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Abstract

Developmental dyslexia (DD) is a common neurodevelopmental disorder, whose causes lie in genetic and neurobiological
underpinnings. DCDC?2 is one of the most replicated candidate genes underlying the etiology of reading (dis)abilities and
has been associated with neural migration patterns. Although a deletion within intron 2 of the DCDC2, encompassing
the entire READI (hereafter READI1d), has been reported to be linked to structural and functional brain alterations, its
impact on white matter connectivity was not fully explored. In this study, we investigated how the READ1d influences
white matter network organization and its relationship with reading ability. Seventy-four children (47 M/27 F, age in
months: 161+22) with/without a diagnosis of DD and with/without READ1d underwent diffusion MRI, from which
graph-theoretical analysis was performed. Statistical analyses tested the effects of READ1d, reading proficiency, and their
interaction, with age, sex, IQ, and attention scores included as covariates. Regardless of reading performance, subjects
with READ1d showed nominally significant lower global efficiency, local efficiency, and clustering coefficient compared
to subjects without READ1d, with consistent effect directions across metrics; the nodal analysis revealed a significant
effect of READI1d on a network spanning lateral, occipital and frontal cortex. Reading performance was associated with
a network in the left occipital-temporal cortex at the level of nodal degree and a scattered bilateral network for local
efficiency. These findings are consistent with an association between READI1d carrier status and subtle but widespread
differences in network integration and nodal connectivity, observed regardless of reading performance, and offer a frame-
work for future multimodal investigations into the genetic architecture of reading disorders.
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Abbreviations

DD Developmental dyslexia
DK Desikan killiany

GE Global efficiency

LE Local efficiency

CC Clustering coefficient
SW Small-worldness

ND Nodal degree

NE Nodal local efficiency
BC Betweenness centrality

SPC  Statistical parametric connectome
GLM  General linear model
Introduction

Developmental dyslexia (DD) is one of the most com-
mon heritable neurodevelopmental disorders in school-
aged children (~7%-15%, Peterson and Pennington 2015)
characterized by reading difficulties that are not caused by
intellectual disability, limited access to education, sensory
or neurological impairments (Lyon et al. 2003). Over the
past decades neuroimaging studies have tried to elucidate
the neural underpinnings of DD, from both functional and
structural perspective (Galaburda 1993; Mascheretti et al.
2017; Landi and Perdue 2019). In particular, diffusion-
weighted magnetic resonance imaging (dMRI) studies have
repeatedly highlighted the role of white matter (WM) integ-
rity and structural connectivity in DD (Beaulieu et al. 2005;
Boets et al. 2013; Deutsch et al. 2005; Rimrodt et al. 2010;
Vandermosten et al. 2012; Lou et al. 2019; Zhao et al. 2024).
By sampling water molecules diffusion along multiple
gradient directions, dMRI allows to model their local dis-
placement within each voxel, providing indirect but sensi-
tive markers of WM organization (Jelescu and Budde 2017).
Diffusion tensor imaging (DTI) has historically been the
preferential choice for quantifying WM integrity by pro-
viding metrics assessing the average rate (mean diffusivity,
MD) and orientation coherence (fractional anisotropy, FA)
of diffusion (Basser et al. 1994). Following this approach,
lower FA has been reported in long association tracts such
as the arcuate fasciculus (AF), inferior fronto-occipital fas-
ciculus (IFOF), inferior longitudinal fasciculus (ILF), and
across the corpus callosum (CC) with subjects with DD
(Vandermosten et al. 2012; Mascheretti et al. 2017; Landi
and Perdue 2019). Although powerful for testing hypoth-
eses about specific, predefined tracts, this approach requires
the a priori selection of tracts of interest and, while it can
characterize local microstructural properties, it cannot cap-
ture network-level organization (Farahani et al. 2019).
Besides voxel-wise metrics, the diffusion profile within
each voxel allows to infer the orientation of WM fibers and
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to get an estimate of their 3D pathways (Behrens et al. 2007;
Maier-Hein et al. 2017; Tournier et al. 2019). These recon-
structions, or tractograms, can provide a model representing
the global fiber architecture of the brain by defining quan-
titative information on the structural connections between
brain regions through structural connectivity matrices (i.e.,
connectomes; Skoch et al. 2022). Graph-theoretical analysis
of the connectomes quantifies network integration and seg-
regation beyond single-tract measures. Unlike voxel-wise
or tract-specific DTI approaches, graph-theoretical analysis
captures emergent topological properties of the entire struc-
tural connectome, such as global integration and network
organisation, that cannot be reduced to local microstructural
measures. This could make it particularly appropriate for
investigating the network-level consequences of genetic
variants that affect brain development. Using this approach,
Lou and colleagues (2019) identified decreased streamlines
within a network connecting the left-occipital-temporal cor-
tex and temporo-parietal cortex in children with DD. The
authors speculated that the group differences between chil-
dren with DD and typical readers (TRs) found in the local
temporo-parietal network may have genetic basis (Lou et
al. 2019). However, the extent to which genetic risk modu-
lates whole-brain structural topology in DD remains largely
unexplored.

