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Abstract: Resting state functional connectivity is identified to reflect the intrinsic organization of the brain’s cognitive
characteristics. One key property of such biological networks is modularity. In this paper, an open dataset ABIDE of
which a total of 45 ASD (Autism Spectrum Disorder) and 53 TD (Typical Development) participants from KKI and
PITT sites was considered. Graph Theoretic measures involving Degree Centrality, Clustering Coefficient and
Modularity were calculated at different thresholds of network connectivity. Linear SVM classifiers were used to
distinguish between ASD and TD. The classifier was applied to each of these graph measures at individual threshold
levels. Further, ComBat harmonization across both sites was performed to which the above classification model was
applied. Experimental results show that participants from KKI sites showed a difference in Newman modularity at 0.3
threshold with 76.1% accuracy with specificity and sensitivity of 73.08% and 81.25% respectively. Although the
accuracy of the site-specific TD vs ASD classifiers were comparable, the sensitivity of the KKI classifier was less,
which improved post harmonization. Similar performance was observed in degree centrality and clustering coefficient
measures. Therefore, the harmonization process plays a significant role in classifier performance and in model
selection.
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1. INTRODUCTION

Autism Spectrum Disorder (ASD) involves a neurological condition which is associated with
disorders in cognitive abilities, Cognitive abilities such as speech, motor coordination and other
social activities can be affected in patients diagnosed with ASD. This neurological condition
mainly affects children or adolescents caused due to genetic and environmental factors. There is a
steady rise in the prevalence of ASD in Asia resulting in a worrying trend over the last decade, S.
Qiu et. al [1] and N. Salari et. al [2]. However, early prognosis and intervention for these patients
can significantly improve their condition in the long term.

Human cognition and neurological disorders are mainly discovered through neural underpinnings
which involve the structure and function of the brain. These neural underpinnings are identified as
brain connectivity patterns which are computed as statistical/causal dependencies among other
parameters known as functional connectivity which can be characterized through graph measures
such as clustering coefficient, modularity, etc., F. V Farahani et. al [3]. From the different types of
neuroimaging modalities, the resting state functional MRI (rsfMRI) is a preferred method to study
the fluctuations in the Blood Oxygenation Level Dependent (BOLD) response which reflects
certain cognitive characteristics that can be analyzed through functional connectivity, M. A. Just
et. al [4]. This connectivity measures the coherence between two or more defined brain regions at
a specific instant of time. Each of such regions is defined by an averaged intensity over a
predefined anatomical region.

Many studies have revealed that functional connectivity patterns have been used in the
development of biomarkers in many disorders such as Depression, Parkinson’s Disease and
Attention Deficit Hyperactivity Disorder (ADHD). However, one of the major limitations of
functional connectivity measures is that of reproducibility and generalizability. While studies
identify that patients with ASD exhibit reduced long distance connectivity, such patients can also
exhibit hypo and hyper connectivity, L. Borras-Ferris et. al [5], H. Haghighat et. al [6], J. Xu et. al
[7] and Z. K Khadem-Reza et. al [8].

Although recent developments in machine learning and deep learning techniques have been
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effective in classifying neurological conditions from healthy controls G. Deshpande et. al [9], G.

Deshpande et. al [10], M. K. Belmonte et. al [11] and A. A. Chen et. al [12], the issue of
generalizability of neural correlates among these patients is still an active area of research, A. Di
Martino et. al [13]. Some of the likely confounds that could affect the classifier performance, Y.
Du et. al [14] involve systematic artifacts, methodological heterogeneity and subject heterogeneity,
many of these factors lead to batch effects causing multisite variability, To address this issue
harmonization frameworks for functional MRI are developed, M. N. Hallquist and F. G. Hillary
[15], R. K. Kana et. al [16] and A. Khazaee et. al [17]. Further, the process of harmonization can
influence the classifier performance in many instances, N. Masuda et. al [18].

In this study, patients with ASD are differentiated from TD (Typical Development) using graph
theoretic measures of functional connectivity involving centrality and modularity measures. The
study further identifies if harmonizing fMRI data of the same pathology from different acquisition
sites with differing acquisition protocols affects the classifier performance.

The paper is structured as follows, an introduction on graph measures derived from functional
connectivity measures is provided. Further, the proposed methodology explains the computation
of graph measures from preprocessed fMRI which is then harmonized across multiple sites.
Further, graph measures are evaluated through a support vector machine during pre and post

harmonization process in classifying ASD from Typical Development participants.

