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The use of multi-site datasets in neuroimaging provides neuroscientists with more
statistical power to perform their analyses. However, it has been shown that the
imaging-site introduces variability in the data that cannot be attributed to biological
sources. In this work, we show that functional connectivity matrices derived from
resting-state multi-site data contain a significant imaging-site bias. To this aim, we
exploited the fact that functional connectivity matrices belong to the manifold of
symmetric positive-definite (SPD) matrices, making it possible to operate on them with
Riemannian geometry. We hereby propose a geometry-aware harmonization approach,
Rigid Log-Euclidean Translation, that accounts for this site bias. Moreover, we adapted
other Riemannian-geometric methods designed for other domain adaptation tasks and
compared them to our proposal. Based on our results, Rigid Log-Euclidean Translation
of multi-site functional connectivity matrices seems to be among the studied methods
the most suitable in a clinical setting. This represents an advance with respect to
previous functional connectivity data harmonization approaches, which do not respect
the geometric constraints imposed by the underlying structure of the manifold. In
particular, when applying our proposed method to data from the ADHD-200 dataset,
a multi-site dataset built for the study of attention-deficit/hyperactivity disorder, we
obtained results that display a remarkable correlation with established pathophysiological
findings and, therefore, represent a substantial improvement when compared to the
non-harmonization analysis. Thus, we present evidence supporting that harmonization
should be extended to other functional neuroimaging datasets and provide a simple
geometric method to address it.

Keywords: multi-site dataset, resting-state, functional connectivity, harmonization, Riemannian geometry,
attention-deficit/hyperactivity disorder
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Simeon et al. Riemannian-Geometric Harmonization of Functional Connectivity Matrices

FIGURE 1 | Pair-wise distances between functional connectivity matrices from different sites (KKI: Kennedy Krieger Institute, Johns Hopkins University; NYU: New
York University Child Study Center; PKG: Peking University; NIM: NeurolMAGE sample). (A) Pair-wise affine-invariant Riemannian metric (AIRM) distances for
non-transformed matrices. (B) Pair-wise Log-Euclidean Riemannian metric (LERM) distances for non-transformed matrices. (C) Pair-wise AIRM distances after matrix
whitening. (D) Pair-wise LERM distances after Rigid Log-Euclidean Translation (RLET) to the global mean . (E) Pair-wise AIRM distances after parallel transport. (F)
Pair-wise LERM distances after RLET to the identity matrix.
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FIGURE 2 | Commutators of the global mean = and original site Fréchet mean {f(k)}. (A) =, f(m)]; (B) [Z, f(NYU)]; ©) =, f(PKG)]; (D) =, f(NIM)}. (KKI, Kennedy
Krieger Institute, Johns Hopkins University; NYU, New York University Child Study Center; PKG, Peking University; NIM, NeuroIMAGE sample).

row, excluding diagonal entries, adds up to 1, and in turn,
diagonal entries add up to 1. One has to interpret this matrix
in the following manner: when taking, for example, the row
corresponding to DMN, the entry DMN-FP is the percentage of
inter-network anomalies involving DMN that end up connected
to FP; when considering DMN-DMN, it is the percentage of
intra-network anomalies that are found within DMN. Therefore,
we have summarized in a plot, the relative contribution of
every functional component to the inter-network anomalies
involving another specific functional component. One has to
bear in mind that DMN-FP (row-column) does not have the
same interpretation as FP-DMN and, indeed, their values are
different in general (after normalizing per row, the matrix is

no longer symmetric): the number of anomalous connections
between DMN and FP is fixed, but their relative contribution
to the total number of inter-network anomalies involving DMN
and to the total number of inter-network anomalies involving FP
need not be the same.

We have plotted these matrices for the anomalies obtained
using the original, the RLET(T)-harmonized, the RLET(I)-
harmonized, and the MW-harmonized functional connectomes
(Figure 7). They have been computed with the anomalous
connections identified by thresholding their corresponding
frequency matrices at F;; > 2 to have a large enough number of
samples (Table 1). Furthermore, we have computed differences
between the plots corresponding to original and RLET(X),
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FIGURE 3 | Two-dimensional embedding obtained after applying t-stochastic neighbor embedding to the logarithms of non-harmonized matrices. KKI, Kennedy
Krieger Institute, Johns Hopkins University; NYU, New York University Child Study Center; PKG, Peking University; NIM, NeurolMAGE sample.
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FIGURE 4 | (A) Two-dimensional embedding obtained after applying t-stochastic neighbor embedding to the logarithms of matrices transformed under matrix
whitening. (B) Two-dimensional embedding obtained after applying t-stochastic neighbor embedding to the logarithms of matrices transformed under Rigid
Log-Euclidean Translation to the global mean =. KKI, Kennedy Krieger Institute, Johns Hopkins University; NYU, New York University Child Study Center; PKG,
Peking University; NIM, NeuroIMAGE sample.

between RLET(I) and MW, and between RLET(X) and RLET(I);  harmonization and manifold location effects. These results are
afterward, we have binarized the resulting difference plots at  shown in Figure 8.

