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Abstract: The present work is a replication article based on the paper “Are there shared neural
correlates between dyslexia and ADHD? A meta-analysis of voxel-based morphometry studies”
by McGrath and Stoodley (2019). In the original research, the authors used activation likelihood
estimation (ALE), a technique to perform coordinate-based meta-analysis (CBMA), to investigate
the existence of brain regions undergoing gray matter alteration in association with both attention-
deficit/hyper-activity disorder (ADHD) and dyslexia. Here, the same voxel-based morphometry
dataset was analyzed, while using the permutation-subject images version of signed differential
mapping (PSI-SDM) in place of ALE. Overall, the replication converged with the original paper
in showing a limited overlap between the two conditions. In particular, no significant effect was
found for dyslexia, therefore precluding any form of comparison between the two disorders. The
possible influences of biological sex, age, and medication status were also ruled out. Our findings
are in line with literature about gray matter alteration associated with ADHD and dyslexia, often
showing conflicting results. Therefore, although neuropsychological and clinical evidence suggest
some convergence between ADHD and dyslexia, more future research is sorely needed to reach a
consensus on the neuroimaging domain in terms of patterns of gray matter alteration.

Keywords: coordinate-based meta-analysis; voxel-based morphometry; ADHD; dyslexia; ALE;
seed-based d mapping; replication article; reproducibility; open science; replication crisis

1. Introduction

In their original research, McGrath and Stoodley [1] aimed to identify regions of
altered gray matter shared between dyslexia and attention-deficit/hyper-activity disorder
(ADHD). The conjoint investigation of these two neurodevelopmental disorders (NDDs) is
not only supported by their frequently reported comorbidity, but also by shared genetic
and neural pathomechanism risk factors. In this regard, converging evidence suggests that
NDDs tend to report a shared etiological basis in neurodevelopment abnormality caused
by complex multifactorial interactions of genetic defects, as well as of environmental,
epigenetic, cognitive, and behavioral factors [2–7]. New potential metabolic targets and
neuroprotective agents against NDDs, including ADHD and learning disorders, are starting
to appear in the animal model research literature [7–9], thereby opening perspectives for
future treatment.

The advent of magnetic resonance imaging (MRI) technologies has provided an un-
precedented opportunity to assess the neurophysiological underpinnings of these two
NDDs in vivo and noninvasively. Numerous studies about pediatrics and adults with
ADHD suggest functional abnormalities in fronto-striatal and fronto-limbic systems [10–14]
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that may underlie impulsivity, hyperactivity, and inattention deficits typical of the disor-
der [15]. By contrast, subjects suffering from dyslexia tend to report deficits in orthographic
and visuo-phonological domains, in which the occipito-temporal functional network seems
to have a pivotal role [16–18]. From the structural point of view, abnormalities in brain
morphology have been reported in both disorders, encompassing multiple areas such as the
basal ganglia, cerebellum, parietal cortex, corpus callosum, prefrontal-cingulate cortex, and
parieto-temporal regions [11,19,20]. However, this voluminous literature remains largely
inconclusive. Moreover, only a limited pool of studies have examined neuroanatomical
convergence across disorders reporting conflicting findings [21–24].

To fill this gap, McGrath and Stoodley [1] realized a coordinate-based meta-analysis
(CBMA) of previously published voxel-based morphometry (VBM) findings. VBM is a
widely used MRI technique in the field of human brain mapping, which allows the identifi-
cation of focal differences in volume or concentration between the brains of two groups of
subjects [25]. In the specific case of McGrath and Stoodley [1], the considered experiments
had compared either subjects diagnosed with dyslexia against typically developing controls
(TDCs), or subjects diagnosed with ADHD against TDCs. The dataset was then processed
according to the CBMA approach. In general terms, this class of techniques allows us to
quantify the consensus between multiple experiments based on structural or functional
neuroimaging techniques [26,27]. Therefore, they represent a valuable tool for human
brain mapping, offering a way to overcome the variability frequently found among single
experiments [28,29]. Unlike image-based meta-analyses, which take in three-dimensional
(3D) maps representing the results, CBMAs process instead the so-called “list of foci”. Here,
each focus is a peak of the maximum measured cluster effect, localized through a triplet of
stereotactic coordinates (x,y,z) [30]. CBMAs makes therefore possible to recover the full 3D
information starting from a much sparser (but often the only available) representation of
the data [31].

Among the various CBMA algorithms, McGrath and Stoodley [1] resorted to the
activation likelihood estimation (ALE) technique [32,33]. Notably, this approach uses a
Gaussian kernel to model the effect, adjusting the full-width half-maximum (FWHM) of
the Gaussian based on the sample size of the experiment considered time to time. This
means that the higher the number of subjects analyzed in the experiment, the more spatially
precise (and reliable) are considered the related results, and therefore smoothed through a
tighter Gaussian [34].

In the original paper, a two-step procedure was followed. First, the ALE analysis
was separately applied to estimate the spatial convergence associated with each of the
four possible conditions: dyslexia < TDCs; ADHD < TDCs; dyslexia > TDCs; ADHD
> TDCs. The first two contrasts investigated the so-called decrease effect [35], meaning
that the pathological state is associated with a reduction in gray matter; conversely, the
remaining two targeted the increase effect, where an increment of gray matter is searched
for instead [36]. The obtained ALE maps were thresholded using both a more conservative
option (i.e., puncorrected < 0.001; minimum cluster size k = 50 mm3) and a less conservative
one (i.e., puncorrected < 0.005; k = 50 mm3). In the second step, a conjunction analysis was
implemented between the previously obtained dyslexia < TDCs and ADHD < TDCs maps
(separately for the conservative and lenient thresholding). This allowed us to identify
voxels with a statistically significant overlap between the two disorders [37]. The resulting
conjunction maps were thresholded using a false discovery rate (FDR) of p < 0.05 (based
on 5000 permutations) and k = 50 mm3 as above. No conjunction analysis was run for the
increase condition due to lack of any overlap already at visual inspection. McGrath and
Stoodley [1] did not find any overlap between dyslexia and ADHD when using ALE maps
thresholded at puncorrected < 0.001; k = 50 mm3 (i.e., the most conservative option). A sole
cluster in the right caudate was instead observed for puncorrected < 0.005; k = 50 mm3. In
addition to the described main analyses, the authors aimed to assess the possible effect
of brain volume and age on the results. Since ALE technique does not allow us to model
confounding variables during the estimation of the spatial convergence, different subsets
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of the original dataset were extracted and separately analyzed. In the first case, only those
VBM experiments that originally controlled for total brain volume or total gray matter
volume were retained. In the second case, VBM experiments were divided into two groups
based on the reported mean age of subjects (≤12 years; ≥18 years). Experiments were
discarded if the necessary information was missing. The previously observed cluster in the
right caudate was still significant in the brain volume-controlled subset. On the contrary,
no overlap was found between dyslexia and ADHD in the adult subgroup. In children,
a cluster of overlap was observed in the left middle frontal gyrus/supplementary motor
area, for ALE map thresholded at puncorrected < 0.005; k = 50 mm3.

