests performed. This correction was chosen
since an interpretable alpha error of 5% will be maintained.
However, as this correction procedure can yield p-values
above 1, high p-values are indicated as “> 1.

Magnetic resonance imaging
Acquisition

To investigate the neural basis of MC decoding, struc-
tural and functional magnetic resonance (MR) images
were acquired at the University Hospital Bergmannsheil in
Bochum (Germany), using a 3 T MR scanner and a 32-chan-
nel head coil (Philips Achieva 3.2, Best, Netherlands). Audi-
tory stimuli were presented via MR-compatible headphones.
Furthermore, protection was provided against the scanner
noises. All stimuli were presented at a volume that could
be easily heard by the subject. In addition, MR-compatible
LCD goggles were used, via which the task instruction and
response options were displayed during the experiment.

After preparation of the subject, a structural high-
resolved T1 weighted image was acquired (~5 min), result-
ing in an isometric resolution of 1 mm (field of view:
256 %256 X220 mm>; repetition times TR: 8.3 ms; echo
times TE: 3.8 ms). Subsequently, T2*-weighted echo-planar
images were acquired while the subjects performed a per-
ceptual (not investigated here) and lexical-decision task (TR:
2400 ms; TE: 35 ms; flip-angle: 90°). 250 dynamic scans
were recorded per session (2x ~ 10 min), while no stimulus
was presented during the first four (dummy) scans. Each
scan consisted of 36 slices measured in ascending order,
resulting in a voxel size of 2 x 2 x 3 mm? (field of view of
256 %256 % 108 mm®).

Preprocessing

The analysis of the MR data was performed using the soft-
ware SPM12 (Statistical Parametric Mapping, Welcome
Department of Cognitive Neurology, University College,
London, UK) running under Matlab 2019a (The MathWorks
Inc., Massachusetts, USA). After the removal of the first
four images, which served as dummy scans, temporal correc-
tion of the consecutively acquired slices was first performed
(slice-time correction). Subsequently, the 246 dynamic
recordings were realigned by back-rotation and back-trans-
lation to correct for subject motion during recording. One

session was excluded from the further analysis in one sub-
ject due to strong head movements during data acquisition
(>5 mm in x, y, or 7). To transform the MR images into
the normalized MNI space, the functional images were first
coregistered to the high-resolution structural image. Subse-
quently, the structural images were decomposed into gray
matter, white matter, cerebrospinal fluid, bone, and soft tis-
sue (segmentation). The deformation field calculated during
the segregation was then used to normalize the functional
(and coregistered) data. Finally, the functional images were
spatially smoothed using a Gaussian kernel (full width at
half maximum: 6 X 6 X 6 mm>) to normalize the error dis-
tribution, improve the signal-to-noise ratio and adjust for
inter-individual variations.

General linear model

To investigate the effective connectivity of brain regions
during non-lexical MC decoding, the brain regions that are
critically involved in processing must be identified first. To
identify these core regions, a univariate analysis was per-
formed in the statistical framework of a general linear model
implemented in SPM12. The resulting clusters were subse-
quently labeled using the Automated Anatomical Labelling
III atlas (https://www.gin.cnrs.fr/en/tools/aal/) and visual-
ized using the SPM toolboxes bspmview (http://www.bobsp
unt.com/bspm-view/).

During the first-level analysis, the individual events were
first modeled as box-car functions and convolved with the
hemodynamic response to find a model that best explained
the data. As events, the correctly identified stimulus types
(words, nonwords, control) were modulated separately
between stimulus offset and the subject's response. If sub-
jects responded before the stimulus offset (possible only
for control tones), a stick function was used for modeling
(instead of a box-car function). The time window between
offset and response was chosen, as this period allows the
identification of core brain regions related to both, language
decoding and word comprehension (for details, see Junker
et al. 2020). However, to keep the analysis simple, no addi-
tional time window was analyzed here. Nevertheless, the
period while the stimuli were presented (onset-offset), the
SOS signal, as well as all unidentified stimuli were modeled
to exclude an effect on the implicit baseline. Furthermore,
the individual rotation and translation parameters calculated
during preprocessing (realignment, see “Preprocessing”)
were used as additional covariates of no interest. After esti-
mating the model, the individual conditions (words, non-
words, control) were contrasted against the implicit baseline
for the subsequent second-level model.

Second-level group analyses were performed using cor-
rectly identified words, nonwords, and control tones only.
To identify brain regions involved in the conversion of MC
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letters (sublexical system) and the subsequent storage and
assembly of the resulting phonemes (phonological buffer),
words and nonwords were compared against the control
tone using a conjunction contrast ([words > control] * [non-
words > control]). Although the retrieval of semantic mean-
ing was not crucial to perform the lexical-decision task, the
data were analyzed and discussed in the context of semantic
processing, since reaction times during lexical decisions are
influenced by semantics. For example, lexical processing
speeds are influenced by various semantic richness measures
such as the number of semantic neighbors, the number of
semantic features, or contextual dispersion (Pexman et al.
2008). This influence of semantic properties on processing
speeds suggests that semantic representations are involved
in lexical processing and are retrieved automatically (Balota
1983), although semantic retrieval was not required to per-
form the lexical-decision task. Therefore, words were con-
trasted against nonwords to identify brain regions involved
in representing phonological and semantic features of known
stimuli (words > nonwords; lexicality effect). Whole-brain
analysis was performed with an initial significance level
of Pyoxet <0.001, corrected for multiple comparisons at the
cluster-level (family-wise error correction, peyger < 0.05).

From these results, five different left-hemispheric peak
activations were selected. Subsequently, a sphere (radius:
6 mm) centered on the selected peak voxel was created,
serving as ROIs for the effective connectivity analysis. The
opercular part of the inferior frontal cortex (IFC—ROI 1)
as well as the supramarginal gyrus (SMG—ROI 2) were
engaged during word and nonword decoding, suggesting an
involvement in the sublexical system or phonological buffer.
We especially selected peak activations within the IFC and
inferior parietal lobule (SMG), as these regions are most
commonly described in the literature for non-lexical lan-
guage decoding (see “Discussion”). In contrast, the angu-
lar gyrus (AG—ROI 3), as well as the anterior cingulate
cortex (ACC—ROI 4) and precuneus (PC—ROI 5) were
exhibited while decoding words only, suggesting a partici-
pation in representing phonological (phonological lexicon)
and semantic (semantic system) features on known stimuli.
Although only two cognitive components were expected,
all three areas were nevertheless used for subsequent mod-
eling, since the AG, ACC, and PC are likely to represent one
functional network (default mode network). If multiple peak
activations were found within one region (as found within
the ACC, AG, and IFC), the peak with the highest statisti-
cal z-value was selected. Although additional regions were
also involved in non-lexical decoding (e.g., insular cortex)
and word comprehension (e.g., posterior middle temporal
cortex), we restricted the subsequent effective connectivity
analysis to five regions to keep the models simple (for more
details, see “Limitations”).
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Dynamic causal modeling

Effective connectivity analyses were performed using DCM
implemented in SPM12 (version 12). DCM aims to esti-
mate various model parameters, describing how activity in
an area is affected by intrinsic and latent static connections
(A matrix) as well as modulatory experimental influences
(C matrix). Additionally, the direct influence of experimen-
tal influences on the effective connectivity between regions
can be estimated (B matrix). Bilinear DCM was applied on
mean-centered data using one state per region (inhibitory
and excitatory effects combined) and no stochastic effects
(e.g., state-dependent processes such as short-term plastic-
ity). All models were first created for each subject before
the connectivity strengths (A, B, and C matrix) and their
probabilities were estimated.

