Abstract
Chemical sensing is believed to be the oldest sensory ability. The chemical
senses, olfaction and gustation, developed to detect and analyze information in
the form of air- or waterborne chemicals, to ﬁnd food and mates, and to avoid
danger. The organization of the olfactory system follows the same principles in
almost all living animals, insects as well as mammals. Likely, the similarities are
due to parallel evolution – the same type of organisation seems to have arisen
more than once. Therefore, the olfactory system is often assumed to be close to
optimally designed for its tasks.
Paradoxically, the workings of the olfactory system are not yet well known,
although several milestone discoveries have been made during the last decades.
The most well-known is probably the disovery of the olfactory receptor gene family, announced in 1991 by Linda Buck and Richard Axel. For this and subsequent work, they were awarded a Nobel Prize Award in 2004. This achievement
has been of immense value for both experimentalists and theorists, and forms
the basis of the current understanding of olfaction.
The olfactory system has long been a focus for scientiﬁc interest within several ﬁelds, both experimental and theoretical, and it has often been used as
a model system. And ever since the ﬁeld of computational neuroscience was
founded, the functions of the olfactory system have been investigated through
computational modelling.
In this thesis, I present several approaches to biologically realistic computational models of parts of the olfactory system, with an emphasis on the earlier
stages of the vertebrate olfactory system – olfactory receptor neurons (ORNs)
and the olfactory bulb (OB).
I have investigated the behaviour of the enzyme CaMKII, which is known to
be critical for olfactory adaptation (suppression of constant odour stimuli) in the
ORN, using a biochemical model. By constructing several OB models of different
size, I have shown that the size of the OB network has an impact on its ability to process noisy information. Taking into account the reported variability of
geometrical, electrical and receptor-dependent neuronal characteristics, I have
been able to model the frequency response of a population of ORNs. I have used
this model to ﬁnd the key properties that govern most of the ORN population’s
response, and investigated some of the possible implications of these key properties in subsequent studies of the ORN population and the OB – what we call
the fuzzy concentration coding hypothesis.
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Sammanfattning
Detektion av kemiska ämnen anses allmänt vara den äldsta sensoriska förmågan. De kemiska sinnena, lukt och smak, utvecklades för att upptäcka och
analysera kemisk information i form av luft- eller vattenburna ämnen, för att
hitta mat och partners, och för att undvika fara. Luktsystemet är organiserat
efter samma principer hos nästan alla djurarter, insekter såväl som däggdjur.
Troligen beror likheterna på parallell evolution – samma organisation verkar ha
uppstått mer än en gång. Därför antas det ofta att luktsystemet är nära optimalt
anpassat för sina arbetsuppgifter.
Paradoxalt nog är luktsystemets arbetsprinciper ännu inte väl kända, även
om ﬂera banbrytande framsteg gjorts de senaste decennierna. Det mest välkända
är nog upptäckten av genfamiljen av luktreceptorer, som tillkännagavs 1991 av
Linda Buck och Rikard Axel. För detta och efterföljande arbete belönades de
med Nobelpriset år 2004. Upptäckten har varit mycket värdefull för både experimentalister och teoretiker, och är grunden för vår nuvarande förståelse av
luktsystemet.
Luktsystemet har länge varit ett fokus för vetenskapligt intresse inom ﬂera
fält, experimentella såväl som teoretiska, och har ofta använts som ett modellsystem. Och ända sedan fältet beräkningsneurobiologi grundades har luktsystemet undersökts genom datormodellering.
I denna avhandling presenterar jag ﬂera ansatser till biologiskt realistiska
beräkningsmodeller av luktsystemet, med tonvikt på de tidigare delarna av ryggradsdjurens luktsystem – luktreceptorceller och luktbulben.
Jag har undersökt beteendet hos enzymet CaMKII, som anses vara kritiskt
viktigt för adaptation (undertryckning av ständigt närvarande luktstimuli) i luktsystemet, i en biokemisk modell. Genom att konstruera ﬂera olika stora modeller av luktbulben har jag visat att storleken på luktbulbens cellnätverk påverkar
dess förmåga att behandla brusig information. Genom att ta hänsyn till nervcellernas rapporterade variationer i geometriska, elektriska och receptor-beroende
karaktärsdrag har jag lyckats modellera svarsfrekvenserna från en population
av luktreceptorceller. Jag har använt denna modell för att hitta de nyckelprinciper som styr huvuddelen av luktreceptorneuron-populationens svar, och
undersökt några av de tänkbara konsekvenserna av dessa nyckelprinciper i
efterföljande studier av luktreceptorneuron-populationen och luktbulben – det
vi kallar ”fuzzy concentration coding”-hypotesen.
Keywords: lukt, luktsystemet, luktbulben, synkronisering, CaMKII, matematisk modellering
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Abbreviations and Acronyms
AC3 adenylyl cyclase III
AL antennal lobe; the insect analogue of the OB
AMPA a signal substance (fast, usually excitatory)
AOB accessory olfactory bulb
AOC anterior olfactory cortex
AP action potential
APC anterior piriform cortex
BOLD blood oxygenation level dependent; signal in fMRI measurements
CaM calmodulin
cAMP cyclic AMP; cyclic nucleotide important in cellular signalling
Ca-CaM active calmodulin (loaded with Ca2+ )
CaMKII calmodulin-dependent kinase type II; an enzyme
CNG channel an ion channel gated by cyclic nucleotides
CNS central nervous system
CSERP chemosensory event-related potential (generated from EEG data)
EEG electro-encephalography; a measurement method
EPSP excitatory post-synaptic potential
ERP event-related potential (generated from EEG data)
fMCI functional multineuron calcium imaging; a measurement method
fMRI functional magnetic resonance imaging; a measurement method
GABA a signal substance in the brain (usually inhibitory; fast and slow subtypes exist)
GC granule cell; an inhibitory cell-type in the olfactory bulb
GC-MS gas chromatography-mass spectrometry; a measurement method
GENESIS GEneral NEural SImulation System (neural simulator)
GFP green ﬂuorescent protein; commonly used as marker or indicator in genetic
labelling
GPCR G protein-coupled receptor; the superfamily of receptors to which ORs
belong
IPSP inhibitory post-synaptic potential
ISI interspike-interval (generally in neuroscience) or inter-stimulus interval (in
experimental neuroscience)
LN local interneuron; usually but not always inhibitory, found in the insect AL
MC mitral cell; an excitatory cell-type in the olfactory bulb
MEG magneto-encephalography; a measurement method