In the present paper, we first aimed to test the original dataset analyzed by McGrath
and Stoodley [1] using a different CBMA technique. Specifically, permutation-subject im-
ages version of signed differential mapping (PSI-SDM) [38] was employed as an alternative
to ALE. To the best of our knowledge, no previous study has evaluated the constancy in
terms of results between the two algorithms despite substantial methodological differences.
From the clinical point of view, we expected limited or completely absent neuroanatomical
overlap between disorders in line with the limited available literature on the topic [1,39,40].
Given the peculiar nature of PSI-SDM, additional analyses were also performed. In fact,
we directly estimated the possible interfering effect of key socio-demographic and clinical
variables via voxel-wise meta-regression approach [41]. Finally, an additional analysis
was made including in the dataset the nine VBM experiments with null results that were
identified but excluded by McGrath and Stoodley [1].

2. Materials and Methods

As mentioned above, the core element of this replication attempt is the change of
technique used to compute the CBMA. This implied several methodological differences
that are detailed below.

2.1. Dataset Construction

The present replication used exactly the same set of VBM experiments analyzed by
McGrath and Stoodley [1]. The lists of foci necessary as input to run any CBMA was
retrieved from the Supplementary Files of the original paper. The following adjustments
were necessary due to technical differences between ALE and PSI-SDM. First, while the list
of foci used by ALE only contains the stereotactic coordinates (x,y,x) of the peaks of effect,
the PSI-SDM method also requires a measure of effect size. Therefore, the T-value of each
focus was retrieved from the original manuscripts. When missing, these were computed
from Z-values or p-values, as implemented in the dedicated conversion utility of SDM
(https://www.sdmproject.com/utilities/?show = Statistics).

To note, McGrath and Stoodley [1] designed four different main contrasts: ADHD <
TDCs (23 experiments; 718 subjects; 128 foci); dyslexia < TDCs (18 experiments; 388 subjects;
81 foci of variation); ADHD > TDCs (5 experiments; 75 subjects; 21 foci); dyslexia > TDCs
(5 experiments; 101 subjects; 16 foci). Because of the inclusion of T-values, PSI-SDM does
not require separate inputs for gray matter increase and decrease. Therefore, only ADHD
vs. TDCs (24 experiments; 1661 subjects; 149 foci) (Table 1A,B for socio-demographic and
clinical details; Table S1 for methodological details), and dyslexia vs. TDCs (18 experiments;
833 subjects; 97 foci) (Table 1A,B for socio-demographic and clinical details; Table S1 for
methodological details) were needed for the replication. All the input files used for the
present replication are freely available as Supplementary Files.

https://www.sdmproject.com/utilities/?show
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Table 1. Voxel-based morphometry experiments included in the original coordinate-based meta-analysis by McGrath and Stoodley [1]: demographic and clinical
details for the attention-deficit/hyper-activity disorder (A) and dyslexia (B) datasets.

VBM Experiments
Included in the Original
Coordinate-Based
Meta-Analysis

Clinical Group Control Group
Brain

Volume
Analysis

Comorbidity with
Dyslexia or ADHD
Noted in Exclusion

Criteria

Co-Morbid
Disorders

Reported in
Sample

N % Male
Mean
Age
(yrs)

Age SD
(yrs)

Age
Range
(yrs)

FSIQ Medication N % Male Mean
Age (yrs)

Age SD
(yrs)

Age
Range
(yrs)

(A) ADHD

Ahrendts et al., 2011 [42] 31 65% 31.2 9.7 18–55 N/A 0% 31 65% 31.5 8.6 19–52 yes
LD, psychiatric

disorder,
abuse/dependency

Anxiety

Bonath et al., 2018 [43] 18 100% 13.6 1.7 11–17 N/A 55.6% 18 100% 14.1 1.3 11–17 yes - 1 ODD

Bralten et al., 2016 [44] 307 68% 17.1 3.4 8–26 97.08 88.6% 196 51% 16.7 3.1 9–24 no
LD, psychiatric

disorder,
abuse/dependency

-

Brieber et al., 2007 [45] 15 100% 13.1 1.4 10–16 N/A 66.7% 15 100% 13.3 1.8 10–16 yes - -

Carmona et al., 2005 [46] 25 84% 10.8 3.0 N/A >80 100% 25 84% 11.2 3.2 N/A yes -
11 anxiety, 2 MDD,
4 phobias, 6 tics, 7

obsessions
He et al., 2015 [47] 37 100% 9.9 2.4 7–16 >90 0% 35 100% 10.7 2.6 8–15 yes - -

Iannaccone et al., 2015 [48] 20 61% 14.5 1.5 12–16 108.46 65% 20 50% 14.8 1.2 12–16 yes -

2 affective
disorder, 3 AD, 3
anxiety/phobia, 2
dyscalculia, 2 CD

Johnston et al., 2014 [49] 34 100% 12.5 2.3 N/A N/A 29.4% 34 100% 13.2 1.0 N/A no - 1 dyslexia, 3
ODD/CD