To identify the most likely individual model architecture
across all subjects, Bayesian Model Selection was performed
assuming fixed effects, taking into account both model per-
formance and complexity (Stephan and Friston 2010). In
contrast to random effects, where various cognitive strate-
gies could be assumed to perform the same task (e.g., lexi-
cal and non-lexical decoding), fixed effects were expected
since only non-lexical decoding strategies could be applied
after learning single letters in MC. Therefore, differences
in log-evidence (difference in log-evidence to worst model)
are reported, where a difference of three can be interpreted
as strong evidence (Stephan and Friston 2010). In addition
to the individual model comparison, Bayesian Model Selec-
tion was applied across groups of models based on their
feature membership (families) to compare specific hypoth-
eses against each other. For model families, differences in
summed log-evidence (sum across all models of one fam-
ily) compared to the worst family are reported. However, no
Bayesian model averaging was performed across families of
similar features, since we were interested in the most likely
model and the corresponding brain mapping. Finally, all
connectivity parameters (A, B, and C matrix) as well as their
probabilities of the most likely model were averaged across
subjects using Bayesian parameter averaging.

As described above, only a reduced time window had
been investigated in the GLM (stimulus offset to button
press), since this processing phase allows the investigation
of brain activations related to language decoding and com-
prehension (for detailed information, see Junker et al. 2020).
However, since we cannot determine exactly when the com-
prehension network becomes involved in processing, we
modeled the entire processing time window (stimulus onset
to button press) for the subsequent DCM analysis. In this
way, we could ensure to capture both, the early initialization
of MC decoding and the later transition to word comprehen-
sion, allowing us to test specific hypotheses and models.
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The models tested here arose from the observations in
dyslexic patients as well as from computational models of
language decoding and criticisms thereof, e.g., lack of top-
down connections. The following assumptions were made:
(1) Different processes involved in language decoding are
represented in distinct brain regions, as suggested by neuro-
imaging of healthy subjects and dyslexic patients. (2) The
brain regions responsible for sublexical conversions (sub-
lexical system) and phonological working memory (buffer)
are involved in decoding words and nonwords. (3) These
regions are serially connected (one after the other), involving
either unidirectional (bottom-up) or bidirectional (bottom-
up and top-down) connections (criticisms of computational
models). (4) Words additionally modify the connectivity
from the phonological buffer to the phonological lexicon,
which subsequently interacts with the semantic system to
enable word comprehension (see Fig. 1c). Based on these
assumptions, 12 different models were tested, which can be
divided into three feature families (see Fig. 2).

Family 1: Words and nonwords serving as modulatory
input to the non-lexical decoding network (C matrix) via the
SMG (Family 1.1—6 models) or IFC (Family 1.2—6 mod-
els). While Family 1.1 reflects an involvement of the SMG in
the sublexical system and the IFC in the phonological buffer,
Family 1.2 represents the opposite hypothesis.

Family 1.1 Family 1.2

Family 2.1 Family 2.2 Family 2.1 Family 2.2
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Fig.2 DCM models. All 12 DCM models tested, sorted by family.
Words and nonwords served as modulatory input to the sublexical
system (light blue; C matrix), located either in the SMG (Family 1.1)
or IFC (Family 1.2). The sublexical system connects to the phonolog-
ical buffer (medium blue; A matrix) involving unidirectional (Fam-
ily 2.1) or bidirectional connections (Family 2.2). Words additionally
influence the effective connectivity (dashed line; B matrix) between
the phonological buffer and phonological lexicon (blue) within the
AG (Family 3.1), ACC (Family 3.2), or PC (Family 3.3). The phono-
logical lexicon interacts with brain regions involved in the semantic
system (dark blue)

Family 2: The sublexical system and phonological buffers
communicate via unidirectional (Family 2.1—6 models) or
bidirectional connections (Family 2.2—6 models; A matrix).
As suggested by the ‘word superiority effect’ in nonwords,
non-lexical decoding might involve additional top-down
connections, which are not included in the DRC or CDP
model. This hypothesis is represented by Family 2.2, while
Family 2.1 reflects pure unidirectional bottom-up connec-
tions within the decoding network.

Family 3: Words additionally modulate the connection
from the phonological buffers to the AG (Family 3.1—4
models), ACC (Family 3.2—4 models), or PC (Family
3.3—4 models; B matrix). Each subfamily represents the
hypothesis that the phonological lexicon is localized in
either the AG, ACC, or PC, respectively.

Results
Behavior

Overall, subjects correctly identified 70% of all words
and nonwords presented in MC. Since recognition perfor-
mances and response times were not normally distributed
for most stimuli types, only non-parametric statistical tests
were applied. Stimulus-specific differences in recogni-
tion performance were found (pg,ysxai-wanis < 0.001), with
the control tone (98%) being recognized more frequently
than words (Pyiann-whimey-u < 0-001; 54%) and nonwords
(PMann-whitmey-u = 0-001, 86%; see Fig. 3a). Furthermore,
nonwords were identified more often as nonwords than
words were identified as words (Pyiann-whitney-u < 0-001).

a: Performances b: Reaction time

* *
* * *

2.5

100 -
80 mn

60 I

40-I 1

JEE 2
| I |

Controls

1.5

Reaction time [s]

I

Recognition performance [%]

0

Il Words M Nonwords

Fig.3 Behavioral results. Behavioral recognition performance (a)
and reaction time (b) for words (dark), nonwords (medium), and con-
trols (light). Significant differences were marked (*p<0.001). The
standard error of mean is shown as error bar
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In addition, differences in response times were identi-
fied (Pxruskal-wanis < 0.001). While the control tone (0.7 s)
was recognized faster than words (Pyiann-whitney-u < 0-001;
2.3 s.) and nonwords (Pyiann-whitney-u < 0-001; 2.4 s), no
difference was found comparing words and nonwords
(PMann-whitney-u = 0.428; see Fig. 3b). Furthermore, word
frequency (based on a German word corpus including lit-
erature from 2000 to 2010) was correlated with recogni-
tion performance (pgpearman) = 0-002, r=0.477), but missed
a significant influence on reaction time (pgpeqrman) = 0.053,
r=—0.308).

General linear model

Decoding words and nonwords elicited stronger activa-
tions compared to the control tone in left hemispheric brain
regions, including the inferior frontal cortex (IFC; pars
opercularis), the insular cortex and precentral cortex, the
supramarginal gyrus (SMG) and superior parietal lobule,
as well as the ventral occipitotemporal cortex. In addition,
activation was found within the right frontal cortex (see
Fig. 4a). When comparing words against nonwords (lexical-
ity effect), enhanced activation of the left anterior cingulate
cortex (ACC), the angular gyrus (AG) and precuneus (PC)
were found (see Fig. 4b). Furthermore, left posterior middle
temporal and subcortical activity was increased during word
decoding. Vice versa, no enhanced activation for nonwords
was found. For further information regarding peak activa-
tions, see Tables 1 and 2.

Dynamic causal modeling
To identify common model features related to specific
hypotheses, all 12 models were compared based on their

feature families. Strong evidence was found for models that
involved modulatory input of words and nonwords on the

a: Words & Nonwords

SMG (Family 1.1, posterior probability > 0.99; where higher
values indicate the probability for the corresponding family
or model) when being compared against models that sug-
gest the IFC as input stage for words and nonwords (Fam-
ily 1.2, posterior probability < 0.01). In addition, models
involving bidirectional connections between the sublexical
system and the phonological buffer (Family 2.2, posterior
probability =0.72) were favored over models with unidirec-
tional connections (Family 2.1, posterior probability =0.28).
Furthermore, Bayesian model selection preferred models
involving additional modulation while decoding meaning-
ful words onto the connection toward the AG (Family 3.1,
posterior probability =0.80) rather than a modulation on the
connection toward the ACC (Family 3.2, posterior probabil-
ity =0.14) or PC (Family 3.3, posterior probability =0.06).
For details, see Table 3.