ix

MEMRI manganese-enhanced MRI; a measurement method
MOB main olfactory bulb
MRI magnetic resonance imaging; a measurement method
NEURON neural simulator
NMDA a signal substance in the brain (slow, usually excitatory)
OB olfactory bulb (usually referring to the MOB, and excluding the AOB)
OBP odorant binding protein; protein type present in the mucus covering the
OE
OC olfactory cortex (a collection of several cortical areas)
OE olfactory epithelium; the lining of the nasal cavity, contains ORNs
OFC orbitofrontal cortex
OR olfactory receptor
ORN olfactory receptor neuron
OSN olfactory sensory neuron; term used by some instead of ORN
PC piriform cortex; important part of the olfactory cortical areas
PET positron emission tomography; a measurement method
PG periglomerular (usually in: PG cell, an inhibitory interneuron in the OB)
PN principal neuron; excitatory cell, the insect analogue of a vertebrate MC,
found in the AL.
PPC posterior piriform cortex
SPLIT parallelizing neural simulator developed at CBN/CSC, KTH
STDP spike-timing dependent plasticity
TPLSM two-photon laser scanning microscopy
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Chapter 1

I NTRODUCTION
Chemical sensing is generally believed to be the oldest of the sensory abilities.
Thus, the olfactory system is the oldest sensory system, at least if one is generous with the label ”olfaction” and extends it to encompass all chemical sensing.
However, olfaction is usually deﬁned as the sensing of airborne chemicals, and
the term gustation (taste) is reserved for the sensing of chemicals in liquids. In
this thesis, I will follow that distinction.
For today’s humans, olfaction is often the least appreciated system (Shepherd,
2006). Olfactory impressions are directly connected to emotional and subconscious information processing, and their impact is not always noted. Another
reason that the importance of olfaction is not realized is that our modern, hygienic and secure living environment makes olfactory recognition less important
for survival; we do not encounter spoiling food, predators or ﬁres on an everyday basis anymore. Nevertheless, problems with olfaction and the diagnosis of
such problems is of great medical interest, since olfactory dysfunction is the
ﬁrst symptom of some serious neurologic diseases, such as Alzheimer’s disease,
Parkinson’s disease, multiple sclerosis and schizophrenia (Doty, 1997).
Olfactory processing is interesting from a systems point of view. The information
contained in natural odours is inherently complex, requiring sophisticated processing. We know that the biological olfactory system is very good at the tasks
it needs to perform. How does this competence arise from cellular organization,
cell network geometry and interactions? Which mechanisms are responsible
for important properties, such as background suppression? Could the biological principles be mimicked – or even improved upon – and used in the ﬁeld of
machine olfaction? Olfaction and olfactory processing is also of a general theoretical interest, since the olfactory system does not have an obvious topological
representation (in contrast to e.g. the visual and auditory systems).

1

2

1.1. Scope of the Thesis

Conversely, it is interesting to look at the problems in the ﬁeld of machine olfaction (or ”artiﬁcal olfaction”) to contrast them with what the biological olfactory
system is able to do. Artiﬁcial olfaction systems able to perform at a level approaching that of biological olfaction would be very interesting for industrial use,
since they would have many possible applications in medicine, security and the
food industry. Researchers involved with the development of specialized olfactory analysis equipment use to point out three crucial problems: Sensitivity,
Selectivity and Stability (Distante and Siciliano, 2001). In all these areas, the
biological olfactory system excels, but most technical olfactory analysis systems
do not. On the other hand, techniques such as GC-MS (gas chromatography
combined with mass spectroscopy) are able to identify constituents of complex
odours, something the biological olfactory system does poorly.
The general biological excellence of olfaction extends even to the human olfactory
system. Although humans are often seen as second-rate smellers compared to
the more smell-dependent animals like dogs and mice, we still outperform most
technical systems. Despite a constant turnover of sensory neurons, we sense
the same odour when we smell the same odorant. We can distinguish between
a very large number of odours, possibly hundreds of thousands (Gaillard et al.,
2004), and our detection limit for behaviourally relevant odorants1 can be very
low; on the level of 𝜇g/m3 (Rosenfeld, 2001).
Computational modelling is a useful strategy for forming links between the areas of biological olfaction and artiﬁcial olfaction. Most of the work detailed in
this thesis was performed within two EU projects, GOSPEL (FP6-ICT Project
No. 507610; ”General Olfaction and Sensing Projects on a European Level”)
and NEUROCHEM (FP7 Bio-ICT convergence No. 216916; ”Biologically inspired
computation for chemical sensing”). In these projects, several different computational models of the olfactory system or its parts were and are used to improve
the understanding of the biological olfactory system, to ﬁnd and mimic important working principles of biological olfaction, and to inspire construction of
biomimetic hardware and software for artiﬁcial olfaction.