an absolute entry-wise difference > 15%, thus allowing the Even though a more involved interpretation of these
detection of important changes in the distributions and assessing ~ results will be made in the Discussion section, we
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FIGURE 5 | (A) Difference in pair-wise AIRM distances between original matrices and matrices transformed under matrix whitening. (B) Difference in pair-wise LERM
istances between original matrices and matrices transformed under Rigid Log-Euclidean Translation . air-wise istances between site Fréchet
di b iginal i d i f d under Rigid Log-Euclid Translation (RLET). (C) Pair-wise AIRM di b ite Fréch
means {f(k)} and the global mean . (D) Pair-wise LERM distances between site Fréchet means bk and the global mean . (E) Pair-wise AIRM distances between
site Fréchet mean computed after matrix whitening and the identity matrix /. (F) Pair-wise LERM distances between site Fréchet means computed after RLET(Z) and
the global mean T. KKI, Kennedy Krieger Institute, Johns Hopkins University; NYU, New York University Child Study Center; PKG, Peking University; NIM,
NeurolIMAGE sample.
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FIGURE 6 | Frequency matrices Fj obtained by performing 100 permutation experiments with the same randomly pooled subjects, binarizing each experiment’s
p-value matrix at p < 0.001 and summing these resulting matrices for (A) original functional connectivity (FC) matrices; (B) FC matrices transformed under matrix
whitening; (C) FC matrices transformed under Rigid Log-Euclidean Translation (RLET) to the global mean X; (D) FC matrices transformed under RLET to the identity

highlight that discrepancy between RLET(X) and RLET(I)
signal distortions induced by relocating matrices to
the neighborhood of I, since relative positions between
matrices in Log-Euclidean space are exactly the same
by construction. Therefore, in the following, we will
focus on the comparison between non-harmonized and
RLET(X)-harmonized matrices.

3.5. RLET(X)-Harmonization Results

At this point, we focus on results at a frequency Fj; > 3 to allow a
more precise comparison between the results obtained from non-
harmonized and RLET(X)-harmonized matrices. In this case,

we have obtained 21 significant inter-network connections using
non-harmonized matrices; and 32 inter-network and 1 intra-
network anomalies after transforming original matrices under
the RLET(X) framework. We have represented the resulting
anomalous connectomes in Figures 9, 10.

Moreover, we have plotted two histograms, one for non-
harmonized and the other for RLET(X)-harmonized matrices,
displaying how the distribution of abnormal connections
involving particular functional components varies according
to the frequency threshold (Figure 11). When looking at the
histograms, one can see that the distribution of anomalies
according to the involved functional component is better

Frontiers in Neuroinformatics | www.frontiersin.org

13

May 2022 | Volume 16 | Article 769274


https://www.frontiersin.org/journals/neuroinformatics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroinformatics#articles

Simeon et al.

Riemannian-Geometric Harmonization of Functional Connectivity Matrices

TABLE 1 | The number of detected anomalies using original matrices, harmonized
matrices under Rigid Log-Euclidean Translation (RLET) to the global mean T,
harmonized matrices under RLET to the identity matrix /, and harmonized
matrices under matrix whitening, according to the chosen frequency threshold.

Threshold Original RLET(Y) RLET(/) MwW
Fj=1 2,019 2,125 1753 2,274
Fy=2 188 (9.31%) 213 (10.02%) 154 (8.78%) 262 (11.52%)
Fi=3 21 (1.04%) 33 (1.55%) 14 (0.80%) 52 (2.3%)
Fj >4 2 (0.10%) 8(0.38%) 1(0.06%) 9 (0.40%)
Fj=5 0 (0%) 4 (0.19%) 1(0.06%) 1(0.04%)

Sensitivities are found between parentheses.

preserved when changing the considered frequency level in the
case of RLET(X) than in the non-harmonization approach.

4. DISCUSSION
4.1. Imaging-Site Bias

Results from pair-wise distances computation (Figure1)
and low-dimensional embedding (Figures 3, 4) of functional
connectivity matrices show that there is an imaging-site-biased
distribution of these matrices in the manifold. In particular,
one can distinguish between an intra-site bias effect and an
inter-site bias effect. Intra-site bias is clearly visible when
looking at diagonal blocks of pair-wise distances plots: intra-site
distances are significantly different between KKI and NIM
matrices [interestingly, the NIM sample comes in its turn from
3 different imaging sites (ADHD-200 Consortium, 2017), what
could explain its large intra-site variability]. Instead, one would
expect the intrinsic biological variability to be approximately the
same across sites when the number of subjects is large enough.
Inter-site bias is reflected in the clustered distribution of matrices
in the manifold that makes it possible to clearly identify visually
the imaging site in the tSNE low-dimensional embedding (recall
that this low-dimensional embedding is, with high probability,
displaying LERM distance similarities). When harmonizing
using the three different methods, inter-site distances were
generally reduced (Figure 1), which is the expected effect of
removing site-clustering behavior.

The clustered distribution in the manifold (Figure 3) points
directly to the fact that entry-wise statistical comparisons could
not be completely reliable unless the site effect is previously
subtracted (Figure4), since what is usually targeted in these
statistical tests are entry-wise differences. Because of the nature
of the permutation testing approach targeting these differences,
large entry-wise differences coming from the original clustered
and distant distribution of the matrices might be masking
true and more subtle biological differences, or even giving
rise to wrong salient entries. Geometry-grounded frameworks
transform the matrices’ entries in such a way that they can
still be regarded as covariances (resulting matrices belong
to the SPD manifold, as opposed to ComBat outputs, for
example), that removes (partially) multi-site effects on entry-wise
differences, and therefore that allows a more unbiased study of
the significance of these individual differences or anomalies.