As expected from the family comparison, the most likely
model (posterior probability =0.66, difference in log-evi-
dence: 33.6) involved modulatory input of words and non-
words to left supramarginal activity, which connected to the
IFC in a bidirectional manner (see Fig. 5b). Furthermore,
words modulated the connectivity from IFC to AG. In this
model, most connections (except for intrinsic SMG connec-
tion, posterior probability =0.5) as well as all modulatory
inputs were significant (posterior probability > 0.95). For
details, see Fig. 5.

Discussion

In the present study, we used Morse code (MC) and fMRI
to probe the non-lexical route in reading followed by a
lexical decision. Common brain activations related to non-
lexical decoding of words and nonwords were found within
the left SMG and adjacent superior parietal lobule, as
well as the left IFC, while meaningful words additionally

b: Words vs. Nonwords

Fig.4 GLM results. Statistical parametric maps of cortical brain activation during non-lexical decoding of words and nonwords vs. a control

tone (a) as well as words against nonwords (b)
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Table 1 GLM of words and Size Lable L/R X y z z-value ROI
nonwords
2141 Insular cortex L -30 22 -7 >8 -
Inferior frontal cortex (pars opercularis) L -42 8 29 6.9 #1
Inferior frontal cortex (pars triangularis) L -42 28 17 49 -
1406 Superior parietal lobule L -22 -72 50 59 -
Superior parietal lobule L -28 -54 47 5.1 -
Supramarginal gyrus L -48 -38 47 4.6 #2
596 Insular cortex R 40 22 -7 7.5 -
Insular cortex R 32 26 2 6.4 -
Inferior frontal cortex (pars opercularis) R 48 16 5 4.2 -
470 Supplementary motor area R 2 14 53 5.6 -
Superior frontal cortex (medial) R 0 22 44 5.4 -
Anterior cingulate cortex (supracallosal) R 8 36 20 4.7 -
337 Inferior occipital cortex L -44 - 68 —-13 59 -
Inferior temporal cortex L -52 -54 —-13 5.1 -
Inferior temporal cortex L —46 —46 -16 4.6 -
155 Inferior frontal cortex (pars opercularis) R 44 10 26 4.9 -

MNI-coordinates of peak voxels and corresponding z-values of significant clusters (initial significance
level of pVoxel <0.001, FWE-corrected on cluster-level) for shared activations during words and nonwords
decoding compared to the control tone. Additionally, cluster size (in number of voxels), hemisphere (L left;
R right), and ROI number (if selected) are shown

Table 2 GLM of words versus

Size Lable L/R X y z z-value ROI
nonwords
2564 Anterior cingulate cortex (pregenual) L -4 48 14 6.1 #4
Anterior cingulate cortex (pregenual) L -2 48 5 6.1 -
Superior frontal cortex (medial) L -6 44 26 6 -
581 Angular gyrus L -42 - 66 38 4.9 #3
Angular gyrus L —48 - 62 32 4.7 -
Middle temporal cortex L - 56 - 62 23 4.1 -
429 Middle cingulate cortex L -6 —42 38 4.5 -
Precuneus L -4 - 54 14 43 #5
Middle cingulate cortex L -2 —-22 38 4.1 -
185 Olfactory cortex L - 14 6 —13 5.2 -
Ventral striatum L - 10 14 -1 4.9 -
Hippocampus L - 14 -4 — 13 4.9 -
123 Amygdala R 14 6 - 13 4.7 -
Substantia nigra (pars reticulata) R 8 -6 - 13 4.5 -
97 Middle temporal cortex L - 60 —48 -4 4.6 -
Middle temporal cortex L — 64 - 38 -4 3.6 -

MNI-coordinates of peak voxels and corresponding z-values of significant clusters (initial significance level
of pVoxel <0.001, FWE-corrected on cluster-level) for different activation during words compared to non-
words decoding. Additionally, cluster size (in number of voxels), hemisphere (L left; R right), and ROI
number (if selected) are shown

recruited the AG, ACC, and PC. We employed DCM
to further disentangle the interaction of activated brain
regions. This way, we tested various models of non-lexical
decoding and word comprehension taking into account
the DRC and CDP models for reading, attributing specific
functions to the SMG, the IFC, and the AG (see Fig. 5c¢).

The winning DCM model that explains the measured
BOLD signal best suggests modulation of SMG activity by
the word and nonword condition. The SMG interacts with
the opercular part of the IFC via bidirectional (bottom-up
and top-down) connections. Furthermore, the word condi-
tion additionally modulated the connection from the IFC
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Table3 DCM model

a: Difference in log-evidence

b: Posterior probability

comparison
SMG—IFC IFC—SMG Family3 SMG—IFC IFC—SMG Family 3
T w1 T 1 Tl T Tl
AG 320 336 20 34 8.5 0.134 0.666  <0.001 <0.001 0.800
ACC 320 293 0.0 1.1 0.0 0.134 0.009 <0.001 <0.001 0.140
PCC 29.7 309 09 3.1 2.1 0.013 0.043 <0.001 <0.001 0.060
Family 2 0.0 48 00 48 0.280 0.720  0.280 0.720
Family 1  176.9 0.0 >0.999 <0.001

Difference in log-evidence comparing individual models against the worst model (a). For model families,
log-evidences were first summed across each family before the difference was calculated compared to the
worst family. A difference in log-evidence of “0” represents the worst model or family. Posterior prob-
abilities for individual models and model families (b), where higher values indicate the probability for the

corresponding model or family

TUnidirectional connection (bottom-up)

" Bidirectional connection (bottom-up and top-down)

a: Cognitive model

b: Dynamic causal model

c: Brain model

v .08™*

Sublexical
system

Phonological
buffer

Phonological
lexicon

Input: Words & Nonwords

Semantic
system

SN TN D

Fig.5 DCM results. Cognitive model for non-lexical decoding (a)
with connectivity strengths of the most likely DCM model (b) and
resulting brain mapping (c¢; ROIs shown as circles). Connectivities
are shown within each circle (self-connectivity; A matrix), as con-
tinuous lines (static connectivity; A matrix), as dotted lines (modula-

(pars opercularis) to the AG. The AG was then connected
with both ACC and PC. Our analyses provide evidence that
the SMG, rather than the IFC, serves as an input channel to
the non-lexical decoding network, supporting the hypothesis
of left SMG involvement in sublexical letter conversions
(system) and left opercular part of the IFC involvement in
phonological working memory (buffer; Family 1.1). Infor-
mation flow, as suggested by DCM, proceeds in a bidirec-
tional manner between the SMG and IFC (Family 2.2). To
enable comprehension of meaningful words, the IFC con-
nects to the left AG (only in the word condition), suggesting
an involvement in the phonological lexicon (Family 3.1).
Finally, the AG interacts with the ACC and PC, presumably
reflecting the access to semantic memory representations.

@ Springer

tory experimental influences; C matrix), or as stitched lines (experi-
mental influences on the effective connectivity; B matrix). Significant
connections were marked (*posterior probability >0.95; **posterior
probability > 0.99)

As such, our analyses support the notion that the left SMG
and IFC (pars opercularis) host components of the non-lex-
ical decoding network, i.e., grapheme to phoneme conver-
sion and phoneme assembly, respectively. Furthermore, the
AG seems to serve as a bidirectional interface between the
non-lexical decoding network and the semantic network,
accessed when a word is identified as such.