1.1. Scope of the Thesis
1.1.1. General Layout
This thesis has in total eight chapters; ﬁve background chapters, one chapter
with results and discussions related to published papers, one chapter listing
possible directions for future work, and ﬁve papers (see below):
This chapter, Chapter 1, gives a general introduction, summarizes the ﬁve included papers and lists my contributions to each paper.
1 In this thesis I use the term ”odorant” to refer to a single odorous molecule or a single
type of odorous molecule, and use the term ”odour” to refer to mixtures with several
different types of odorous molecules. See Section 3.1.1 for a more detailed explanation.

1. I NTRODUCTION

3

The ﬁrst three background chapters are oriented towards biology and experimental research: In Chapter 2 I review the organization of the olfactory system,
in Chapter 3 I discuss odours in general, research on odour perception and
olfaction psychology, and in Chapter 4 I assess several important experimental imaging techniques with respect to applications in olfaction. The last two
background chapters deal with computational neuroscience and modelling of
olfaction: in Chapter 5 I give a historical and theoretical background on computational neuroscience, and in Chapter 6 I review models of the vertebrate and
invertebrate olfactory system.
In Chapter 7, I discuss the work performed in my papers, and the results from
these papers. The ﬁnal chapter, Chapter 8, is devoted to some possible directions for future computational modelling of olfaction.

1.1.2. The Research in this Thesis
I wish to understand the information processing in the olfactory system, through
computational modelling. All levels of the olfactory system pose interesting questions and challenges, but I have mostly concentrated on the earlier levels of the
vertebrate olfactory system; the olfactory receptor neurons and the olfactory
bulb.
Part of the work documented in this thesis considers modelling of a population of receptor neurons using stochastic parameter values and investigation of
effects from scaling a bulb model’s size. Both of these areas of inquiry – how to
model a population as opposed to a single cell, and how scaling down a model
(to a size small enough to simulate) affects the simulation results and system
properties – are applicable to computational neuroscience at large, not only to
olfaction. And the level of these questions are general; they are valid for detailed
as well as abstract models.
Concentration coding in olfaction is a rather unexploerad area, compared to
the extensive research into how the olfactory system codes for identity. I investigate a possible mechanism for ”fuzzy” concentration coding, which would work
in parallel with the currently known mechanisms coding for identity of odorants.
I have also modelled the enzyme CaMKII (calmodulin-dependent kinase type
II), which has an important role in memory as well as early olfactory adaptation.
Its mode of action seems to be well known for both systems, but its activation
has been much more thoroughly investigated and modelled for memory. The
switch-like activation of CaMKII is often considered to be crucial for memory,
but its impact on olfactory adaptation has – as far as I am aware – not been
modelled.
In Paper 1 I model the activation of the enzyme CaMKII using coupled deter-
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ministic and stochastic models. I hypothesized that the distribution of isoform
types in the holoenzyme, which had not been previously modelled, would affect
its activity level – this hypothesis is validated, and I show that the difference is
especially large in high dephosphorylation conditions. The model itself concerns
the biochemical network in the spine of a hippocampal neuron, but the lessons
about CaMKII are possible to apply also to the biochemical network of the vertebrate olfactory receptor neuron.
In Paper 2 I investigate the hypothesis that the processing in the olfactory
bulb might be sensitive to the distorting effects of model subsampling (modelling fewer cells with stronger connections). I model the olfactory bulb as interacting populations of simple, single-compartment mitral and granule cells. I
scale this model to three different sizes, removing all area- or size-dependent effects, and ask how the size of the model (in terms of proportion of mitral cells to
granule cells) and the corresponding number of connections affect the model’s
behaviour. I show that for close to homogeneous cells the model size does not
seem to matter, while for more realistically heterogeneous cells, the synchronization of the mitral cells is worse for smaller model sizes.
The investigations in Paper 3 were based on the identiﬁed need for an olfactory
receptor neuron (ORN) population model, and the hypothesis that it would be
possible to model an ORN population from a single-ORN model and knowledge of
parameter value distributions. Here I model a population of ORNs with varying
response properties. The population variability was modelled using stochastic
parameter values, i.e. the parameter values were assigned according to statistical distributions based on experimentally measured values. I model two
different cases; a population of ORNs that all express the same receptor, and a
population of ORNs that express different receptors. The ﬁrst case corresponds
to ORNs that all project to the same glomerulus, and the second case corresponds to the global population of ORNs. I show that the distribution of the
steady-state frequency response is different for the two cases, and ﬁnd mathematical descriptions that give the ORN population response frequency distributions for different stimulus strengths. I also use sensitivity analysis to ﬁnd the
most inﬂuential parameters in the two different cases.
In Paper 4 I investigate what requirements on the olfactory receptor neuron population and on glomerular processing in the olfactory bulb would be necessary
to support a fuzzy concentration code, to evaluate the hypothesis that same-OR
ORN response variability could be used to code for concentration. I model a
simpliﬁed ORN population, a glomerular layer with a columnar structure where
each glomerulus is modelled separately, and multi-compartmental mitral (MC),
granule (GC) and periglomerular (PG) cells. Same-receptor ORNs are further
sorted into ”ORN groups” on basis of their similar concentration-frequency response characteristics. I ﬁnd that the fuzzy code is possible to implement in
a biologically plausible model, and that the model shows ﬁring and synchronization behaviour that is compatible with previosly described olfactory system
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properties.
In Paper 5 I use the sensitivity analysis conclusion from Paper 3 to model a
simpler version of the ORN population, to investigate if a biologically plausible
model of the ORN population could have the properties found necessary to give
ORN groups and a fuzzy concentration code as described in Paper 4. I show
that differences in levels of receptor expression could lead to a distribution of
ORN response thresholds, in a way that supports a fuzzy code for concentration
of the olfactory stimulus in later stages of olfactory processing, if ORN axonal
targeting is inﬂuenced by ORN response properties.