2. METHODOLOGY

2.1. DATASET DESCRIPTION

The ABIDE (Autism Brain Imaging Data Exchange) dataset is used in this study, A. Di Martino
et. al [13]. Resting state fMRI of ASD (Autism Spectrum Disorder) and TD (Typical Development)
across KKI (Kennedy Krieger Institute) and PITT (University of Pittsburgh school of Medicine)
sites are analyzed for this study. A total of 20 ASD and 28 TD participants were acquired from
KKI site, followed by 29 ASD and 27 TD participants from PITT site. The mean age among ASD

and TD across KK are 10 (&= 1.4) and 10 (% 1.3) years respectively. Among these participants,

the ASD population constitutes 16 male and 4 female participants, TD population constitutes 20
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male and 8 female participants. Similarly, the mean age of ASD and TD across PITT are 19 (=

7.0) and 18 (1= 6.4) years respectively. Among these participants, the ASD population constitutes

25 male and 4 female participants, TD population constitutes 23 male and 4 female participants.
Post harmonization process, the participants from KKI and PITT sites were combined resulting in
a total of 45 ASD and 53 TD participants.

2.2. PREPROCESSING OF RESTING STATE FUNCTIONAL MRI

The Preprocessing of the functional MRI was performed as per the methodology stated in this
study V. K. Raj et. al [56], However, the current study focuses on PITT and KKI sites which
acquired the rsfMRI scans from Siemens Magnetom Allegra Syngo MR A30 and Philips Achieva
3.0T for 5.06 and 6.40 minutes respectively. The Repetition time for PITT and KKI was 1500ms
and 2500 ms with slice thickness of 4mm and 3mm respectively. Further, To identify the low
frequency components, a bandpass filter of 0.01 to 0.1 Hz was applied. The resulting averaged
time series for each anatomical region (AAL atlas, N. Tzourio-Mazoyer et. al [26]) is then
extracted from the preprocessed rsfMRI scans yielding a 90 x 152 matrix (regions x scans) for
each subject for KKI and 90 x 196 for PITT sites respectively. Further, Pearson correlation is
computed across the anatomical regions resulting in a 90 x 90 matrix for each subject for each

threshold value (fig. 1).
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Figure 1: fMRI preprocessing and FC construction
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2.3. CONSTRUCTING FUNCTIONAL CONNECTIVITY FOR GRAPH THEORETICAL MEASURES

Among many representations of the functional MRI such as Independent Component Analysis
(ICA), Regional Homogeneity (ReHo), Amplitude of Low Fluctuation Frequency (ALFF), M. E.
J. Neuman and M. Girvan [21] and K. Qin et. al [22]. Graph theoretical measures interpret the
neurological disorder as a network disorder. A concept which is important in ASD diagnosis K.
Rajamanickam [23].

The resulting 90 x 90 correlation matrix represents the functional connectivity of the whole-brain
network for each subject, where each ROI (Region of Interest) is identified as a network node and
the correlation strength as measure of connectivity among these nodes, E. Redcay et. al [24]. The
correlation strength quantifies the relationship between the time-series of two ROIs. Once such a
matrix is constructed for whole-brain network, various methods are used to express the relation of
these nodes in terms of graph measures. In this context, the adjacency matrix required for graph
computation is developed considering the ROI as nodes and correlation strength as edges resulting
in weighted undirected 90 x 90 adjacency matrix for each participant. Further, such an adjacency
matrix is thresholded by absolute weight ranging from 0 to 1 with an increment of 0.05. Therefore,
0 threshold represents all edges with minimum correlation strengths between ROIs, and 1
represents all edges with maximum correlation strengths between ROIs, leading to 21 adjacency
matrices for each participant.

Graph theoretical analysis involving centrality measures and modularity were performed for all 21
adjacency matrices for each participant across both the sites (fig. 2). Measures such as degree
centrality, clustering coefficient and modularity S. Hiwa et. al [25] are calculated resulting ina 1
x 90 vector for each graph measure, where each ROI’s relation to the rest of the ROI’s are
characterized by these measures V. K. Raj et. al [56]. The graph computation was performed using

the Brain Connectivity Toolbox, Matlab, M. Rubinov and O. Sporns [29].
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Figure 2: Graph theoretical measures
The graph measures computed in this study is illustrated as follows.
Clustering coefficient: The local clustering coefficient which was originally proposed by J. P.
Onnela et. al 2004 [27] was further developed by M. Rubinov and O. Sporns [29] which is defined

in (1) as follows:

1

wei,0 __ 1 (Wi,jWi,IWj,l)E
Cl - ki(ki_l) lejrlSNROIr];lil maxi, jiwi’ j’ (1)
where, C;" e"0—>average global clustering coefficient, 1,j, | — nodes that form a triangle; w—

weights of the nodes; k;— sum of all edges to node i (also known as degree centrality of node 1)

Modularity: Modularity measures play a significant role in many functional characteristics of the
brain. Factors such as brain evolution, wiring cost and creation of specialized information and
complex dynamics involve modularity measures M. Rubinov and O. Sporns [29] and O. Sporns et.

al [30]. Considering the network to be organized as “modules”, graph-partioning based problems
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were popularized by M. E. J. Newman and Girvan [21] which is defined as follows (2)

klk]

Q = ﬁ ZCEP Zi,jEC [Aij —— (2)
where, A—Adjacency matrix. m—total number of edges and k;—degree of node i, C—index
which runs over modules of partition P. Recent methods involved decomposing the network into
submodules at a hierarchical level called as Louvain Modularity. It consists of two phases, the first
phase selects nodes sequentially in an order that has been randomly assigned, the second phase
builds a new network whose nodes are communities identified in the first phase, V. D. Blondel et.
al [31] and D. Meunier et. al [19].

At this stage, two models are implemented (fig. 3), the first model is performing classification
between ASD and TD for each site across all threshold levels. The second model is performing
classification between ASD and TD after harmonizing graph measures across sites at each
threshold level L. Q. Uddin et. al [34]. Linear Support Vector Machine (SVM) was implemented
for classification with 10 fold cross validation while maintaining the same data folds across all
thresholds. The classifier performance for each model is validated using sensitivity and specificity
measures.

2.4. COMBAT HARMONIZATION ON GRAPH MEASURES

In this study, the ComBat based harmonization method was used which is known to reduce the
potential biases and non-biological variability which are induced by site and scanner effect, M.
Eshaghzadeh Torbati et. al [33]. This method uses a multivariate linear mixed effects regression
to model the imaging feature measurements. The ComBat harmonizes mean variances of residuals
across different batches, which is known as Location-Scale harmonization. No biological
covariates (age, gender, etc.) are set during harmonization as only two sites are considered in this
study. Studies have shown ComBat substantially reducing scanner effects in metrics such as global
efficiency, local efficiency and community measures, M. Yu et. al [57]. The harmonization process
which is based on the scale and shift regression is shown in (3):

Y =XB +SB+ (S8 - € 3)
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where, Y—regression output, S—design matrix which remains consistent for all batches g, —site
mean and variance; § — multiplicative scale changes.

In context of functional connectivity, ComBat (Functional Connectivity) assumes scanner effects
influence all edges similarly and uses empirical bayes estimation method to borrow information
across all edges. The advantage of ComBat harmonization is its robustness towards outliers in
small batch sizes which is prevalent in the present study. Post the harmonization of each graph
measure across KKI and PITT sites, Linear SVM classification was performed to distinguish

between ASD from TD across all threshold levels.
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Figure 3: Harmonization of graph measures
2.5. CLASSIFICATION
As mentioned earlier, classification is performed prior to and post harmonization of graph
measures. Prior to harmonization process, a total of 48 samples were considered from KKI site

which constitutes 20 ASD and 28 TD participants, of these 4 and 2 samples were identified as
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outliers in ASD and TD respectively, resulting in a total of 42 samples. Four graph measures were
computed involving degree centrality, clustering coefficient, Louvian and Newman modularity,
resulting in 4 x 42 x 90 matrices (graph measure x samples x ROIs) for a total of 21 threshold
levels. Similarly, a total of 56 samples were considered from PITT site which constitutes 29 ASD
and 27 TD participants for which the above four graph measures were computed resulting in 4 x
56 x 90 x 21 matrices. Post harmonization, a total of 98 samples was considered for classification,
which included 45 ASD and 53 TD participants from both KKI and PITT sites resulting in 4 x 98
x 90 x 21 matrices. All the above models were then validated individually using a k-fold cross
validation (where, k=10) through the confusion matrix yielding sensitivity and specificity

measures to distinguish ASD from TD participants.

