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635  reconstructed dynamics of the Wilson-Cowan zero delays model display similar levels of
636  phase-synchronization as those observed in source-reconstructed MEG resting-state.

637
638  Figure 4. Intermittent dynamics and peaks in the frequency spectrum of dynamics of

639  Wilson-Cowan zero delays model are similar to those observed in MEG resting-state. a.
640 10-second time course of model dynamics from all brain regions for example subject b.
641  Frequency spectrum of model dynamics for 10-second segment of model dynamics from all
642  brain regions, for example subject. Different colours indicate time course/frequency spectrum
643  of different brain regions. Same colour in panels a, b belongs to the same brain region.

644

645  We next assessed the correspondence between the mean model-generated and MEG-derived
646  networks of phase-synchronization. The mean model-generated network was the average of 20
647  model-generated networks, each estimated from simulated model data from different initial
648  conditions. We compared the mean model-generated network of phase-synchronization to the
649  testing set MEG-derived network. Specifically, we compared the distributions of mean model-
650 generated and MEG-derived phase-synchronization values, and compared the RMSE and
651  Correlation between the mean model-generated and MEG-derived matrices against their
652  corresponding permutation-based null distributions. The distributions of mean model-
653  generated and MEG-derived phase-synchronization values are similar, with central tendency
654  (median = 0.09) and dispersion (median absolute deviation = 0.02) of mean model-generated
655 network values close to central tendency (median = 0.07) and dispersion (median absolute
656  deviation = 0.02) of MEG-derived network values (Figure 5a). RMSE = 0.04 between mean
657  model-generated and MEG-derived matrices is lower than chance (z =-29.9, one-tailed p = 6.7
658  x 10, and Correlation = 0.49 between mean model-generated and MEG-derived networks

659 s higher than chance (z = 25.4, one-tailed p = 0) (Figure 5b,c). Further, most top 5 percentile
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strongest connections lie within and between parietal, temporal and occipital regions, for both

mean model-generated and MEG-derived networks of phase-synchronization (Figure 5d).

Taken together, the results demonstrate a close correspondence between the mean model-

generated and MEG-derived networks of phase-synchronization.
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Figure 5. Close correspondence between mean model-generated network and MEG-

derived network of phase-synchronization a. Histogram of connection strengths for mean

model-generated and MEG-derived networks of phase-synchronization b. Scatter plot of

connection strengths for MEG-derived network of phase-synchronization against mean model-

generated network of phase-synchronization c. Matrices of connection strengths between every

pair of brain regions for mean model-generated and MEG-derived network of phase-
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671  synchronization. d. Brain network visualisation of top 5 percentile strongest connections for
672  mean model-generated and MEG-derived networks of phase-synchronization. MOD = model.
673  Brain networks were visualised with BrainNet Viewer (http://www.nitrc.org/projects/bnv/)
674 (Xiaetal. (2013)).

675

676  We assessed the sensitivity of the Wilson-Cowan zero delays model, to changes in the values
677  of model parameters. To do this, we performed a sensitivity analysis wherein we estimated
678  change in model performance to small changes in the values of model parameters. We varied
679 the value of each non-zero parameter from -10% to 10% of its original value, while keeping all
680  other parameters at their original value. The RMSE and Correlation from simulating these
681 jittered models were z-scored against the 20 RMSE and Correlation values from simulating the
682  original model, to estimate the change in model performance. We found the model performance
683  to be robust to changes in values of k and w;; parameters (z values < 3), i.e. the scalar multiplier
684  over the structural connectome and weight of self-inhibitory connections of Wilson-Cowan
685  oscillators respectively. However, the model performance is sensitive to changes in the values
686  of all other model parameters (z values > 3) (Figure S1). Hence, we observe that the Wilson-
687  Cowan zero delays model is sensitive to changes in the values of its model parameters.

688

689  We have shared the mean model-generated network and networks from each of 20 simulations
690  of the Wilson-Cowan zero delays model, through an open dataset (Williams et al. (2021b)).
691

692 3.4 Determining features of each model component contributing to model performance
693 The Wilson-Cowan zero delays model represents the hypothesis that the Wilson-Cowan
694  oscillatory dynamics interact with the pattern of structural connections to produce networks of
695  phase-synchronization corresponding to MEG-derived networks of phase-synchronization.
696  Hence, it postulates that both the pattern of structural connections and Wilson-Cowan
697  oscillatory dynamics contribute to the observed correspondence.

