Behavioural Science Institute



composition = topology - Nodes (point, vertex)
- Connections between nodes (line, side, branch, arrow, edge)

| Compositions of |
 Vertices and




Graph theory

- Graph Theory: Compositions of edges and vertices
- Complexe network: Many vertices and edges
- Statistical netwerk models

Graph Formal Adjacency matrix

van Steen, M. (2010). Graph Theory and Complex Networks. An Introduction. Retrieved from: http://www.distributed-
systems.net/



Graph theory

undirected graph

van Steen, M. (2010). Graph Theory and Complex Networks. An Introduction. Retrieved from: http://www.distributed-
systems.net/



Graph theory

directed graph
(digraph)
With loops en arcs

OUT

IN

van Steen, M. (2010). Graph Theory and Complex Networks. An Introduction. Retrieved from:
http://www.distributed-systems.net/



directed network

Effectivity of
Pokemon attacks
By species



Graph theory Degree:

How many edges connect
to a vertex/node

directed graphs:

in-degree, out-degree



Graph theory

weighted directed graph




signed graphs nearest complete
neighbour ring network

random
network

(random
edges)

Strogatz, S. H. (2001). Exploring complex networks. Nature, 410(6825), 268-76. doi:
10.1038/35065725.



Graph theory

Netwerk that helps you find new beers based Relation” between Game of Thrones characters

on your taste preference http://www.jeromecukier.net/projects/agot/events.html



http://www.jeromecukier.net/projects/agot/events.html
http://www.jeromecukier.net/projects/agot/events.html

Hyperset theory + Graph theory = Hyperset Graphs
(Impredicative Logic)

Aczel’s Anti-Foundation Axiom (1988)
(hyperset theory, circular causality, complexity analysis)

Non well-founded sets:

Definition of a set can
contain itself

Aczel, P. (1988). Non-well-founded sets. Foreword by Jon Barwise. CSLI Lecture Notes, 14.



Hyperset theory + Graph theory = Hyperset Graphs
(Impredicative Logic)

Impredicative loop

Hyperset loop \

Rosen’s definition of
a living system

(metabolism-repair-system)

Chemero, A., & Turvey, M. T. (2010). Is Life Computable? Advances in modeling adaptive and cognitive
systems, 29-37.



Social networks

Moreno, 1930

sociogram

3 “most liked”
3 “most disliked”

https://www.distributed-systems.net/index.php/books/gtcn/ Behavioural Science Institute



Sociale netwerken - Wie is het meest of het minst populair in de klas?

Degree, Centrality, Closeness,

Eccentricity, Betweenness,

https://www.distributed-systems.net/index.php/books/gtcn/ Behavioural Science Institute

https://www.distributed-systems.net/index.php/books/gtcn/



Sociale networks Meisjes Jongens

Clusters (communities, subgraphs, modules)

“hubS”

Behavioural Science Institute

https://www.distributed-systems.net/index.php/books/gtcn/
15



_ .. https://lwww.distributed-systems.net/index.php/books/gtcn/
Sociale netwerken - Wie is het meest of het minst populair in de klas?

Motifs (signhed)
Motieven

https://www.distributed-systems.net/index.php/books/gtcn/ Behavioural Science Institute



Sociale networks

Bob is a ‘connector hub’
For 3 clusters

http://www.distributed-systems.net/gtcn/ Behavioural Science Institute

17



Sociale networks

Behavioural Science Institute
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An Opte Project visualization of routing paths through a portion of the Internet

Complexe ‘sociale’ networks



A brand new zoo of
 complexity measures! |

eNode degree
eDegree distribution

e Assortativity

e Clustering coefticient
e Motifs

ePath length

ePath efficiency
eConnection density or cost
eHubs

e Centrality
eRobustness

e Modularity

Bullmore, E., & Sporns, O. (2009). Complex brain networks: graph theoretical analysis of structural and functional systems.
Nature reviews. Neuroscience, 10(3), 186-98. doi: 10.1038/nrn2575.



Rubinov, M., & Sporns, O. (2010). Complex network measures of brain connectivity: uses and interpretations.
Neurolmage, 52(3), 1059-69. Elsevier Inc. doi:10.1016/j.neuroimage.2009.10.003



Network / Graph topology: It’s a Small World After All

“small-world” test:
Average path length (L)

Clustering coefficient (C)

Compare to randomly
rewired version

Sound familiar?