At the behavioral level, the lack of difference in RT
between words and nonwords suggests that no lexical decod-
ing strategy was applied. At the same time, meaningless
nonwords were identified more frequently than meaningful
words. Increased recognition performance for nonwords can
be explained by potential translation errors during decoding.
The combination of the three letters learned in the current
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experiment can yield 89 German words and 1639 nonwords.
Therefore, a translation error leads to an 18.4 times higher
chance of transforming a word into a nonword (than vice
versa), explaining how differences in recognition perfor-
mance between both stimuli types might have originated.
In addition, word recognition performances were correlated
with frequencies, showing that more frequently used words
were recognized more often than less frequent words. A rela-
tionship between word frequency and decoding behavior is
often observed in reading and can be related to phonological,
lexical or semantic stimulus representations (Graves et al.
2010). However, the lack of difference in RT between words
and nonwords suggests that no accelerated lexical decoding
strategy was applied. Hence, decoding meaningful words
benefits from more robust phonological and semantic mem-
ory representations, allowing a more reliable stimulus iden-
tification (Desai et al. 2020). For a more detailed discussion
of MC decoding behavior, see Junker et al. 2020.

Decoding words and nonwords elicited brain activations
and changes in effective connectivity within and between
the SMG and IFC, brain regions typically associated with
language decoding. Studies using different stimulus types
(DeMarco et al. 2017), linguistic properties (Graves et al.
2010; Protopapas et al. 2016), or orthographies (Mei et al.
2014; Rueckl et al. 2015) provide strong evidence, that
both regions are critically involved in non-lexical decod-
ing. However, since the sublexical system and phonologi-
cal buffer are equally affected by these factors, the exact
role of the IFC and SMG during decoding remains to be
fully elucidated. Letter-selective activations have been found
within the left SMG (Joseph et al. 2003, 2006), suggesting a
specific role of the SMG in the sublexical system. Further-
more, anodal transcranial direct-current stimulation over the
left inferior parietal lobule (including the SMG) interferes
with the acquisition and maintenance of novel grapheme-
phoneme mappings, which is heavily based on the perfor-
mance of the sublexical system (Younger and Booth 2018).
Repetitive transcranial magnetic stimulation (rTMS) over
the left pars opercularis of the IFC impairs phonological
working memory (Nixon et al. 2004). By contrast, rTMS
over the pars triangularis interferes with semantic process-
ing (Whitney et al. 2011) rather than phonological working
memory (Nixon et al. 2004). This dissociation of posterior
(BA44, precentral) and anterior frontal brain regions (BA45)
involved in phonological and semantic processing, respec-
tively, is further supported by multiple studies investigating
brain function (Liakakis et al. 2011) and effective connectiv-
ity (Heim et al. 2009). During non-lexical decoding, stronger
effective connectivity toward posterior frontal regions can
be observed. Vice versa, lexical decoding of irregular words
led to enhanced effective connectivity toward anterior frontal
regions (Mechelli et al. 2005), a process that is supported
by semantics (Boukrina and Graves 2013). Although these

studies demonstrated direct connectivity from the fusiform
gyrus to the IFC, their results still support a functional seg-
regation within the IFC. Interestingly, our DCM analysis
favored models including additional top-down connec-
tions between IFC (pars opercularis) and SMG, a connec-
tion found to be positively correlated with reading skills
in healthy children that more strongly rely on non-lexical
decoding (Cao et al. 2008). This bidirectional information
flow might be enabled via the third branch of the superior
longitudinal fasciculus (Frey et al. 2008), allowing for fast
communication between the sublexical system (SMG) and
phonological buffer (opercular part of the IFC).

Furthermore, activations during word as compared to
nonword decoding were found in the left AG, ACC, and
PC, key regions of the DMN. The DMN is one of the most
robust resting-state networks that is associated with higher
cognitive functions, such as episodic and semantic memory,
prospection, and theory of mind (Spreng and Grady 2009).
During periods of rest, the regions of the DMN are function-
ally and effectively connected, with the AG serving a driving
role (Sharaev et al. 2016). In contrast, the DMN is deacti-
vated during tasks (task-negative network), presumably to
suppress internal thoughts (Barber et al. 2017) and to guide
goal-directed behavior (Daselaar et al. 2009). This deacti-
vation, however, is reduced during semantic processing of
e.g., written words, indicating an involvement of the DMN
in representing semantic rather than perceptual or phono-
logical stimulus features (Wirth et al. 2011). Accordingly,
brain regions of the DMN are more strongly engaged while
processing meaningful words compared to meaningless non-
words (Lin et al. 2016), independent of the phonology and
orthography of a language (Dehghani et al. 2017). In addi-
tion to semantics, the DMN is involved in the formation of
episodic memory (Baldassano et al. 2017). Episodic mem-
ory is enhanced by the semantic richness of an event (Craik
and Lockhart 1972) and therefore intertwined with semantic
memory (for review, see Renoult et al. 2019). Overall, the
here identified comprehension network overlaps extensively
with the DMN, a brain network that hosts semantic memory
functions required to process highly abstract features that are
independent of the sensory modality (Xu et al. 2017).

Our DCM analysis suggests a distinct role of the AG,
possibly serving as a bidirectional interface between pho-
nological working memory (IFC) and the semantic system
(as accessed through the phonological lexicon). Activa-
tions within the AG seem to be driven by both phonological
and semantic features (Kim 2016). Interestingly, Barbeau
et al. (2017) found a correlation between AG activation
and reading speed of a newly acquired language suggesting
that enhanced phonological representations facilitate word
recognition during non-lexical decoding. At the same time,
the left AG represents one of the most reliably activated
brain regions in imaging studies on the neural correlates of
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the semantic system (Binder et al. 2009), and some authors
have even suggested functional subdivisions of the AG
involved in searching (dorsal) and mapping (medial/ven-
tral) of semantic representations (Seghier et al. 2010). The
parallel processing of phonological and semantic features
within the AG is further supported by Taylor et al. (2013),
suggesting an involvement in the phonological lexicon as
well as the semantic system. In this way, the left AG might
link assembled phonology to prior knowledge via phono-
logical representations, making it important for reading
acquisition, especially in the early phase when non-lexical
decoding is still the leading strategy. As orthographic experi-
ence increases over time, processing shifts from non-lexical
toward lexical decoding, allowing a direct mapping of word
orthography onto semantic representations, bypassing pho-
nology. This reduction in non-lexical decoding goes along
with reduced activity of the AG (Seghier 2013), although the
AG maintains a driving role at least during periods of rest
(Sharaev et al. 2016). However, how exactly orthographic
and semantic representations interact during lexical decod-
ing remains to be fully elucidated.

