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Schedule

9:30 (0) Overview

(I) Introduction to Graph Theory and Neural networks

Practical

11:00  30 minute coffee break

11:30 (II) Spatial properties of neural networks

Practical

(III) Topological properties of neural networks
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The Computer and the Brain
Because of low speed and accuracy of calculations
“large and efficient natural automata are likely to be
highly parallel” and have “low logical depth”
(number of processing steps)

The Computer and the Brain (Yale University Press, 1958) John von Neumann

Update after 50 years:

Kaiser (2007) Brain Architecture: A Design for Natural Computation. 
Philosophical Transactions of the Royal Society A, 365:3033-3045
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Kaiser & Lappe. Neuron, 2004

Lappe, Oerke, Kuhlmann, Kaiser, J. Vision, 2006
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Function influences network structure

Evolution of neural networks

The brain is an extremely sophisticated neural network (Sporns et al. 2004;
Bullmore and Bassett 2011; Kaiser 2011). The increasing complexity of brain
networks coincides with the evolutionary specialization in life forms. Coelenterates
such as Cnidaria are the first to exhibit neural networks and show a diffuse two-
dimensional nerve net, often referred to as a regular or lattice network (Figure 1A).
Such lattice networks, with well-connected neighbours and no long distance
connections, are a fundamental unit of neural systems, existing even in complex
systems like the retina and in the layered architecture of cortical and sub-cortical
structures. Sensory organs and motor units require functional specialization and this
begins with aggregation of neurons spatially into ganglia or topologically into
modules (Figure 1B), as in the roundworm Caenorhabditis elegans (White et al. 1986;

Figure 1. Examples for different types of neural networks. Top row: (A) Regular or lattice
network. (B) Modular network with two modules. (C) Hierarchical network with two
modules consisting of two sub-modules each. Each network contains 24 nodes and 72 bi-
directional connections (top: circular arrangement placing nodes with similar neighbours
close to each other, thus visualizing modules if present in the network; middle row: average
connection frequency for 100 networks of respective type with colour range from black for
edges that occur all the time to white for edges that never occur): bottom row: species
possessing the afore detailed network architecture (Images are not to scale). (i) Polyp stage of
Hydra of the phylum Cnidaria (Image adapted from Ivy Livingstone’s drawing in Biodidac)
showing a nerve net (ii) Nematode C. elegans showing a modular network (Note that drawing
does not take into account the fasciculation of axon tracts) and (iii) Global human neural
network traced by Diffusion Tensor Imaging.

144 M. Kaiser and S. Varier
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Or Form Follows Function during brain evolution

Kaiser & Varier (2011) 
Network: Computation 
in Neural Systems
22(1–4): 143–147
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The Mind of a Fly
Brain connectivity in Drosophila melanogaster

Kaiser (2015) Current Biologywww.dynamic-connectome.org



Correlation	with	clinical	measures	
and	group differentiation

Short-Middle	range	
connections

Local	Efficiency

81%	Sensitivity
87%	Specificity
0.88	AUC

Prediction	of	dementia	subtype
on	the	individual level

… and predicts subtypes of dementia

www.dynamic-connectome.org
In	preparation



Brains	are	non-linear	 systems:	small	system	changes	can	have	large	effects	on	system	behaviour

Connectome topology not always sufficient as biomarker

www.dynamic-connectome.org
Kaiser, Frontiers in Human Neuroscience, 2013

→ need for simulations of brain dynamics



Computer simulations – predicting the location of epileptic tissue

www.dynamic-connectome.org

Hutchings et al. PLOS Computational Biology, 2015



Computer simulations – predicting the location of epileptic tissue

www.dynamic-connectome.org Hutchings et al. PLOS Computational Biology, 2015

Percentage improvement (increase in 
escape time) for an individual patient

Effect of removing three brain regions

*** significance level p < 0.001

Percentage of patients with significant (p<0.05) improvements



Controlling	Abnormal	Network	Dynamics	with	
Optogenetics	(CANDO)

7yrs	(till	2021),	£10m	www.cando.ac.uk

Stimulation off Stimulation on
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www.dynamic-connectome.org

Computer simulations – predicting the effect of optogenetic stimulation

Wang et al. Ann. Neurol., under review
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VERTEX: simulating dynamics within cortical columns

www.dynamic-connectome.org Tomsett et al. Brain Structure and Function, 2015
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Newcastle Institute of Neuroscience (IoN)

IoN: 100 faculty members in the neurosciences (many working with MRI, EEG, MEA)
Human, rhesus monkey and rat in vivo and in vitro recordings

Host of the National Centre for Ageing Science and Innovation and 
National Institute for Smart Data Innovation (Big data, cloud computing)

Parkinson’s (motor system), hallucinations (visual system), HCI
Strategic priorities in Neurotechnology, Neuroimaging and Neuroinformatics

12 15 faculty members in Neuroinformatics and Neurotechnology
one open Neuroinformatics Lecturer/Senior Lecturer/Reader position later this year 

University Fellowships (“tenure-track” assistant professor position)

Faculty PhD studentships (including fees for EU students)

one-year MSc Neuroinformatics
http://neuroinformatics.ncl.ac.uk/
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