Kappel et al., 2015
(adults) [50] 16 94% 23.5 4.1 19–31 N/A 0% 20 100% 23.7 3.4 N/A no -

2 alcohol abuse, 1
multiple drug

abuse
Kappel et al., 2015
(children) [50] 14 71% 9.8 1.3 8–12 N/A 0% 10 80% 11.0 1.3 N/A no - -

Kaya et al., 2018 [51] 19 71% 10.3 2.0 7–14 N/A 0% 18 67% 10.2 2.0 6–14 no - -

Kobel et al., 2010 [52] 14 100% 10.4 1.3 9–13 N/A 100% 12 100% 10.9 1.6 9–13 yes -
3 OCD-CD, 2

GAD, 2
OCD-GAD

Kumar et al., 2017 [53] 18 100% 9.6 1.8 7.5–13 N/A 0% 18 100% 9.7 1.9 7.5–13 yes
LD, psychiatric

disorder,
abuse/dependency

-

Lim et al. 2013 [54] 29 100% 13.8 1.8 10.5–
16.5 N/A 20% 29 100% 14.4 2.5 10.7–

17.9 no LD -

McAlonan et al., 2007 [55] 28 100% 9.9 2.0 6–13 N/A 100% 31 100% 9.6 1.8 6–13 yes - 16 OCD, 2 CD
Montes et al., 2010 [56] 20 50% 29.0 4.0 25–35 N/A N/A 20 50% 27.6 2.6 25–35 no - -



Brain Sci. 2022, 12, 1367 5 of 20

Table 1. Cont.

VBM Experiments
Included in the Original
Coordinate-Based
Meta-Analysis

Clinical Group Control Group
Brain

Volume
Analysis

Comorbidity with
Dyslexia or ADHD
Noted in Exclusion

Criteria

Co-Morbid
Disorders

Reported in
Sample

N % Male
Mean
Age
(yrs)

Age SD
(yrs)

Age
Range
(yrs)

FSIQ Medication N % Male Mean
Age (yrs)

Age SD
(yrs)

Age
Range
(yrs)

(A) ADHD

Moreno-Alcazar et al.,
2016 [57] 44 66% 31.6 11.4 18–65 N/A 65.9% 44 66% 32.6 10.6 18–65 no - -

Overmeyer et al., 2001 [58] 18 83% 10.4 1.7 8–13 N/A N/A 16 94% 10.3 2.2 7–14 yes
LD, psychiatric

disorder,
abuse/dependency

1 dyslexia, 2 ODD,
2 CD

Roman-Urrestarazu et al.,
2016 [59] 49 76% 22.2 0.7 20–24 96.4 0% 34 50% 22.9 0.4 20–24 no - -

Sasayama et al., 2010 [60] 18 72% 10.6 2.9 6–16 90.05 0% 17 71% 10.0 2.4 6–14 yes
LD, psychiatric

disorder,
abuse/dependency

6 ODD, 4 CD

van Wingen et al.,
2013 [61] 14 100% 32.0 7.0 N/A N/A 0% 15 100% 37.0 6.0 N/A yes - -

Villemonteix et al., 2015
(med naïve group) [62] 33 55% 10.3 1.4 7.3–12.9 N/A 0% 24 50% 10.0 1.2 7.3–12.9 no - -

Villemonteix et al., 2015
(med group) [62] 20 80% 10.4 1.4 7.3–12.9 N/A 100% 24 50% 10.0 1.2 7.3–12.9 no - -

Yang et al., 2008 [63] 57 61% 11.1 N/A N/A 97.9 87.7% 57 60% 11.7 N/A N/A yes - 5 LD, 14 ODD, 1
tic, 1 GAD

Totals, sample size, averages 898 76% 16.5 - - - - 763 71% 16,6 - - - - -

(B) Dyslexia

Brambati et al., 2004 [64] 10 50% 31.6 N/A 13–57 107,1 N/A 11 45% 27.4 N/A 14–55 yes Psychiatric disorder -
Brown et al., 2001 [65] 16 100% 24.0 5.0 18–40 >90 N/A 14 100% N/A N/A N/A no ADHD -

Eckert et al., 2005 [66] 13 100% 11.4 0.7 10.1–
12.7 N/A N/A 13 100% 11.3 0.7 10.1–

12.7 yes Psychiatric disorder -

Evans et al., 2013 (male
adults) [67] 14 100% 42.9 10.4 N/A 108.0 0% 14 100% 41.1 9.0 N/A yes Psychiatric disorder -

Evans et al., 2013 (female
adults) [67] 13 0% 34.0 11.6 N/A 99.6 0% 13 0% 27.9 9.7 N/A yes Psychiatric disorder -

Evans et al., 2013 (male
children) [67] 15 100% 9.6 1.3 N/A 101.7 0% 15 100% 8.3 2.1 N/A yes Psychiatric disorder -

Evans et al., 2013 (female
children) [67] 17 0% 10.1 2.1 N/A 101.9 0% 17 0% 9.1 3.0 N/A yes Psychiatric disorder -

Hoeft et al., 2007 [68] 19 53% 14.4 1.9 7–16 N/A N/A 19 53% 14.4 2.4 7–16 yes Psychiatric disorder -
Jednorog et al., 2015 [69] 130 57% 10.3 0.9 8.5–13.7 >85 N/A 106 48% 10.2 0.9 8.5–13.7 yes ADHD -
Kronbichler et al., 2008 [70] 13 100% 15.9 0.8 14–16 N/A N/A 15 100% 15.5 0.6 14–16 yes Psychiatric disorder -
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Table 1. Cont.

