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Abstract



Heuristically adapted from methods originally developed for social networks, current network modularity approaches to account for negative BOLD-signal correlations in fMRI-derived connectomes yield variable results with suboptimal reproducibility. As an alternative, we propose a new, reproducible approach that exploits how frequent the BOLD-signal correlation between two nodes is negative. We validated this novel probability-based modularity approach on two independent publically available resting state connectome datasets (the Human Connectome Project and the 1000 Functional Connectomes) and demonstrated that negative correlations alone are sufficient in understanding resting-state fMRI connectome modularity. In fact, this approach permits a dual formulation that leads to equivalent solutions regardless of whether one considers positive or negative edges. Results confirmed the superiority of our approach in that: 1) correlations with highest probability of being negative are consistently placed between modules, 2) due to the equivalent dual forms, no arbitrary weighting factor is required to balance the influence between negative and positive correlations, as is currently employed in all Q modularity-based approaches.
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Introduction Just as social networks can be divided into cliques that describe modes of association (e.g. family, school), the brain’s connectome can be divided into modules or communities. Modules contain a series of nodes that are densely interconnected (via edges) with one another but weakly connected with nodes in other modules (Meunier, Lambiotte, & Bullmore, 2010). Thus modularity or community structure best describes the intermediate scale of network organization, rather than the global or local scale. In many networks, modules can be divided into smaller sub-modules, thus can be said to demonstrate hierarchical modularity or near decomposability, a term first coined by Simon in 1962 (Meunier et al., 2010; Simon, 2002). Modules in fMRI-derived networks tend to comprise anatomically and/or functionally related regions, and the presence of modularity in a network has several advantages, including greater adaptability and robustness of the function of the network. Understanding modularity of brain networks can inform the study of organization and mechanisms of brain function and dysfunction, thus potentially the treatment of neuropsychiatric diseases. Mathematical techniques derived from graph theory (Fornito, Zalesky, & Breakspear, 2013) have been developed to measure and describe the modular organization of neural connectomes (Bullmore & Sporns, 2009; Sporns & Betzel, 2016). Different methods for module detection have been applied in network neuroscience, and offer different strengths and weaknesses (reviewed in Sporns & Betzel, 2016). Optimization algorithms are typically used to maximize modular
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structure Q, rather than calculate it directly (Danon, Diaz-Guilera, Duch, & Arenas, 2005). These algorithms vary in accuracy as there are tradeoffs made with computational speed (Rubinov and Sporns, 2010). Simulated annealing (e.g. Guimera & Amaral, 2005; Guimera, Sales-Pardo, & Amaral, 2004) is a slower, more accurate method for smaller networks, however could take several months of continuous computations with larger networks (Danon et al., 2005). The Newman method (2006; Newman & Girvan, 2004) reformulates modularity with consideration of the spectral properties of the network, and is also considered fairly accurate with adequate speed for smaller networks (Rubinov and Sporns, 2010). More recently, the Louvain method (Blondel, Guillaume, Lambiotte, & Lefebvre, 2008) has been developed for large networks (millions of nodes and billions of edges). Its rapid computation and ability to detect modular hierarchy (Rubinov & Sporns, 2010) has led to it becoming one of the most widely utilized methods for detecting communities in large networks. Comparisons with other modularity optimization methods have found that the Louvain method outperforms numerous other similar methods (Aynaud, Blondel, Guillaume, & Lambiotte, 2013; Lancichinetti & Fortunato, 2009). These earlier methods originally developed out of social sciences (e.g. for social network analysis) and are problematic as they lack reproducibility, often failing replication (Butts, 2003; Fortunato & Barthelemy, 2007; Guimera & SalesPardo, 2009). With the advent of connectomics, they also have been heuristically applied to fMRI brain networks, however these networks have the additional complication of negative correlations. To this end, early methods largely ignore
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fMRI networks’ negative edges (Fornito et al., 2013), only considering the right tail of the correlation histogram, i.e. the positive edges (Schwarz & McGonigle, 2011).



