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15 Abstract: A growing number of studies focus on methods to estimate and analyze the functional
16 connectome of the human brain. Graph theoretical measures are commonly employed to interpret
17 and synthesize complex network-related information. While resting state functional MRI (rsfMRI)
18 is often employed in this context, is known to exhibit poor reproducibility, a key factor which is
19 commonly neglected in typical cohort studies using connectomics-related measures as biomarkers.
20 We aimed to fill this gap by analyzing and comparing inter- and intra- subject variability of
21 connectivity matrices as well as graph-theoretical measures in a large (n=1003) database of young
22 healthy subjects which underwent four consecutive rsfMRI sessions. We analyzed both directed
23 (Granger Causality and Transfer Entropy) and undirected (Pearson Correlation and Partial
24 Correlation) time-series association measures and related global and local graph-theoretical
25 measures. While matrix weights exhibit a higher reproducibility in undirected as opposed to
26 directed methods, this difference disappears when looking at global graph metrics and, in turn,
27 exhibits strong regional dependence in local graphs metrics. Our results warrant caution in the
28 interpretation of connectivity studies, and serve as a benchmark for future investigations by
29 providing quantitative estimates for the inter- and intra- subject variabilities in both directed and
30 undirected connectomic measures.

31 Keywords: Functional Networks; Functional magnetic resonance imaging; Connectome;

32 Connectivity Matrices; Graphs; Reproducibility; Granger Causality; Transfer Entropy.

33 1. Introduction

34 The interest in studying directed and undirected interactions between different regions in the
35  human brain (i.e. the functional 'connectome’) is growing exponentially [1-4], and the advent of
36  graph-theoretical applications to neuroscience has provided additional avenues to represent, analyze
37  and interpret information contained in complex, possibly dynamic networks like the human
38  connectome [1,2,5,6]. Functional connectome estimates are typically derived from neuromonitoring
39  data (e.g. resting state functional MRI - rsfMRI), and established methods for computing whole-brain
40  functional connectivity matrices include both undirected and directed estimators [7-9]. As is well
41  known, reproducibility of MRI data varies widely across modalities, and rsfMRI data are known to
42 exhibit significant inter- and intra-subject fluctuations [10~12]. While this can significantly bias and
43 hamper the interpretation of functional connectivity studies, which do not typically include targeted
44 scan-rescan experiments to assess reproducibility, the impact of this variability on connectome
45  matrices and related measures has not yet been systematically investigated.
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46 In this study, we explore, quantify and compare intra- and inter- subject variability (and hence
47  reproducibility) of both directed and undirected resting state functional connectivity measures in a
48  large (1003 subjects) database of high-quality rsfMRI data which comprises 4 scan sessions per
49  subject. In detail, we investigate the reproducibility of whole-brain adjacency matrices derived from
50  Pearson Correlation (PearC), Partial Correlation (PartC) as well as multivariate Granger Causality
51  (mGC) and multivariate Transfer Entropy (mTE). In addition, we investigate the reproducibility of
52 both global (whole-brain) and local (node-wise) graphs metrics calculated for all four types of
53 adjacency matrices.

54 2. Materials and Methods

55 2.1.rsfMRI data

56 We employed rsfMRI data from 1003 subjects, part of the Human Connectome Project (HCP)
57  (S1200 PTN release [13]). Each subject underwent a total of 4 resting state scans (2 sessions on 2
58 different days, 2 scans per session, 1200 timepoints/scan, TR 720 ms, TE 33.1 ms, flip angle 52, FOV
59 208x180, Thickness 2.0 mm; 72 slices; 2.0 mm isotropic voxel size, multiband factor 8, Echo spacing
60  0.58 ms, BW 2290 Hz/Px). In detail, we employed subject- and scan-wise wise fMRI timeseries (1200
61  points each) resulting from group independent component analysis (gICA) at dimensionality 15
62  (made available by the HCP consortium). Exemplary slices of the resulting node (i.e. component)
63  maps, along with their physiological interpretations [14], are shown in Figure 1. In order to cater for
64  confounds introduced by locally-varying hemodynamic response functions (HRFs) [15], fMRI
65  timeseries were preprocessed using a the blind deconvolution approach [16] (maximum lag 10 s=14
66  time points, threshod: 1 standard deviation) implemented in a publicly available toolbox
67  (https://users.ugent.be/~dmarinaz/HRF deconvolution.html). Stationarity of all signals was verified
68  using the Augmented Dickey-Fuller test. All signals were successively standardized prior to
69  additional processing.
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71 Figure 1. Brain functional networks (i.e. independent components) identified by group independent
72 component analysis (gICA) in 1003 subjects drawn from the Human Connectome Project database.
73 The subject-wise 15 node-specific time-series relative to these components were employed for all