VBM Experiments
Included in the Original
Coordinate-Based
Meta-Analysis

Clinical Group Control Group
Brain

Volume
Analysis

Comorbidity with
Dyslexia or ADHD
Noted in Exclusion

Criteria

Co-Morbid
Disorders

Reported in
Sample

N % Male
Mean
Age
(yrs)

Age SD
(yrs)

Age
Range
(yrs)

FSIQ Medication N % Male Mean
Age (yrs)

Age SD
(yrs)

Age
Range
(yrs)

(B) Dyslexia

Liu et al., 2013 [71] 18 72% 11.8 0.6 10.4–
12.6 >90 0% 18 83% 11.8 0.3 11.3–

12.6 yes ADHD -

Silani et al., 2005 [72] 32 100% 24.4 5.0 N/A 110 N/A 32 100% 26.3 5.0 N/A no - -

Siok et al., 2008 [73] 16 50% 11.0 0.5 10.2–
11.6 N/A N/A 16 81% 11.0 0.6 9.11–

12.4 yes ADHD -

Steinbrink et al., 2008 [74] 8 75% 20.1 3.9 N/A N/A N/A 8 75% 23.7 4.3 N/A yes Psychiatric disorder -
Tamboer et al., 2015 [75] 37 16% 20.6 1.5 N/A N/A N/A 57 12% 20.3 1.1 N/A yes ADHD -
Vinckenbosch et al.,
2005 [76] 13 100% N/A N/A 17–30 N/A N/A 10 100% N/A N/A 17–30 yes ADHD -

Xia et al., 2016 [77] 24 58% 12.5 0.7 10–15 >80 N/A 24 50% 12.5 0.4 10–15 no Psychiatric disorder -
Yang et al., 2016 [78] 9 33% 12.6 0.6 N/A N/A N/A 14 43% 12.3 1.0 N/A yes ADHD -

Totals, sample size, averages 417 61% 16.4 - - - - 416 57% 16.5 - - - - -

ADHD, attention-deficit/hyper-activity disorder; anxiety, anxiety disorders; CD, conduct disorder; FSIQ, full-scale intelligent quotient; GAD, generalized anxiety disorder; LD, learning
disability; MDD, major depressive disorder; N, sample size; N/A, data not available; ODD, oppositional defiant disorder; psychiatric, no history of psychiatric disorders; SD, standard
deviation; yrs, years; VBM, voxel-based morphometry.
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2.2. Coordinate-Based Meta-Analysis via PSI-SDM

As mentioned above, this replication used the PSI-SDM method in place of the ALE
originally applied by McGrath and Stoodley [1]. While ALE computes for each voxel the
likelihood to find a statistically significant effect in it, based on the spatial convergence
among the considered experiments [32,33], PSI-SDM evaluates the presence or absence
of the effect for each brain voxel performing standard univariate voxel-wise tests [38,79].
In other words, PSI-SDM estimates the effect size. To do so, the lower and upper bounds
of possible effect sizes for all voxels were evaluated with multiple imputations. Then, a
map of brain alteration was reconstructed for each experiment. This was made by means
of an anisotropic Gaussian kernel, which attributes higher effect sizes to the voxels that
appear to be more correlated with the peak coordinates. This step is conceptually similar
to the creation of the modelled activation (MA) maps in ALE, although values in the MA
maps represent the likelihood of finding an effect, rather than the estimated effect size.
As a further difference, in ALE the FWHM of the Gaussian kernel is changed based on
the sample size of each experiment [32]. On the contrary, PSI-SDM keeps a fixed FWHM,
typically set at 20 mm [38]. Continuing with the PSI-SDM procedure, the most likely effect
size (based on the level of statistical significance and its standard error, the coordinates
and effect sizes of the reported peaks, and the anisotropic covariance between adjacent
voxels) was computed for each included experiment through the maximum likelihood
techniques [80]. At this point, the obtained effect size maps of each imputation dataset
were combined with a random-effects model. Then, the obtained maps were combined in
a final meta-analytic map by applying Rubin’s rules. Briefly, this technique allows us to
impute the overall effect sizes for each brain voxel, based on the possible different effect
sizes that voxels may have had in the original unavailable 3D maps associated with each
experiment. Finally, the meta-analytic map was thresholded applying a family-wise error
(FWE) correction for multiple comparisons, with 1000 permutations, and the threshold-free
cluster enhancement (TFCE) statistic (p ≤ 0.05; minimum cluster size = 10 voxels) [38].

These steps were repeated twice, for dyslexia vs. TDCs, and ADHD vs. TDCs contrasts.
The PSI-SDM algorithm was set to the default parameters (i.e., VBM—gray matter modality;
SDM gray matter mask; anisotropy = 1; isotropic FWHM = 20 mm; voxel size = 2 mm;
number of imputations = 50).

Finally, we aimed to formally test whole-brain communalities in gray matter variation
between dyslexia and ADHD by calculating the overlap between both conditions in each
brain voxel. To do so, the two TFCE-corrected maps (i.e., dyslexia vs. TDCs and ADHD
vs. TDCs, respectively) have to be added on top of each other and compared via the
multimodal function of PSI-SDM software that calculate the most probable gray matter
overlap taking into account the presence of noise in the estimation of the p-values of each
meta-analytic map [38].

2.3. Impact of Socio-Demographic and Clinical Variables

While ALE does not permit the modelling of additional covariates, these can be
included in PSI-SDM to perform meta-regression analyses [41]. First, in order to test the
hypothesis originally made by McGrath and Stoodley (i.e., the influence of subjects’ age
for ADHD and dyslexia on gray matter differences), one variable was created to account
for age, taking the mean age of the clinical groups as reported in Table 1 of McGrath and
Stoodley [1], as to obtain the overall mean age for each experiment. VBM experiments
that did not report these data were excluded from this specific analysis. To note, the
impact of age was separately tested for ADHD and dyslexia datasets. Therefore, the age
variable was treated as independent variable in a univariate linear regression over the
voxel-wise magnitude of gray matter brain alteration. The potential impact of biological sex
(percentage of male), full-scale intelligence quotient (FSIQ; mean score), and medication
(percentage of medicated subjects at the scan session) was also explored for ADHD and
dyslexia datasets when at least 50% of the experiments for each dataset provided the
required information.



Brain Sci. 2022, 12, 1367 8 of 20

The results of the meta-regressions were thresholded at puncorrected < 0.0005 and mini-
mum cluster size = 10 voxels, as suggested by the SDM team to reach the optimal balance
between specificity and sensitivity [41].