However,



in



functional



neuroimaging,



negative



edges



may



be



neurobiologically relevant (Sporns & Betzel, 2016), depending on factors such as data preprocessing steps, particularly the removal of potentially confounding signal such as head motion, global white-matter or whole-brain average signal, before calculation of the correlation matrix, because removal of such signal could result in detection of anticorrelations that were not present in the original data (Schwarz & McGonigle, 2011). Ignoring negative edges is achieved with binarization of a network (so-called ‘hard thresholding’), by selecting a threshold then replacing edge values below this threshold with zeros, and replacing suprathreshold values with ones. Some researchers retain the weights of the suprathreshold edge values, which has the effect of compressing the positive edges, however the negative edges remain suppressed (Schwarz & McGonigle, 2011). Choice of threshold is important as more severe thresholds increase the contributions from the strongest edges, but can result in excessive disconnection of nodes within networks, in comparison to less stringent thresholds. Rather than binarizing networks, some researchers choose a ‘soft thresholding’ approach that replaces thresholding with a continuous mapping of correlation values into edge weights, which had the effect of suppressing, rather than removing weaker connections (Schwarz & McGonigle, 2011). Linear and non-linear adjacency functions can be employed, and the choice can be made to retain the valence of the edge weights, when appropriate.



5



An alternative to optimization methods discussed above, Independent Components Analysis (ICA) has been applied to functional neuroimaging data (Beckmann, DeLuca, Devlin, & Smith, 2005). This method assumes that voxel time series are linear combinations of subsets of representative time series (Sporns & Betzel, 2016). Patterns of voxels load onto spatially independent components (modules). Unlike optimization methods, ICA allows for overlapping communities (Sporns & Betzel, 2016), although the number of ICA components needs to be pre-specified. Utilizing a distance-based approach, recently, a new technique for investigating the hierarchical modularity of structural brain networks has been developed (GadElkarim et al., 2014; GadElkarim et al., 2012). Rather than using Q or detecting spatially independent components, Path Length Associated Community Estimation (PLACE) uses a unique metric ΨPL. This metric measures the difference in path length between versus within modules, to both maximize within-module integration and between-module separation (GadElkarim et al., 2014). It utilizes a hierarchically iterative procedure to compute global-to-local bifurcating trees (i.e. dendrograms), each of which represents a collection of nodes that form a module. In this study we demonstrate a related method for functional brain networks – Probability Associated Community Estimation (PACE), that uses probability, not thresholds or the magnitude of BOLD signal correlations. We compare this method to five different implementations within the widely used Brain Connectivity Toolbox (BCT) (http://www.brain-connectivity-toolbox.net/).
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We used data from the freely accessible 1000 Functional Connectomes or F1000 Project dataset (Biswal et al., 2010) and the Human Connectome Project (HCP) (Van Essen et al., 2013; Van Essen et al., 2012) to validate this method, and to examine differences in resting-state functional connectome’s modularity (i.e., the resting-state networks or RSN) between males and females.
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(online) Methods



The popular Q-based modular structure (Blondel et al., 2008; Reichardt & Bornholdt, 2006; Ronhovde & Nussinov, 2009; Rubinov & Sporns, 2011; Sun, Danila, Josic, & Bassler, 2009) is extracted by finding the set of non-overlapping modules that maximizes the modularity Q (or weighted modularity metric Qw): Q(G) =



kk   1  Aij  i j  (i, j )  2m i  j  2m 



Adapted from social network sciences, these Q-based approaches are naturally suitable for understanding the modularity of structural connectome where all edges are non-negative. As an alternative to Q, we previously developed a graph distance (shortest path length) based modularity approach for the structural connectome. By exploiting the structural connectome’s hierarchical modularity, this path length associated community estimation technique (PLACE) is designed to extract global-to-local hierarchical modular structure in the form of bifurcating dendrograms (GadElkarim et al., 2012). PLACE has potential advantages over Q (GadElkarim et al., 2014), as it is hierarchically regular and thus scalable by design. Here, the degree to which nodes are separated is measured using graph distances (Dijkstra, 1959) and the PLACE benefit function is the ΨPL metric, defined at each bifurcation as the difference between the mean inter- and intramodular graph distances. Thus, maximizing ΨPL is equivalent to searching for a partition with stronger intra-community integration and stronger betweencommunity separation.
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Probability-associated