74 analyses in this paper.
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75 2.2. Estimation of adjacency matrices

76 Starting from the 15 subject-, scan- and node-specific timeseries (see Figure 2(A) for an
77  example), subject-wise undirected adjacency matrices were obtained through both PearC and PartC
78  between all pairs of timeseries through in-house code written in in MATLAB (v. 2018a). Negative
79  correlations were set to zero. Directed adjacency matrices where obtained through mGC estimates,
80  in its most recent state-space formulation [17,18], and through mTE. mGC and mTE were calculated
81  through in-house modified versions of the Matlab Tools for the computation of multiscale Granger
82  Causality (http://www.lucafaes.net/msGC.html) [18] and of multivariate Transfer Entropy
83  (http://www.lucafaes.net/cTE.html)[19]. In the case of GC, the autoregressive order was chosen my
84  minimizing the median Schwartz criterion across all subjects (order=5). In mTE, conditioning vectors

85  are formed according to a non-uniform building scheme selecting past terms up to a maximum lag
86  of 5 time points while minimizing the conditional entropy [19]. Examples of adjacency matrices

87  obtained through all four methods are shown in figure 2(B).
88
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90 Figure 2. (A): Example node-wise timeseries from a single scan, used to compute subject-, session-
91 scan-specific adjacency matrices. (B): Examples of adjacency matrices obtained from both undirected
92 (first row) and directed (second row) connectivity estimators for one subject. For each method, the
93 median across 4 rsfMRI sessions from a single subject is shown. Diagonal elements are set to zero.
94 2.3. Global and local graph metric estimation
95 Starting from the adjacency matrices, we computed both global and local graph-theoretical

96  indices of functional connectivity for all three methods/estimators. All graph measures were
97  computed via the Brain Connectivity Toolbox [20] (https://sites.google.com/site/bctnet/), by using
98  functions available for weighted adjacency matrices for both directed (in case of mGC and mTE) and
99  undirected (for pearC and partC) graph metrics.
100 For each subject and for each scan, we calculated graph metrics quantifying the centrality of a
101  node within a network (local strength and betweenness centrality), its ability to transmit information
102 atlocal level (local efficiency) and its integration properties (clustering coefficient) [20]. Also, since
103 global graph metrics characterize the overall organization of a network, we computed the global
104  strength, the global efficiency and the global clustering coefficient as the average of the respective
105  local metrics of all nodes. In addition, we calculated graph transitivity (a property related to the
106  existence of tightly connected communities of nodes). Figure 3 shows how these metrics change both
107  locally and globally as a function of neighborhood connectivity.
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109 Figure 3. Exemplification of local (left) and global (right) graph metrics as a function of node
110 neighborhood connectivity

111 2.4. Inter- and intra-subject variability distributions

112 In order to compare inter- and intra-subject fluctuations in adjacency matrices as well as graph-
113 theoretical metrics, we employed dimensionless, normalized pairwise quantifiers of asymmetry,
114  along with their estimated distributions. In detail, we defined the pairwise normalized
115  difference/asymmetry (ND) as:

116

117 ND=22 1)
a+b

118

119  where a and b refer to two distinct scans (either intra- or inter-subject). In the case of scalar quantities
120  like global or local graph-theoretical metrics, Equation 1 can be applied directly. When comparing
121  adjacency matrices, Equation 1 was modified by using Frobenius distances between (in this case)
122 matrices a and b as follows:

’trace a—b)-(a—b)’
123 ND= trace§§a+b;-§a+b;’; (2)
124 In order to empirically estimate (and successively compare) the intra- and inter-subject distributions