2.4. Brain Volume Sub-Analysis

McGrath and Stoodley [1] also tested the possible confounding effect of total brain
volume, or gray matter volume. To do so, they reduced the dataset to the group of exper-
iments that explicitly corrected results to account for the volumetric difference between
the clinical and control groups. Since this kind of hypothesis can’t be tested by means of a
meta-regression, we followed the same original approach, but using PSI-SDM in place of
ALE to analyze the identified subset.

2.5. Additional Analysis: Impact of Null Experiments

Knowing that some attempts to find a given effect of interest have yielded null results
is of great relevance when running a CBMA [81,82]. Quantifying the exact number of
null experiments is generally hard, as formalized in the so-called “file-drawer effect”
bias [31,81,82]. Nonetheless, McGrath and Stoodley [1] identified nine of them during their
literature search. However, it is not possible to process null experiments with the ALE
method, as this would result into empty MA maps that can’t be modelled by the algorithm.
On the contrary, PSI-SDM allows the consideration of null results as well. Therefore, an
additional analysis was performed after the inclusion of those nine experiments into the
dataset, correctly divided between dyslexia and ADHD (see also Table 2 for demographic
and clinical details; Table S2 for methodological details).
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Table 2. Voxel-based morphometry experiments with null results and therefore not included in the original coordinate-based meta-analysis by McGrath and
Stoodley [1]: demographic and clinical details for the attention-deficit/hyper-activity disorder (A) and dyslexia (B) datasets.

VBM Experiments Not
Included in the Original
Coordinate-Based
Meta-Analysis

Clinical Group Control Group Comorbidity with
Dyslexia or ADHD
Noted in Exclusion

Criteria

Co-Morbid
Disorders

Reported in
Sample

N %
Male

Mean
Age
(yrs)

Age SD
(yrs)

Age
Range
(yrs)

FSIQ Medication N %
Male

Mean Age
(yrs)

Age SD
(yrs)

Age
Range
(yrs)

(A) ADHD

Amico et al., (2011) [83] 20 75% 33.6 10.2 N/A N/A N/A 20 75% 34.7 10.7 N/A PD
6 MDD, 7

depressive
episodes

Depue et al., (2010) [84] 31 61.10% 20 1.7 N/A 114.2 77.4% 21 38.90% 19.3 1.1 N/A LD or psychiatric
disorder -

Maier et al., (2015) [85] 131 48.90% 34.5 10.0 18–58 113.1 0% 95 47.40% 37.7 10.5 18–58 Neurological disorder

History of
depression and/or

psychopharma-
cotherapy

Onnink et al., (2013) [86] 119 38.70% 36.29 10.90 N/A 107.5 69% 107 42.10% 36.9 11.54 N/A Neurological disorder
or psychiatric condition -

Saad et al., (2017) [87] 34 73.50% 13.28 2.75 8–17 N/A 0% 28 68% 13.09 2.63 8–17 - ODD

Seidman et al., (2011) [88] 24 51% 37,3 12.6 18–59 116.0 87.5% 54 46% 34.3 11.3 18–59
Neurological

disorderabuse or
dependence

LD, MDD

Villemonteix et al.,
(2015) [89] 33 54.60% 10,1 1.3 7.9–12.9 105.6 0% 27 48.10% 10.1 1.3 7.9–12.9

LD, psychiatric
disorder or

neurological disorder
-

Totals, sample size, averages 392 51% 28.4 - - - - 352 44% 31.6 - - - -

(B) Dyslexia

Eckert et al., (2016) [90] 164 60% 10.8 2.59 N/A N/A N/A 129 60% 10.8 2.73 N/A
LD of a logographic

written language
system

-

Pernet et al., (2009) [91] 38 89.50% 27.3 7.9 N/A N/A 0% 39 89.70% 27.8 5.8 N/A
Neurological,

psychiatric disorder or
sensory deficits

-

Totals, sample size, averages 202 66% 13.9 - - - - 168 67% 14.7 - - - -

ADHD, attention-deficit/hyper-activity disorder; FSIQ, full-scale intelligent quotient; LD, learning disability; MDD, major depressive disorder; N, sample size; N/A, data not available;
neurological disorder, no history of neurological disorders; ODD, oppositional defiant disorder; psychiatric, no history of psychiatric disorders; SD, standard deviation; yrs, years; VBM,
voxel-based morphometry.
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3. Results

We aimed to replicate each of the analyses described in McGrath and Stoodley [1].
Moreover, we performed some additional analyses that the authors of the original work
had been unable to carry out due to methodological limitations.

3.1. Gray Matter Variations in ADHD Groups

When looking at the gray matter decrease effect associated with ADHD (i.e., ADHD <
TDCs) McGrath and Stoodley [1] found 11 clusters, encompassing the left frontal gyrus,
the right superior orbitofrontal gyrus, the right medial frontal gyrus, the right gyrus rectus,
the bilateral cingulate gyrus, the left precentral gyrus, the left superior temporal gyrus,
the right putamen, the left amygdala, and the right caudate head. The increase effect (i.e.,
ADHD > TDCs) was observed instead in 18 clusters, covering the left superior frontal gyrus,
the right precentral gyrus, the bilateral postcentral gyrus, the right supplementary motor
area, the left paracentral lobule, the left posterior cingulate gyrus, the bilateral precuneus,
the left cuneus, the right mid-occipital gyrus, the left medial dorsal nucleus of the thalamus,
and the left insula. As highlighted by McGrath and Stoodley, these results were obtained
applying a threshold of puncorrected < 0.001. For the sake of clarity, it should be mentioned
that the use of the uncorrected thresholding is no longer recommended in the ALE field [33].
Therefore, any interpretation of the results obtained for individual disorders should be
made with caution. The conjunction analysis was FDR corrected instead, in line with
current guidelines.