DD is a highly heritable complex trait, with heritability
estimates ranging from 0.18 to 0.72 (Andreola et al. 2021).
Although they have not been replicated in recent genome-
wide association studies, molecular genetics has identified
several candidate genes for reading (dis)ability (Peterson
and Pennington 2015; Mascheretti et al. 2017; Scerri and
Schulte-Koérne 2010) which are involved in key neurode-
velopmental processes such as neuronal migration, neurite
outgrowth, cortical morphogenesis, and ciliary function
(Lampis et al. 2021). Among these genes, DCDC?2 has been
associated with reading skills in both general population
and clinical samples (Scerri and Schulte-Kérne 2010; Car-
rion-Castillo et al. 2013; Zhong et al. 2013; Mascheretti et
al. 2017; Landi and Perdue 2019). As emerged from animal
studies, it encodes a protein with two DCX domains criti-
cal for neuronal migration, cortical organization, and ciliary
function (Lampis et al. 2021). Its partial or total inactivation
has been linked to altered neuronal excitability and temporal
precision, potentially impairing visual information process-
ing (Meng et al. 2005) and contributing to reading-related
behavioral deficits (Lampis et al. 2021). Meng et al. (2005)
reported a 168-base pair purine-rich region in the intron 2
of the DCDC2 gene harboring a highly polymorphic, short-
tandem repeat (BV677278). Given its evolutionary conser-
vation and the presence of 131 potential binding sites for
transcription factors, this non-coding segment is thought to
have a significant regulatory function. Meng et al. (2011)
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demonstrated through in vitro testing that specific alleles
act as enhancers for gene transcription. Powers et al. (2013)
identified transcription factor ETV6 as a BV677278-bind-
ing protein and confirmed BV677278 as a regulatory ele-
ment, named “regulatory element associated with dyslexia
1" (READI). Although negative findings have recently
been described (Powers et al. 2016; Scerri et al. 2017), a
naturally occurring deletion encompassing READ1 (here-
after, READ1d) has been consistently associated with DD
and DD-related phenotypes (Brkanac et al. 2007; Harold et
al. 2006; Marino et al. 2012; Powers et al. 2016; Wilcke et
al. 2009), deficits in visual motion perception (Meng et al.
2011; Marino et al. 2012; Cicchini et al. 2015), and altered
functional activations (Cope et al. 2012; Mascheretti et al.
2024).

By implementing DTI models, previous studies have
pointed DCDC2 markers (Lind et al. 2010; Darki et al.
2012, 2014) and READI1d (Perani et al. 2021; Marino et al.
2014) affecting WM integrity in regions involved in reading
(dis)ability. These tract-level analyses, however, provide
only a partial picture of how READI1d shapes the broader
architecture of structural brain networks. Taken together
with previous data, our study investigates whether READ1d
may affect structural connectivity as reading proficiency
changes. To address this prediction, we applied advanced
tractography to build subject-level connectomes and com-
pute global and local network metrics in subjects with DD
with/without READ1d (n=36) and in TRs with/without
READI1d (n=38). To the best of our knowledge, this is the
first study that systematically investigated the genetic ori-
gins of WM network organization and how this relationship
can be affected by different levels of reading proficiency.

Materials and methods

The protocol was approved by the Scientific Review Board
and the Ethical Committee of the Scientific Institute IRCCS
Eugenio Medea.

Sample

The study drew DD subjects (American Psychiatric Associa-
tion 2006) from a sample previously genotyped for READ1d
(N=930) (Riva et al. 2019). Inclusion criteria for the origi-
nal genetic study required: (1) a reading accuracy or speed
z-score<—2.00 on at least one standardised test, including
text reading, reading of single unrelated words, or reading
of pronounceable pseudowords (Cornoldi 1995; Cornoldi
and Colpo 1998; Sartori et al. 1995; Arina et al. 2013); (2)
a mean weighted score>7 (z>—1.00) on the vocabulary
and block design subtests of the WISC-III (Wechsler 2006);

and (3) absence of neuropsychiatric, neurological, or sen-
sory disorders. Within this cohort, 114 participants carried
READId (1 homozygous, 113 heterozygous; allelic fre-
quency=0.078) and 816 did not. Given the population-level
imbalance in READI1d frequency, all parents of READ1d
carriers were contacted, and non-carriers were randomly
selected to form groups of approximately equal size, sub-
ject to logistical constraints. TR participants were recruited
through two independent channels. In the first recruitment
scheme, 124 children aged 10-18 with no MRI contrain-
dications, no neuropsychiatric, neurological, or sensory
disorders, and normal or corrected-to-normal vision were
contacted through word-of-mouth outreach among students
attending middle and high schools in the Milan and Lecco
area. Parental written informed consent for DNA collection
via mouthwash sample was obtained from all 124 partici-
pants. Genotyping identified 15 READI1d carriers (all het-
erozygous; allelic frequency=0.069) and 109 non-carriers.
In the second recruitment scheme, participants were drawn
from a community-based cohort of Italian children previ-
ously recruited for a larger study investigating the effects
of genetic and environmental risk factors on behavioural,
cognitive, and linguistic development (Riva et al. 2015). For
the present study, a subsample of 235 children from one of
five school districts involved in the original study was con-
sidered. Genotyping data for READ1d were available for
194 of these 235 participants, yielding 43 READId carri-
ers (1 homozygous, 42 heterozygous) and 151 non-carriers.
The allelic frequency of READ1d in this subsample did not
differ significantly from that observed in the remaining four
school districts (data available upon request).

All participants were included if: (i) belonging to Cauca-
sian families who were at least first-generation native Italian
speakers, to ensure linguistic and normative comparability
of the reading assessments; (ii) having no certified neuro-
logical, neurodevelopmental, visual, hearing, intellectual
or motor disabilities; (iii) having written informed consent
signed by both parents; (iv) being 10-18 years old; (v) had
no contraindications to MRI.

Neuropsychological assessment

Both children with DD and TRs underwent the following
neuropsychological assessments:

(1) IQ. It was estimated by the vocabulary and block design
subscales of the WISC-III (Wechsler 2006); the test
evaluates a child’s global intellectual capacity through
a variety of subtests that measure specific mental abili-
ties such as abstract reasoning, memory, and informa-
tion processing.

@ Springer
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(2) Reading. It was assessed through three tests: text, sin-
gle unrelated words and pseudo-words reading tests
(Cornoldi 1995; Cornoldi and Colpo 1998). The single
words/pseudo-words reading test was evaluated with
the DDE-2: Batteria per la Valutazione della Disles-
sia ¢ Disortografia Evolutiva-2 (Sartori et al. 2007),
which measures reading speed and accuracy (number of
errors) for lists of single words (4 lists of 24 items) and
pseudo-words (3 lists of 16 items). Grade-based norms
are available from second grade of primary school
through the final year of middle school. Reliability was
>0.70 for speed (both single words and pseudo-words)
and >0.55 for accuracy (both single words and pseudo-
words); concurrent validity was above >0.70 (Sartori
et al. 2007). Text reading was assessed with the Prove
di Rapidita e Correttezza nella Lettura del Gruppo MT
(Cornoldi and Carretti 2016), which evaluates reading
speed and accuracy on meaningful passages of increas-
ing complexity, with grade-specific norms. Test-retest
reliability was >0.80 and >0.70 for speed and accuracy,
respectively (Cornoldi and Carretti 2016. Speed (time
in seconds) (Tressoldi et al. 2012) and accuracy (num-
ber of errors) were recorded and converted in z-scores
(Sartori et al. 2007).