Regarding the detection of significant differences, in terms of
sensitivity, RLET(I) is the harmonization method that performs

the worst (Table 1) at all frequency thresholds. Nevertheless, only
by using harmonization approaches have we reached the F;; =
5 level. On the other hand, site means transform as expected,
becoming the identity matrix I for RLET(I) and MW, and the
global mean Y in the case of RLET(X), since pair-wise distances
vanish. Intra-site distances are also preserved as intended but, as
a consequence, intra-site bias is also retained. However, as a first
approximation to imaging-site harmonization, our aim was to
operate in the least distortive manner. One cannot know to which
extent true biological variability would be artificially altered by
modifying intra-site distances, even though it is clear that there is
an imaging-site contribution to the observed dispersion. Notice
however that when looking at Figure 4A, it seems that MW
has been able to correct differences in dispersions, as opposed
to RLET (Figure4B). This impression is an artifact coming
from the fact that the low-dimensional embedding has been
obtained by using LERM distances, both for MW and for RLET.
MW is based on the AIRM framework and, therefore, the low-
dimensional embedding, using LERM distances as the metric, has
not been able to capture the expected intra-site AIRM distance
preservation behavior. In fact, if one considers Figure 1, one
can see that different dispersions around the site mean have
not been corrected for MW (Figure 1C), since diagonal blocks
exhibit different average intra-site distances in the same way as
RLET-transformed ones (Figure 1D).

Figure 8 provides evidence favoring harmonization, but also
evidence for rejecting harmonization at the identity matrix.
Testing for the difference between these distribution matrices
and requiring entry-wise coincidence within 4+15% is strict,
bearing in mind that we are dealing with relative contributions
of connections among and within 10 different components, and
the number of samples is considerably small. Therefore, at this
point, looking at the differences between RLET(I) and MW (only
3/100 entries display absolute differences larger than 15%), we
can claim that harmonization is indeed working in its task of
homogenizing results. However, taking into account that the
only difference between RLET(I) and RLET(X) is the location
of the Fréchet mean (relative positions between functional
connectivity matrices in the Log-Euclidean space are exactly
preserved by construction), and considering the dissimilarities
between distributions, we can affirm that location in the manifold
is important (as we had presumed in the Methods section and
motivating our construction of RLET(X)) and that transporting
matrices to the identity matrix is too distortive in our setting.
As a consequence, and given those discrepancies in anomaly
distributions between original and RLET(X) are 3-fold (9/100)
the ones observed by harmonizing with two different approaches
to identity (3/100), we have focused our attention in the following
subsection on the effect of RLET(X)-harmonization on the
original functional connectivity matrices, since these (possibly
biologically relevant) discrepancies are, at least partially, due
to harmonization.

Finally, given the results pointing to a considerably large
intra-site bias, we can propose a modification to RLET(X)

Log(=) — Log(E)=Log(®)+1" (Log(=(") ~Log(=")),
(15)
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FIGURE 7 | Anomaly distribution plots according to the involved functional components obtained as described in subsection 3.4 using (A) original matrices; (B)
matrices transformed under Rigid Log-Euclidean Translation (RLET) to the global mean ¥; (C) matrices transformed under matrix whitening; (D) matrices transformed
under RLET to the identity matrix. VIS, visual network; MOT, sensorimotor network; DA, dorsal attention network; VA, ventral attention network; FP, frontoparietal
network; LIM, limbic network; DMN, default mode network; BS, brain stem; CRB, cerebellum; BG, basal ganglia.

consisting on the introduction of a site-dependent rescaling  that is, the ratio between the mean of all intra-site pair-wise
parameter A® = 0, which has the effect of rescaling intra-  distances (regardless of k) and the mean of intra-site-k distances.
site distances by a factor of A® while still enforcing all . .
site Fréchet mean to be the global mean . Tuning A% 4.2. Abnormal Functional Connectivity
would allow, for example, to empirically adjust mean intra-site  Findings
distances (and, thus, intra-site variability) so that different sites ~ 4.2.1. Large-Scale Networks in ADHD
display approximately the same dispersion around X. A first By thresholding frequency matrices at FZJ > 2, one can obtain a
approximation choice for A(*) could be, therefore, large enough number of anomalies to construct the distributions
shown in Figure 7. This approach enables to obtain a coarse-
IS LS S s s grained picture of anomalous interactions and, therefore, to take
3 = K =) oN®) iek) Zjelk) 20 7 (16) intoaccount anomalous engagement between large-scale resting-

>

ﬁ D ic) Zje(k) d(z;, %)) state networks.
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FIGURE 8 | Binarized entry-wise absolute differences greater than 15% between plots in Figure 6 for (A) original (non-harmonized) matrices and matrices
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whitening and RLET to / harmonized matrices. VIS, visual network; MOT, sensorimotor network; DA, dorsal attention network; VA, ventral attention network; FP,
frontoparietal network; LIM, limbic network; DMN, default mode network; BS, brain stem; CRB, cerebellum; BG, basal ganglia.

Although there is a large amount of pair-wise interactions, the  resting-state functional connectivity, in general, findings do not
most descriptive findings are obtained by considering relevant  support an involvement of VA in ADHD, even though authors
functional components that do not have anomalous inter- or  do not find this evidence to be conclusive (Castellanos and Proal,
intra-network interactions. Using non-harmonized matrices, we ~ 2012). On the contrary, DA involvement in ADHD is well-
have found that at F;; > 2 there is an absence of intra-DA  established (Dickstein et al., 2006; Rubia, 2011). The absence of
and intra-VA anomalous connections. In the case of RLET(X)-  intra-DA alterations under the non-harmonization framework
harmonized matrices, we see an absence of intra-VIS and  could be therefore interpreted as a deficit of the framework.
intra-VA anomalies, and an absence of DA-VA and VIS-VA  Intra-VIS alterations, both hyper- and hypoactivations, have
inter-network abnormal interaction. In both cases, BG engages  been found in task-based settings, depending on the task (Vance
abnormally selectively with DMN, FP, and VIS networks. In et al,, 2007; Dillo et al., 2010; Schneider et al., 2010). One study
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FIGURE 9 | Anomalous connections obtained by thresholding the frequency matrix for non-harmonized matrices at F; > 3. In total, the 21 anomalous connections
are displayed. Notice the lack of anomalies involving the posterior parietal cortex and the cerebellum.