community



estimation



(PACE)



for



functional



connectomes Here let us describe the PACE-based modularity of a functional connectome mathematically represented as an undirected graph 𝐹𝐶(𝑉, 𝐸), where V is a set of vertices (i.e., nodes) and E is a set of edges (indexed by considering all pairs of vertices). Each edge of E is associated with a weight that can be either positive or negative. Given a collection of functional connectomes S on the same set of nodes V (but having edges with different weights), we can define the following aggregation graph G (V, E). For each edge 𝑒𝑖,𝑗 in E connecting node i and node j, we consider 𝑃− 𝑖,𝑗 , the probability of observing a negative value at this edge in S (i.e., the BOLD signals of i and j are anti-correlated). In the case of HCP, for example, S thus consists of all healthy subjects’ resting-state functional connectome and this probability can be estimated using the ratio between the number of connectomes in S having the edge 𝑒𝑖,𝑗 < 0 and the total number of connectomes in S. Similarly, we define the probability of an edge in E being nonnegative as 𝑃+ 𝑖,𝑗 . Naturally, the 𝑃− - 𝑃+ pair satisfies the following relationship: 𝑃− 𝑖,𝑗 + 𝑃+ 𝑖,𝑗 = 1,



∀(𝑖, 𝑗), 𝑖 ≠ 𝑗



Then, inspired by PLACE, given C1, C2,…, CN that are N subsets (or communities) of V, we define the mean intra-community edge positivity or negativity ̅̅̅̅̅̅̅̅̅̅ 𝑃± (𝐶 𝑛 ) for the n-th community Cn as: ̅̅̅̅̅̅̅̅̅̅ 𝑃± (𝐶 𝑛 ) =



∑𝑖,𝑗∈𝐶 𝑛 , 𝑖 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒



−𝑊𝑖𝑗 𝑖𝑓 𝑊𝑖𝑗 < 0 0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒



1 0



𝑖𝑓 𝑊𝑖𝑗 > 𝑡ℎ𝑟𝑒𝑠 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒



Modular structures revealed using PACE versus Q-based weighted methods We compared PACE with Q-based methods in the reproducibility and stability of the resulting modularity computed from the mean F1000 or HCP functional connectome (mean connectome is computed by element-wise averaging). Table 1 lists six Q-based methods adopted in this study (five weighted and one binarized). We conducted 100 runs for each of the six methods as well as PACE, and quantified pairwise similarity between two modular structures using the normalized mutual information (NMI; Alexander-Bloch et al.,
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2012). NMI values are between 0 and 1, with 1 indicating two modular structures are identical. We report summary statistics of these pairwise NMI values in Table 2a (the total number of NMI values are 4950=100x99/2). As shown in this table, Q-based methods produced substantially variable modular structures across runs (and the number of communities across runs is also variable). By contrast, PACE produced identical results up to the third level (i.e., 8 communities) for HCP and throughout all four levels for F1000. To visualize these modularity results, we show axial slices of representative modular structures, for the HCP dataset, generated using different methods (Figure 1, also see Figure 2a for rearranged connectome matrices based on PACE).
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Figure 1. Representative modular structures generated using different methods for the HCP dataset. Regions coded in the same color (out of four: green, blue, red, and violet) form a distinct community or module. Note that unlike F1000, which uses structure parcellation to partition networks into non-overlapping communities, HCP utilizes an ICAbased parcellation, which allows components (modules) to overlap (Sporns & Betzel, 2016), resulting in regions with mixed colors (e.g. yellow).