Although the effects found here are consistent with lit-
erature examining language decoding and word comprehen-
sion, the results represent only part of the story. First, the
models used here include only those aspects that are spe-
cific to language decoding. Other aspects, such as attention,
cognitive control, and error monitoring are not part of the
model but are important for decoding as well. Accordingly,
brain activities that are not specific to language decoding
are also to be expected. Second, we identified additional
brain regions involved in MC decoding (insular and ven-
tral occipitotemporal cortex) and comprehension (posterior
middle temporal cortex). Although the involvement of the
insular cortex in various linguistic processes was found
(Borowsky et al. 2006), it is still under debate whether the
insular cortex plays a crucial role in decoding since patients
with insula lesions usually recover from initial reading defi-
cits quickly (within weeks or months) (Uddin et al. 2017).
Furthermore, although the ventral occipitotemporal cortex
is associated with the ventral visual stream and visual lan-
guage decoding (e.g., Lerma-Usabiaga et al. 2018; Taylor
et al. 2019), studies in blind persons show recruitment of the
ventral occipitotemporal cortex also while decoding tactile
Braille (Dziggiel-Fivet et al. 2021). In addition, we identified
stronger engagement of the posterior middle temporal cortex
(MTC) while decoding words compared to nonwords, but
did not include this region in our DCM analysis. The MTC
represents one core region of the semantic system (Binder
et al. 2009), which is involved in the processing of spoken
and written language (Rueckl et al. 2015), as well as in the
processing of gestures (Papeo et al. 2019). In general, the
MTC can be divided into anterior and posterior subregions,
involved in semantic representation and control, respectively
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(Jackson 2021). Disruption of left posterior MTC activity
leads to an impairment of demanding semantic associations
(e.g., salt—grain), but not of automatic semantic associa-
tions (salt-pepper) or non-semantic controls (Whitney et al.
2011). Thus, the left posterior MTC (as identified here) plays
a crucial role in semantic control, but may not be central
to semantic representation. Therefore, none of these brain
regions were included in the DCM analysis to keep the anal-
ysis comparable to the cognitive model for language decod-
ing. Third, we interpreted the effects observed here only
with regard to the cognitive model of reading. For instance,
the AG is also involved in a variety of tasks that involves
the processing and manipulation of concepts, including the
semantic processing of words (Rueckl et al. 2015) and sen-
tences (Ettinger-Veenstra et al. 2016). Hence, the AG resem-
bles a heteromodal hub involved in integrating semantics
across various sensory modalities (for review, see Seghier
2013), rather than just an interface between the non-lexi-
cal reading network and the semantic system. In addition,
besides evidence for semantic processes (Kozlovskiy et al.
2012; Zhao et al. 2017), the ACC is often associated with
domain-general processes such as cognitive control (Blanco-
Elorrieta and Pylkkédnen 2016), where stronger activations
can be observed during demanding conditions (Aben et al.
2020). Increased cognitive control is also necessary when
processing meaningful words, as these require more elabo-
rate and demanding processing compared to meaningless
nonwords due to their additional phonological and semantic
representations. However, the study design did not allow
us to distinguish semantic processes from domain-general
processes such as demanding cognitive control.

Limitations

Some limitations regarding the decoding behavior and
stimulus material must be mentioned. Overall, our sam-
ple revealed a large variance in recognition performance,
especially for words. While some subjects learned the
Morse code very well (high-performers, word perfor-
mance > 55%), the learning success of others is question-
able (low-performers, word performance < 55%). When
comparing high- and low-performers, however, no differ-
ences in eigenvariates while decoding words can be found,
neither in the IFC (p> 1), SMG (p> 1), AG (p=0.254),
PC (p>1) nor ACC (p>1; see Supplementary Fig. 1).
Therefore, we decided to analyze all subjects together,
regardless of their word performance in the lexical-deci-
sion task. However, future studies should establish an
additional learning criterion after the completion of all
audiobook lessons, which must be achieved by the sub-
jects to be included in the final study population. In this
way, further effects could be observed, which might have
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been missed here due to the heterogeneous population. In
addition, future studies might use a more homogeneous set
of words in which, for example, words with low frequen-
cies are avoided. This selection would also have a positive
influence on the performance in the lexical-decision task,
since especially low frequency words were identified less
often by the subjects. However, since we aimed to mini-
mize the amount of content to be learned (only 12 different
letters) as well as the involvement of working memory
while decoding (only stimuli consisting of 3 letters), we
had to rely on a heterogeneous stimulus set here. Further-
more, the nonwords used here contained 10 unpronounce-
able nonwords and 30 pronounceable pseudowords. Since
unpronounceable nonwords could already be identified
earlier due to their usage of illegal GPC, complete non-
lexical processing cannot be guaranteed for those stimuli.
However, the influence on the results is to be considered
small, as no faster processing speed was found for real
nonwords (2.5 s) compared to regular pseudowords (2.3 s;

pMann—Whitney_U = 0082)

Conclusion

In this study, DCM was used to map conceptually adapted
computational models for reading (DRC, CDP) onto brain
regions showing robust activations during non-lexical
decoding and word comprehension of MC. We considered
interactions between five different brain regions and sug-
gested an involvement in the serial letter conversion (SMG),
phonological working memory (opercular part of the IFC)
as well as in representing phonological (AG) and semantic
features of known words (AG, ACC, PC). Overall, the AG
seems to play a specific role, as it enables the interaction
between the non-lexical decoding network (SMG, IFC) and
the semantic memory system. As such, the AG is likely to
host phonological and semantic representations and to serve
as a bidirectional interface between the external (task-posi-
tive network) and the internal world (task-negative network).

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00429-023-02624-z.

Author contributions FJ was involved in data collection, data analy-
ses and drafted the manuscript. LS was involved in the setup of the
paradigm and data collection. JL was involved in the imaging analy-
ses. TSW developed the study concept, was involved in the imaging
analyses and manuscript writing. All authors reviewed the manuscript.

Funding Open Access funding enabled and organized by Projekt
DEAL. This work was supported by the Deutsche Forschungsgemein-
schaft (Grant number 122679504; SFB 874—AS8 to Tobias Schmidt-
Wilcke). We thank PHILIPS Germany for continuous scientific support.

Data availability The data that support the findings of this study are
available from the corresponding author upon reasonable request.

Declarations

Conflict of interest The authors have no relevant financial or non-fi-
nancial interests to disclose.

Ethical approval This study was performed in line with the princi-
ples of the Declaration of Helsinki. Approval was granted by the Eth-
ics Committee of the Faculty of Psychology at Ruhr-University in
Bochum, Germany (Date 11.04.2013/No 061).

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Aben B, Buc Calderon C, van den Bussche E, Verguts T (2020)
Cognitive effort modulates connectivity between dorsal ante-
rior cingulate cortex and task-relevant cortical areas. J Neurosci
40(19):3838-3848. https://doi.org/10.1523/INEUROSCI.2948-
19.2020

Baldassano C, Chen J, Zadbood A, Pillow JW, Hasson U, Norman
KA (2017) Discovering event structure in continuous narrative
perception and memory. Neuron 95(3):709-721.e5. https://doi.org/
10.1016/j.neuron.2017.06.041

Balota DA (1983) Automatic semantic activation and episodic memory
encoding. J Verbal Learn Verbal Behav 22(1):88—104. https://doi.
org/10.1016/S0022-5371(83)80008-5

Barbeau EB, Chai XJ, Chen JK, Soles J, Berken J, Baum S et al (2017)
The role of the left inferior parietal lobule in second language
learning. An intensive language training fMRI study. Neuropsy-
chologia 98:169-176. https://doi.org/10.1016/j.neuropsychologia.
2016.10.003

Barber AD, Caffo BS, Pekar JJ, Mostofsky SH (2017) Decoupling of
reaction time-related default mode network activity with cognitive
demand. Brain Imaging Behav 11(3):666-676. https://doi.org/10.
1007/s11682-016-9543-4

Barton JJS, Hanif HM, Eklinder BL, Hills C (2014) The word-length
effect in reading: a review. Cogn Neuropsychol 31(5-6):378—412.
https://doi.org/10.1080/02643294.2014.895314

Bergmann J, Wimmer H (2008) A dual-route perspective on poor read-
ing in a regular orthography: evidence from phonological and
orthographic lexical decisions. Cogn Neuropsychol 25(5):653—
676. https://doi.org/10.1080/02643290802221404

Binder JR, Desai RH, Graves WW, Conant LL (2009) Where is the
semantic system? A critical review and meta-analysis of 120 func-
tional neuroimaging studies. Cereb Cortex 19(12):2767-2796.
https://doi.org/10.1093/cercor/bhp055

Blanco-Elorrieta E, Pylkkidnen L (2016) Bilingual language control
in perception versus action: meg reveals comprehension control
mechanisms in anterior cingulate cortex and domain-general