3. MAIN RESULTS

3.1. RELATION BETWEEN THE NETWORK EDGES AND THRESHOLD LEVELS

The methodology for analyzing the number of edges was performed as per the methodology
performed in this study, V. K. Raj et. al [56] for PITT and KKI sites with ~4000 edges remained
the same upto a 0.25 threshold for both ASD and TD. The number of edges were inversely
proportional to the threshold. Among the two sites, the KKI site for both groups showed a
comparatively lower number of edges (fig.4).
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Figure 4: Number of edges at each threshold level for KKI, PITT and post harmonization
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3.2. CLASSIFIER PERFORMANCE FOR GRAPH MEASURES FOR KKI, PITT AND POST
HARMONIZATION

Graph theoretical measures such as degree centrality, clustering coefficient, Louvian and Newman
modularity were computed at each threshold level with an interval of 0.05. The degree centrality
for ASD and TD participants were identified as the number of neighbors connected to a specific
ROI. Modularity measure parcellates each functional network into sub-groups that are highly
interconnected among themselves as compared to the rest of the network. The presence of such
highly connected sub-groups is known as “community structure” M. Rubinov and O. Sporns [29].
The Louvain and Newman modularity are computed for both KKI and PITT sites for ASD and TD
participants. The advantage of modularity measures in fMRI is that modules can be detected from
a purely data-driven approach based on the network topology, V. D. Blondel et. al [31]. Each ROI
was associated with a minimum of 1 group to a maximum of 4 groups across all sites and
conditions. Another approach towards modularity detection proposed by M. E. J. Newman et. al
[20] was calculated, which mainly reduces the influence of random factors in a network, resulting
in a community affiliation vector of 1 x 90 for each participant across KKI and PITT sites. A
Linear SVM (Support Vector Machine) is applied to each of these graph measures for KKI and
PITT sites to distinguish ASD from TD participants with a 10 fold cross validation.

In the second model, the graph measures from both the KKI and PITT sites are harmonized
independently for ASD and TD using the ComBat harmonization, resulting in a dataset of size 98
x 90 (45 ASD; 53 TD and graph measures for 90 ROI’s) at all threshold levels.

As observed from the above fig 5, the accuracy for degree centrality has increased for both KKI
and PITT sites for higher thresholds, Although, the accuracy for clustering coefficient had initially
decreased, an increasing trend was observed post a threshold of 0.5. For both the measures, the
behavior of the classifier performance post harmonization remained consistent with that of the
individual sites. Similarly, for Louvain and Newman modularity (fig. 6) observed a decreasing

trend in distinguishing between ASD from TD with a declining accuracy in KKI and PITT sites, a
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similar behavior was observed post harmonization for both the measures.
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Figure 8: Specificity* of Modularity Measures
*values are smoothened using moving average across threshold levels

The specificity remained consistently higher even when total edges for ASD and TD decreased to
327 and 133 respectively. i.e., the number of edges in TD decreased more than 25% compared to
ASD at this threshold and continued to decrease upto 58.8 % at a threshold value of 0.9. However,
the specificity of the PITT site did not observe a similar behavior compared to KKI. Interestingly,
there is a sharp decline in specificity from threshold value ranging from 0.7 to 1 (also indicated in

table 1), even though the number of edges were similar to KKI site at 0.7 threshold
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(ASD=2821;TD=2576). Post harmonization, both degree centrality and clustering coefficient
showed a consistent increase in specificity with increasing threshold value greater than 0.4 (fig. 7),
while also observing improved sensitivity (table. 1).

Table 1: Classifier Performance Post Harmonization

Classifier performance post harmonization

Th  ACC SPC SEN TN FP FN TP
DC_KKI 09 619 88.4 18.7 23 3 13 3
DC_PITT 0.7 66.0 74.0 58.6 20 7 12 17
DC: 0.7 60.2 88.6 26.2 47 6 33 12
CC_KKI 0.8 66.6 92.3 25.0 24 2 12 4
CC_PITT 09 553 29.6 79.3 8 19 6 23
CC: 0.7 60.2 67.9 51.1 36 17 22 23
LOU_KKI 0.2 690 88.4 37.5 23 3 10 6
LOU_PITT 05 69.6 59.2 79.3 16 11 6 23
LOU: 0.2 653 67.9 62.2 36 17 17 28
NEU_KKI 03 761 73.0 81.2 19 7 3 13
NEU_PITT 05 678 48.1 86.2 13 14 4 25
NEU: 01 622 69.8 53.3 37 16 21 24

i— Post Harmonization

A similar trend was observed for Louvain modularity measures for both sites, however, post
harmonization, the specificity remained consistent across increasing threshold levels. As observed
from table 1, highest accuracy post harmonization was identified at 0.2 and 0.1 threshold in
Louvain and Newman modularity with 65.31% and 62.24% respectively. Although the overall
classifier performance for modularity measures declined post harmonization, it achieved a
comparatively improved specificity while sensitivity in Newman modularity declined. However,

an increasing trend in sensitivity was observed in degree centrality, clustering coefficient and
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Louvain Modularity measures post harmonization at threshold ranging from 0.7 - 0.9 (for centrality

measures) respectively (when compared to KKI site).