FIGURE 10 | Anomalous connections obtained by thresholding the frequency matrix for matrices harmonized under Rigid Log-Euclidean Translation to the global
mean T at Fj > 3. The 33 detected anomalies are displayed.

found altered intra-VIS resting-state functional connectivity =~ connections that remain as significant when thresholding their
by using ADHD-200 resting-state data (Kessler et al., 2014)  frequency at F;; > 3 does not allow an interpretation in terms
(correlating with results from the analysis of non-harmonized  of network interactions, but rather an interpretation in terms of
matrices, where intra-VIS contributions are found). Authors  pathways, (parts of) circuits, or pair-wise relevant connections.
highlight the importance of examining carefully the impact of  This interpretation makes it possible to probe the fine-grained
the visual component in ADHD and, in particular, its relation  pathophysiology of ADHD from a functional point of view and
to attention (Castellanos and Proal, 2012). To our opinion, to correlate our findings with established results.
given the importance (in terms of contribution to anomalies)
that RLET(X)-harmonization gives to VIS, the absence of intra- 42 2 1. Prefrontal Cortex
network findings is descriptive, in the sense that it is difficult It has been hypothesized for a long time that ADHD is a disorder
to understand that the algorithm did not discover intra-network  of the prefrontal cortex (PFC). The motivation underlying
anomalies because of sensitivity regarding the visual component.  he hypothesis of an involvement of PFC is that one of its
most important functions is behavioral control, the principal
4.2.2. Pathophysiology of ADHD impairment presented by patients with ADHD. The circuitry that
Although there is a growing consensus that large-scale brain  has been found to be critical in the neurobiology of ADHD is
networks are involved in ADHD, the number of anomalous  the cortico-striatal-thalamo-cortical (CSTC) loops. These closed
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loops transmit cortical inputs to the thalamus via the striatum,  the dorsolateral prefrontal cortex (DLPFC) and the (dorsolateral)
to be reprojected back to the cortical region. Two of these loops  caudate nucleus forming the cortico-striatal pathway, and the
play a key role in ADHD: the dorsolateral prefrontal circuit, with  orbitofrontal circuit, composed of the orbitofrontal cortex

Frontiers in Neuroinformatics | www.frontiersin.org 18 May 2022 | Volume 16 | Article 769274


https://www.frontiersin.org/journals/neuroinformatics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroinformatics#articles

Simeon et al.

Riemannian-Geometric Harmonization of Functional Connectivity Matrices

(OFC) and the (ventromedial) caudate nucleus pathway. The
dorsolateral prefrontal circuit is a central element in cognitive
control, and the orbitofrontal circuit is heavily implicated in
reward processing, whose impairment is thought to provoke
impulsive behavior in ADHD. On top of these ones, another
component that has been added more recently to ADHD PFC
anomalous connections is the fronto-cerebellar circuitry. The
cerebellum is thought to be involved in diverse functional
impairments of patients with ADHD, such as working memory,
attention, or the construction of temporal expectations. For
a detailed description of the involvement of these circuits in
ADHD, we refer the reader to Durston et al. (2011) and
references therein.

Remarkably, the analysis of RLET(X)-harmonized matrices
points directly to these circuits: we have found anomalous
connectivity between the right caudate nucleus and the left
OFC; between right cerebellum (VIIb) and the right frontal pole;
together with a connected chain comprising the left caudate
nucleus, the right inferior frontal gyrus pars opercularis, left
cerebellum (VIIb) and the right angular gyrus, with both right
inferior frontal gyrus pars opercularis and right angular gyrus
lying on DLPFC. Therefore, we have found evidence for 1)
anomalies in frontostriatal paths, both in the OFC and DLPFC
circuits; 2) an abnormal connectivity in a fronto-cerebellar
path (right cerebellum—right frontal pole); 3) a simultaneous
anomalous engagement of fronto-cerebellar and frontostriatal
circuits with the same cortical region, DLPFC (left cerebellum—
right angular gyrus, right inferior frontal gyrus pars opercularis—
left caudate nucleus); and 4) more specifically, a simultaneous
anomalous engagement of a fronto-cerebellar circuit and a
frontostriatal circuit involving exactly the same cortical node
(right inferior frontal gyrus pars opercularis, DLPFC), and, thus,
a precise anomalous overlap of different circuitry components.
Results of non-harmonized matrices also feature the anomalous
connection between the left caudate nucleus and the right
inferior frontal gyrus pars opercularis. In this case, we would
only have evidence for the involvement of the DLPFC circuit.
Furthermore, it is important to mention that non-harmonized
matrices have not signaled any anomaly involving cerebellar
nodes, which is undesirable given the pervasive evidence of their
implication in ADHD. In contrast, RLET(Z)-harmonization
provides evidence of abnormal functional connectivity of the
cerebellum with somatomotor, default mode network, and
visual nodes, apart from the PFC ones, pointing to the multi-
dimensional association to ADHD pathophysiology.