As Q-based methods yielded variable results (with variable number of communities, see Table 2a), for a fair comparison we randomly select a fourcommunity modular structure to visualize each of the five Q-based methods.
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Visually, except for the Q-Amplitude and Q-negative-only, Q-based results shared similarities with results generated using 2nd-level PACE (variability among Q-based methods notwithstanding). Table 2b summarizes, for each Q-based method, the mean and standard deviation of NMI between the 100 runs and 2nd-level PACE-derived modularity.



Table 2. (a). Mean and standard deviation of pair-wise Normalized Mutual Information (NMI) across 100 repeated runs within each method. For Q-based methods, the most reproducible methods are highlighted in bold (for F1000 it was the Q-Comb-Sym, and for HCP the Q-Positive-only). (b). For each Q-based method, this table summarizes the mean and standard deviation of pair-wise NMI between the repeated 100 runs and 2ndlevel PACE-derived modularity. 2a F1000 NMI



HCP



Number of



NMI



Number of



Modules



Modules (Number of



(Number of runs)



runs)



PACE Level 1



1.0±0.0



2(100)



1.0±0.0



2(100)



PACE Level 2



1.0±0.0



4(100)



1.0±0.0



4(100)



PACE Level 3



1.0±0.0



8(100)



1.0±0.0



8(100)



PACE Level 4



1.0±0.0



16(100)



0.9996±0.0016



16(100)



Q-Comb-Sym



0.896±0.093



3(97),4(3)



0.731±0.160



3(38), 4(62)



Q-Comb-Asym



0.835±0.091



3(63),4(37)



0.772±0.134



3(31),4(69)



Q-Positive-only



0.844±0.103



3(1),4(99)



0.834±0.079



3(41),4(59)



Q-Amplitude



0.819±0.108



4(18),5(74),6(8)



0.614±0.135



3(1),4(49),5(36),6(14)



Q-Negative-only



0.617±0.158



3(66),4(34)



0.460±0.129



3(3),4(61),5(36)



16



2b F1000



HCP



Q-Comb-Sym



0.725±0.026



0.576±0.051



Q-Comb-Asym



0.705±0.043



0.603±0.047



Q-Positive-only



0.740±0.061



0.539±0.035



Q-Amplitude



0.606±0.064



0.235±0.027



Q-Negative-only



0.170±0.013



0.113±0.017



Lastly, to further appreciate the effect of variable numbers of modules in Q-based methods, we randomly selected and visualized one 3-community and one 4-community Q-derived HCP modular structure. This is displayed in Figure 2b, with the visualizations again demonstrating the problem of reproducibility with Q (for comparison, the 1st level 2-community and 2nd-level 4-community PACE HCP results are also shown).
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Figure 2 (a) shows, for the F1000 (first row) and the HCP (2nd row) dataset: 1) first column: the mean resting-state functional connectome matrices (mean is computed by
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element-wise averaging); 2) second column: the negative frequency matrices; 3) third and fourth column: the rearranged matrices based on modularity extracted using Level 1 and Level 2 PACE. (b) visualizes randomly selected 3-community and 4-community Qderived modular structures in HCP, demonstrating the problem of reproducibility with Q. For comparison, the 1st level 2-community and 2nd-level 4-community PACE results are also shown.