698

699 We tested the hypothesis that the pattern of structural connections contributes to the
700  correspondence between model-generated and MEG-derived networks. To do this, we
701  compared correspondence obtained with the original model against correspondence obtained
702  with null models containing degree-preserved randomised versions of the structural
703  connectome, all other aspects of the null model being identical to the original model. The

704  structural connectome from each of the null models had the same number of connections to
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705  each brain region as the original structural connectome, but the pattern of connections between
706  regions was different from that of the original structural connectome. We used RMSE and
707  Correlation between the model-generated and testing set MEG-derived matrices to quantify
708  correspondence. Mean RMSE with the original model of 0.04 was lower (z = -3.7, one-tailed
709  p=1x10%) and mean Correlation of 0.47 was higher (z = 8.4, one-tailed p = 0) than the set of
710 RMSE and Correlation values yielded by null models containing degree-preserved randomised
711 versions of the original structural connectome (Figure 6a). These results confirm that the
712  pattern of connections in the structural connectome contributes to the observed correspondence
713  between model-generated and MEG-derived networks, over and above the number of
714  connections, i.e. degree, to each brain region.

715

716  Given the contribution of the pattern of connections of the structural connectome to the
717  observed correspondence between model-generated and MEG-derived networks, we
718 investigated if the model-generated network is merely a recapitulation of the structural
719  connectome. To do this, we compared Correlation between the model-generated matrix and the
720  testing set MEG-derived matrix, against Correlations between 100 bootstrapped versions of the
721  structural connectome matrix and the testing set MEG-derived matrix. Mean Correlation of
722 0.47 between the model-generated and MEG-derived matrices is higher (z = 181.5, one-tailed
723  p = 0) than Correlations between bootstrapped versions of the structural connectome matrix
724  and the MEG-derived matrix (Figure S2). These results demonstrate that the model does not
725  merely recapitulate the structural connectome at the level of its dynamics, but that it operates
726  on the structural connectome in a non-trivial way to produce the observed MEG-derived matrix
727  of phase-synchronization.

728

729  We tested the hypothesis that the Wilson-Cowan oscillatory dynamics contributes to the
730  comparison between model-generated and MEG-derived networks of phase-synchronization.
731 To do this, we compared correspondence obtained with the original model against
732  correspondence obtained with null models wherein the dynamics of each brain region were
733  described by random dynamics interacting through the structural connectome used in the
734 original model. The mean and range of random dynamics were matched to those of the Wilson-
735 Cowan oscillators. For the random node dynamics model also, we estimated the model
736  parameter k, the scalar multiplier over the structural connectome, with the same procedure as
737  for the Wilson-Cowan zero delays model (Section 2.6). We used RMSE and Correlation

738  between the model-generated and testing set MEG-derived matrices to quantify
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739  correspondence. Note that Correlation is insensitive to scale of the compared phase-
740  synchronization strengths, hence it would yield high values for similar patterns of model-
741  generated and MEG-derived phase-synchronization even if the random node dynamics model
742  produced weaker phase-synchronization strengths than those observed in the MEG-derived
743  networks. Just as for the Wilson-Cowan zero delays model, the optimal value of k for the
744  random node dynamics model was identified as 2. Mean RMSE with the original model of 0.04
745  was lower (z = -40.8, one-tailed p = 0) and mean Correlation of 0.47 was higher (z = 4.9, one-
746  tailed p = 5 x 107) than the set of RMSE and Correlation values yielded by null models
747  containing random node dynamics instead of Wilson-Cowan oscillatory dynamics (Figure 6b).
748  These results confirm that the Wilson-Cowan oscillatory dynamics contributes to the observed
749  correspondence between model-generated and MEG-derived networks, over and above
750  dynamics with the same mean and range.
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751
752  Figure 6. The pattern of connections in the structural connectome and dynamics of

753  Wilson-Cowan oscillators, contribute to correspondence between model-generated and
754  MEG-derived networks of phase-synchronization a. Scatter plot of connection strengths
755  from MEG-derived network and example model-generated network (blue) and of connection
756  strengths from MEG-derived network and example null model-generated network, wherein
757  structural connectome is randomised (yellow). b. Scatter plot of connection strengths from
758 MEG-derived network and example model-generated network (blue) and scatter plot of
759  connection strengths from MEG-derived network and null model-generated network, wherein
760  node dynamics are randomised (dark gray). MOD = model.