4.2.2.2. Visual Nodes
It has been established that patients with ADHD have worse
performances when tested for visual processing speed and
visual short-term memory in comparison to matched healthy
controls (Low et al., 2018). These abnormal performances signal
a perceptual deficit and, more concretely, impairments in early
visual information processing (Alqahtani et al., 2019; Papp et al,,
2020).

One of the most remarkable differences between the
anomalies spotted using the original matrices and the RLET(X)-
harmonized ones is the importance that the analysis of the latter

matrices gives to visual network nodes, in terms of contribution
to the total number of detected anomalies. Specifically, there is
an interesting and insisting presence of anomalous connections
between visual network nodes and nodes found in the posterior
parietal cortex (PPC), belonging to the dorsal attention network
(DA). Precisely, these connections fill the void found in Figure 9.
It has been found that the interaction between the occipital cortex
and DA is involved in maintaining attention and suppressing
attention to irrelevant stimuli (Capotosto et al., 2009; Shulman
et al, 2009). Our findings signal specifically the anomalous
connection of nodes lying on the most posterior part of DA
and nodes of the visual cortex. One important pathway for
visual information processing connects these brain regions: the
dorsal stream. The dorsal stream and the ventral stream were
proposed as two routes with differentiated functions in the early
processing of visual information (Goodale and Milner, 1992): the
dorsal stream, running from the visual cortex to PPC, is typically
thought to be involved in the construction of a detailed map of
the visual field, spatial awareness, the detection and analysis of
motion and the guidance of actions and coordination in space;
on the other hand, the ventral stream, originating in the visual
cortex and leading to the temporal lobe, is proposed to be related
to visual identification and recognition.

The dorsal stream, which is tentatively being featured in our
findings, has been demonstrated with clinical and experimental
evidence to play an essential role in the ability of shifting
spatial attention, that is, to disengage attention from a location
and to engage attention to another location (Sciberras-Lim and
Lambert, 2017). Although in patients with ADHD there is a
disregulation in attentional resources allocation, it is still not
clear which dimensions of attention are affected by the disorder.
The affectation of visuospatial attention is a controversial topic
(Roberts et al., 2017), with findings pointing to opposite ways.
Many authors point to the fact that given the wide spectrum
of impairments that patients exhibit, their phenotyping by a
particular dimension of attention might not be possible (Roberts
etal., 2017). Nevertheless, what is widely accepted is that patients
with ADHD display a deficit in visuospatial working memory
(van Ewijk et al., 2013), the capacity to maintain a representation
of visuospatial information for a brief period of time (Vecera
and Rizzo, 2003). In particular, visuospatial working memory
is involved, for example, in the retrieval and manipulation of
recent images for orientation in space and for keeping track of
moving objects. As we have explained, the dorsal stream plays a
critical role in the integration of visual information to produce
the egocentric spatial map on which the subject relies onto detect
motion or to guide his/her actions in space. Therefore, there
is coherence between the impairment of visuospatial working
memory in ADHD and the tentative appearance of the dorsal
streams in our findings.

4.2.2.3. Other Relevant Anomalies

Given the coherence between the results obtained
after RLET(X)-harmonization and established ADHD
pathophysiology, we have reasons to think that default
mode network (DMN), sensorimotor (MOT), visual (VIS),
dorsal attention (DA), and frontoparietal (FP) nodes play very
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important roles in the disorder and that the right lateral occipital
cortex is a region that needs to be examined more carefully in
subsequent analyses. When thresholding the frequency matrix at
Fij > 4, we are left with 8 anomalous connections. Within these
8 anomalies, we can find the aforementioned OFC-striatum
and fronto-cerebellar pathways, and 5 of them involve DMN. If
we take the maximum threshold F;; = 5, 4 of these previous 8
anomalies remain: left superior frontal gyrus (MOT) with right
superior frontal gyrus (DMN), right postcentral gyrus (MOT)
with right lateral occipital cortex superior division (DMN), right
occipital pole (VIS) with right lateral occipital cortex superior
division (FP), and right lateral occipital cortex superior division
(DMN) with right supramarginal gyrus anterior division (DA).
Interestingly, 3 out of 4 feature the same brain regions, the right
lateral occipital cortex superior division, being associated with
DMN and FP functional networks, depending on the particular
node of the region.

5. CONCLUSION

In conclusion, we have collected evidence that supports further
research on multi-site dataset harmonization when using
functional connectivity matrices. Specifically, we have shown
that the distribution of matrices in the SPD matrices manifold
is site-biased. Moreover, we have been able to discard two
adapted domain adaptation approaches and prove that our
proposal (RLET(X)) is the most reliable one in a clinical
setting. Remarkably, functional analyses of ADHD-200 data
after RLET(X)-harmonization present a high correlation with
neurobiological findings in ADHD. However, intra-site bias
was not removed and, to our point of view, this issue needs

to be addressed, possibly by using our modification of RLET
as a first approximation. It would also be valuable to use a
more extended dataset for further research and to rely on more

REFERENCES

ADHD-200 Consortium (2017). The Adhd-200 Sample.Available online at:
https://fcon_1000.projects.nitrc.org/indi/adhd200/.

Algahtani, Y., McGuire, M., Chakraborty, J., and Feng, J. H. (2019).
“Understanding how ADHD affects visual information processing, in
Universal Access in Human-Computer Interaction. Multimodality and Assistive
Environments (Orlando, FL: Springer International Publishing), 23-31.