Variability in the modular structure computed using Q-based thresholdingbinarizing method For the sixth Q-based modularity method, which applies an arbitrary nonnegative threshold to the mean connectome followed by binarization (all edges below threshold set to zero, and above threshold to one), we again conducted 100 runs for each threshold (starting, as a fraction of the maximum value in the mean functional connectome, from 0 to 0.5 with increments of 0.02) using the unweighted Louvain method routine implemented in the BCT toolbox. Figure 3 plots the mean pairwise NMI ± SD as a function of the threshold, between each of the 100 runs and those generated using the Q-Comb-Sym or Q-Comb-Asym methods. Results again demonstrated the high degree of variability, especially in the case of HCP.
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Figure 3. Mean and standard deviation of pair-wise similarity metric NMI, as a function of the threshold (x-axis, as a fraction of the maximal value in the mean group connectome), between the modularity extracted using Q-based thresholding-binarizing and the weighted Q-Comb-Sym method or the Q-Comb-Asym method for F1000 (top) and HCP (bottom).
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Sex differences in resting-state networks using a PACE-based hierarchical permutation procedure Because the HCP dataset contains subjects with the narrow age range of 22-35 (Van Essen et al., 2013; Van Essen et al., 2012), we demonstrate here that the stability of PACE makes it possible to pinpoint modularity differences between males and females in the HCP dataset, whilst minimizing potential confounding influences of age. As PACE uses a hierarchical permutation procedure to create trees, controlling for multiple comparisons is straightforward. Here, if two modular structures exhibit significant differences at each of the m most-local levels of modular hierarchy (each of them controlled at 0.05), collectively it would yield a combined false positive rate of 0.05 to the power of m. For the actual permutation procedure, we first computed the NMI between the two PACE-derived modular structures generated from the 367 males and the 453 females in the HCP dataset. Then, under the null hypothesis (no sex effect) we randomly shuffled subjects between male and female groups and recomputed the NMI between the permuted groups across all four levels of PACE-derived modularity. This shuffling procedure was repeated 10,000 times and the resampled NMI values were recorded. By ranking our observed NMI among the re-sampled 10,000 NMI values, we detected significant sex differences in modularity starting at the first-level (P values: 























des documents recommandant







[image: alt]





The Power of GIS 

What do land developers, telecommunications companies, grocery stores, fast food franchises, facility management firms, banks, and law enforcement and.










 


[image: alt]





Harness the power of 

pieces, and since the coil battery that I first tried to use, if the was missing, I ... I could remove the distrib- utor, ignition .... not the wire. Repeat the process for the.










 


[image: alt]





www.paulcraigroberts.org - The Power of 

5/5/2015. The Power of Lies -- Paul Craig Roberts - PaulCraigRoberts.orgPaulCraigRoberts.org http://www.paulcraigroberts.org/2015/04/13/power-lies/print/. 1/3.










 


[image: alt]





Power of the Jedi Sourcebook 

Short-Range Telepathy: Quermians can communicate with other Quermians, as well as with Force-users who have the ...... 2 Assault Laser Cannons (fire-linked).










 


[image: alt]





Causal Evidence of the Negative Causal Impact of Income on 

Email addresses: ...... 26 Available at http://www.sos.ca.gov/elections/init_history.pdf. 26 ... Appendix Table 1 for a complete list of proposals and their tax/bond ...










 


[image: alt]





Rethinking the Determination of the Value of Labor Power 

A possible reason for this can be found in what seems to be a widespread .... of labor power below its value (Marx 1976a: 277). But he does not state ... This presentational strategy is not without merits. For what can be ...... This explains why som










 


[image: alt]





The Why, What, and How of Management Innovation - Our thinking 

come a five-year quest to reinvent the com- pany's management processes. ..... the value chain, forming partnerships and join- ing industrywide consortia to ...










 


[image: alt]





Separation of Non-negative Mixture of Non-negative Sources using a 

main application concerns the analysis of spectral signals, to encode jointly ... a Monte Carlo Markov Chain (MCMC) for sampling their joint posterior density.










 


[image: alt]





The Project Gutenberg EBook of The Influence of Sea Power 

Nov 29, 2004 - by carrying troops in coaches, when the latter in turn gave place to railroads, the ...... The effect of these two factors, sectional jealousy and ...










 


[image: alt]





Curviform gram negative bacteria of medical importance 

Campylobacter (F.Spirillaceae) .... Live in deeper parts under lumen where. PH is 7.4. â€¢ Urease reduce the acidity of stomach ... Campylobacter jejuni,C.coli.










 


[image: alt]





Understanding the Term Structure of Interest Rates - A negative 

the rising short rate is not affecting the long rate. I'll not say ... that the â€œglobal saving glutâ€� has been a depressing factor on U.S. real and nominal interest rates since. 2000. Yet this ... utive investments in 1-period securities and inves










 


[image: alt]





Danger. . . Backside Of The Power Curve! 