125  in ND, we proceeded as follows. From each set of 4 subject-wise scans, we sampled all 6 possible
126  pairs of scans, computed the ND for each pair, and repeated this step for all 1003 subjects. For each
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127  method, this resulted in 1003x6=6018 distinct ND values referring to intra-subject variability.
128  Successively, in order to build a comparable distribution related to inter-subject variability, we
129  randomly and repeatedly sampled (without replacement) four scans from four distinct subjects,
130 hence constructing set of 4 “inter-subject” scans from which 6 distinct pairs could be constructed and
131 6 distinct ND values could be calculated as above. In order to control for possible differences arising
132 from intra-subject habituation, the random sampling was performed so that each “inter-subject” set
133 of four scans contained exactly 1 sample from the 1003-sized set of first, second, third and fourth
134 scans. This procedure was repeated 1003 times, resulting in 1003x6=6018 distinct ND values referring
135  to inter-subject variability. Figure 4 summarizes the sampling process.

136 2.5.Statistical analysis

137 After sampling and computation of all ND values for each graph-theoretical metric and for all
138  four types of adjacency matrix, the resulting “inter” and “intra” distribution medians of ND were
139  compared through nonparametric Mann-Whitney-U tests. Effect Size (ES) were evaluated as the
140  difference between the medians of the “inter” and “intra” distributions in ND (i.e. ES = “inter”-
141  “intra”). The result of each comparison is therefore a p-value with an associated ES. Additionally, in
142 order to explore possible differences in variability across nodes (i.e. brain regions), we pooled ND
143 values for all local graph-theoretical metrics across all four methods (4 metrics x four methods = 16
144 values per node), and tested the effect of anatomical localization using a nonparametric Kruskal-
145  Wallis test. Whenever a significant effect was found, pairwise comparison between nodes were
146  performed. This procedure was repeated separately for inter- and intra- subject variability.
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148 Figure 4. Sampling strategy used to construct intra- and inter-subject pairs and successively
149 distributions of ND (Equations 1 and 2). The constructed samples for the basis for computing the
150 distributions are shown e.g. in Figure 5 and Figure 6.
151  3.Results
152 Figure 5 shows the “inter” and “intra” distribution for ND obtained when comparing pairs of

153 adjacency matrices (Equation 2) for all four methods (PearC, PartC, mGC and mTE), along with effect
154  sizes. For all methods, as hypothesized, median intra-subject variability is significantly lower than
155  median inter subject variability (p<10- for all methods). The largest ES was associated with mGC
156  and PearC (ES= 0.03 for both), followed by PartC and mTE (ES = 0.02 for both). Qualitatively, mTE
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157  showed the largest median variabilities (both intra- and inter-subject) whereas PearC and PartC
158  showed similar median variabilities.

Adjacency Matrices
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160 Figure 5. Intra- (blue) and inter- (orange) subject distributions of the Normalized Differences (ND),
161 for all four connectivity estimation methods. Effect size (ES) (i.e. the difference between the median
162 values of the inter- and intra- subject ND distributions) are shown in the insets. Mann-Whitney U-
163 tests for comparing medians returned p<10% for all four methods.
164 Figure 6 shows the “inter” and “intra” distribution for ND (Equation 1) obtained when

165  comparing pairs of global graph-theoretical metrics, along with the results of statistical testing in
166  terms of p-values and ES. Interestingly, intra- and inter-subject fluctuations are distinguishable only
167  in some cases. In particular, we found statistically significant differences (p<0.05) for all metrics
168  estimated through PearC (named “Bivariate Correlation” in figure) and PartC. However, in these
169  cases intra- subject fluctuations were larger than inter-subject fluctuations (i.e. negative ES). On the
170  other hand, when looking global metrics calculated through mGC, significant differences between
171  intra- vs. inter-subject fluctuations were mainly associated with positive ES. No differences were
172 found between ND distributions for global-graphs metrics evaluated through mTE. Notably, in this
173 analysis all significant differences were associated with minimal (compared to unity) effect sizes (of
174  the order of between 102 and 103). In addition, the widths intra- and inter- subject variability
175  distributions are qualitatively similar for all methods.
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177 Figure 6. Intra- (pink) and inter- (light blue) subject distributions of the Normalized Differences (ND),
178 for all four connectivity estimation methods, along with the p-value resulting from the corresponding
179 Mann-Whitney-U test. Effect size (ES) (i.e. the difference between the median values of the inter- and

180 intra- subject ND distributions) are shown in the insets.