Arsigny, V., Fillard, P., Pennec, X., and Ayache, N. (2005). “Fast and simple
calculus on tensors in the log-euclidean framework,” in Lecture Notes in
Computer Science (Berlin; Heidelberg: Springer Berlin Heidelberg), 115-122.

Beer, J. C., Tustison, N. J., Cook, P. A., Davatzikos, C., Sheline, Y. L,
Shinohara, R. T., et al. (2020). Longitudinal ComBat: a method for
harmonizing longitudinal multi-scanner imaging data. Neuroimage 220,
117129. doi: 10.1016/j.neuroimage.2020.117129

Bellec, P., Chu, C., Chouinard-Decorte, F., Benhajali, Y., Margulies, D. S., and
Craddock, R. C. (2017). The neuro bureau ADHD-200 preprocessed repository.
Neuroimage 144, 275-286. doi: 10.1016/j.neuroimage.2016.06.034

Brain, D., and Webb, G. L (2002). “The need for low bias algorithms in
classification learning from large data sets,” in Principles of Data Mining and
Knowledge Discovery, eds T. Elomaa, H. Mannila, and H. Toivonen (Helsinki).

Capotosto, P., Babiloni, C., Romani, G. L., and Corbetta, M. (2009). Frontoparietal
cortex controls spatial attention through modulation of anticipatory alpha
rhythms. J. Neurosci. 29, 5863-5872. doi: 10.1523/JNEUROSCI.0539-09.2009

permutations in each permutation test to increase statistical
power. Nevertheless, given our results, we think there are
reasons for reanalyzing functional data from multi-site datasets
corresponding to other disorders, given their pervasive use in
functional neuroscience.

DATA AVAILABILITY STATEMENT

The datasets presented in this study can be found in online
repositories. The names of the repository and accession
number can be found below: Figshare, https://doi.org/10.6084/
m9.figshare.16437534.v1.

AUTHOR CONTRIBUTIONS

GS performed the study conception and design, data analysis,
code implementation, and material and figures preparation. The
first draft of the manuscript was written by GS. DP, GP, and
OC provided methodological guidance according to their role of
master thesis’ supervisors and senior authorship, and revised the
manuscript. All authors contributed to the article and approved
the submitted version.

ACKNOWLEDGMENTS

We thank the reviewers for their useful and constructive
comments and suggestions. We also thank the publisher
Frontiers for the partial publication fee waiver.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fninf.
2022.769274/full#supplementary-material

Castellanos, F. X.,, and Proal, E. (2012). Large-scale brain systems in
ADHD: beyond the prefrontal-striatal model. Trends Cogn. Sci. 16, 17-26.
doi: 10.1016/j.tics.2011.11.007

Craddock, R. C. (2011). Athena Pipeline. Available online at:
https://www.nitrc.org/plugins/mwiki/index.php/neurobureau:AthenaPipeline.

David, S. P., Ware, J. J., Chu, I. M., Loftus, P. D., Fusar-Poli, P., Radua, J., et
al. (2013). Potential reporting bias in fMRI studies of the brain. PLoS ONE 8,
€70104. doi: 10.1371/journal.pone.0070104

Dickstein, S. G., Bannon, K., Castellanos, F. X., and Milham, M. P.
(2006). The neural correlates of attention deficit hyperactivity disorder:
an ALE meta-analysis. J. Child Psychol. Psychiatry 47, 1051-1062.
doi: 10.1111/j.1469-7610.2006.01671.x

Dillo, W., Goke, A., Prox-Vagedes, V., Szycik, G. R, Roy, M., Donnerstag, F., et al.
(2010). Neuronal correlates of adhd in adults with evidence for compensation
strategies — a functional mri study with a go/no-go paradigm. Ger. Med. Sci. 8,
Doc09. doi: 10.3205/000098

Dodero, L., Minh, H. Q., Biagio, M. S., Murino, V., and Sona, D. (2015). “Kernel-
based classification for brain connectivity graphs on the riemannian manifold
of positive definite matrices,” in 2015 IEEE 12th International Symposium on
Biomedical Imaging (ISBI) (Brooklyn, NY: IEEE).

Du, Y., Fu, Z, and Calhoun, V. D. (2018). Classification and prediction

of brain disorders using functional connectivity: promising but
challenging.  Front.  Neurosci. 12, 525. doi: 10.3389/fnins.2018.
00525

Frontiers in Neuroinformatics | www.frontiersin.org

20

May 2022 | Volume 16 | Article 769274


https://doi.org/10.6084/m9.figshare.16437534.v1
https://doi.org/10.6084/m9.figshare.16437534.v1
https://www.frontiersin.org/articles/10.3389/fninf.2022.769274/full#supplementary-material
https://doi.org/10.1016/j.neuroimage.2020.117129
https://doi.org/10.1016/j.neuroimage.2016.06.034
https://doi.org/10.1523/JNEUROSCI.0539-09.2009
https://doi.org/10.1016/j.tics.2011.11.007
https://doi.org/10.1371/journal.pone.0070104
https://doi.org/10.1111/j.1469-7610.2006.01671.x
https://doi.org/10.3205/000098
https://doi.org/10.3389/fnins.2018.00525
https://www.frontiersin.org/journals/neuroinformatics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroinformatics#articles

Simeon et al.