1.2. Summary of Contributions
Paper 1: CaMKII model
I conceived the idea for the modelling project. I implemented the model in Matlab based on the general description in the paper by Holmes (2000). I chose the
conﬁguration for the enzyme subunit neighbours (two hexamer rings instead of
one ring of twelve subunits), adapted the model to agree better with established
knowledge of calmodulin (CaM) activation, and extended the model to include
both 𝛼 and 𝛽 subunits of CaMKII. I performed all Matlab simulations, and most
of the analysis. Minor parts of the analysis were done in collaboration with
Jeanette Hellgren and Johannes Hjorth. I presented the ﬁndings as a poster at
the CNS 2005 conference. I wrote the main parts of the paper with feedback
from the other authors.
Paper 2: OB model
Anders Lansner conceived the idea for the project with feedback from Rainer
Friedrich at MPI Heidelberg. A previous model of the olfactory bulb, implemented in GENESIS, was provided by Dr. Friedrich. I translated the model from
GENESIS to SPLIT, wrote Matlab scripts for all model setup (layout and connections), and for generation of all input. I scaled up the model to two larger sizes
and wrote scripts for removal of all area-dependent effects. I performed all simulations, wrote all output analysis scripts and performed most of the analysis.
Some parts of the analysis, and all choices of analysis methods, were performed
in collaboration with Jeanette Hellgren and Anders Lansner. I presented the
results as a poster at the CNS 2006 conference. I wrote most of the paper with
feedback from the other authors.
Paper 3: ORN population model
Anders Lansner, Jeanette Hellgren Kotaleski and Jean-Pierre Rospars wrote the
overall project plan which this project was a part of. I conceived the idea and
algorithm for how to simulate the ORN population, and implemented the model
in Matlab from the description in Rospars et al. (2003). Parts of the work were
performed under the supervision of Jean-Pierre Rospars at INRA. I performed all
simulations, generated all ﬁgures and did all curve ﬁtting, sensitivity analysis
and other treatment of simulation results. The analysis was performed in col-
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laboration with Jean-Pierre Rospars, Jeanette Hellgren and Anders Lansner. I
wrote the draft manuscript with feedback from the other authors, and presented
preliminary results as a poster at the CNS 2007 conference. I redid the analysis
and ﬁgures in response to two anonymous reviewers’ comments and rewrote the
manuscript in collaboration with Jean-Pierre Rospars.
Paper 4: OB model
Anders Lansner conceived the idea for the fuzzy coding hypothesis investigated
in this paper. I modeled ORN groups and glomerular interaction based on ﬁndings from a previous Master’s thesis and project by Thomas Proschinger under
supervision of Anders Lansner. I adapted the cell models in NEURON from a
previously published model by Davison et al. (2003) and wrote all connectivity, input and analysis scripts in NEURON and Matlab, with input from Anders
Lansner. I performed all simulations, analysis and other treatment of simulation
results, and made all ﬁgures except Figure 6 which was made in collaboration
with Anders Lansner. I presented preliminary results as a poster at the CNS
2008 conferece, and presented the ﬁnal results in an oral presentation at the
2009 ISOCS conference. I wrote most of the paper, with input from the other
authors.
Paper 5: ORN population model
Anders Lansner posed the general question for the paper, I conceived the idea
for how to test the question using the previous model from Paper 3. I adapted
the results from the sensitivity analysis in Paper 3 to construct the reduced ORN
population model, rewrote the model Matlab code from the code used in Paper 3,
and wrote all Matlab analysis scripts. I performed all simulations and analysis,
and made the ﬁgures with input from the other authors. I wrote the draft paper
with input from the other authors.
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1.3. List of Papers Included in the Thesis
Paper 1:2 Sandström M, Hjorth J, Lansner A, Hellgren Kotaleski J (2006) The
Impact of the Distribution of Isoforms on CaMKII Activation, Neurocomputing
vol. 69, pp. 1010-1013
Paper 2:3 Sandström M, Hellgren Kotaleski J, Lansner A (2007) Scaling Effects
in a Model of the Olfactory Bulb, Neurocomputing vol. 70, pp. 1802-1807
Paper 3:4 Sandström M, Lansner A, Hellgren-Kotaleski J, Rospars J-P (2009)
Modeling the response of a population of olfactory receptor neurons to an odorant, Journal of Computational Neuroscience vol. 27, pp. 337-355
Paper 4:5 Sandström M, Proschinger T, Lansner A (2009) A Bulb Model Implementing Fuzzy Coding of Odor Concentration. Olfaction and Electronic Nose:
Proceedings of the 13th International Symposium on Olfaction and Electronic
Nose. AIP Conference Proceedings, vol. 1137, pp. 159-162
Reprinted with permission from AIP.
Paper 5: Sandström M, Hellgren Kotaleski J, Lansner A (2010) Varying Olfactory Receptor Numbers Give Rise to a Fuzzy Code for Stimulus Concentration.
Manuscript in preparation.