761
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762  Given the contribution of Wilson-Cowan oscillator dynamics to the correspondence between
763  model-generated and MEG-derived networks, we investigated if the mere presence of
764  oscillatory rather than random node dynamics would produce the observed correspondence. To
765  do this, we compared correspondence obtained with the Wilson-Cowan zero delays model
766  against correspondence obtained with an equivalent Kuramoto oscillator model, which also
767  produces oscillatory dynamics. No statistically significant difference in the correspondences
768  with the Wilson-Cowan zero delays model and Kuramoto oscillator model would imply the
769 mere presence of oscillatory node dynamics produces a correspondence between model-
770  generated and MEG-derived networks. We quantified correspondence using the RMSE and
771  Correlation between the respective model-generated and MEG-derived matrices of phase-
772  synchronization. We identified k = 0.5 as the optimal value of the scalar multiplier over the
773  structural connectome for the Kuramoto oscillator model. Mean RMSE of 0.04 with the
774 Wilson-zero delays model was lower than mean RMSE of 0.53 with the Kuramoto oscillator
775  model (two-tailed p = 8.4 x 10°°). Similarly, mean Correlation of 0.47 with the Wilson-Cowan
776  zero delays model is higher than mean Correlation of 0.13 with the Kuramoto oscillator model
777  (two-tailed p = 2.2 x 10%") (Figure S3). These results demonstrate the mere presence of
778  oscillatory node dynamics does not produce the observed correspondence between model-
779  generated and MEG-derived networks. Rather, it is the oscillatory dynamics of the Wilson-
780  Cowan oscillators resulting from the interaction between excitatory and inhibitory neuronal
781  populations, which produces the observed correspondence.

782

783 3.5 Robustness of results

784  Finally, we investigated the robustness of the obtained correspondence between model-
785  generated and MEG-derived networks, to choices made for the simulations and analyses. To
786  do this, we compared correspondence obtained with different solvers and with different relative
787  tolerance values for the model simulations. In addition, we determined if changing the modeled
788  hemisphere from left to right would qualitatively change the correspondence between the
789  model-generated and MEG-derived networks. We quantified correspondence by the RMSE
790 and Correlation between the model-generated and MEG-derived matrices of phase-
791  synchronization. We used the ODE45 solver in the original simulations, but RMSE and
792  Correlation values are not different when ODE23 and ODE113 solvers were used (two-tailed
793  p > 0.001 for each) (Figure 7a). Similarly, we used relative tolerance of 10 for the original
794  simulations, which yielded RMSE and Correlation values neither different to those obtained

795  with lower relative tolerance values of 10 and 10 nor a higher relative tolerance of 102 (two-


https://doi.org/10.1101/2021.08.04.455014
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.08.04.455014; this version posted August 5, 2021. The copyright holder for this preprint

796
797
798
799
800

801
802

803
804
805

806

807
808
809
810

(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is
made available under aCC-BY-NC-ND 4.0 International license.

tailed p > 0.001 for each) (Figure 7b). Changing the modeled hemisphere from left to right
also yielded a moderate correspondence between the model-generated and MEG-derived
network (Correlation = 0.33) (Figure S4). Hence, the correspondence between model-
generated and MEG-derived networks of phase-synchronization, were robust to choices made
for the simulations and analyses.
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Figure 7. Results are robust to changes in solver and relative tolerance of solution a.
Boxplot of RMSE and Correlation with different solvers. Solver used in the original model was
ODEA45. b. Boxplot of RMSE and Correlation at different relative tolerances of solution.