Riemannian-Geometric Harmonization of Functional Connectivity Matrices

Durston, S., van Belle, J, and de Zeeuw, P. (2011). Differentiating
frontostriatal and fronto-cerebellar circuits in attention-deficit/hyperactivity
disorder. Biol. Psychiatry 69, 1178-1184. doi: 10.1016/j.biopsych.2010.
07.037

Fortin, J.-P., Cullen, N., Sheline, Y. L, Taylor, W. D., Aselcioglu, L., Cook, P. A., et
al. (2018). Harmonization of cortical thickness measurements across scanners
and sites. Neuroimage 167, 104-120. doi: 10.1016/j.neuroimage.2017.11.024

Fortin, J.-P., Parker, D., Tung, B., Watanabe, T., Elliott, M. A., Ruparel, K., et al.
(2017). Harmonization of multi-site diffusion tensor imaging data. Neuroimage
161, 149-170. doi: 10.1016/j.neuroimage.2017.08.047

Goodale, M. A., and Milner, A. (1992). Separate visual pathways for perception and
action. Trends Neurosci. 15, 20-25. doi: 10.1016/0166-2236(92)90344-8

Greicius, M.  (2008).  Resting-state connectivity  in
neuropsychiatric ~ disorders.  Curr. 424-430.
doi: 10.1097/WCO.0b013e328306f2¢5

Johnson, W. E., Li, C., and Rabinovic, A. (2006). Adjusting batch effects in
microarray expression data using empirical bayes methods. Biostatistics 8,
118-127. doi: 10.1093/biostatistics/kxj037

Kessler, D., Angstadt, M., Welsh, R. C., and Sripada, C. (2014). Modality-
spanning deficits in attention-deficit/hyperactivity disorder in functional
networks, gray matter, and white matter. J. Neurosci. 34, 16555-16566.
doi: 10.1523/JNEUROSCI.3156-14.2014

Kim, J., Wozniak, J. R,, Mueller, B. A., and Pan, W. (2015). Testing group
differences in brain functional connectivity: Using correlations or partial
correlations? Brain Connect. 5, 214-231. doi: 10.1089/brain.2014.0319

Low, A.-M., Vangkilde, S., le Sommer, J., Fagerlund, B., Glenthoj, B., Jepsen, J. R.
M, et al. (2018). Visual attention in adults with attention-deficit/hyperactivity
disorder before and after stimulant treatment. Psychol. Med. 49, 2617-2625.
doi: 10.1017/S0033291718003628

Ng, B., Dressler, M., Varoquaux, G., Poline, J. B., Greicius, M., and Thirion,
B. (2014). “Transport on riemannian manifold for functional connectivity-
based classification,” in Medical Image Computing and Computer-Assisted
Intervention ~-MICCAI 2014 (Boston, MA: Springer International Publishing),
405-412.

Nichols, T. E., and Holmes, A. P. (2001). Nonparametric permutation tests for
functional neuroimaging: a primer with examples. Hum. Brain Mapp. 15, 1-25.
doi: 10.1002/hbm.1058

Papp, S., Tombor, L., Kakuszi, B., Balogh, L., Réthelyi, J. M., Bitter, L, et al. (2020).
Impaired early information processing in adult ADHD: a high-density ERP
study. BMC Psychiatry 20, 292. doi: 10.1186/s12888-020-02706-w

Pennec, X. (2006).
tools for geometric measurements. J. Math. Imaging Vis. 25, 127-154.
doi: 10.1007/s10851-006-6228-4

Pennec, X,, Fillard, P., and Ayache, N. (2006). A riemannian framework for tensor
computing. Int. J. Comput. Vis. 66, 41-66. doi: 10.1007/s11263-005-3222-z

Roberts, M., Ashinoff, B. K., Castellanos, F. X., and Carrasco, M. (2017). When
attention is intact in adults with ADHD. Psychonomic Bull. Rev. 25, 1423-1434.
doi: 10.3758/s13423-017-1407-4

Rubia, K. (2011). “cool” inferior frontostriatal dysfunction in attention-
deficit/hyperactivity disorder versus “hot” ventromedial orbitofrontal-limbic
dysfunction in conduct disorder: a review. Biol. Psychiatry 69, e69-e87.
doi: 10.1016/j.biopsych.2010.09.023

Schneider, M. F., Krick, C. M., Retz, W., Hengesch, G., Retz-Junginger, P.,
Reith, W., et al. (2010). Impairment of fronto-striatal and parietal cerebral
networks correlates with attention deficit hyperactivity disorder (ADHD)
psychopathology in adults —a functional magnetic resonance imaging
(fMRI) study. Psychiatry Res. 183, 75-84. doi: 10.1016/j.pscychresns.2010.
04.005

Sciberras-Lim, E. T., and Lambert, A. J. (2017). Attentional orienting and dorsal
visual stream decline: review of behavioral and EEG studies. Front. Aging
Neurosci. 9, 246. doi: 10.3389/fnagi.2017.00246

Shulman, G. L., Astafiev, S. V., Franke, D., Pope, D. L. W., Snyder, A. Z,
McAvoy, M. P, et al. (2009). Interaction of stimulus-driven reorienting
and expectation in ventral and dorsal frontoparietal and basal ganglia-
cortical networks. J. Neurosci. 29, 4392-4407. doi: 10.1523/J]NEUROSCI.5609-
08.2009

functional
Opin.  Neurol. 21,

Intrinsic statistics on riemannian manifolds: basic

Slavakis, K., Salsabilian, S., Wack, D., Muldoon, S., Baidoo-Williams, H., Vettel, J.,
etal. (2017). Riemannian-geometry-based modeling and clustering of network-
wide non-stationary time series: the brain-network case. ArXiv [preprint]
abs/1701.07767. doi: 10.1117/12.2274405