1.4. Publications not Included in the Thesis
Licentiate Thesis: Sandström M (2007) Early Information Processing in the
Vertebrate Olfactory System - A Computational Study, TRITA-CSC-A 2007:8.
Royal Institute of Technology, Stockholm.
Master’s Thesis: Sandström M (2004) Models of CaMKII Activation, TRITA-NAE04014. Royal Institute of Technology, Stockholm.
Oral: Sandström M, Proschinger T, Lansner A (2009) A Bulb Model Implementing Fuzzy Coding of Odor Concentration, ISOEN*09 Conference April 15-17,
Brescia, Italy. Presented as part of the Special Session on Biologically Inspired
Computation for Chemical Sensing.
Oral: Sandström M (2008) Beyond the ’cool stuff’ - science blogging as a democratic tool, PCST-10 Conference, June 23-27, Malmö, Sweden.
Oral: Sandström M (2007) Modelling the Population of Olfactory Receptor Neurons, GOSPEL Workshop on Bioinspired Signal Processing, January 24-26, Barcelona, Spain.
2 Reprinted from Neurocomputing, 69, Sandström et al., ”The Impact of the Distribution
of Isoforms on CaMKII Activation”, Pages 1010-1013, Copyright (2006), with permission
from Elsevier
3 Reprinted from Neurocomputing, 70, Sandström et al., ”Scaling Effects in a Model of
the Olfactory Bulb”, Pages 1802-1807, Copyright (2007), with permission from Elsevier
4 Reprinted with kind permission from Springer Science+Business Media: Journal of
Computational Neuroscience, ”Modeling the response of a population of olfactory receptor
neurons to an odorant”, vol. 27, 2009, p. 337, Sandström et al.”
5 Reprinted with permission from Sandström et al., ”A Bulb Model Implementing Fuzzy
Coding of Odor Concentration”, Olfaction and Electronic Nose: Proceedings of the 13th
International Symposium on Olfaction and Electronic Nose. AIP Conference Proceedings,
vol. 1137, pp. 159-162. Copyright (2009), American Institute of Physics.
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Chapter 2

O RGANIZATION OF THE O LFACTORY
S YSTEM
This chapter details the biological background for my research: the organization of the olfactory system, with an emphasis on the earlier stages of olfactory
processing in the vertebrate olfactory system but with examples and comparisons also to insect olfaction. Pheromones and the pheromonal system will not
be discussed. An accompanying, more general discussion on odours and olfaction can be found in Chapter 3, ”Odors, Sensory Coding and Psychophysics”. In
this and the following chapters, the reader is assumed to be familiar with basic
neuroscience. A suitable review of the foundations of neuroscience, from the
viewpoint of relevance to modelers, can be found in several course books – for
instance the book by Johnston and Wu (2001).

2.1. The Vertebrate Olfactory System
From an abstract point of view, the vertebrate olfactory system has three parts
that perform different functions; the olfactory epithelium with receptor neurons
(sensor level), the olfactory bulb (ﬁltering and processing level) and the olfactory
cortex (analysis and readout level).

2.1.1. The Olfactory Epithelium
Composition
The olfactory epithelium is a specialized tissue within the nasal cavity. It contains olfactory receptor neurons (ORNs), sustentacular supporting cells, and
basal cells which are stem cells that develop into new ORNs. The epithelium is
covered by mucus that is secreted by the supporting cells and helps keep the
ion concentrations in a suitable range for the ORNs. The olfactory mucus has

9

10

2.1. The Vertebrate Olfactory System

to cortex Æ

mitral cells

glomeruli

olfactory receptor
neurons (ORNs)

Figure 2.1. The organization of the early olfactory system in vertebrates: Olfactory
receptor neurons that express the same receptor project to the same glomerulus in the
olfactory bulb. Mitral cells have their primary dendrites in one glomerulus, and send
the output of the bulb to the olfactory cortex. Interneurons, such as granule cells and
periglomerular cells, are not shown.
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a complex chemical composition (Debat et al., 2007) which includes odorantbinding proteins (OBPs). The OBPs have been proposed to perform disparate
tasks, such as transport and scavenging of odorants, but their role is not yet
determined. The properties of OBPs, apart from their very limited speciﬁcity
(Tegoni et al., 2000), are not yet well known. The ﬁrst veriﬁed human OBP was
reported less than a decade ago (Briand et al., 2002).

Receptor Neuron Density
The reported density of olfactory receptor neurons in the epithelium varies: it
has been observed to be up to 11000 dendritic knobs per mm2 in the mouse
(Ma and Shepherd, 2000) and 52600 dendritic knobs per mm2 in the hamster
(Schoenfeld and Knott, 2004). It is important to be aware of the difference in
numbers between ORN somata (cell bodies) and ORNs that have dendritic knobs
at the luminal surface of the epithelium; there are rougly twice as many somata.
In the hamster, with a total epithelial area of approximately 170 mm2 , this density corresponds to approximately 20 million olfactory receptor cells of which
9 million have their dendritic knobs at the luminal surface of the epithelium
(Schoenfeld and Knott, 2004).

Olfactory Receptor Tuning
Olfactory receptors (ORs) belong to the heptahelical1 G-protein-coupled receptor
(GPCR) superfamily. They are not specialized for a speciﬁc substance; instead
they recognize and bind molecular shapes that seem to correspond to functional
chemical groups. It was ﬁrst reasoned that all ORs would be broadly tuned, responding to many different odorants (Duchamp-Viret et al., 1999). More recent
research indicates that receptor tuning is variable: some ORs have low speciﬁcities, while others have high or moderate speciﬁcities (Araneda et al. 2004;
Hallem and Carlson 2006).
Generally, the speciﬁcities of the ORs will be overlapping, so that several ORs
respond to the same odorant and one OR is activated by several odorants. The
result is an overlap of receptor activations – often referred to as ”combinatorial code” since the odours are encoded by combinations of activated ORs (Malnic et al., 1999) – that tells the brain which functional groups and shapes are
present. This encoding of an olfactory stimulus has one obvious drawback: it
becomes hard to separate odorants in a mixture, especially if they are closely
related in structure. But encoding with relatively broad speciﬁcities also has a
very powerful advantage: it allows for detection of odorants that an organism
and its ancestors have never before encountered, since there is a high probability that at least one or a couple of OR types will be able to bind to the new
odorant molecule.
1 heptahelical

means ’has seven (transmembrane) helices’