(3) Since bivariate correlations (r) across reading tasks
were substantial (Mascheretti et al. 2024), a single read-
ing score was obtained by averaging the z-scores from
the six reading parameters (hereafter, Mean Reading);

(4) ADHD traits. They were assessed by the Conners’ Par-
ent Rating Scales—Revised: Long version (CPRS-R: L)
(Conners 1989; Conners et al. 1998; Nobile et al. 2007)
which rates childhood behavioral problems in subjects
aged 3—17 years old (Conners et al. 1998). The CPRS-
R: L consists of 80 items rated on a 4-point Likert scale
(from “O=never or rarely observed” to “3 =very often”),
and yields 14 subscales. The scores were transformed
into age- and gender-adjusted T-scores for analyses.
Higher scores (T-score>65) indicate more problems.
For the current purpose, only the DSM-IV Inatten-
tion subscale (DSM-IV-I) was considered, given that
the DD—ADHD comorbidity is consistently more pro-
nounced for inattention than for hyperactivity/impulsiv-
ity, both phenotypically (Plourde et al. 2015; Rosenberg
et al. 2012) and at the genetic level (Greven et al. 2011,
2012; Paloyelis et al. 2010; Willcutt et al. 2010).

Socioeconomic status was defined on grounds of parental
occupation which was scored according to the Hollingshead
nine-points scale, whereby a score ranging from 10 to 90
was assigned to each parental job, and the higher of the two
scores was used when both parents were employed (Hol-
lingshead 1975).

@ Springer

MRI acquisition protocol

MRI data were acquired on a 3T Philips Achieva d-Stream
scanner (Best, The Netherlands) with a 32-channel head
coil. The MRI protocol included an anatomical T1-weighted
(TIW) 3D Turbo Field Echo sequence as a subject
morphological reference of MRI data (Field Of View
(FOV)=256x256x 175 mm?, voxel size 1 x 1 x 1 mm?, rep-
etition time=shortest (~ 8.1 ms), Time of Echo (TE)=shortest
(~3.7 ms), Flip Angle (FA)=8 deg.

dMRI data were acquired with an Echo Planar Imaging
(EPI) sequence (FOV =144 x 144 mm?, voxel size=1.7%1.7
mm?, slice thickness=2.5 mm, slice number=39, repetition
time=2 s, TE=80 ms, FA=90 deg). The sequence included
36 volumes: 4 b0 volumes, and 32 directions at b=2500 s/
mm?. Furthermore for 50/74 subjects, a sequence in the
reversed-encoding direction was acquired with 2 b0 and 10
directions at b=2500 s/mm?. Groups did not differ signifi-
cantly in the distribution of acquisition parameters (SynBO,
1? = 0.406, p=.939; see Supplementary Materials Fig. S1).
Head motion metrics were computed for all subjects and
are reported in Supplementary Materials, Table S1. All
metrics were within acceptable ranges for pediatric dMRI
at b=2500 s/mm?; indeed subjects with unusable scans had
been excluded prior to analysis.

T1-weighted preprocessing

T1-weighted (T1w) images were first corrected for intensity
non-uniformities using the N4 bias field correction algorithm
(Tustison et al. 2010). Following this, cortical and subcorti-
cal anatomical structures were segmented using the Free-
Surfer image analysis suite (version 7.2; http://surfer.nmr.m
gh.harvard.edu/), following the standard recon-all process-
ing pipeline. Desikan Killiany (DK) atlas was provided for
brain parcellations and then for connectome construction. It
includes 34 cortical regions for each hemisphere (Desikan
et al. 2006). To these we added 7 subcortical regions for
each hemisphere, based on FreeSurfer segmentation (cer-
ebellum, caudate, putamen, pallidum, hippocampus, amyg-
dala, accumbens). This resulted in 82 parcels.

Diffusion MRI preprocessing

dMRI data were preprocessed using the MRtrix3 frame-
work (Tournier et al. 2019; Tahedl et al. 2025). Preprocess-
ing steps included denoising to reduce scanner and thermal
noise; removal of Gibbs ringing artifacts; correction for
motion and eddy-current-induced distortions. These latter
steps were performed applying the typical correction pro-
cedure as implemented in MRtrix3 through the dwipreproc
function, which exploits the double phase-encoding (PE)
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acquisition. For the subjects lacking a double PE acquisi-
tion, EPI distortion correction was performed applying the
Synb0-DisCo pipeline (Schilling et al. 2019). The algorithm
generates an undistorted synthetic b0 image from the sub-
ject’s TIw image via a deep learning model. This synthetic
image, which simulates infinite bandwidth in the PE direc-
tion, was then paired with the real distorted b0 image and
passed to FSL’s TOPUP tool. TOPUP estimates a distortion
field using the two b0 images, effectively bypassing the
need for reverse-PE acquisitions. This approach has demon-
strated anatomically accurate correction results comparable
to standard reverse-PE methods (Schilling et al. 2019).
Bias field correction was applied to the diffusion data to
remove residual low-frequency intensity inhomogeneities.
A brain mask was then extracted for subsequent processing
through dwiZmask function. Due to the single-shell acqui-
sition scheme, Single-Shell 3-Tissue Constrained Spheri-
cal Deconvolution (SS3T-CSD) (Dhollander and Connelly
2019) was applied using MRtrix3Tissue (https://3Tissue.git
hub.i0), a fork of MRtrix3 (Tournier et al. 2019), to compute
WM-like fiber orientation distributions (FODs) and isotro-
pic signal components (GM- and CSF-like) for all voxels.

Tractography

Whole-brain probabilistic tractography was conducted using
the iIFOD2 algorithm (Second-order Integration over Fiber
Orientation Distributions), in combination with Anatomi-
cally Constrained Tractography (ACT) based on 5-tissue-
type (5TT) images. Standard MRtrix3 tracking parameters
were used: step size=0.2 mm, maximum angle=60°, and
FOD amplitude threshold=0.1 (Smith et al. 2012).