In between
fully ordered

&
completely random

optimal

Watts, D. J., & Strogatz, S. H. (1998). Collective dynamics of ‘small-world’'networks. Nature, 393(6684), 440-442.



Network / Graph topology: It’'s a Scale Free World After Al

Number of
connections a
node In the
network has:
degree (0)

Scale-free network:
degree distribution
'S a power law!

Wang, X. F., & Chen, G. (2003). Complex Networks: small-world, scale-free and beyond. Circuits and Systems Magazine,

|IEEE, 3(1), 6-20. IEEE. Retrieved May 18, 2011, from http://ieeexplore.

ieee.org/xpls/abs all.jsp?arnumber=1228503.



http://ieeexplore.ieee.org/xpls/abs_all.jsp?arnumber=1228503

Scale free
are res|
random a:

networks
ient to

tacks on

nodes or node

fallu

[es

(cf. internet on 9/11)

when more

hub nodes

fail though....

targeted

attack!

Bonabeau, E., with Albert-Laszld. (2003). Scale-free networks. Scientific American, 288(5), 50-9.



Effectiveness / Connectivity: 6 degrees of separation

' Kevin Bacon number|
' (Erdos number) |

eNode degree
eDegree distribution
e Assortativity

e Clustering coefticient
e Motifs
ePath length

ePath efficiency
eConnection density or cost
eHubs

e Centrality

eRobustness

e Modularity

Degree of separation
(from Kevin Bacon)

‘0 degrees of separation’

http://en.wikipedia.org/wiki/
Bacon number#Bacon numbers


http://en.wikipedia.org/wiki/Erd%C5%91s_number

Effectiveness / Connectivity: 6 degrees of separation

1

Your degree of
separation from:

Nobel Laureate 1/2

Pharrell Willlams

Hillary Clinton
Donald Trump

R —

=

http://en.wikipedia.org/wiki/ :;/4 - — —

Bacon number#Bacon numbers




Scale-free structure




Network / Graph topology

Bullmore, E., & Sporns, O. (2009). Complex brain networks: graph theoretical analysis of structural and functional systems.
Nature reviews. Neuroscience, 10(3), 186-98. doi: 10.1038/nrn2575.



Network / Graph topology

Adjacency matrix
and weighted graph
can be extracted
from resting state
recordings:

5 min. eyes closed

find 4096 samples
without artefacts

That's about 6-7
seconds!

Stam, C. J. (2010). Characterization of anatomical and functional connectivity in the brain: A complex networks
perspective. International journal of psychophysiology : official journal of the International Organization of
Psychophysiology, 77(3), 186-194. Elsevier B.V. doi: 10.1016/j.ijpsycho.2010.06.024.



Network / Graph topology

B3ased on a few samples we can distinguish healthy subjects
from patients:

Alzheimer's disease: Targeted attack on hubs!

. |
Parkinson's
Schizophrenia Absence seizure
Major
Bartolomei, F., Bosma, I., Klein, M., Baayen, J. C., Reijneveld, J. C., Postma, T. J., et al. (2006). Disturbed functional depreSSIVG
connectivity in brain tumour patients: evaluation by graph analysis of synchronization matrices. Clinical d ISOI’deI’
neurophysiology, 117(9), 2039-49. doi: 10.1016/j.clinph.2006.05.018.

Ponten, S. C., Douw, L., Bartolomei, F., Reijneveld, J. C., & Stam, C. J. (2009). Indications for network regularization
during absence seizures: weighted and unweighted graph theoretical analyses. Experimental neurology, 217(1),

197-204. Elsevier Inc. doi: 10.1016/j.expneurol.2009.02.001. Epllepsy brain tumor patients

Stam, C. J,, Haan, W. de, Daffertshofer, a, Jones, B. F.,, Manshanden, |., Cappellen van Walsum, a M. van, et al. (2009).

o Graph theoretical analysis of magnetoencephalographic functional connectivity in Alzheimer’s disease. Brain : a
journal of neurology, 132(Pt 1), 213-24. doi: 10.1093/brain/awn262.

Stam, C. J. (2010). Use of magnetoencephalography (MEG) to study functional brain networks in neurodegenerative
disorders. Journal of the neurological sciences, 289(1-2), 128-34. Elsevier B.V. doi: 10.1016/j.jns.2009.08.028.