12

2.1. The Vertebrate Olfactory System

Olfactory Receptor Gene Repertoires
The original estimate of the OR repertoire size was approximately 1000 receptor
genes in total, which made the olfactory receptors the largest multigene family
ever discovered, and a substantial part of the genome. The OR gene family was
ﬁrst described in rat, almost two decades ago, by Buck and Axel (Buck and Axel,
1991). For this discovery, and for their subsequent work, they were awarded the
Nobel Prize in Medicine or Physiology in 2004.
In mammals, all ORs fall into two major groups, based on sequence homology.
But humans have a much smaller number of functional OR genes, compared
to rodents. The ﬁrst analysis of the human genome revealed 339 intact OR
genes and 297 non-functional OR pseudogenes (Malnic et al., 2004). Later, the
estimates have been changed a bit, so that we now know of ≈350 functional
olfactory receptor genes in humans (Gaillard et al., 2004). Some genes may give
rise to more than one receptor through mechanisms such as splicing; therefore
it is not surprising that we reportedly have 388 functional receptors (Niimura
and Nei, 2005) 2 .
Regardless of changed estimates of OR receptor gene numbers, the human working repertoire of ORs is much smaller than that of the rat, mouse or dog. This
is often taken to mean that our olfactory ability is poor, but the conclusion is
in fact not that simple; the number of receptor genes is apparently not well
correlated to olfactory ability. Instead, the issue might be one of ”olfactory resolution”; having many similar ORs should increase the discriminatory capactiy
in the associated part of odor space, compared to having few similar ORs. In
line with this reasoning, humans and mice share large parts of the same general set of OR subfamilies, but the mice have more receptors in each subfamily
(Godfrey et al. 2004; Kambere and Lane 2007). Presumably, then, the mice will
be better at discrimination than humans, but humans will still be able to sense
approximately as broad a range of odorants as other mammals do (albeit probably with a higher threshold and/or a lower ability to discriminate a compound
from similar compounds). Furthermore, the larger human brain may be able to
compensate the lower quality of sensory input with more powerful processing
(Shepherd, 2004).
The human olfactory receptor repertoire is also quite variable; there are about
60 OR segregating pseudogenes (genes with an active allele in some but not all
individuals), including several that have previously been labelled pseudogenes
(genes inactive in all individuals) (Hasin-Brumshtein et al., 2009). An analysis of
189 genetically diverse human individuals found that almost every investigated
person, 178 out of 189, had a unique combination of intact and inactive OR
2 It should be noted, however, that the number of functional receptors is likely to vary
slightly between groups of humans of differing genetic descent, presumably due to different evolutionary pressures; a study on OR segregating pseudogenes by Menashe et al.
found that individuals of (recent) non-African descent had signiﬁcantly fewer functional
olfactory receptors than African American individuals (Menashe et al., 2003)
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alleles, which might be referred to as an inactivation ’barcode’ (Menashe et al.,
2003). Reﬂecting this variation, the distribution of human thresholds towards
a particular odorant is typically bell shaped (Keller and Vosshall, 2004), with
one extreme representing strongly diminished sensitivity towards one particular
odor (speciﬁc anosmia) and the other represents strongly enhanced sensitivity to
that odor (speciﬁc hyperosmia). The large, systematic difference in segregating
pseudogenes likely lies in the differences between different human populations.
For instance, individuals of recent non-African descent have signiﬁcantly fewer
functional olfactory receptors than African American individuals (Menashe et al.,
2003).

2.1.2. The Olfactory Receptor Neuron
Characteristics
The olfactory receptor neuron (ORN) has a dendrite that ends in a knob, from
which a number of cilia protrude into the olfactory mucus. The ciliary membrane
contains the olfactory receptors. The ORN commonly responds to a range of
odorants with a series of action potentials (APs), and adapts to constant stimuli.
The ”One receptor – one neuron” rule and its exceptions
It is generally believed that an ORN expresses only one type of OR. This is termed
the ”one receptor - one neuron hypothesis” (Serizawa et al. 2003; Shykind 2005).
The choice of receptor is stochastic, and a negative feedback mechanism ensures that no other receptor gene is expressed (Serizawa et al. 2003; Lewcock
and Reed 2004). Axons of ORNs that express the same receptor converge on the
same two glomeruli in the olfactory bulb (one on each side), see Figure 2.1. This
convergence is topographically ﬁxed, and the OR is involved in the process of
guiding ORN axons to the bulb (Mombaerts et al., 1996).
The one receptor – one neuron hypothesis is probably true for vertebrates, but
it is not true for nematodes and it may not be true for all insects: see below.
Olfactory Receptor Neurons are Constantly Replaced
The olfactory epithelium is constantly exposed to damage from the environment;
both toxic substances and mechanical damage. Consequently, ORNs are shortlived. Their mean lifetime is around 70 days, but it may vary substantially;
ORNs living for more than 90 days have been reported (Mackay-Sim and Kittel,
1991). The lost neurons are replaced (in contrast to most other neurons) by new
neurons that develop from basal cells (Deckner et al. 1997; Farbman 1990).
Biochemical Processes in the Receptor Neuron
The biochemical process leading to activation of the ORNs is rather well characterized (Zufall et al., 1994). These are the main steps in the activation of an
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Figure 2.2. Important parts of the biochemical network in the cilium of the vertebrate olfactory receptor neuron. Ion ﬂows and reactions are shown with dashed lines,
other ﬂows and reactions are shown with solid lines. When an odorant molecule binds
to an olfactory receptor, a cascade of reactions is started. First, a special G-protein
called G𝑜𝑙𝑓 is activated, which leads to activation of adenylyl cyclase (AC3) and subsequent production of the cyclic nucleotide cAMP. Elevated levels of cAMP leads to the
opening of cyclic nucelotide-gated channels (CNG channels), which let in sodium (Na+ )
and calcium (Ca2+ ) ions, and to activation of the kinase PKA (which eventually – on
a timescale of seconds (Suzuki et al., 2002) – will inactivate the receptor-odorant complex). When calcium ions enter the cilium, they open calcium-gated chloride channels
that let out chloride ions (Cl− ), which depolarises the cell. The calcium ions also bind
to calmodulin (CaM). The calcium-loaded calmodulin initiates three different adaptation
processes: it directly inhibits the CNG channels, it activates phosphodiesterase (PDE)
which breaks down cAMP, and it activates the kinase CaMKII which deactivates AC3
and stops the production of cAMP. The ﬁgure is partly adapted from Zufall et al (Zufall
et al., 1994), also using data from Suzuki et al (Suzuki et al., 2002) and Trudeau et al
(Trudeau and Zagotta, 2003).
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ORN by odorant molecules (see also Figure 2.2): Binding of odorant molecules
to odorant receptors results in activation of adenylyl cyclase III (AC3), which produces the cyclic nucleotide cAMP. The cAMP molecule activates cyclic nucleotidegated channels (CNG channels), which leads to inﬂux of calcium ions (Ca2+ ). The
calcium ions have two important functions: they open chloride channels, which
leads to further depolarization, and they activate several feedback loops through
the formation of active (calcium-loaded) calmodulin (Ca-CaM). Ca-CaM indirectly inactivates the CNG channels, through activation of phosphodiesterase
which breaks down cAMP, and activates the kinase CaMKII. CaMKII in its turn
inactivates AC3 and thus stops the production of cAMP. This, combined with
protein kinase PKA inhibition of odorant receptors, leads to adaptation of the
receptor neuron’s response.