@ Springer


https://doi.org/10.1007/s00429-023-02624-z
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1523/JNEUROSCI.2948-19.2020
https://doi.org/10.1523/JNEUROSCI.2948-19.2020
https://doi.org/10.1016/j.neuron.2017.06.041
https://doi.org/10.1016/j.neuron.2017.06.041
https://doi.org/10.1016/S0022-5371(83)80008-5
https://doi.org/10.1016/S0022-5371(83)80008-5
https://doi.org/10.1016/j.neuropsychologia.2016.10.003
https://doi.org/10.1016/j.neuropsychologia.2016.10.003
https://doi.org/10.1007/s11682-016-9543-4
https://doi.org/10.1007/s11682-016-9543-4
https://doi.org/10.1080/02643294.2014.895314
https://doi.org/10.1080/02643290802221404
https://doi.org/10.1093/cercor/bhp055

574

Brain Structure and Function (2024) 229:561-575

control of production in dorsolateral prefrontal cortex. J Neuro-
sci 36(2):290-301. https://doi.org/10.1523/INEUROSCI.2597-15.
2016

Borowsky R, Cummine J, Owen WJ, Friesen CK, Shih F, Sarty GE
(2006) FMRI of ventral and dorsal processing streams in basic
reading processes: insular sensitivity to phonology. Brain Topogr
18(4):233-239. https://doi.org/10.1007/s10548-006-0001-2

Boukrina O, Graves WW (2013) Neural networks underlying contribu-
tions from semantics in reading aloud. Front Hum Neurosci 7:518.
https://doi.org/10.3389/fnhum.2013.00518

Cao F, Bitan T, Booth JR (2008) Effective brain connectivity in chil-
dren with reading difficulties during phonological processing.
Brain Lang 107(2):91-101. https://doi.org/10.1016/j.bandl.2007.
12.009

Coltheart M, Rastle K, Perry C, Langdon R, Ziegler J (2001) DRC:
a dual route cascaded model of visual word recognition and
reading aloud. Psychol Rev 108(1):204-256. https://doi.org/10.
1037/0033-295x.108.1.204

Craik FIM, Lockhart RS (1972) Levels of processing: a framework
for memory research. J Verbal Learn Verbal Behav 11(6):671-
684. https://doi.org/10.1016/S0022-5371(72)80001-X

Darnell JC, Dobbs-Allsopp FW, Lundberg MJ, McCarter PK, Zuck-
erman B, Manassa C (2005) Two early alphabetic inscriptions
from the Wadi el-Hol: New evidence for the origin of the alpha-
bet from the western desert of Egypt. Annu Am Sch Orient Res
59:63-124

Daselaar SM, Prince SE, Dennis NA, Hayes SM, Kim H, Cabeza R
(2009) Posterior midline and ventral parietal activity is associated
with retrieval success and encoding failure. Front Hum Neurosci
3:13. https://doi.org/10.3389/neuro.09.013.2009

Dehaene S, Pegado F, Braga LW, Ventura P, Nunes Filho G, Jobert A
et al (2010) How learning to read changes the cortical networks
for vision and language. Science 330(6009):1359-1364. https://
doi.org/10.1126/science.1194140

Dehaene S, Cohen L, Morais J, Kolinsky R (2015) Illiterate to literate:
behavioural and cerebral changes induced by reading acquisition.
In: nature reviews. Neuroscience 16(4):234-244. https://doi.org/
10.1038/nrn3924

Dehghani M, Boghrati R, Man K, Hoover J, Gimbel SI, Vaswani A
et al (2017) Decoding the neural representation of story meanings
across languages. Hum Brain Mapp 38(12):6096-6106. https://
doi.org/10.1002/hbm.23814

DeMarco AT, Wilson SM, Rising K, Rapcsak SZ, Beeson PM (2017)
Neural substrates of sublexical processing for spelling. Brain Lang
164:118-128. https://doi.org/10.1016/j.band].2016.10.001

Desai RH, Choi W, Henderson JM (2020) Word frequency effects in
naturalistic reading. Lang Cogn Neurosci 35(5):583-594. https://
doi.org/10.1080/23273798.2018.1527376

Dziggiel-Fivet G, Plewko J, Szczerbifiski M, Marchewka A, Szwed
M, Jednorég K (2021) Neural network for Braille reading and the
speech-reading convergence in the blind: similarities and differ-
ences to visual reading. Neurolmage 231:117851. https://doi.org/
10.1016/j.neuroimage.2021.117851

Frey S, Campbell JSW, Pike GB, Petrides M (2008) Dissociating the
human language pathways with high angular resolution diffusion
fiber tractography. J Neurosci 28(45):11435-11444. https://doi.
org/10.1523/INEUROSCI.2388-08.2008

Friston K (2009) Causal modelling and brain connectivity in functional
magnetic resonance imaging. PLoS Biol 7(2):e1000033. https://
doi.org/10.1371/journal.pbio.1000033.g001

Friston K, Moran R, Seth AK (2013) Analysing connectivity with
Granger causality and dynamic causal modelling. Curr Opin Neu-
robiol 23(2):172-178. https://doi.org/10.1016/j.conb.2012.11.010

Graves WW, Desai R, Humphries C, Seidenberg MS, Binder JR (2010)
Neural systems for reading aloud: a multiparametric approach.

@ Springer

Cereb Cortex 20(8):1799-1815. https://doi.org/10.1093/cercor/
bhp245

Heim S, Eickhoff SB, Ischebeck AK, Friederici AD, Stephan KE,
Amunts K (2009) Effective connectivity of the left BA 44, BA
45, and inferior temporal gyrus during lexical and phonological
decisions identified with DCM. Hum Brain Mapp 30(2):392-402.
https://doi.org/10.1002/hbm.20512

Jackson RL (2021) The neural correlates of semantic control revisited.
Neurolmage 224:117444. https://doi.org/10.1016/j.neuroimage.
2020.117444

Joseph JE, Gathers AD, Piper GA (2003) Shared and dissociated cor-
tical regions for object and letter processing. Cogn Brain Res
17(1):56-67. https://doi.org/10.1016/S0926-6410(03)00080-6

Joseph JE, Cerullo MA, Farley AB, Steinmetz NA, Mier CR (2006)
fMRI correlates of cortical specialization and generalization for
letter processing. Neuroimage 32(2):806—820. https://doi.org/10.
1016/j.neuroimage.2006.04.175

Junker FB, Schlaffke L, Bellebaum C, Ghio M, Briihl S, Axmacher N,
Schmidt-Wilcke T (2020) Transition from sublexical to lexico-
semantic stimulus processing. Front Syst Neurosci. https://doi.
org/10.3389/fnsys.2020.522384

Junker FB, Schlaffke L, Axmacher N, Schmidt-Wilcke T (2021) Impact
of multisensory learning on perceptual and lexical processing of
unisensory Morse code. Brain Res. https://doi.org/10.1016/j.brain
res.2020.147259

Kim H (2016) Default network activation during episodic and seman-
tic memory retrieval: a selective meta-analytic comparison. Neu-
ropsychologia 80:35-46. https://doi.org/10.1016/j.neuropsych
ologia.2015.11.006

Kozlovskiy SA, Vartanov AV, Pyasik MM, Velichkovsky BM (2012)
The cingulate cortex and human memory process. Psych Rus.
https://doi.org/10.11621/pir.2012.0014

Lerma-Usabiaga G, Carreiras M, Paz-Alonso PM (2018) Converging
evidence for functional and structural segregation within the left
ventral occipitotemporal cortex in reading. PNAS 115(42):9981—
9990. https://doi.org/10.1073/pnas.1803003115

Levy J, Pernet C, Treserras S, Boulanouar K, Aubry F, Démonet JF,
Celsis P (2009) Testing for the dual-route cascade reading model
in the brain fMRI effective connectivity account of an efficient
reading style. PloS One 4(8):e6675. https://doi.org/10.1371/journ
al.pone.0006675