Smitha, K., Raja, K. A., Arun, K., Rajesh, P., Thomas, B., Kapilamoorthy, T.,
et al. (2017). Resting state fMRI: a review on methods in resting state
connectivity analysis and resting state networks. Neuroradiol. J. 30, 305-317.
doi: 10.1177/1971400917697342

van den Heuvel, M. P, and Pol, H. E. H. (2010). Exploring the brain
network: a review on resting-state fMRI functional connectivity. Eur.
Neuropsychopharmacol. 20, 519-534. doi: 10.1016/j.euroneuro.2010.03.008

van der Maaten, L., and Hinton, G. (2008). Visualizing data using t-sne. J. Mach.
Learn. Res. 9, 2579-2605. Available online at: https://www.jmlr.org/papers/v9/
vandermaaten08a.html

van Ewijk, H., Heslenfeld, D. J., Luman, M., Rommelse, N. N., Hartman, C.
A., Hoekstra, P., et al. (2013). Visuospatial working memory in ADHD
patients, unaffected siblings, and healthy controls. J. Atten. Disord. 18, 369-378.
doi: 10.1177/1087054713482582

Vance, A., Silk, T. J., Casey, M., Rinehart, N. J., Bradshaw, J. L., Bellgrove, M.
A., et al. (2007). Right parietal dysfunction in children with attention deficit
hyperactivity disorder, combined type: a functional MRI study. Mol. Psychiatry
12, 826-832. doi: 10.1038/sj.mp.4001999

Varoquaux, G., Baronnet, F., Kleinschmidt, A, Fillard, P., and Thirion, B. (2010).
“Detection of brain functional-connectivity difference in post-stroke patients
using group-level covariance modeling,” in Medical Image Computing and
Computer-Assisted Intervention ~-MICCAI 2010 (Berlin; Heidelberg: Springer
Berlin Heidelberg), 200-208.

Vecera, S. P., and Rizzo, M. (2003). Spatial attention: normal processes and their
breakdown. Neurol Clin. 21, 575-607. doi: 10.1016/S0733-8619(02)00103-2
Wang, J.-B., Zheng, L.-]., Cao, Q.-]., Wang, Y.-F., Sun, L., Zang, Y.-F., et al.
(2017). Inconsistency in abnormal brain activity across cohorts of ADHD-200
in children with attention deficit hyperactivity disorder. Front. Neurosci. 11,

320. doi: 10.3389/fnins.2017.00320

Yair, O., Ben-Chen, M., and Talmon, R. (2019). Parallel transport on the cone
manifold of SPD matrices for domain adaptation. IEEE Trans. Signal Process.
67,1797-1811. doi: 10.1109/TSP.2019.2894801

Yeo, B. T. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashkari, D,
Hollinshead, M., et al. (2011). The organization of the human cerebral cortex
estimated by intrinsic functional connectivity. J. Neurophysiol. 106, 1125-1165.
doi: 10.1152/jn.00338.2011

You, K., and Park, H.-J. (2021). Re-visiting riemannian geometry of symmetric
positive definite matrices for the analysis of functional connectivity.
Neuroimage 225, 117464. doi: 10.1016/j.neuroimage.2020.117464

Yu, M, Linn, K. A,, Cook, P. A,, Phillips, M. L., McInnis, M., Fava, M., et al.
(2018). Statistical harmonization corrects site effects in functional connectivity
measurements from multi-site fMRI data. Hum. Brain Mapp. 39, 4213-4227.
doi: 10.1002/hbm.24241

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Simeon, Piella, Camara and Pareto. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with these
terms.

Frontiers in Neuroinformatics | www.frontiersin.org

May 2022 | Volume 16 | Article 769274


https://doi.org/10.1016/j.biopsych.2010.07.037
https://doi.org/10.1016/j.neuroimage.2017.11.024
https://doi.org/10.1016/j.neuroimage.2017.08.047
https://doi.org/10.1016/0166-2236(92)90344-8
https://doi.org/10.1097/WCO.0b013e328306f2c5
https://doi.org/10.1093/biostatistics/kxj037
https://doi.org/10.1523/JNEUROSCI.3156-14.2014
https://doi.org/10.1089/brain.2014.0319
https://doi.org/10.1017/S0033291718003628
https://doi.org/10.1002/hbm.1058
https://doi.org/10.1186/s12888-020-02706-w
https://doi.org/10.1007/s10851-006-6228-4
https://doi.org/10.1007/s11263-005-3222-z
https://doi.org/10.3758/s13423-017-1407-4
https://doi.org/10.1016/j.biopsych.2010.09.023
https://doi.org/10.1016/j.pscychresns.2010.04.005
https://doi.org/10.3389/fnagi.2017.00246
https://doi.org/10.1523/JNEUROSCI.5609-08.2009
https://doi.org/10.1117/12.2274405
https://doi.org/10.1177/1971400917697342
https://doi.org/10.1016/j.euroneuro.2010.03.008
https://www.jmlr.org/papers/v9/vandermaaten08a.html
https://www.jmlr.org/papers/v9/vandermaaten08a.html
https://doi.org/10.1177/1087054713482582
https://doi.org/10.1038/sj.mp.4001999
https://doi.org/10.1016/S0733-8619(02)00103-2
https://doi.org/10.3389/fnins.2017.00320
https://doi.org/10.1109/TSP.2019.2894801
https://doi.org/10.1152/jn.00338.2011
https://doi.org/10.1016/j.neuroimage.2020.117464
https://doi.org/10.1002/hbm.24241
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/neuroinformatics
https://www.frontiersin.org
https://www.frontiersin.org/journals/neuroinformatics#articles