Relative tolerance used in the original model was 1073

4. Discussion

Large-scale networks of phase-synchronization are widely observed with EEG or MEG during
rest and task. BNMs are used to produce model-generated networks corresponding to MEG-
derived networks of phase-synchronization, but the respective roles of conduction delays, the

structural connectome and dynamics of models of individual brain regions, in obtaining this
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811  correspondence remain unknown. In this paper, we investigated the roles of conduction delays,
812  the structural connectome and dynamics of models of individual regions, in producing
813  networks of phase-synchronization corresponding to those observed in MEG resting-state. We
814  found no evidence that including conduction delays improves the correspondence between the
815 model-generated and MEG-derived networks of phase-synchronization. Further, we
816  demonstrated that both the pattern of structural connections and Wilson-Cowan oscillatory
817  dynamics contribute to obtaining the observed correspondence between model-generated and
818  MEG-derived networks of phase-synchronization.

819

820 The topological organisation of the structural connectome, i.e., its pattern of connections,
821  contributes to the observed correspondence between the model-generated and MEG-derived
822  network of phase-synchronization. Previous studies have used the structural connectome within
823 BNMs to produce other phenomena, such as networks matching experimentally observed
824  fMRI-derived networks (Deco et al. (2009)), MEG-derived networks of amplitude correlation
825  (Tewarie et al. (2019)) and spatial distribution of oscillation amplitudes observed in MEG
826  resting-state (Raj et al. (2019)). Studies have also used the structural connectome in models to
827  produce networks matching MEG-derived networks of phase-synchronization, but these have
828  been via abstract statistical or oscillator models (Finger et al. (2016)), graph theory measures
829  (Wodeyar & Srinivasan (2019)) or formal series expansions (Meier et al. (2016)). A single
830  study used the structural connectome with a biologically plausible model to produce networks
831  of phase-synchronization matching those observed in the MEG resting-state (Abeysuriya et al.
832  (2018)). Our study advances findings from these studies in the following ways: 1.) We used
833  comparison against null models to identify the specific feature of the structural connectome,
834 i.e,, its topological organisation, rather than lower-level properties such as the degree of each
835  brain region, contributing to the observed correspondence between model-generated and MEG-
836  derived networks of phase-synchronization, and 2.) We demonstrated that the correspondence
837  between the model-generated and MEG-derived networks of phase-synchronization is not
838  explained merely by the correspondence between the structural connectome and the MEG-
839  derived network of phase-synchronization. Consistent with computational modelling on the
840 relationship between the structural connectome and networks of phase-synchronization
841  (Forrester et al. (2020)), these results suggest a significant but nontrivial relationship between
842  the structural connectome and the model-generated network of phase-synchronization.

843
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844  The dynamics of Wilson-Cowan oscillators contribute to the observed correspondence between
845  model-generated and MEG-derived networks of phase-synchronization. Previous modelling
846  studies have studied the role of the structural connectome in producing observed functional
847  networks, but the role of dynamics of brain regions in producing these networks has not
848  received much attention. A recent computational modelling study (Forrester et al. (2020))
849  demonstrated the influence of node dynamics on the relationship between the structural
850  connectome and model-generated networks of phase-synchronization. The study demonstrated
851 that oscillatory node dynamics are accompanied by a nontrivial relationship between the
852  structural connectome and model-generated networks of phase-synchronization. Our study
853  advances previous work in the following ways: 1.) While previous work has related oscillatory
854 node dynamics to model-generated networks, this is the first work demonstrating the
855 importance of oscillatory node dynamics in producing networks of phase-synchronization
856  corresponding to those observed in experimental MEG resting-state. 2.) We illustrate the
857 importance of specifically Wilson-Cowan oscillatory dynamics, by demonstrating that the
858  Wilson-Cowan zero delays model produces networks with closer correspondence to MEG-
859  derived networks of phase-synchronization than does an equivalent model of Kuramoto
860  oscillators. This result is consistent with computational modelling demonstrating the influence
861  of both amplitude and phase dynamics, as produced by Wilson-Cowan oscillators, on estimates
862  of phase-synchronization (Daffertshofer & van Wijk (2011)). Kuramoto oscillators only yield
863  descriptions of phase dynamics. Hence, the oscillatory dynamics resulting from the interaction
864  between excitatory and inhibitory neuronal populations, as described by Wilson-Cowan
865  oscillators, contributes to producing networks of phase-synchronization corresponding to those
866  observed in MEG resting-state.