Liakakis G, Nickel J, Seitz RJ (2011) Diversity of the inferior frontal
gyrus—a meta-analysis of neuroimaging studies. Behav Brain Res
225(1):341-347. https://doi.org/10.1016/j.bbr.2011.06.022

Lin N, Yu X, Zhao Y, Zhang M (2016) Functional anatomy of recogni-
tion of chinese multi-character words: convergent evidence from
effects of transposable nonwords, lexicality, and word frequency.
PloS One 11(2):e0149583. https://doi.org/10.1371/journal.pone.
0149583

Mechelli A, Crinion JT, Long S, Friston KJ, Lambon R, Matthew A,
Patterson K et al (2005) Dissociating reading processes on the
basis of neuronal interactions. J Cogn Neurosci 17(11):1753—
1765. https://doi.org/10.1162/089892905774589190

Mei L, Xue G, Lu ZL, He Q, Zhang M, Wei M et al (2014) Arti-
ficial language training reveals the neural substrates underlying
addressed and assembled phonologies. PloS One 9(3):e93548.
https://doi.org/10.1371/journal.pone.0093548

Nixon P, Lazarova J, Hodinott-Hill I, Gough P, Passingham R (2004)
The inferior frontal gyrus and phonological processing: an inves-
tigation using rTMS. J Cogn Neurosci 16(2):289-300. https://doi.
org/10.1162/089892904322984571

Oldfield RC (1971) The assessment and analysis of handedness: the
Edinburgh inventory. Neuropsychologia 9(1):97-113. https://doi.
org/10.1016/0028-3932(71)90067-4

Papeo L, Agostini B, Lingnau A (2019) The large-scale organization
of gestures and words in the middle temporal gyrus. J Neurosci


https://doi.org/10.1523/JNEUROSCI.2597-15.2016
https://doi.org/10.1523/JNEUROSCI.2597-15.2016
https://doi.org/10.1007/s10548-006-0001-2
https://doi.org/10.3389/fnhum.2013.00518
https://doi.org/10.1016/j.bandl.2007.12.009
https://doi.org/10.1016/j.bandl.2007.12.009
https://doi.org/10.1037/0033-295x.108.1.204
https://doi.org/10.1037/0033-295x.108.1.204
https://doi.org/10.1016/S0022-5371(72)80001-X
https://doi.org/10.3389/neuro.09.013.2009
https://doi.org/10.1126/science.1194140
https://doi.org/10.1126/science.1194140
https://doi.org/10.1038/nrn3924
https://doi.org/10.1038/nrn3924
https://doi.org/10.1002/hbm.23814
https://doi.org/10.1002/hbm.23814
https://doi.org/10.1016/j.bandl.2016.10.001
https://doi.org/10.1080/23273798.2018.1527376
https://doi.org/10.1080/23273798.2018.1527376
https://doi.org/10.1016/j.neuroimage.2021.117851
https://doi.org/10.1016/j.neuroimage.2021.117851
https://doi.org/10.1523/JNEUROSCI.2388-08.2008
https://doi.org/10.1523/JNEUROSCI.2388-08.2008
https://doi.org/10.1371/journal.pbio.1000033.g001
https://doi.org/10.1371/journal.pbio.1000033.g001
https://doi.org/10.1016/j.conb.2012.11.010
https://doi.org/10.1093/cercor/bhp245
https://doi.org/10.1093/cercor/bhp245
https://doi.org/10.1002/hbm.20512
https://doi.org/10.1016/j.neuroimage.2020.117444
https://doi.org/10.1016/j.neuroimage.2020.117444
https://doi.org/10.1016/S0926-6410(03)00080-6
https://doi.org/10.1016/j.neuroimage.2006.04.175
https://doi.org/10.1016/j.neuroimage.2006.04.175
https://doi.org/10.3389/fnsys.2020.522384
https://doi.org/10.3389/fnsys.2020.522384
https://doi.org/10.1016/j.brainres.2020.147259
https://doi.org/10.1016/j.brainres.2020.147259
https://doi.org/10.1016/j.neuropsychologia.2015.11.006
https://doi.org/10.1016/j.neuropsychologia.2015.11.006
https://doi.org/10.11621/pir.2012.0014
https://doi.org/10.1073/pnas.1803003115
https://doi.org/10.1371/journal.pone.0006675
https://doi.org/10.1371/journal.pone.0006675
https://doi.org/10.1016/j.bbr.2011.06.022
https://doi.org/10.1371/journal.pone.0149583
https://doi.org/10.1371/journal.pone.0149583
https://doi.org/10.1162/089892905774589190
https://doi.org/10.1371/journal.pone.0093548
https://doi.org/10.1162/089892904322984571
https://doi.org/10.1162/089892904322984571
https://doi.org/10.1016/0028-3932(71)90067-4
https://doi.org/10.1016/0028-3932(71)90067-4

Brain Structure and Function (2024) 229:561-575

575

39(30):5966-5974. https://doi.org/10.1523/JNEUROSCI.2668-
18.2019

Perry C, Ziegler JC, Zorzi M (2007) Nested incremental modeling in
the development of computational theories: the CDP+ model of
reading aloud. Psychol Rev 114(2):273-315. https://doi.org/10.
1037/0033-295X.114.2.273

Pexman PM, Hargreaves IS, Siakaluk PD, Bodner GE, Pope J (2008)
There are many ways to be rich: effects of three measures of
semantic richness on visual word recognition. Psychon Bull Rev
15(1):161-167. https://doi.org/10.3758/pbr.15.1.161

Protopapas A, Orfanidou E, Taylor JSH, Karavasilis E, Kapnoula EC,
Panagiotaropoulou G et al (2016) Evaluating cognitive models of
visual word recognition using fMRI: effects of lexical and sublexi-
cal variables. Neuroimage 128:328-341. https://doi.org/10.1016/].
neuroimage.2016.01.013

Rapcsak SZ, Henry ML, Teague SL, Carnahan SD, Beeson PM (2007)
Do dual-route models accurately predict reading and spelling
performance in individuals with acquired alexia and agraphia?
Neuropsychologia 45(11):2519-2524. https://doi.org/10.1016/].
neuropsychologia.2007.03.019

Renoult L, Irish M, Moscovitch M, Rugg MD (2019) From knowing
to remembering: the semantic-episodic distinction. Trends Cogn
Sci 23(12):1041-1057. https://doi.org/10.1016/j.tics.2019.09.008

Richter D, Griin R, Joannes-Boyau R, Steele TE, Amani F, Rué M
et al (2017) The age of the hominin fossils from Jebel Irhoud,
Morocco, and the origins of the Middle Stone Age. Nature
546(7657):293-296. https://doi.org/10.1038/nature22335

Ripamonti E, Luzzatti C, Zoccolotti P, Traficante D (2018) Word and
pseudoword superiority effects: evidence from a shallow orthog-
raphy language. Q J Exp Psychol 71(9):1911-1920. https://doi.
org/10.1080/17470218.2017.1363791

Rueckl JG, Paz-Alonso PM, Molfese PJ, Kuo WJ, Bick A, Frost SJ et al
(2015) Universal brain signature of proficient reading: Evidence
from four contrasting languages. PNAS 112(50):15510-15515.
https://doi.org/10.1073/pnas.1509321112

Schlaffke L, Ruther NN, Heba S, Haag LM, Schultz T, Rosengarth
K, Tegenthoff M, Bellebaum C, Schmidt-Wilcke T (2015) From
perceptual to lexico-semantic analysis—cortical plasticity enabling
new levels of processing. Hum Brain Mapp 36(11):4512-4528.
https://doi.org/10.1002/hbm.22939