4. DISCUSSION

4.1. ASD CHARACTERIZATION THROUGH FUNCTIONAL CONNECTIVITY

Studies reveal predominant under-connectivity in long-range connections J. D Rudie et. al [35],
especially within the default mode network (DMN) involving regions like the medial prefrontal
cortex and posterior cingulate cortex, linked to social cognition deficits. Over-connectivity appears
in local or short-range links S. Achard and E. Bullmore [37], such as increased regional
homogeneity (ReHo) in severe ASD subtypes, alongside atypical connections in sensorimotor and
salience networks. Both hypo- and hyper-connectivity contribute to heterogeneity, contributing to
the social, cognitive and behavioral abnormalities presented by such patients J. D. Rudie et. al [35],
D. S. Bassett and E. Bullmore [36] and S. Achard and E. Bullmore [37].

As observed from the present study, the centrality measures such as degree centrality and
clustering coefficient play a significant role in distinguishing ASD from TD, a finding which is
similar to J. R. Sato et. al [38]. This study further reinforced the underconnectivity that was
identified in ASD patients which explains the overall decrease in accuracy considering modularity
measures alone (fig.4(b)). However, the complexities of these networks are captured more
evidently through modularity measures when considering the specificity between ASD and TD,
Here, the two sites showed a contrasting trend, i.e., while specificity of KKI increased with the
increasing threshold value, scans acquired from the PITT site showed the classifier model yielding
reduced sensitivity over the same threshold range. This contrasting trend could be the possible
effect of site variability among KKI and PITT sites as evidently observed from the above findings.
This leads to the requirement of harmonization among different sites. This is further supported by
a study by Di Martino et. al [13] which implements machine learning approaches to classify ASD
from TD using the same dataset as used in this study (with all sites included). The resulting

classification accuracy of approximately 60% is comparable to the study by Di Martino et. al [13].
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The study from Di Martino et. al [13] indicated that the main cause of lower classifier performance
was due to the intersite variability, which required developing standardized data acquisition
protocols. Further, O Artiles et. al [40] studied the effects of confounding factors while developing
classifier models post harmonization using rsfMRI functional connectivity resulting with an
accuracy of 76.4% with sensitivity and specificity of 82.9% and 77.0% respectively. Similarly, P
Dai et. al [41] derived functional connectivity networks to classify depression patients from
healthy controls which resulted in an accuracy of 68.9% with sensitivity and specificity of 71.75%
and 65.84% respectively post harmonization. Although the current study has a comparably lower
performance in terms of sensitivity and specificity despite deriving featureset from functional
connectivity, the functional characterization between ASD and TD is more effectively identified
through graph theoretical networks. For instance certain subnetworks identified through Louvain
modularity measure results in a balanced sensitivity and specificity of 65.22% and 67.92%
respectively post harmonization, despite the overall degree centrality tending towards higher
specificity.

4.2. EFFECT OF GRAPH THEORETICAL MEASURES IN ASD

Graph measures play an important role in distinguishing ASD from TD in terms of their anatomical
regions, their functional networks or certain state specific network characteristics S. M. Smith et.
al [42]. The Degree centrality (DC) measure tends to decrease in ASD within frontal regions such
as the right middle frontal gyrus which correlates with the stereotypic behaviors on ABC scales.
Furthermore, another centrality measure called Betweenness centrality shows reduced hubs in
regions involving the precuneus and superior temporal gyrus, indicating impaired integration
across distant networks, followed by Eigenvector centrality which highlights hypo-centrality in
default mode and salience networks, contributing to social cognition deficits, R. M. Thomas et. al
[43], A. Kazeminejad and R.C. Sotero [44], A. Abraham et. al [45] and J. D. Power et. al [46].
However, these measures tend to show non-homogenous variability among certain anatomical

regions, leading to unstable characterization of network regions in the cerebellar system J. R. Sato
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et. al [38]. Although, these characteristics can be influenced by the methodological process, (eg.
differences occurring due to head motion with sub-millimeter range, B. T. T. Yeo et. al [47] and J.
D. Power et. al [48], they play an important role in the development of complex biomarkers for
certain neurological disorders through machine learning frameworks.