181  Figure 7 summarizes the results of comparing ND distributions computed from local graph-
182 theoretical metrics, along with the results of statistical testing as well as ES. In this case, an intricate,
183  anatomically dependent pattern emerged, where the statistical difference between median intra- and
184  inter-subject fluctuations depends on the specific node, with some nodes exhibiting higher intra-
185  subject (as compared to inter-subject) fluctuations. Asterisks indicate nodes in which differences
186  between inter- and intra-subject variabilities resulted to be different from 0 (p<0.05, Mann-Whitney
187 U test). These results highlight the strong anatomical dependence in reproducibility of all local graph-
188  theoretical indices. Only the betweenness centrality of the Hippocampal-Posterior Cingulate network
189  show statistically higher intra-subject (as opposed to inter-subject) variability across all methods. Still,
190  ESin local efficiency and strength estimated in the same network tend to the same direction in all
191  methods. Higher intra-subject (as opposed to inter-subject) variability of the betweenness centrality
192 and local efficiency and strength was also found for the salience and the sensory motor networks. On
193 the other hand, the default mode network displayed higher intra-subject (as opposed to inter-subject)
194 stability in both betweenness centrality and local clustering coefficient across methods. The same
195  hold for the betweenness centrality of the fronto-temporal network. The results shown in Fig.7 allow
196  also to qualitatively compare the variability of the local metrics obtained though undirected (PearC
197  and PartC) and directed (mGC and mTE) methods. In particular, local efficiency, strength and
198  clustering coefficient in the visuo-prefrontal network are highly reproducible within the same subject
199  when estimated using mGC and mTE.
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201 Figure 7. Effect size, i.e. differences between median intra- and inter- subject distributions in local graph
202 metrics for each node and for each connectivity estimation method (PearC, PartC, mGC and mTE).
203 For each metric darker red and blue cells correspond to higher and lower ES values, respectively. The
204 nodes in which differences between inter- and intra-subject variabilities are statistically different from
205 0 (p<0.05) are indicated with an asterisk.
206 With reference to Figure 7, Table I summarizes the number of nodes where statistically

207  significant intra- vs. inter-subject differences were found. Overall, across all four methods (PearC,
208  PartC, mGC and mTE) the percentage of nodes (out of 15) where inter- and intra- subject variability
209  are statistically different varied between 28% and 38% (bottom row of Table 1), and in 3%-35% of the
210 15 nodes the inter-subject variability is significantly higher than the intra-subject variability. mGC is
211 the method with the lowest average number of nodes (across metrics) where the above mentioned
212 difference is significantly different from zero. Also, node strength is the metric where the above
213 mentioned difference is significantly different from zero in the highest average number of nodes
214 (across methods). Further, it is interesting to note that, across metrics and methods, whenever the
215  “intra” vs “inter” difference is significantly different from zero, this difference mainly results from a
216  higher intra-subject variability. This Highlights the volatility and anatomical dependence of some
217  local graph theoretical measures.

218
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Table 1. Number of nodes showing statistically different intra- and inter- subject variabilities. In
brackets: (number of nodes showing higher inter- vs intra subject variability/number of nodes
showing higher intra- vs inter subject variability). The right column shows the average percentage of
nodes (standard deviation in brackets), across metrics, where the inter-subject variability is
significantly higher than the intra-subject one. The bottom row shows the percentage count of the first
number in each cell.