Seghier ML (2013) The angular gyrus: multiple functions and multiple
subdivisions. Neuroscientist 19(1):43-61. https://doi.org/10.1177/
1073858412440596

Seghier ML, Fagan E, Price CJ (2010) Functional subdivisions in the
left angular gyrus where the semantic system meets and diverges
from the default network. J Neurosci 30(50):16809-16817. https://
doi.org/10.1523/JNEUROSCI.3377-10.2010

Seidenberg MS (2012) Computational models of reading: Connec-
tionist and dual-route approaches. The Cambridge handbook of
psycholinguistics. Cambridge University Press, Cambridge, pp
186-203. https://doi.org/10.1017/CB0O9781139029377.013

Sharaev MG, Zavyalova VV, Ushakov VL, Kartashov SI, Velichko-
vsky BM (2016) Effective connectivity within the default mode
network: dynamic causal modeling of resting-state fMRI data.
Front Hum Neurosci. https://doi.org/10.3389/fnhum.2016.00014

Spreng NR, Grady CL (2009) Patterns of brain activity supporting
autobiographical memory, prospection, and theory of mind, and
their relationship to the default mode network. J] Cogn Neurosci
22(6):1112-1123. https://doi.org/10.1162/jocn.2009.21282

Stephan KE, Friston KJ (2010) Analyzing effective connectivity with
functional magnetic resonance imaging. Cogn Sci 1(3):446-459.
https://doi.org/10.1002/wcs.58

Taylor JSH, Rastle K, Davis MH (2013) Can cognitive models explain
brain activation during word and pseudoword reading? A meta-
analysis of 36 neuroimaging studies. Psychol Bull 139(4):766—
791. https://doi.org/10.1037/a0030266

Taylor JSH, Davis MH, Rastle K (2019) Mapping visual symbols
onto spoken language along the ventral visual stream. PNAS
116(36):17723-17728. https://doi.org/10.1073/pnas. 1818575116

Tomasino B, Tus T, Skrap M, Luzzatti C (2020) Phonological and sur-
face dyslexia in individuals with brain tumors: Performance pre-,
intra-, immediately post-surgery and at follow-up. Hum Brain
Mapp 41(17):5015-5031. https://doi.org/10.1002/hbm.25176

Tooby J, Cosmides L (2000) Toward mapping the evolved functional
organization of mind and brain. In: Gazzaniga MS (ed) The new
cognitive neurosciences, 2nd edn. MIT Press, Cambridge, MA,
pp 1167-1178

Uddin LQ, Nomi JS, Hébert-Seropian B, Ghaziri J, Boucher O (2017)
Structure and function of the human insula. J Clin Neurophysiol
34(4):300-306. https://doi.org/10.1097/WNP.0000000000000377

van Ettinger-Veenstra H, McAllister A, Lundberg P, Karlsson T, Eng-
strtom M (2016) Higher language ability is related to angular gyrus
activation increase during semantic processing, independent of
sentence incongruency. Front Hum Neurosci. https://doi.org/10.
3389/fnhum.2016.00110

Whitney C, Kirk M, O’Sullivan J, Lambon RMA, Jefteries E (2011)
The neural organization of semantic control: TMS evidence for
a distributed network in left inferior frontal and posterior middle
temporal gyrus. Cereb Cortex 21(5):1066—1075. https://doi.org/
10.1093/cercor/bhq180

Wirth M, Jann K, Dierks T, Federspiel A, Wiest R, Horn H (2011)
Semantic memory involvement in the default mode network: a
functional neuroimaging study using independent component
analysis. Neuroimage 54(4):3057-3066. https://doi.org/10.1016/].
neuroimage.2010.10.039

XuY,HeY,BiY (2017) A tri-network model of human semantic pro-
cessing. Front Psychol. https://doi.org/10.3389/fpsyg.2017.01538

Yap MJ, Sibley DE, Balota DA, Ratcliff R, Rueckl J (2015) Responding
to nonwords in the lexical decision task. Insights from the English
Lexicon Project. J Exp Psychol Learn Mem Cogn 41(3):597-613.
https://doi.org/10.1037/xIm0000064

Younger JW, Booth JR (2018) Parietotemporal stimulation affects
acquisition of novel grapheme-phoneme mappings in adult read-
ers. Front Hum Neurosci. https://doi.org/10.3389/fnhum.2018.
00109

Zhao Y, Song L, Ding J, Lin N, Wang Q, Du X et al (2017) Left
anterior temporal lobe and bilateral anterior cingulate cortex are
semantic hub regions: evidence from behavior-nodal degree map-
ping in brain-damaged patients. J Neurosci 37(1):141-151. https://
doi.org/10.1523/JNEUROSCI.1946-16.2016

Ziegler JC, Castel C, Pech-Georgel C, George F, Alario FX, Perry C
(2008) Developmental dyslexia and the dual route model of read-
ing: simulating individual differences and subtypes. Cognition
107(1):151-178. https://doi.org/10.1016/j.cognition.2007.09.004

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1523/JNEUROSCI.2668-18.2019
https://doi.org/10.1523/JNEUROSCI.2668-18.2019
https://doi.org/10.1037/0033-295X.114.2.273
https://doi.org/10.1037/0033-295X.114.2.273
https://doi.org/10.3758/pbr.15.1.161
https://doi.org/10.1016/j.neuroimage.2016.01.013
https://doi.org/10.1016/j.neuroimage.2016.01.013
https://doi.org/10.1016/j.neuropsychologia.2007.03.019
https://doi.org/10.1016/j.neuropsychologia.2007.03.019
https://doi.org/10.1016/j.tics.2019.09.008
https://doi.org/10.1038/nature22335
https://doi.org/10.1080/17470218.2017.1363791
https://doi.org/10.1080/17470218.2017.1363791
https://doi.org/10.1073/pnas.1509321112
https://doi.org/10.1002/hbm.22939
https://doi.org/10.1177/1073858412440596
https://doi.org/10.1177/1073858412440596
https://doi.org/10.1523/JNEUROSCI.3377-10.2010
https://doi.org/10.1523/JNEUROSCI.3377-10.2010
https://doi.org/10.1017/CBO9781139029377.013
https://doi.org/10.3389/fnhum.2016.00014
https://doi.org/10.1162/jocn.2009.21282
https://doi.org/10.1002/wcs.58
https://doi.org/10.1037/a0030266
https://doi.org/10.1073/pnas.1818575116
https://doi.org/10.1002/hbm.25176
https://doi.org/10.1097/WNP.0000000000000377
https://doi.org/10.3389/fnhum.2016.00110
https://doi.org/10.3389/fnhum.2016.00110
https://doi.org/10.1093/cercor/bhq180
https://doi.org/10.1093/cercor/bhq180
https://doi.org/10.1016/j.neuroimage.2010.10.039
https://doi.org/10.1016/j.neuroimage.2010.10.039
https://doi.org/10.3389/fpsyg.2017.01538
https://doi.org/10.1037/xlm0000064
https://doi.org/10.3389/fnhum.2018.00109
https://doi.org/10.3389/fnhum.2018.00109
https://doi.org/10.1523/JNEUROSCI.1946-16.2016
https://doi.org/10.1523/JNEUROSCI.1946-16.2016
https://doi.org/10.1016/j.cognition.2007.09.004

	The angular gyrus serves as an interface between the non-lexical reading network and the semantic system: evidence from dynamic causal modeling
	Abstract
	Introduction
	Material and methods
	Subjects
	Training
	Task
	Stimuli
	Lexical-decision task
	Behavior

	Magnetic resonance imaging
	Acquisition
	Preprocessing
	General linear model
	Dynamic causal modeling


	Results
	Behavior
	General linear model
	Dynamic causal modeling

	Discussion
	Limitations
	Conclusion
	References