Since PSI-SDM, as mentioned in the Methods section, can analyze decrease and in-
crease effects together, the replication of this step consisted of a unique ADHD vs. TDCs
contrast. Our results showed no effect applying a TFCE p ≤ 0.05; minimum cluster size = 10
voxels thresholding. Five clusters of decrease effect were instead observed at the interme-
diate step of the analyses when the puncorrected < 0.005; minimum cluster size = 10 voxels
threshold was used. Although it is not infrequent in literature to describe results surviving
this lenient thresholding, the current recommended statistical standard is TFCE [38]. There-
fore, we have decided to include those less robust results in the Supplementary Materials
only (Table S3 and Figure S1, respectively), for the sake of clarity and completeness.

3.2. Gray Matter Variations in Dyslexia Groups

When looking at the gray matter decrease effect associated with dyslexia (i.e., dyslexia
< TDCs) McGrath and Stoodley [1] found 12 clusters, localized over the right superior
frontal gyrus, the right orbitofrontal gyrus, the bilateral supramarginal gyrus, the bilateral
superior temporal gyrus, the left middle temporal gyrus, the right inferior occipital gyrus,
the bilateral caudate body, the left medial dorsal nucleus of the thalamus, the left insula,
and the left lobule VI in the cerebellum. The increase effect (i.e., dyslexia > TDCs) was
observed instead in 13 clusters, encompassing the bilateral medial superior frontal gyrus,
the right precentral gyrus, the right supplementary motor area, the right paracentral lobule,
the right precuneus, the left inferior parietal lobule, the bilateral superior temporal gyrus,
the left middle temporal gyrus, and the left crus I in the cerebellum. As for ADHD, a
threshold of puncorrected < 0.001 was used.

In our replication, no effect was found for the contrast dyslexia vs. TDCs, neither at
TFCE p ≤ 0.05 nor at puncorrected < 0.005 (Table S4).

3.3. Common Gray Matter Variations in Dyslexia and ADHD Groups

Although McGrath and Stoodley [1] found wide patterns of effect for both ADHD and
dyslexia, the conjunction analysis highlighted no convergence between the two neurode-
velopmental conditions when considering decrease ALE maps thresholded at puncorrected
< 0.001. When the authors lowered the threshold to puncorrected < 0.005 a sole cluster of
decrease in the right caudate survived FDR p < 0.05 (k = 50 mm3; 5000 permutations)
correction. No conjunction analysis for the increase effect was carried out instead.
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Concerning our results, since no effect was found in the main PSI-SDM about dyslexia,
it was not possible to compute the conjunction analysis, neither at TFCE p ≤ 0.05 nor at
puncorrected < 0.005 thresholding.

3.4. Additional Results: Impact of Null Experiments

As described in the Methods section, PSI-SDM allows us to also model experiments
that found null results. Therefore, we repeated the analyses described above after having
complemented the database with the null experiments reported in McGrath and Stoodley
(2019). This was an additional analysis, not implemented in the original research due to
methodological constrain. Concerning ADHD, still no effect was found at TFCE p ≤ 0.05,
in line with what observed for the original database. Coherently, four clusters of decrease
effect were observed at puncorrected < 0.005 threshold (Table S5 and Figure S2). The inclusion
of the null experiments did not affect dyslexia that still showed no cluster of effect at any
level of thresholding (Table S6). As in the case of the original database, it was not possible
to complete the conjunction analysis due to the lack of effect at previous stages.

3.5. Impact of Socio-Demographic and Clinical Variables

In order to evaluate the potential effect of age, McGrath and Stoodley [1] created and
separately analyzed subsets of experiments depending on the mean age of the sample.
When focusing on the decrease effect in adult groups (i.e., mean age > 18 years), the
conjunction analysis showed no convergence between ADHD and dyslexia, irrespective
of the threshold level applied to the ALE maps. The same happened for children groups
based on the ALE maps thresholded at puncorrected < 0.001. When using the more lenient
puncorrected < 0.005, a cluster of convergent decrease was observed in the left middle frontal
gyrus and supplementary motor area. The authors did not consider the increase effect for
this analysis due to the paucity of data. As explained in the Methods section, we decided to
leverage on the features of PSI-SDM and perform a meta-regression, rather than separately
analyzing the subset. This was in fact the most direct way to test the potential effect of age,
as originally hypothesized by McGrath and Stoodley [1]. Our results showed that no effect
of age was found at puncorrected ≤ 0.0005 either in ADHD or dyslexia.

Additionally, meta-regression analyses about biological sex and medication indicated
no significant effect in both ADHD and dyslexia VBM findings. FSIQ meta-regression was
not performed instead due to a large amount of unavailable data about the pertaining
variable (Table 1).

3.6. Brain Volume Sub-Analysis

In order to evaluate the possible effect of total brain volume, McGrath and Stoodley [1]
reduced the analysis to the subset of experiments that explicitly corrected the results for the
volumetric difference between the clinical and control group. Even in this condition, conver-
gence was observed in the sole cluster in the right caudate, based on the less conservative
version of the maps (i.e., puncorrected < 0.005).

In our replication, as in the case of using the whole dataset, it was not possible to
perform the conjunction analysis at TFCE p ≤ 0.05 since no significant effect was found for
dyslexia at that threshold. The only two clusters that survived at this corrected thresholding,
based on the subset for ADHD, were localized in the left crus I and crus II of the cerebellum
(Table 3 and Figure 1). It is important to note that no significant heterogeneity of effect size
(i.e., I2 = 4.5% for the peak 1; I2 = 17.9% for the peak 2) and no obvious publication bias (i.e.,
Egger’s test p = 0.6 for the peak 1; p = 0.6 for the peak 2) [80] were found for these brain
volume related findings.
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Table 3. Brain clusters of gray matter variation in attention-deficit/hyper-activity disorder compared
with typically developmental controls at TFCE corrected p ≤ 0.05 and minimum cluster size = 10 vox-
els (brain volume sub-analysis).