To enhance anatomical plausibility, additional features
included dynamic seeding, backtracking, and streamline
cropping at the grey—white matter interface. The interface
was derived from the MRtrix3 5-tissue segmentation of the
T1-weighted image. To ensure that subcortical regions were
also included, the first volume was modified to incorporate
deep GM. For each subject, 20 million streamlines were
generated. To mitigate known biases of CSD, we applied
Spherical-deconvolution Informed Filtering of Tractograms
(SIFT2) (Smith et al. 2015). Each tractogram was visually
inspected to ensure anatomical plausibility after filtering.

Connectome construction

Connectome matrices were generated by mapping stream-
lines to cortical and subcortical regions defined by the DK
parcellations. This resulted in symmetric 82 % 82 adjacency
matrices for each subject. Raw edge weights represent the
sum of streamline contributions between each parcel pair
(Zpy over all streamlines connecting parcels i and j), where

each streamline weight p, is derived from the SIFT2 algo-
rithm and reflects its contribution to the fibre orientation dis-
tribution fit. Volume scaling was applied by dividing each
edge weight by the sum of the volumes of the two endpoint
parcels, using subject-specific parcel volumes derived from
each individual’s parcellation (Tahedl, 2020; Tahedl et al.
2025). Following (Tahedl et al. 2025), and given the arbi-
trariness of thresholding approaches, fully weighted matri-
ces including all non-zero edges were used.

Graph analysis

To assess network topology, both global and local graph
metrics were extracted from weighted adjacency matrices
using the Brain Connectivity Toolbox (Rubinov and Sporns
2010; https://sites.google.com/site/betnet/).

Global metrics included:

e Global Efficiency (GE), defined as the mean inverse
shortest path length between all node pairs, reflecting
network integration;

e [ ocal Efficiency (LE), defined as the average efficiency
of local subgraphs, indicating robustness to node failure;

e C(Clustering Coefficient (CC), defined as the tendency of
nodes to form tightly interconnected groups;

e Small-Worldness (SW), defined as the degree to which a
network maintains high clustering and short path lengths
relative to a random graph.

Local metrics (i.e. referred to nodes) included:

e Nodal Degree (ND), defined as the number of direct
connections to a node;

e Nodal Local Efficiency (NE), defined as the efficiency
of communication within a node’s local neighborhood;

e Betweenness Centrality (BC), defined as the proportion
of shortest paths passing through a node, reflecting its
control over information flow.

Node abbreviations follow the Desikan-Killiany atlas label-
ling scheme and are listed in full in Fig. 2.

Statistical analysis

For graph theory evaluation, statistical analysis was con-
ducted using a general linear model (GLM), with each
graph-theoretical network metric (GE, LE, CC, SW, NE,
ND, BC) serving as a dependent variable. The model
included READ1d, mean reading performance, and their
interaction as primary predictors, while sex, age, IQ, and
DSM inattention scores were included as covariates to
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account for potential confounds (see the ‘Neuropsychologi-
cal Assessment’ paragraph).

To assess potential multicollinearity, Spearman correla-
tion matrices were computed for all covariates included in
the GLM (age, sex, 1Q, and DSM inattention scores), both
for the full sample and stratified by diagnostic group (Sup-
plementary Materials, Fig. S2). Variance inflation factors
(VIFs) were additionally computed showing a low and not
concerning collinearity among covariates (Supplementary
Materials, Table S2).

To correct for multiple comparisons across the 82 nodes
of the connectome, we applied the Statistical Parametric
Connectome (SPC) framework (Meskaldji et al. 2015). SPC
is specifically designed for connectome-level inference,
offering increased sensitivity and specificity by exploiting
known dependencies within brain networks. Indeed, com-
pared to standard FDR or Bonferroni correction methods,
SPC has demonstrated superior performance in both simu-
lation studies and real neuroimaging datasets (Meskaldji et
al. 2015; Fischi-Goémez et al. 2015). It employs an adap-
tive strategy that leverages either the statistical structure
of the connectome or prior knowledge about topological
dependencies (e.g., positive correlations between connected
nodes). The method first decomposes the connectome into
subnetworks, which can be defined either a priori or via
clustering algorithms.

In this study, subnetworks were defined using two com-
plementary approaches:

1. Anatomical grouping, where nodes were assigned to cor-
tical lobes;

2. Walktrap community detection, a data-driven algorithm
that identifies modular structures based on network

topology. The clustering was applied on the group-
average structural connectome, obtained by averaging
the matrices across all N="74 participants prior to graph
construction.

In the following, we will report just the results from method
2, with method 1 showing a high level of overlapping (see
Supplementary Materials, Table S3).

For each nodal metric (nodal degree, nodal local effi-
ciency, betweenness centrality), the full GLM was fitted at
each node. The model p-values were entered into the SPC
procedure, with significance declared at FDR-corrected p <
.05.

For nodes passing this threshold, we subsequently
extracted and reported the predictor-specific p-values and
unstandardised regression coefficients () associated with
each primary predictor of interest (READ1d, mean read-
ing, and their interaction), as derived from the GLM. These
predictor-level statistics are reported to characterise the
direction and magnitude of individual predictor contribu-
tions within the set of nodes already identified as significant
at the model level and should be interpreted as exploratory.

A schematic overview of the entire processing and analy-
sis pipeline is presented in Fig. 1.

All statistical analyses were performed in RStudio
(v2022.02.1). Network visualizations were generated
in Python using the nibabel library, with node coordi-
nates extracted from the atlas via the FreeSurfer function
mri2surfer.

Sensitivity analyses were conducted using the G*Power
software, Version 3.1.9.2 (Faul et al. 2007, 2009), to com-
pute the smallest effect size that our samples could detect
with at least 80% statistical power. As a model, we selected

T1w PREPROCESSING dMRI PREPROCESSING

T1w non-uniformity
correction (N4 - ANTS)

Denoising, Gibbs removal,
motion/eddy correction

- T1-weighted (T1w Diffusion-weighted MRI TRACTOGRAPHY —>  CONNECTOME
ohied () (@R CONSTRUCTION > GRAPH
A l — P_robabilistic tractography Extract global
8 l (iFOD2 +ACT - MRTrix) and local metrics

SIFT2 Filtering
(MRTix)

!