Symptom networks Problemen met het medisch model by psychopathologie:
Small-world of DSM-IV

- geen unieke veroorzaker voor symptomen, zoals griepvirus
- symptomen zijn vaak de diagnose en oorzaak tegelijk



Symptom networks We show that

a) half of the symptoms in the DSM-1V network are
connected,

b) the architecture of these connections conforms
to a small world structure, featuring a high
degree of clustering but a short average path
length, and

c) distances between disorders in this structure
predict empirical comorbidity rates. Network
simulations of Major Depressive Episode and
Generalized Anxiety Disorder show that the
model faithfully reproduces empirical population
statistics for these disorders.



Symptom netwerken

psychosystems.org



http://psychosystems.org

Period of Destabilization

Post-shift

Post-Treatment

Pre-shift P
Re-stabilize
Pre-Treatment

Stable

critical slowing down?.3 resilience to perturbation?

critical fluctuations34

- Increase in recovery and switching time after perturbation
- Increase in variance, autocorrelation, long-range dependence
- increase in occurrence and diversity of unstable states
- increase in the entropy of the distribution of state occurrences

1Scholz JP, Kelso JAS, Schoner G. (1987). Nonequilibrium phase transitions in coordinated biological motion: critical slowing down and switching time. Physics Letters A 123, 390—

: 394.
2Scheffer M, Bascompte J, Brock W A, Brovkin V, Carpenter SR, Dakos V, Held H, van Nes EH, Rietkerk M, Sugihara G. (2009). Early-warning signals for critical transitions. Nature

461, 53-9.
3Stephen DG, Dixon JA, Isenhower RW. (2009). Dynamics of representational change: Entropy, Action and Cognition. JEP: Human Perception and Performance 35, 1811-1832.

4Schiepek G, Strunk G. (2010). The identification of critical fluctuations and phase transitions in short term and coarse-grained time series ... Biological cybernetics 102,197-207 .



An n=1 Clinical Network Analysis of Symptoms and Treatment in Psychosis



An n=1 Clinical Network Analysis of Symptoms and Treatment in Psychosis



An n=1 Clinical Network Analysis of Symptoms and Treatment in Psychosis



Recurrence Quantification Analysis: Nominale Tijdseries

VERHAAL 1

“1234567 3910111213

2141516 6 2 8171819 2 813

2021 8222324 210112526 2
272829 6 6301011 30~

VERHAAL 2

“1234561734891011

12 413 110111214 413 6 4

136 41315416 6 4121718 6
41319 6 41320217



Recurrence Network - Verhaal 1



Recurrence Network - Verhaal 2



Recurrence Network

Total Degree =70 verhaal 1

Total Degree = 168 verhaal 2



Ecological Momentary
Assessment

e Measurement is considered to be like classical physical
measurement:

= |t is very problematic to interpret measurement outcomes
as properties of the theoretical object of measurement
(interaction between instrument and object, by merely
asking to rate “| feel happy today”)

= \easurement invariance, monotonicity, etc. do not hold

42






Change Profiles:
- Center on a moving average in a
sliding window

- Take the cumulative sum

“Solves’” some concerns:
- Scale is irrelevant/relative

- Small fluctuations are added in
the cum. sum but, don’t impact
the shape of the overall profile

- If present, persistent levels &
fluctuation patterns can be
“exaggerated” (see y-scale)



Perceived Fithess
|

Participant 1 Participant 2

| Change Profiles:
W - Center on a moving average in a

sliding window

- Take the cumulative sum

Time series

Original

WA, "Solves” some concerns:
\W - Scale is irrelevant/relative

- Small fluctuations are added in
the cum. sum but, don’t impact
the shape of the overall profile

|

? - If present, persistent levels &
fluctuation patterns can be
“exaggerated” (see y-scale)

7
128
256
384

1

7 5
128
256
384
512



Recurrence Based Approach

Quantifying State Dynamics

Essentially “model free”
Few data assumptions
Can detect and quantify nonstationarity, etc

Recurrence Networks can deal with multivariate time series
data

46



Distance Matrix >> Recurrence Matrix

1 21.21 3
o
<

0.499 955 3

@]

D

=

D

w

-

o

o

o
0.1- -5.14
0.05 - - 3.99
0.01 - -1.46
0.005 0.99

Q

©

0

0]

®)

C

L 0.001 0.53

)

&)

)

o




Recurrence/Incidence/Adjacency Matrix
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Recurrence/Incidence/Adjacency Matrix

e Time points are nodes
(vertices)