4.3. SIGNIFICANCE OF MACHINE LEARNING IN DIAGNOSING ASD USING RS-FMRI

The role of machine learning applications in studying the functional connectivity of brain disorders
has increased significantly over the last two decades G. Deshpande et. al [9], G. Deshpande et. al
[10] and A. A. Chen et. al [12], these models often relied on multiple levels of complexity
pertaining to its network characteristics, one such representation involved differentiating ASD
from TD through network sparsity of centrality and modularity based measures which was
implemented in an earlier study V. K. Raj et. al [56]. Among a wide scope of classifier models,
the Support Vector Machine (SVM) based classifier models were identified to be the most
prevalent in this case scenario. The significance of this model was further emphasized when we
analyzed 93 systematic reviews and 55 meta-analysis studies among which 33 and 27 of those
studies had referred to SVM respectively, A. Di Martino et. al [13] and Santana et. al [39]. These
studies indicated that SVM and ANN showed a major scope in the implementation of classification
models consistently reflecting in 5 or more articles. Among them, the SVM vyielded a sensitivity
of 76.3% and specificity of 77.5%, which is broadly inline with the results obtained from the
current study. One of the major reasons for SVM being the most preferred method as indicated
from Santana et. al [39], is due to its ability to generalize, along with addressing noisy, correlated
features and high dimensional dataset - factors which play an important role in the current study.
A study by D Wen et. al [49] concludes that although issues such as overfitting and sample size
exist among both classical machine learning and deep learning techniques. The deep learning
techniques may have a comparatively poorer performance under the above circumstances.

One of the limitations of many MRI based studies is that of homogeneity. As indicated earlier,

small sample real-world datasets are often acquired from a single site consisting of a homogenous
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patient population which makes the process of generalization more difficult while developing a
model. Therefore, acquiring samples from multiple acquisition sites enables extraction of robust
features which could represent a given pathology. However, a methodological challenge arising
from a heterogenous dataset is not trivial, As observed In the current study through fig. 7 and fig.
8, the trend in specificity is contradicting for patients with the same pathology from PITT and KKI
with increase in threshold levels. This is due to the limitations from multiple site dataset which
cause heterogeneity among sample populations. Further, a reduced sample size of datasource adds
to this issue leading to factors causing intersite variability. Therefore, developing harmonization
frameworks to reduce intersite variability is an important stage in the development of ML models.
4.4. EFFECT OF MRI HARMONIZATION IN ML MODELS AND ITS LIMITATIONS

Studies have shown that machine learning models have helped in distinguishing ASD from Typical
Development, J. S. Anderson et. al [50], D. A. Fair et. al [51], M. P. Milham et. al [52] and S. E.
Peterson and O. Sporns [53]. As identified by Saponaro et. al [32], the MRI data acquisitions from
different scanners, sites and protocols encode certain confounding variables which if not addressed
appropriately, may mask the case-control difference K. Zeng et. al [28]. This can be observed in
fig. 7 where the specificity with respect to degree centrality and clustering coefficient steadily
increases beyond a certain threshold level post harmonization, and the specificity with respect to
modularity becomes more stable with increasing threshold value (fig. 8).

However, one of the major limitations of harmonization used in ML models is a phenomenon
known as data leakage which occurs when the entire dataset is considered while estimating
harmonization parameters M. Rosenblatt et. al [54] and R. Pomponio et. al [55]. As a result of
estimating batch effects among all participants, such a model leads to induced correlations among
participants who were originally non-correlated leading to correlations among each harmonized
data point. Such induced correlation exaggerates the classifier model by falsely overestimating its
performance. Methods such as efficacy and harmonizer transformers can help improve the data

leakage issue caused by the harmonization process during the development of classifier models R.
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Pomponio et. al [55].

5. CONCLUSION

The study shows that harmonization of graph theoretic measures such as centrality and modularity
measures play an important role in the classifier performance while distinguishing patients of ASD
from TD. While the accuracy of site specific classifier models remained similar, the sensitivity of
KKI sites improved post harmonization. This improvement was observed consistently across
degree centrality, clustering coefficient and Louvain modularity measures. However, there are
limitations in the harmonization process which could affect the classifier's performance through
inducing correlation among participants which were independent before leading to data leakage.
Factors such as integrating more clinical variables, graph theoretic measures and development of

efficient deep learning frameworks would help significantly in addressing this issue.
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