STATISTICAL ANALYSIS

GLM fitting and subnetwork
decomposition

Dependent ~

Whole-brain tractogram

82 x 82 —
Connectome matrix

READ1d * Mean Reading +

covariates
(age, sex, 1Q, DSM inattention)

(dwipreproc - MRTrix or Synb0-
‘1‘ DisCo)
SEGMENTATION AND  — l,
PARCELLATION
FIBER ORIENTATION
FreeSurfer recon-all DISTRIBUTION (FODS)
pipeline (FreeSurfer) ESTIMATION
SS3T-CST
(MRtrix3Tissue)

82 parcels

(68 cortical + 14 subcortical)

Significant nodes and
predictors statistics

Fig. 1 Flow diagram summarizing the methodological workflow, including imaging preprocessing, tractography, connectome construction, and

graph-theoretical analysis
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Table 1 Descriptive statistics
Variable Whole group DDnd DDd TRnd TRd Statistic p ES  Post-hoc
N=74 n=19 n=17 n=22 n=16
Gender (male/female) 47/27 13/4 14/5 6/10 14/8 ¥4(3)=6.75 0.080 0.30
Age [months] 161 173 169 156 146 H(3)=14.85 0.002** 0.20 DDnd>TRd (p=.018)
(22) (23) 21) (19) a7 DDd>TRd (p=.004)
Mean reading -1.35 -2.82 -326  0.23 0.32 H(3)=55.30 <0.001*** 0.76 DDnd<TRnd (p<.001)
(2.09) (1.66) (1.88) (0.36) (0.31) DDd<TRnd (p<.001)
DDnd<TRd (p<.001)
DDd<TRd (p<.001)
DSM inattention 53 59 58 47 50 H(3)=13.93  0.003** 0.19 DDnd>TRnd (p=.014)
(11) (13) (12) 7 @] DDd>TRnd (p=.014)
1Q° 13 12 11 14 12 F(3,70)=5.23 0.003** 0.18 TRnd>DDnd (p=.002)
3) 3) 2) 4) 2) TRnd>TRd (p=.025)
Socioeconomic status 59.86 (18.56) 64.71 51.18 5938  63.18 H(3)=4.34 0.227 0.08
(20.95)  (14.53) (18.34) (18.36)

Mean (SD) reported for continuous variables. The p-value column refers to y2 test for gender, ANOVA for 1Q, and Kruskal-Wallis for the other
variables, due to not normality. The ES (Effect Size) column refers to &? (Kruskal-Wallis), n? (ANOVA), V (chi-square). The Post-hoc column
refers to Dunn test with Bonferroni correction (Kruskal-Wallis); Tukey HSD (ANOVA)

Level of significance p<.05 (*), p<.01 (**), p<.001 (¥*¥)
°As estimated by the vocabulary and block design subscales of the WISC-II1 (Wechsler 2006).

Table 2 Global metrics results

Predictor B mean B std 95% CI p-value Pstand n? Cohen’sd  adj-R?
GE READId —6.68¢—3  2.79¢—3 [-1.22e—2;-1.1le—3] 0.019* -0.555 0.080 —0.624 0.210
Mean reading 7.54e—4 7.97e—4 [-8.37e—4;2.35¢—3] 0.347 0.150 0.013 - 0.210
READId x mean reading  —6.13e—4  1.13e—3  [-2.88e—3; 1.65¢—3] 0.591 -0.122  0.004 - 0.210
SW  READId —1.85e—1 4.02¢—1 [-9.88¢—1;6.17e—1] 0.646 -0.159  0.003 —-0.161 0.025
Mean reading 5.04e—-2 1.15e—1  [-1.79¢—1;2.80e—1] 0.662 0.077 0.003 - 0.025
READI1d x mean reading ~ 2.37e—2 1.64e—1 [-3.03e—1;3.50e—1] 0.885 0.036 <0.001 - 0.025
LE READId —6.6le—4  2.89¢—4 [—1.24e—3;-8.36e—5] 0.025* —0.528 0.073 —0.581 0.174
Mean reading 4.77e—5 827e—5 [-1.17e—4;2.13e—4] 0.566 0.094 0.005 - 0.174
READI1d x mean reading ~ —7.15¢—5  1.18e—4  [-3.07e—4; 1.64e—4] 0.546 -0.141  0.006 - 0.174
CC READId —8.50e—4  3.65¢—4 [-1.58¢—3;-1.22e—4] 0.023* -0.562 0.076 —0.618 0.175
Mean reading 3.27¢-5 1.0de—4 [~ 1.75¢—4;2.41e—4] 0.755 0.051 0.002 - 0.175
READId x mean reading —6.79¢—5  1.48¢—4 [-3.64e—4;2.28¢—4] 0.649 -0.106  0.003 — 0.175

GE global efficiency; SW small worldness; CC clustering coefficient; LE local efficiency

Level of significance p<.05 (¥)

“ANCOVA with fixed effects, main effects and interac-
tions”; o was set at the Bonferroni-corrected level (0.0125),
n=74, power=0.80. Under these assumptions, the minimal
detectable effect size was 0.434.

Results
Sample

The final cohort comprised 74 subjects, grouped in 17 sub-
jects with DD and READ1d (DDd), 19 subjects with DD
without READ1d (DDnd), 16 TRs with READ1d (TRd),
and 22 TRs without READ1d (TRnd). Descriptive statis-
tics for demographic and neuropsychological measures and
socioeconomic status for the four groups are reported in
Table 1. Age, mean reading, DSM inattention and IQ are

all significantly different among the groups, justifying their
inclusion as covariates in further analyses (see °Statisti-
cal analysis’ paragraph). Contrary, the groups do not dif-
fer for socioeconomic status, that was indeed not included
as covariate. Spearman correlation between READ1d and
Mean Reading score was non-significant (p=.020, p =.863).

Global metrics

Table 2 reports the results of statistical analysis for the
global metrics. READ1d carrier status was associated with
nominally (p<.05, not-corrected) lower GE, LE and CC,
with READI1d carriers showing consistently lower values
than non-carriers across all three metrics. Effect sizes were
in the medium range across all three outcomes. SW did
not differ between groups. No effects of mean reading and
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READI1d * Mean reading interactions were found on any
global metrics.