* Nodes are connected by lines
(edges) if they recur at some
later point In time

e Network measures can be
interpreted as quantifying
aspects of the temporal
dynamics, some are
equivalent to RQA
measures... some are
different (e.g. weighted and/or
directed network measures)

Donges, J. F., Donner, R., Marwan, N., Breitenbach, S. F., Rehfeld, K., & Kurths, J. (2015). Non-linear regime shifts in Holocene Asian monsoon variability: potential
impacts on cultural change and migratory patterns. Climate of the Past, 11(5), 709-741.
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Recurrence/Incidence/Adjacency Matrix

Small, M., Zhang, J., & Xu, X. (2009). Transforming time series into complex networks. Complex Sciences, 2078—-2089.

Jacob, R., Harikrishnan, K. P., Misra, R., & Ambika, G. (2015). How does noise affect the structure of a chaotic attractor: A recurrence network perspective. arXiv
preprint arXiv:1508.02724.

https://www.uu.nl/en/events/clue-training-7-pyunicorn-complex-network?and-recurrence-analysis-toolbox


https://www.uu.nl/en/events/clue-training-7-pyunicorn-complex-network-and-recurrence-analysis-toolbox

Recurrence/Incidence/Adjacency Matrix

e Find a graph layout that makes a bit more sense

52



(a) Perceived Strength

(b) Attractive Body

(c) Perceived Fitness
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(e) Physical Self-worth
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Participant 1

Hasselman, F. & Bosman, A.M.T. (submitted). Studying Complex Adaptive Systems with Internal States: A Recurrence-Based Analysis Strategy for Multivariate Time
Series Data Representing Self-Reports of Human Experience. Frontiers in Applied Mathematics and Statistics.



(a) Perceived Strength (b) Attractive Body (c) Perceived Fitness
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Participant 2

Hasselman, F. & Bosman, A.M.T. (submitted). Studying Complex Adaptive Systems with Internal States: A Recurrence-Based Analysis Strategy for Multivariate Time
Series Data Representing Self-Reports of Human Experience. Frontiers in Applied Mathematics and Statistics.



(c) Perceived Fitness

(b) Attractive Body

(a) Perceived Strength
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(f) Global Self-esteem

(d) Sport Competence (e) Physical Self-worth
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Participant 3

Hasselman, F. & Bosman, A.M.T. (submitted). Studying Complex Adaptive Systems with Internal States: A Recurrence-Based Analysis Strategy for Multivariate Time

Series Data Representing Self-Reports of Human Experience. Frontiers in Applied Mathematics and Statistics.



(a) Perceived Strength (b) Attractive Body (c) Perceived Fitness
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Participant 4

Hasselman, F. & Bosman, A.M.T. (submitted). Studying Complex Adaptive Systems with Internal States: A Recurrence-Based Analysis Strategy for Multivariate Time
Series Data Representing Self-Reports of Human Experience. Frontiers in Applied Mathematics and Statistics.



Hasselman, F. & Bosman, A.M.T. (submitted). Studying Complex Adaptive Systems with Internal States: A Recurrence-Based Analysis Strategy for Multivariate Time
Series Data Representing Self-Reports of Human Experience. Frontiers in Applied Mathematics and Statistics.



Archimedean spiral (reversed) Bernoulli spiral Partici pa nt3

Global Self-Esteem
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Fermat spiral Euler spiral




Perceived Strength

Centralization Degree
Centralization Betweenness
Centralization Closeness
Transitivity

Assortativity Degree
average Path Length

SWiI

Diameter
Fractal Dimension

0.056
0.036
0.002
0.387
0.332
4.98
28.90

12
1.21

0.068
0.028
0.001
0.528
0.436
4.69
36.48

36
1.16

0.093
0.002
0
0.783
0.479
2.4

112.61

9
1.18

0.091
0.076
0.001
0.51
0.301
6.82
27.87

22
1.19

Hasselman, F. & Bosman, A.M.T. (submitted). Studying Complex Adaptive Systems with Internal States: A Recurrence-Based Analysis Strategy for Multivariate Time
Series Data Representing Self-Reports of Human Experience. Frontiers in Applied Mathematics and Statistics.