Region MNI Coordinate SDM p ≤ 0.05
Voxels

Cluster Breakdown

x y z Z Score (Corrected) (Voxels)

ADHD > TDCs

No cluster found

ADHD < TDCs

Left crus II
(Cerebellum)

−22 −78 −36 −3.569 0.02 120 Left crus II (73)
Left crus I (44)

Left lobule VIIB (3)

Left crus I
(Cerebellum) −32 −58 −44 −3.525 0.03 84

Left crus II (51)
Left crus I (11)

Left lobule VIIB (10)
Left lobule VI (9)
Left lobule VII (2)
Middle cerebellar

peduncles (1)

Abbreviations: ADHD, attention-deficit/hyper-activity disorder; TDCs, typically developing controls; BA, Brod-
mann area; MNI, Montreal Neurological Institute; SDM, Seed-based d Mapping.
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Figure 1. Brain cluster of gray matter reduction in subjects with attention-deficit/hyper-activity
disorder compared to typically developing controls (brain volume sub-analysis). Results are TFCE-
based FWER corrected at 0.05. The PSI-SDM findings are visualized as coronal, sagittal, and axial
slices (2-D cortical, subcortical, and cerebellar view).
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At the uncorrected level of statistical significance (p < 0.005), we found three clusters
of gray matter decrease in dyslexia (Table S7; Figure S3) and 13 clusters of gray matter
decrease in ADHD (Table S8; Figure S4) respectively, when accounting for brain volume.
For the sake of completeness, we ran the conjunction analysis comparing the two maps at
the uncorrected level. Results showed no common brain area of variation.

4. Discussion

In the present study, we aimed to replicate the original VBM meta-analysis by McGrath
and Stoodley [1], using PSI-SDM in place of ALE as a method to carry out the analyses.
Overall, the current attempt confirmed a limited overlap between the alteration correlates
of ADHD and dyslexia. This was primarily due to the lack of significant effects for dyslexia
that prevented the execution of the conjunction analysis. Even for ADHD, the only main
results were obtained at uncorrected thresholding, and should therefore be interpreted
with caution.

Nevertheless, this outcome was not completely surprising. As correctly stated by
McGrath and Stoodley [1] throughout their work, the magnitude of the identified effect was
limited. In fact, the conjunction analysis highlighted the only cluster in the right caudate,
and only when comparing maps with the more lenient and very liberal thresholding (i.e.,
puncorrected < 0.005). The authors did not test their results with more conservative correction
thresholds, such as the false discovery rate [92], voxel- or cluster-level FWE [33]. Therefore,
any consideration about the behavior of the data in that scenario would be speculative [93].
As a further and related aspect, it should be noted that the number of experiments originally
included in the various analyses was very close to the lower bound recommended in the
ALE literature [33,94,95]. In similar cases, the stability of the results can be limited, and
findings can be driven by single experiments [31,93,94]. In light of these considerations,
the opposite outcomes we found could be more related with the size of the dataset than
with the influence of methodological differences between ALE and PSI-SDM.

Although for some of the additional analyses we performed the null experiments for
were included, the particular nature of these studies did not really contribute to expand the
dataset. On the contrary, the effect of considering null results is rather to further increase
the threshold to be reached by the remaining experiments. In line with this, one cluster of
gray matter decrease in ADHD was lost after the inclusion of the seven null experiments. In
our analyses, the only two clusters surviving the TFCE corrected p ≤ 0.05 thresholding were
found in the left cerebellar crus II and crus I, based on the subset of ADHD experiments that
accounted for total brain volume differences. Although the involvement of the cerebellum
in this disorder was not reported by McGrath and Stoodley [1], this is well described in
ADHD literature [39,96–99]. The fact that, in our replication, the alteration of the cerebellum
only emerged in the sub-analysis could be due to the homogenization induced through the
selection process. In fact, an effect of excluding the experiments that had not taken into
account differences in total brain volume could be to retain more similar brains, in spatial
terms. This could in turn increase the chance of finding convergence among the various
experiments, therefore surviving to statistical thresholding. On the other hand, it should
also be considered that when reducing the number of experiments analyzed, the chance to
find some significant results increases, in virtue of reduced variance [93].

A very strict interpretation of the paucity of significant results in our replication would
be that neither ADHD nor dyslexia are consistently associated with a pattern of gray matter
alteration in the brain. This stance is coherent with a recent ALE cluster-level FWE corrected
study by Samea et al. [40] on pediatric subjects with ADHD. By contrast, prior CBMAs
described significant, albeit largely different, patterns of neuroanatomical alteration in
dyslexia [100–102]. The discrepancy in VBM findings between current and early meta-
analyses could be explained by a number of factors. First, the CBMAs of Linkersdörfer
et al. [100] and Richlan et al. [101] analyzed small datasets due to the limited availability of
appropriate data (i.e., nine experiments for a total of 62 gray matter decrease foci and nine
experiments for a total of 45 gray matter decrease/increase foci, respectively), hence prone
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to type I error [93]. Second, Yan et al. [102] evaluated the neuroanatomical landscape of
dyslexia from a cross-linguistic writing perspective, partitioning the current VBM literature
about disorder in two datasets, namely the alphabetic language (21 experiments) and
morpho-syllabic (6 experiments) groups. Third, Richlan et al. [101] and Yan et al. [102]
used the effect-size version of SDM at uncorrected level; Linkersdörfer et al. [100] used the
ALE instead. While these CBMA methods test the spatial convergence across coordinates,
our PSI-SDM approach conducts standard univariate voxel-wise tests [38,79]. From a
methodological point of view, this means that we were able to overcome certain spatial
drawbacks which may have decreased the statistical power of the meta-analysis, leading
to either spuriously conservative or spuriously liberal results [38,79,103]. As a further
relevant note, the current lack of consensus would be further reinforced by the complex
and not fully understood nature of these neurodevelopmental multi-faceted disorders. For
example, some authors have suggested that both ADHD and dyslexia might not be discrete
entities but, rather, their symptomatology occurs on a continuum [104–108]. Moreover,
medical comorbidity in these clinically heterogeneous conditions is frequent [109,110]. In
this regard, we note that 15 out of 31 original VBM experiments about ADHD (i.e., the 48%
of the dataset) have recruited at least one subject with other psychiatric and neurological
disorders (Table 1) [1]. This aspect adds inevitable heterogeneity to the meta-analytic
sample.