Local metrics

Figure 2 shows the clusters resulting from the Walktrap
algorithm applied on the average connectome. Except for
Cluster 3 which extends across both hemispheres in a sym-
metrical way, all the other identified clusters encompass
regions from different lobes but remain confined within a
single hemisphere.

At the nodal level, different brain nodes (n=25) were sig-
nificantly associated with both mean reading and READ1d
(Fig. 3). In particular, consistent negative associations
between READId and ND emerged across several corti-
cal areas (n=17) (Fig. 3, upper panel). Specifically, sub-
jects with READ1d showed lower ND in bilateral temporal
(L-IT, L-ST, L-TT, R-Bnk, R-ST, R-TT), bilateral occipi-
tal (L-Cun, L-Pcal, R-LO, R-Pcal, R-Cun), bilateral fron-
tal (L-PTri, L-RMF, R-CMF, R-PTri, R-RMF) nodes, and
in a parietal supra-marginal left node (L-SM). Except for
an outlier which showed negative association (L-Ent), bet-
ter reading proficiency was associated with increased ND
in several nodes (n=13), particularly in the left parieto-
occipital lobe (L-Cun, L-IP, L-LO, L-PCe, L-Pcal, L-PreC,
L-SP, L-SM) and in the right hemisphere (R-Cun, R-PCe,
R-SP, R-TT, R-CMF) (Fig. 3, lower panel). No significant
READI1d*Mean Read effect was found on ND.

- - ctx-pericalcarine Pcal
QOriginal Label Abbreviation ctx-posteentral PostC
ctx-bankssts Bnk ctx-posteriorcingulate PCi
ctx-caudalanteriorcingulate  CAC ctx-precentral PreC
ctx-caudalmiddlefrontal CMF cix-precunevus PCun
ctx-cuneus Gun ctx-rostra\ar?teriorcingu\ate RAC
ctx-entorhinal Ent ctx-rostralmiddlefrontal RMF
ctx-fusiform Fus ctx-supenorfroqtal SF
ctx-inferiorparietal P ctx»super!orparletal sp
- ctx-superiortemporal ST
ctx-inferiortemporal IT .
. . ctx-supramarginal SM
ctx-isthmuscingulate Isth
L ctx-frontalpole FP
ctx-lateraloccipital LO
. ctx-temporalpole TP
ctx-l.ateralorbltofrontal LQrF ctx-transversetemporal T
ctx-lingual Lin ctx-insula Ins
ctx-medialorbitofrontal MOrF cerebellum-cortex CcbC
ctx-middletemporal MT caudate Ccd
ctx-parahippocampal PH putamen Put
ctx-paracentral PCe pallidum Pal
ctx-parsopercularis POp hippocampus Hpc
ctx-parsorbitalis POrb amygdala Amy
ctx-parstriangularis PTri accumbens-area Acc

Fig. 2 Node clustering from the Walktrap algorithm, accompanied by
a table of their abbreviations. Nodes are bilateral; therefore, each is
referred to by its hemisphere (left [L] or right [R]) followed by the
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While ND exhibits a relatively consistent pattern across
nodes, NE displays greater variability. Significant effects of
READI1d and Mean Reading were observed on NE within
18 nodes (Fig. 4). In particular, individuals with READ1d
showed lower mean values in 14 nodes within the bilateral
frontal (L-RMF, R-RMF), bilateral temporo-parietal (L-ST,
R-ST, R-Bnk, R-PCe, R-SM, R-TT) and the right occipi-
tal (Pcal, Cun) regions, as well as within left amygdala,
right accumbens and bilateral insula (Fig. 4, upper panel).
Better reading proficiency was associated with lower NE
in bilateral temporo-parietal regions (L-IT, L-ST, R-MT,
R-SM) and the right accumbens, but with higher NE in the
left occipital cortex (L-Cun, L-PCal) and right paracen-
tral cortex (Fig. 4, lower panel). As for ND, no significant
READI1d*Mean reading interaction effects were found on
NE (Fig. 4).

No statistically significant effects of READ1d, Mean
reading and READ1d*Mean reading interaction were found
on BC.

Discussion

The structural and genetic underpinnings of DD have been
widely studied, but the heterogeneity of the disorder and
the complexity of the reading network have led to findings
that are often only partially consistent (Moreau et al. 2018).
Furthermore, even if research about genes and structural
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corresponding abbreviation. On the right, a Sankey diagram illustrates
the assignment of each node to both its Walktrap cluster and its cor-
responding lobe
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Fig. 3 Effect of READId and mean reading on nodal degree (ND).
The figure displays nodes showing significant associations after SPC-
based FDR correction. Marker size is proportional to statistical signifi-
cance, such that larger markers indicate more significant associations
(p-values derived from Type I ANOVA on the primary GLM). Colour

alteration (considered separately) are numerous (for a com-
plete review, see Mascheretti et al. 2017; Landi and Perdue
2019), relatively few works have considered the two factors
at the same time, mainly by focusing on WM integrity or
DTI derived parameters (Darki et al. 2014; Marino et al.
2012, 2014; Perani et al. 2021). Here, we integrated genetic
information with connectome metrics in order to provide

intensity is proportional to the regression coefficients (B), with darker
shading indicating larger effect sizes; the accompanying boxplot illus-
trates the distribution of B coefficients across significant nodes. For
additional details on node labels and anatomical regions, see Supple-
mentary Materials, Figs. S3 and S4

network-level evidence that genetic liability may relate to
WM network organization and properties in brain areas
underlying reading proficiency. This led us to provide sys-
tematic evidence to previous speculations suggesting brain
organization may have a genetic origin linked to DD can-
didate genes (Lou et al. 2019). We therefore investigated
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Fig. 4 Effect of READ1d and mean reading on nodal local efficiency
(NE). The figure displays nodes showing significant associations after
SPC-based FDR correction. Marker size is proportional to statistical
significance, such that larger markers indicate more significant asso-
ciations (p-values derived from Type Il ANOVA on the primary GLM).

differences in connectomes linked to the READ1d-moder-
ated genetic vulnerability and reading proficiency.