“Critical Slowing Down as a Personalized
Early Warning Signal for Depression”

(a)

soc_together
soc_prefcomp
soc_prefalone
soc_pleasant
soc_enjoy_alone
soc_belong
se_selflike
se_selfdoub
se_handle
se_ashamed
phy_tired
hy_sleepy
phy_physact -
phy_pain =
phy_hnalFllseous _ ™
pny_nungry A )
pr;]y_réeadac tﬁ '
phy_drymouth =
phy_dizzy - D, B, 0 ]
pat_worr , ,
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mor_asleep
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mood_guilty
mood_enthus
mood_down -
mood_doubt
mood_cheerf -

|
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| |
T
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e
' |
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Phase in Experiment

baseline assessment

start double blind reduction period

. start actual medication reduction
. post medication reduction (planned)
. post medication reduction (additional)

'critical transition' (Wichers & Groot, 2016)

Ordered Categorical ESM Variables
Average ltem Score on SCL-R-90

O Work - m 1 2842 98 127 155 238
WOTTEE | e s Day #
evn_niceday - WY WY ‘lh|w

R
evn_med - |" REAI .l|
evn_inIr_nood - ’MM M T A A A
event_pleas
event_import -
event_disturb

act_well

act_enjoy M
act_difficul = il
N~ O o 0)
Al
- &9 & N © Q

Wichers, M., Groot, P. C., Psychosystems, ESM Grp, & EWS Grp (2016). Critical Slowing Down as a Personalized Early Warning Signal for Depression. Psychotherapy and psychosomatics, 85(2), 114-116. DOI:
10.1159/000441458

Kossakowski, J., Groot, P., Haslbeck, J., Borsboom, D., and Wichers, M. (2017). Data from ‘critical slowing down as a personalized early warning signal for depression’. Journal of Open Psychology Data, 5(1).



(a)

soc_together
soc_prefcomp
soc_prefalone
soc_pleasant
sSoc_enjoy_alone
soc_belong
se_selflike
se_selfdoub
se_handle
se_ashamed
phy_tired
hy_sleepy
phy_physact -
phy_pain =
phy_nauseous -
phy_hungry
phy_headache
phy_drymouth -
phy_dizzy -
pat_worry
pat_restl -
pat_concent -
pat_algitate
mor_qualsleep -1l
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mor_feellike - w
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evn_inflmood -
event_pleas
event_import -
event_disturb

Ordered Categorical ESM Variables
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"l feel down"

Phase in Experiment

. baseline assessment . start double blind period . start actual reduction

. post reduction (planned) O ‘critical transition' O post reduction (additional)
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"| feel relaxed"

Phase in Experiment

. baseline assessment . start double blind period . start actual reduction

. post reduction (planned) O ‘critical transition' O post reduction (additional)
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"I am looking forward to this day"

Phase in Experiment

. baseline assessment . start double blind period . start actual reduction

. post reduction (planned) O ‘critical transition' O post reduction (additional)




"| slept well"

Phase in Experiment

. baseline assessment . start double blind period . start actual reduction

. post reduction (planned) O ‘critical transition' O post reduction (additional)
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"| feel relaxed"

Node Degree Phase in Experiment

. baseline assessment . start double blind period . start actual reduction
() 10 Q 20 30 40

. post reduction (planned) O ‘critical transition' O post reduction (additional)




Scaling of Network Strength vs.
Scaling in Timeseries

Perceived Strength

Attractive Body

Perceived Fitness

Sport Competence

Physical Self-worth

Global Self-esteem
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Weighted Adjacency Matrix

Barrat, A., Barthelemy, M., Pastor-Satorras, R., & Vespignani, A. (2004). The architecture of complex weighted networks. Proc Natl Acad Sci U S A, 101(11), 3747-3752. doi:10.1073/pnas.0400087101



Weighted Adjacency Matrix



Weighted Adjacency Matrix



Weighted Adjacency Matrix



Weighted Adjacency Matrix



Multiplex Recurrence Networks
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Interlayer Mutual Information

Same number of nodes (time points)
Different degree, etc.



Interlayer Mutual Information

Attractive, Global Attractive, Sport



Interlayer Mutual Information based on Strength

Attractive, Global Attractive, Sport






window: 01 | start: 1 | stop: 100



Interlayer Mutual Information Edge Overlap
(subject 3) (subject 2)



Take Home Message

NO NEED TO REDUCE DIMENSION OF MULTIVARIATE
TIME SERIES DATA

USE MULTIPLEX RECURRENCE NETWORKS
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