867

868  We find no evidence that including conduction delays improves the correspondence between
869  model-generated and MEG-derived networks of phase-synchronization. Modelling studies
870 investigating the role of delays in producing networks resembling fMRI-derived functional
871 networks or MEG-derived networks of amplitude correlation have yielded differing results.
872  Results of some studies suggest the importance of delays in producing fMRI-derived networks
873  (Ghosh et al. (2008), Deco et al. (2009)) or MEG-derived networks of amplitude correlation
874  (Cabral et al. (2014), Nakagawa et al. (2014)), while other modelling studies not including
875  delays also produce networks resembling fMRI-derived (Honey et al. (2007)) or MEG-derived
876  networks of amplitude correlation (Deco et al. (2017)). The role of conduction delays in

877  producing networks resembling MEG-derived networks of phase-synchronization has not
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878  received much attention. A recent modelling study (Abeysuriya et al. (2018)) reported that, in
879  the special case of a high mean activity level (mean activity = 0.3) of Wilson-Cowan oscillators
880  imposed by synaptic plasticity mechanisms, conduction delays were not necessary to producing
881  networks resembling MEG-derived networks of phase-synchronization. In our study, we
882  advance previous work by demonstrating that, also in the more general case of no specific mean
883  target activity imposed by synaptic plasticity mechanisms, a close correspondence between
884  model-generated and MEG-derived networks of phase-synchronization can be achieved.

885

886  The absence of evidence in our study, for the role of delays in producing MEG-derived
887  networks of phase-synchronization, might be either due to errors in the estimates of conduction
888  delay or due to conduction delays not being mechanistically important in producing MEG-
889  derived networks of phase-synchronization. If the latter were true, one would expect the
890  Wilson-Cowan constant delays and Wilson-Cowan distance-dependent delays model to
891 produce networks corresponding equally to the MEG-derived network of phase-
892  synchronization. However, the Wilson-Cowan distance-dependent delays model produces
893  networks correspondingly more closely to the MEG-derived network, than networks produced
894 by the Wilson-Cowan constant delays model. In fact, the Wilson-Cowan distance-dependent
895  delays model produces networks corresponding as closely to the MEG-derived network, as
896  networks produced by the Wilson-Cowan zero delays model. Hence, we propose that improved
897  accuracy in estimating conduction delays, by accounting for axonal diameter and myelination
898  (Nakagawa et al. (2014), Waxman & Swadlow (1977)) in addition to distance, could yield
899 improved correspondence between networks produced by the Wilson-Cowan distance-
900 dependent delays model and the MEG-derived network of phase-synchronization. Specialised
901 diffusion MRI sequences could yield estimates of myelination and axonal diameter (Drobnjak
902 etal. (2016), Whittall et al. (1997)), but these estimates remain elusive.

903

904  The Wilson-Cowan zero delays model compares well to previously proposed BNMs producing
905  networks of phase-synchronization observed in the MEG resting-state. A strength of a recently
906  proposed BNM (Abeysuriya et al. (2018)) with distance-dependent conduction delays and
907 inhibitory synaptic plasticity, was that it used the same set of parameter values to
908 simultaneously produce a correspondence to both MEG-derived networks of amplitude
909 correlation and MEG-derived networks of phase-synchronization. However, two notable
910  aspects of the Wilson-Cowan zero delays model we propose are 1.) its parsimonious nature in

911 not including conduction delays or synaptic plasticity mechanisms, while still producing
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912  networks corresponding closely (p = 0.49) to MEG-derived networks of phase-synchronization
913 and 2.) its strengths of phase-synchronization between regions were of the same order of
914  magnitude and closer to those observed in the MEG-derived network (RMSE = 0.04) compared
915  to previously proposed BNMs. However, a direct comparison between our model and those
916  used in previous studies is difficult due to differences in the brain parcellation atlases used,
917 number of hemispheres considered, measures of phase-synchronization used, as well as
918  processing details of MEG and model-generated data.