From a methodological viewpoint, we moved from the
local voxel-wise analysis to graph-theoretical analysis
encompassing the global brain architecture to investigate
the scenario with grained detail. Furthermore, we applied
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Colour intensity is proportional to the regression coefficients (f),
with darker shading indicating larger effect sizes; the accompanying
boxplot illustrates the distribution of B coefficients across significant
nodes. For additional details on node labels and anatomical regions,
see Supplementary Materials, Figs. S5 and S6

a more advanced model (CSD) to overcome the inherent
limitations of more conventional DTI approaches (Far-
quharson et al. 2013). Despite the lack of higher b-values
shells (generally required for this kind of models), we try
to follow the usual guidelines to avoid the most common
pitfalls (Jones and Cercignani 2010; Calamante 2019) in
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connectivity analysis. More broadly, even applying best
practices (Tahedl et al. 2025), we are aware that connec-
tome construction involves numerous sequential process-
ing decisions, from tractography algorithm and seeding
strategy to streamline filtering and edge weight definition.
Each of these choices can influence the resulting graph met-
rics. Indeed, it is important to note that the present findings
should be interpreted in the context of the specific pipeline
employed. As a sensitivity analysis, results were replicated
using SIFT rather than SIFT2 tractography filtering. While
both methods address the same tractography bias, they dif-
fer in whether connectivity is estimated from a filtered sub-
set of streamlines (SIFT) (Smith et al. 2012) or from the
full tractogram with per-streamline weights (SIFT2) (Smith
et al. 2015). Consistency across both approaches indicates
that the findings are not specific to the weighting scheme
(Supplementary Materials, Table S4), though replication
using alternative parcellations or edge weight definitions
would provide a more comprehensive assessment of pipe-
line robustness.

Furthermore, in connectome related studies, potential
limits arise not only from the connectome construction,
but also from statistical modeling and significant threshold
assessment. To address this, we applied a multiple-testing
correction method specifically tailored for connectomes,
which preserves network topology and considers the brain
as an integrated system rather than a collection of indepen-
dent nodes. This choice was particularly crucial given that
the expected structural differences between typical and dys-
lexic readers are subtle, as revealed by meta analysis studies
(Moreau et al. 2018; Ramus et al. 2018). To address this
aspect, we adopted a connectome-level inferential frame-
work tailored to network structure (SPC) (Meskaldji et
al. 2015). The node clustering analysis serves a statistical
rather than descriptive purpose. When testing effects across
82 nodes simultaneously, standard multiple comparisons
corrections (Bonferroni, FDR) treat each node as indepen-
dent. But this assumption is violated in connectome data,
since spatially proximal and functionally related nodes
show correlated effects (Meskaldji et al. 2015). The Walk-
trap community detection algorithm identifies data-driven
subnetworks of correlated nodes. By grouping nodes into
communities and correcting within the entire connectome,
SPC exploits the known dependency structure of brain net-
works to increase sensitivity while controlling the false dis-
covery rate. This means that the community structure itself
is a statistical substrate that enables valid inference at the
nodal level.

Overall, our results revealed slight but significant differ-
ences related to both READ1d and reading proficiency. In
particular, READ1d carrier status was associated with nom-
inally significant lower global efficiency, local efficiency,

and clustering coefficient compared to non-carriers, with
consistent effect directions across all three metrics. Taken
together, these findings point to a specific effect of READ1d
on network integration and segregation. Moreover, at the
nodal level, we found that subjects with READ1d exhibited
reduced nodal degree and local nodal efficiency in bilateral
temporal, parietal and frontal regions. Although different
methodological techniques were applied, previous studies
investigating the relationship between DCDC2 and WM
integrity have emphasized local left-hemispheric alterations
particularly in the arcuate fasciculus and temporo-parietal
regions (Darki et al. 2014; Marino et al. 2012), suggesting
that the global integration/segregation deficit may be the
result of local alteration of the fiber structure. Our results
revealed bilateral effects suggesting that the overall impact
of READI1d is not strictly confined to left-lateralized lan-
guage tracts, but extends to a broader bilateral network
(Darki et al. 2014). Furthermore, the nodes influenced by
READId align with regions which are affected by differ-
ent level of DCDC2 expression, i.e., hippocampus, ento-
rhinal cortex, hypothalamus, amygdala, inferior and medial
temporal cortex (Meng et al. 2005; Paracchini et al. 2007;
Meda et al. 2008). Taken together these results are consis-
tent with the effects of READI1d on the dorsal stream net-
works which is crucial in reading development. Among
the numerous theories trying to elucidate the mechanism
behind DD, a prominent line converges on a magnocellular
deficit hypothesis which posits that impaired processing in
the dorsal visual stream may contribute to reading difficul-
ties (Stein and Walsh 1997; Livingstone et al. 1991). This
theory hypothesizes that DD is due to a multimodal sensory
impairment in the processing of transient and dynamic stim-
uli (Stein and Talcott 1999; Gori et al. 2016) which arises
from a deficit along the neural pathways involved in the fast
transmission and processing of sensory information (Stein
2001, 2014). By providing additional data about the role of
READI1d within the structural and functional properties of
the dorsal stream Mascheretti et al. 2021, 2024; Cicchini et
al. 2015; Marino et al. 2012; Perani et al. 2021), our results
are in line with a more widespread integration deficit among
the different areas involved in a specific portion of the read-
ing circuit.

Regarding the reading proficiency, we found significant
correlations with both nodal degree and nodal local effi-
ciency in nodes that can be linked to tracts within the read-
ing circuit (for a complete overview see Vandermosten et
al. 2012). Indeed, superior-temporal nodes (e.g., L-IT, L-ST,
R-ST, L-PTri, L-RMF, R-MT, R-SM) are commonly con-
nected via the arcuate and superior longitudinal fasciculi,
while occipital nodes (e.g., L-Cun, L-Pcal) are associated
with the inferior longitudinal fasciculus, and the supramar-
ginal node (L-SMGQG) represent the end point of the arcuate
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fasciculus. However, reading skills showed mixed correla-
tions with nodal degree (mostly positive) and nodal local
efficiency (mostly negative). Although these results may
appear contradictory, they are consistent with the under-
standing that local efficiency, unlike global efficiency, is
highly sensitive to node-specific variations and local net-
work characteristics (Jiang et al. 2023). Importantly, these
patterns likely reflect distinct mechanisms. Specifically, the
inverse association between nodal local efficiency and mean
reading may indicate that, although the brain network gener-
ally balances integration and segregation, a decrease in the
nodal local efficiency can correspond to greater functional
specialization. Supporting this view, previous studies have
shown that lower nodal local efficiency can be associated
with higher cognitive performance (Stanley et al. 2015) or
can manifest differently across individual nodes depending
on their functional role (Xu et al. 2015).