MRP. STALL. AIRSPEED,V. Several important conclusions fairly jump at you from looking at this ... and requires the pilot to constantly monitor his air- speed and ...










 


[image: alt]





The Power of Pawns: Chess Structure Fundamentals 

The Power of Pawns: Chess Structure Fundamentals for Post-beginners by. Jorg Hickl. Download link: The Power of Pawns: Chess Structure Fundamentals for ...










 


[image: alt]





The Power of One. - InCal - Cummins 

standby power with a building automation system. If you're looking for ... protection when paralleling with utility. ... access to review power and load conditions ...










 


[image: alt]





The Geography of Chinese Power - aejjr 

May 1, 2010 - ... States and the United Kingdom, China would eventually guide the world by ... with a core national interest -- economic survival -- China can be defined ..... to move closer to China and thus allow the emergence of a Greater ...










 


[image: alt]





HFXÂ® mini - The Power of Silence .fr 

HFXÂ® mini - The Power of Silence. The world's first noiseless high-end entertainment computer case with an extraordinary design. Small, powerfull and a ...










 


[image: alt]





adderall long term negative effects of technology 

taking adderall for the first time without adhd diet how long does a 15 mg adderall xr last adderall 20 mg pink ... supplements to help with adderall withdrawal treatment blue adderall ... prozac and adderall for depression adderall xr lowest ...










 


[image: alt]





Digital Negative (DNG) Specification 

Apr 10, 2008 - model for mapping stored raw sensor values into linear reference values. ... processing model for mapping between the camera color space coordinates ..... the signal is digitized, it can improve the dynamic range of the final image. ..










 


[image: alt]





Harnessing the power of the Internet for better communication - Dick ... 

above all, the new Commission should create an in-house communication ... consistent brand image to users. Page 2. Two-way communication and new media.










 


[image: alt]





New Synera Exploration Database program, applying the power of the 

Windows 2000 Datacenter Server operating environment, the new Intelligent Explorationâ„¢ suite, an exploration database product, easily searched over 1.4 ...










 


[image: alt]





Positive versus negative environmental impacts of tree 

to chemical analysis to measure variables linked to grass quality. Total nitrogen ... measured using a digital data system isothermal CP500 bomb calorimeter.










 


[image: alt]





Harnessing the power of the Internet for better communication - Dick ... 

reflecting departments' own agenda, structures and vocabulary. We should. • focus web communication throughout all sites on the needs and interests of users, ...










 


[image: alt]





The Destructive Power of the Kubotan Despite its humble 

This powerful weapon can, and should, be a part of any good self- defence ... In a self defence situation, your primary aim must be to deal with the danger in front of you, and then make your .... Be ready to sink as low as your attacker, morally ...










 


[image: alt]





The Power of Price Stability - Federal Reserve Bank of Cleveland 

May 1, 2005 - dent and CEO of the Federal Reserve. Bank of Cleveland ... pinched, governments often yielded to ... rencies. According to a translator, Dante.










 














×
Report The power of negative thinking





Your name




Email




Reason
-Select Reason-
Pornographic
Defamatory
Illegal/Unlawful
Spam
Other Terms Of Service Violation
File a copyright complaint





Description















Close
Save changes















×
Signe






Email




Mot de passe







 Se souvenir de moi

Vous avez oublié votre mot de passe?




Signe




 Connexion avec Facebook












 

Information

	A propos de nous
	Règles de confidentialité
	TERMES ET CONDITIONS
	AIDE
	DROIT D'AUTEUR
	CONTACT
	Cookie Policy





Droit d'auteur © 2024 P.PDFHALL.COM. Tous droits réservés.








MON COMPTE



	
Ajouter le document

	
de gestion des documents

	
Ajouter le document

	
Signe









BULLETIN



















Follow us

	

Facebook


	

Twitter



















Our partners will collect data and use cookies for ad personalization and measurement. Learn how we and our ad partner Google, collect and use data. Agree & Close