2.1.3. The Main Olfactory Bulb
In most vertebrates, the olfactory bulb consists of two separate parts; the main
olfactory bulb (MOB or OB), which processes ordinary odours, and the accessory
olfactory bulb (AOB) which processes pheromones or ”social odours”. In this thesis we consider only the main olfactory bulb, and concentrate on its structure
and function in vertebrates. The main olfactory bulb will therefore hereafter be
referred to simply as ”the olfactory bulb”. Also, much of the structure and function of the olfactory bulb as descrived here is similar in invertebrate animals,
e.g. insects – the antennal lobe of insect is thought to be an analogue of the
vertebrate olfactory bulb.
There are two olfactory bulbs, one left and one right. The olfactory bulbs receive
their input from the olfactory receptor neurons, so that olfactory information
from each nostril is transmitted to the ipsilateral3 olfactory bulb in the brain,
and send their output directly to the olfactory cortex. Since the bulbs are assumed to be mirror image identical, I will in the following use the term ”olfactory
bulb” (OB) in the singular, as is common in the academic literature.

Structure of the Olfactory Bulb
The olfactory bulb has a clearly laminated structure (see Figure 2.3) consisting
of six layers (Shepherd, 1990); the olfactory nerve layer, the glomerular layer, the
external plexiform layer, the mitral cell layer, the internal plexiform layer, and
the granule cell layer. In the glomerular layer, axons from olfactory receptor neurons meet with dendrites from principal output neurons in spherical structures
called glomeruli (see Figure 2.1). The mitral cell and granule cell layers contain
the cell bodies of the respective cell types, and the plexiform4 layers contain
many dendrites and connections between cells, just as their name suggests.
3 ipsilateral
4 ”netlike”

= ”same side”, from the latin word ipse meaning ”self” or ”same”
or ”braided”
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Figure 2.3. The layers and cells of the olfactory bulb. Layers, from superﬁcial to
deep: ONL = olfactory nerve layer, GL = glomerular layer, EPL = external plexiform
layer, MCL = mitral cell layer, IPL = internal plexiform layer and GCL = granule cell
layer. Cells, from left to right: MC = mitral cell (projection neuron), GC = granule cell
(interneuron), PG = periglomerular cell (interneuron) and TC = tufted cell. For clarity,
only cells mentioned in the text are included – there are other cell types in the bulb as
well, and several of the cell types shown are further subdivided into categories. Made
with data from Shepherd (Shepherd, 1990).