A key result of our study is the absence of a significant
interaction between READI1d and reading ability at the
structural level. This contrasts with prior reports of signifi-
cant genotype and reading interactions in both WM integrity
and functional activation in comparable cohorts (Marino
et al. 2014; Mascheretti et al. 2024). Discrepancies with
Marino and colleagues (2014) likely reflect both population
and methodological factors. Regarding the sample, their
cohort was older than ours, so the observed interaction may
capture an age-related consolidation of DD-related brain
differences. In other words, it is not possible to exclude that
the structural variations may reflect less exposure to reading
rather than a primary cause of DD (Krafnick et al. 2014). In
contrast, our sample consisted of relatively younger readers
(mean age 13 years), a condition that allows us to observe
neurobiological correlates at an early stage of development,
reducing the influence of secondary factors related to read-
ing experience. Moreover, whereas Marino et al. (2014)
focused on tract-specific microstructural alterations within
major fasciculi, our analyses target whole-brain network
interactions among cortical regions. Concerning the dis-
crepancy with functional analyses previously conducted
on a similar cohort (Mascheretti et al. 2024), we argue
that it may reflect the complementary nature of structural
and functional measures. The relation between structural
and functional connectivity is not linear (Litwinczuk et al.
2022) and the existence of functional relationships between
couples of regions does not necessarily imply the presence
of a direct structural connection between them (Honey et al.
2009). The absence of a significant READ1d x Mean Read-
ing interaction across both global and nodal metrics sug-
gests that the association between READI1d carrier status
and WM network organisation does not vary as a function
of reading proficiency. This is consistent with the possibil-
ity that READI1d is associated with broad differences in
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network organisation that are not coupled to reading profi-
ciency within the range examined here. To confirm that this
null interaction does not affect the primary findings, results
from a reduced additive model excluding the interaction
term are reported in Supplementary Materials, Table SS5;
these were fully consistent with the primary analysis in both
direction and significance.

Taken together, READ1d-related anatomical patterns,
irrespective of reading proficiency, may mark some sub-
threshold developmental vulnerability to cognitive deficits.
This is compatible with the hypothesis that some risk vari-
ants of genes implicated in neuronal migration influence
brain development, and lead to neuroanatomical variations
underlying DD (Galaburda et al. 2006). Likewise, these
findings agree with the multifactorial threshold model of the
liability to reading disability (Pennington 2006; McGrath
et al. 2011). Reading skills represent the final outcome of
multiple genetic and environmental components that vary
widely across individuals, the READ1d-related anatomi-
cal patterns may contribute to DD and/or other cognitive
phenotypes depending on co-occurring risk factors. In other
words, the observation that READI1d carriers show differ-
ences in WM network organisation regardless of diagnostic
status is consistent with the multifactorial threshold model
of reading disability (McGrath et al. 2011), in which reading
outcome reflects the cumulative effect of multiple genetic
and environmental factors, and a single variant does not
determine the phenotype. Under this framework, READ1d
is one of several factors associated with reading risk. The TR
carriers in the present sample are particularly informative
in this regard: individuals who carry the deletion but read
within the typical range nonetheless show network profiles
more similar to DD carriers than to non-carriers. Whether
this pattern constitutes a latent vulnerability marker that
precedes the clinical expression of reading difficulties war-
rants investigation in future longitudinal studies.

This study has several limitations that should be acknowl-
edged. First, the sample size (N="74) is relatively small and
may have reduced statistical power, increasing the likeli-
hood of false-negative. Even if our sample is comparable
to those used in prior imaging—genetics studies (Darki et al.
2012,2014; Marino et al. 2012; Perani et al. 2021; Mascher-
etti et al. 2024), sensitivity analyses indicated that the mini-
mum detectable effect size at 80% power with Bonferroni
correction was f=0.434, suggesting that small-to-medium
effects may have been missed. Future studies with larger,
prospectively recruited cohorts are needed to confirm and
extend the present findings. Second, the four subgroups dif-
fered significantly in age, sex, IQ, and inattention scores. To
mitigate potential confounding effects, all of these variables
were included as covariates in the statistical analyses. To
further address this discrepancy, we performed propensity
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score matching on age, sex, DSMinattention and IQ); results
overlapped with those obtained with the original sample
(see Supplementary Materials, Table S6) supporting the
robustness of the main findings. Furthermore, the dMRI
dataset was acquired at the lower limit of what is optimal
for the application of advanced modeling techniques such as
those employed here. However, SS3T-CSD has previously
been shown to yield reliable results even with less optimal
acquisition schemes (Dhollander et al. 2019; Rauland et al.
2025), reaching a good compromise with the constraints of
clinical applications. In addition, we constructed connec-
tomes weighted by volume. While this is a common choice,
alternative weighting strategies (e.g., FA) might capture
complementary aspects of WM organization and could be
explored in future works. Despite these limitations, and
although the present findings should be considered prelimi-
nary and exploratory given the modest sample size and the
nominal significance of the global metric associations, they
underscore the translational potential of connectomics as a
framework for linking genetic variation to large-scale brain
network organisation.

Conclusion

This study investigated the relationship between a genetic
variant commonly associated with DD, reading proficiency
and measures of connectivity and structural integrity of WM
fibers in the central nervous system. Our findings suggest
that READI1d is likely associated with reduced efficiency
and segregation of structural connectivity mainly within
the visual dorsal. This alteration in structural connectiv-
ity may represent a vulnerability factor for DD which may
help to optimize the diagnostic criteria and thereby facilitate
the early identification of children with genetically-driven
susceptibility.

Supplementary Information The online version  contains
supplementary material available at https://doi.org/10.1007/s00429-0
26-03160-2.
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