A further aspect to be mentioned is the role of the gray matter increase. While some
clusters of decrease were found at the uncorrected level of thresholding, no increase was
detected in our replication. On the contrary, McGrath and Stoodley [1] found several
clusters of increase in both ADHD and dyslexia. As discussed in Mancuso et al. [36],
the biological meaning of the increment of gray matter in the pathological brain remains
elusive, as well as its relationship with the opposed phenomenon of decrease. However,
the divergent findings could be explained by the different approach followed by ALE and
PSI-SDM. While the former analyses increase and decrease separately, PSI-SDM processes
the two effects together. In virtue of this, if the prevalence of experiments reports the
decrease of a given brain region, this could hide the presence of some increase effect in that
same region. The two directions could also be counterbalancing, showing zero effect in
total. Since it is known that increase effect is less represented in literature than decrease
one [35,36], the absence of significant increase results should always be considered with
caution.

Limitations and Future Directions

Disorder-specific issues and clinical heterogeneity aside, we should note that the
CBMA approach in general, and PSI-SDM technique in particular, have some limitations. By
definition, coordinate-based techniques have a limited accuracy because they only consider
significant foci (i.e., x,y,z peak values) instead of the entire voxel-wise statistic parametric
maps [30]. However, we observe that this procedure is standardized in the field and capable
of reducing the probability of making spatial errors [32,41]. Second, although McGrath
and Stoodley [1] identified nine VBM studies with null result experiments about ADHD
and dyslexia, we cannot exclude that this research topic is affected by the publication bias
against null or contra-evidence results (i.e., file-drawer problem) [30,31]. Third, exploratory
meta-regression analyses did not find a significant impact of some key socio-demographic
and clinical variables on published findings in both clinical conditions of interest. It is
necessary to note that these results are based on a limited number of eligible experiments
and, therefore, should be taken with caution and deserves future attention. Fourth, in
performing the SDM-PSI analyses we cannot rule out that taking into account a few
experiments may slightly bias effect sizes towards zero, even though simulations made by
the SDM team with the maximum likelihood/multiple imputation algorithm have already
shown that this kind of bias is almost negligible [38]. Lastly, although the meta-analytic
approach has permitted a quantitative synthesis of over 20 years of research about the
topic, the cross-sectional nature of the data hampers the possibility to characterize possible
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disorder-specific and common patterns of neuroanatomical variation from a developmental
perspective. In this regard, future longitudinal studies scanning the same individuals across
the lifespan, along with new reproducible data analytic pipelines, may open new lines of
research able to propose new neuroimaging-based targeted interventions.

5. Conclusions

Here, we aimed to replicate the important findings pertaining the existence of brain
regions undergoing gray matter alteration in association with both ADHD and dyslexia
reported in the McGrath and Stoodley study [1]. Using a different state-of-the-art meta-
analytic method and additional statistical procedures, we found no significant alteration
overlap between these two neurodevelopmental conditions. These results remained un-
changed under the addition of nine experiments not included in the original analyses.
Furthermore, we have argued that the evidence for the existence of socio-demographic and
clinical confounding effects on published findings is not convincingly demonstrated. De-
spite common genetic, environmental, cognitive, and pathomechanism risk factors between
these two NDDs, current outcomes support the existence of a marked distinction at the
neural level, which may be useful for a clinical point of view especially when comorbidity is
present. In sum, we believe that the overall replication of the original study may be a further
step forward that will help us to find precise neural markers of these neurodevelopmental
conditions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/brainsci12101367/s1. Table S1. VBM experiments included
in the original coordinate-based meta-analysis by McGrath and Stoodley (2019): methodological
details for the attention-deficit/hyper-activity disorder (A) and dyslexia (B) datasets. Table S2.
VBM experiments with null results and not included in the original coordinate-based meta-analysis
by McGrath and Stoodley (2019): methodological details for the attention-deficit/hyper-activity
disorder (A) and dyslexia (B) datasets. Table S3. Brain clusters of gray matter variation in attention-
deficit/hyper-activity disorder compared with typically developmental controls at puncorrected < 0.0005
and minimum cluster size = 10 voxels (replication analysis). Table S4. Brain clusters of gray matter
variation in attention-deficit/hyper-activity disorder compared with typically developmental controls
at puncorrected < 0.0005 and minimum cluster size = 10 voxels (replication analysis). Table S5. Brain
clusters of gray matter variation in attention-deficit/hyper-activity disorder compared with typically
developmental controls at puncorrected < 0.0005 and minimum cluster size = 10 voxels (additional
analysis). Table S6. Brain clusters of gray matter variation in dyslexia compared with typically
developmental controls at puncorrected < 0.0005 and minimum cluster size = 10 voxels (replication
analysis). Table S7. Brain clusters of gray matter variation in dyslexia compared with typically
developmental controls at puncorrected < 0.0005 and minimum cluster size = 10 voxels (brain volume
sub-analysis). Table S8. Brain clusters of gray matter variation in attention-deficit/hyper-activity
disorder compared with typically developmental controls at puncorrected < 0.0005 and minimum
cluster size = 10 voxels (brain volume sub-analysis). Figure S1. Brain clusters of gray matter
variation in attention-deficit/hyper-activity disorder compared with typically developmental controls
at puncorrected < 0.0005 and minimum cluster size = 10 voxels (replication analysis). Figure S2. Brain
clusters of gray matter variation in attention-deficit/hyper-activity disorder compared with typically
developmental controls at puncorrected < 0.0005 and minimum cluster size = 10 voxels (additional
analysis). Figure S3. Brain clusters of gray matter variation in dyslexia compared with typically
developmental controls at puncorrected < 0.0005 and minimum cluster size = 10 voxels (brain volume
sub-analysis). Figure S4. Brain clusters of gray matter variation in attention-deficit/hyper-activity
disorder compared with typically developmental controls at puncorrected < 0.0005 and minimum
cluster size = 10 voxels (brain volume sub-analysis).
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