Betweenness Local Clustering Mean(sd) % out
Method Centrality Efficiency Strength Coefficient of 15
PearsC 3(2/1) 4(0/4) 5(1/4) 3(0/3) 5%(6%)
PartC 7(3/4) 5(0/5) 7(2/5) 2(0/2) 8%(9%)
mGC 4(2/2) 5(2/3) 5(2/3) 15(15/0) 35%(38%)
mTE 3(1/2) 3(0/3) 4(1/3) 3(0/3) 3%(3%)
Mean(sd) %
28%(13%) 28%(6%)  35%(8%) 38%(41%)
out of 15

Figure 8(A) shows the results the Kruskal-Wallis test performed separately on the “intra” and on the
“inter” ND values. In both intra- and inter- subject variability we found a significant effect of node
(p=1.1e-4). In post-hoc comparisons (Figure 8(B)) we found that overall intra-subject variability in
local graph-theoretical metrics of the fronto-temporal network is lower as compared to the
hippocampal-posterior cingulate, the cingulate cortex and the fronto-polar networks. Also, overall
inter-subject variability in local graph-theoretical metric is lower in the salience network as compared
to the hippocampal-cerebellar, fronto-temporal and sensory/motor-limbic networks.
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232 l
233 Figure 8. (A): Intra- and on the Inter- ND values (across 1003 subjects; left: intra-subject variability,
234 right: inter-subject variability) for all local metrics (B): p-values obtained from pairwise comparison
235 of node-specific, intra- and inter-subject variability.

236 4. Discussion and Conclusions

237  In this paper, we have studied inter- and intra-subject variability of directed and undirected
238  connectivity matrices as well as of global as well as local graph-theoretical metrics derived from
239  resting state functional MRI data in a large sample (n=1003) of exceptionally high quality resting state
240  fMRI data, which also has the unique property of including scan-rescan sessions. While previous
241  reproducibility studies exist, they are commonly focused on specific data processing [21] or statistical
242 [22] aspects, and are commonly based on limited sample sizes. In order to eliminate unwanted
243 sources of variability and improve the comparability between distributions, we have adopted a
244  bootstrap approach followed by nonparametric statistics on a normalized difference metric, which
245  also allowed us to pool across methods and/or nodes and make qualitative inter-method
246  comparisons. Our results show that while adjacency matrix weights generated using conventional
247  methods like PearC or PartC exhibit 1) a qualitatively lower variability as compared to directed
248  metrics and 2) a lower within-subject v.s. between-subject variability, these differences virtually
249  disappear when looking at global and local graphs-metrics values, where re-scanning the same
250  subject results in the same statistical fluctuation as scanning a different subject. The overall higher
251  wvariability in adjacency matrices obtained from directed metrics may be partially due to the higher
252 complexity of both estimators and the multiple degrees of freedom (e.g. model order, embedding
253  dimensions) in their computation, whose exploration was beyond the scope of this study. Also, the
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254  appropriateness of using of mGC in fMRI has been the object of discussion [23-29], mainly because
255  of the confounds introduced by locally varying neurovascular coupling and the interaction of these
256  confounds with e.g. parameter choices and hence overall validity of the estimators. To this end, we
257  applied ablind deconvolution approach which estimates a local HRF for each signal and returns an
258  estimate of neural activity. Still, the application of this type of pipeline is not yet widespread in fMRI
259  studies using causality methods, and that it also involves parameter choices whose effect on
260  reproducibility merit investigation in a separate paper. Similarly, while partial and Pearson
261  correlation do not involve parameter optimization, both mGC and mTE estimations are based on
262  parameter choices inherent to each method. In this sense, the main aim of our work was to not to
263  directly compare across methods, but rather to provide an estimation, in a high quality and unique
264  datasample, of overall the intra- and inter- subject reproducibility of a variety of connectomic metrics
265  which are commonly used in the fMRI community.

266 Interestingly, we found an articulate pattern of “intra” vs “inter” variability differences as a
267  function of metrics, well as node (i.e. anatomical localization), which points towards a certain degree
268  of unpredictability in the reproducibility of results obtained using each possible composite pipeline.
269  Interestingly, in several nodes and metrics median intra-subject variability was found to be larger
270  than median inter-subject variability. While we cannot exclude that the HCP database may
271  intrinsically contain high intra-subject variability in raw data (e.g. due to the switching of phase
272 encode direction in same-day rsfMRI scans), our findings warrant caution in the interpretation of
273  graph-based connectomics studies, which should, whenever possible, include a scan-rescan
274  validation arm at least in subset of subjects. They also serve as benchmarks for future investigations
275  aiming to estimate the variability in other directed and undirected connectomic databases, and can
276  also be employed for prospective power calculations in planning functional connectomics
277  experiments.
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