919

920 A limitation of the Wilson-Cowan zero delays model we propose is that while it does produce
921  networks corresponding to MEG-derived networks of phase-synchronization, it does not
922  simultaneously produce networks of amplitude correlation nor produce spatial distribution of
923  oscillation amplitudes corresponding to those observed in MEG resting-state (results not
924  shown). However, we did find these phenomena were produced by the model operating at very
925 low levels of structural coupling between regions, e.g., k values of 1073, where k is the scalar
926  multiplier across the structural connectome. This was outside the range of structural coupling
927  strengths investigated in our study. Future studies will use likelihood-free inference methods
928  to estimate parameters from wider parameter ranges (Lintusaari et al. (2017), Lintusaari et al.
929  (2018), Gutmann & Corander (2016), Cranmer et al. (2020)). Sensitivity analysis of our model
930 revealed the model performance to be highly sensitive to values of model parameters. This
931  could be due to the absence, in the model, of empirically observed homeostatic mechanisms to
932  counteract the effect of changes in e.g., the mean activity level of the Wilson-Cowan oscillators.
933

934  Future work could extend the model to include empirically observed spatial gradients in
935 synaptic excitation (Wang (2020)), which in turn produce empirically observed spatial
936  gradients in peak frequency (Hadida et al. (2019), Mahjoory et al. (2020)). The model could
937  also be extended to include the effects of noise (Faisal et al. (2008)), which has been suggested
938 to play a role in generating dynamics of resting-state data from other methodologies (Deco et
939 al. (2009)). These models, fit to MEG resting-state data, could be locally perturbed to emulate
940 task-related dynamics (Tiesinga et al. (2010)). Such virtual experiments could be used to
941  develop, test and refine hypotheses on biophysical substrates underlying observed networks of

942  phase-synchronization in MEG task data.
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923 5. Conclusion

944  In this study, we investigated the respective contributions of conduction delays, the structural
945  connectome and dynamics of models of individual brain regions, in producing model-generated
946  networks of phase-synchronization corresponding to those observed in MEG resting-state.
947  Based on our investigations, we report no evidence for the role of conduction delays in
948  producing networks corresponding to MEG-derived networks of phase-synchronization.
949  Further, we demonstrate the contribution of the topological organisation of the structural
950 connectome and the dynamics of Wilson-Cowan oscillators in producing model-generated
951  networks of phase-synchronization that correspond to those observed in MEG resting-state.
952  Future studies will extend these models and subject them to local perturbations to provide
953 insight on biophysical substrates underlying observed networks in rest and task conditions.
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1189  Figure S1. Model performance is sensitive to values of model parameters Change in model
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Comparison of Structural and MEG-derived networks
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Figure S2. Structural connectome is weakly correlated to the MEG-derived network of
phase-synchronization Histogram of correlations between MEG-derived network of phase-
synchronization and 100 bootstrapped versions of structural connectome.
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1217  Figure S3. Wilson-Cowan zero delays model outperforms Kuramoto oscillator model a.
1218  Violin plots of RMSE values for the Wilson-Cowan zero delays and Kuramoto oscillator
1219  models (left panel). Violin plots of Correlation values for the Wilson-Cowan zero delays and
1220  Kuramoto oscillator models (right panel).
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Figure S4. Moderate correspondence between mean model-generated network and right-
hemispheric MEG-derived network of phase-synchronization a. Histogram of connection
strengths for mean model-generated and right-hemispheric MEG-derived networks of phase-
synchronization b. Scatter plot of connection strengths for right-hemispheric MEG-derived
network of phase-synchronization against mean model-generated network of phase-
synchronization c. Matrices of connection strengths between every pair of brain regions for
mean model-generated and right-hemispheric MEG-derived network of phase-
synchronization. d. Brain network visualisation of top 5 percentile strongest connections for
mean model-generated and right-hemispheric MEG-derived networks of phase-
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1244  synchronization. MOD = model. Brain networks were visualised with BrainNet Viewer
1245  (http://www.nitrc.org/projects/bnv/) (Xia et al. (2013)).
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