Axonal Targeting of Olfactory Receptor Neurons to the Olfactory Bulb
In mouse, the dorsal-ventral5 arrangement of glomeruli appears to be inﬂuenced by where the associated ORs are expressed on the olfactory epithelium,
possibly mediated through expression levels of guidance molecules, while the
anterior-posterior6 positioning seems to be more inﬂuenced by the OR species
– presumably through a mechanism where different ORs generate different levels of cAMP which in turn regulates the expression of another set of guidance
molecules. These mechanisms together establish a rough map which may be
further reﬁned by activity-dependent fasciculation and segregation of axon termini (Imai et al., 2009).
Cells in the Olfactory Bulb
Mitral cells (MC) and tufted cells (TC) are the principal neurons that carry the
output from the OB. The difference between mitral and tufted cells lies mostly
in where they are placed; they are similar in form but tufted cells are located
more superﬁcially in the external plexiform layer. Often all principal output neurons of the bulb are referred to as ”mitral/tufted cells”, reﬂecting this similarity.
5 Dorsal and ventral are anatomical terms used to refer to position. Dorsal refers to the
upper/back side and ventral to the stomach/under side.
6 Anterior and posterior are also anatomical terms used to refer to position; anterior
means forward and posterior means backward. In humans, the application of the terms
can be confusing, since we walk upright.
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In mammals, each mitral cell has a single primary dendrite that ends with a
large tuft in a glomerulus, and several secondary dendrites that stretch far out
in the external plexiform layer – sometimes over a millimeter. The dendrites are
smooth and lack spines. Tufted cells have a similar shape, with one glomerular
tuft and several secondary dendrites, but they project to other places in the olfactory cortex. Both mitral and tufted cells are further divided into subgroups,
mostly on basis of their placement in their respective layers.
The activity of the principal neurons is regulated by local inhibitory interneurons called granule cells(GC) and periglomerular cells (PG cells). PG cells have
very small cell bodies, and surround the glomeruli. Just as the MCs, they have
a dendritic tuft in a glomerulus, and thus reveive input from receptor neurons.
Their axons extend as far as ﬁve glomeruli away, but always remain within the
conﬁnes of the bulb. GCs are situated in the granule cell layer, deep within
the bulb. They have many spines but are axonless; their effects are only mediated by dendrodendritic synapses on the principal neurons. Granule cells are
exited by inputs from MC dendrites and respond with inhibition to the same
dendrites (Shepherd, 1990). This process is sometimes referred to as mitral cell
self-inhibition.
The number of neurons in the OB varies between different species, although
convergence ratios are tentatively thought to be more general. In rabbit, there
are approximately 50 million receptor neurons, 2000 glomeruli, 50000 mitral
cells and 100000 tufted cells. This gives around 25000 receptor neurons and
25 mitral cells per glomerulus. There are also many interneurons in the OB; approximately 20 times as many periglomerular cells as mitral cells, and 50-100
times more granule cells than mitral cells (Shepherd, 1990).

Glomeruli
In ﬁsh and amphibians, glomeruli are small (20-40 𝜇m in diameter) and not
well demarcated. In mammals, glomeruli are spherical with sharp borders, and
range in diameter from 30-50 𝜇m (in mice) to 100-200 𝜇m (cats and rabbits). It
is generally assumed that odorant information is encoded in the combination,
the relative response intensity, and probably also the spatial position of activated glomeruli (Spors et al., 2006). There may also be information contained
in response latencies of different glomeruli to the same stimulus (Schaefer and
Margrie, 2007).
The glomerular microcircuit – the detailed connections between neurons in the
glomerulus – and the processing it enables has been proposed to be important for contrast enhancement between odour representations, and to contribute
to normalization of the intensity of sensory input (Linster and Cleland, 2009).
The microcircuit has been suggested to consist of two feedforward inhibitory
components: one local and dendrodendritic component consisting of ORNs, PG
cells and MCs; and one broadly laterally distributed component regulated by a
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network of recurrent feedback excitatory connections, also involving the lesser
known short axon cells and external tufted cells (Linster and Cleland, 2009). The
ﬁrst microcircuit component is suggested to perform decorrelation, and the second component is propsed to perform normalization proportional to the global
excitation level. The suggested circuit has primarily been investigated through
modelling, see Cleland and Sethupathy (2006; also brieﬂy reviewed in Chapter
6, ”Review of Models in Olfaction”, Section 6.2.3).
Input, Output and Connections of the Olfactory Bulb
The bulb receives input from the olfactory epithelium, in the form of connections from receptor neuron axons to mitral/tufted cell and periglomerular cell
dendrites in the glomeruli. Mitral and tufted cells send the output from the bulb
to pyramidal cells in the olfactory cortex, which is a collection of several higher
areas (see Figure 2.4). There are also extensive centrifugal inputs to the bulb,
from the pyramidal cells of the cortex to the granule cell layer (Shepherd, 1990).

Figure 2.4. The olfactory bulb (OB) sends input to several higher areas, and also receives direct and indirect regulatory feedback from these areas. Connections from the
bulb are shown as solid lines, and associative connections from and between the cortical areas are shown as dashed lines. AOC = Anterior Olfactory Cortex, OT = Olfactory
Tubercle, PC = Piriform Cortex, AC = Amygdaloid Cortex and EC = Entorhinal Cortex.
After Shepherd (1990), with additional data from Haberly and Bower (1989).

Information Processing in the Bulb
Information coding and processing by the olfactory bulb is one of the major subject areas of this thesis.
The bulb is thought to perform a variety of important tasks: discrimination
enhancement and sharpening (lateral inhibition), sensitivity enhancement and

2. O RGANIZATION

OF THE

O LFACTORY S YSTEM

19

noise suppression (summing responses), background ﬁltering and suppression
(adaptation and feedback). Its processing is constantly subject to modiﬁcation
by inputs from higher areas. It is therefore hard to draw a distinctive line between functions that the bulb is able to fulﬁl completely on its own and functions
that require feedback from the olfactory cortex and associated olfactory areas.
The Bulb – a Primitive Cortex?
The olfactory bulb is sometimes thought of as a primitive form of cortex. The
glomeruli – groupings of neural elements and synapses – are analogous to barrels and columns in cerebral cortex (Shepherd, 1990), which are sophisticated
functional elements. The analogy is further strengthened by recent tracing experiments (Willhite et al., 2006) which indicate that the columnar structure of a
glomerulus actually stretches far into the granule cell layer.

2.1.4. The Olfactory Cortex
The olfactory cortex is a collection of (often reciprocally) interconnected higher
olfactory areas (see Figure 2.4). The piriform (pyriform)7 cortex, or primary olfactory cortex, is generally considered to be the most important of these areas.
The Piriform Cortex and its Cells
The term ”piriform” refers to the pear-like shape of this area. The piriform cortex
has three layers (Shepherd, 1990): Layer 1a consists of axons and axon collaterals, Layer 1b holds ”association ﬁbers” that connect pyramidal cells, Layer 2
is formed by the cell bodies of superﬁcial pyramidal cells and Layer 3 contains
the cell bodies of deep pyramidal cells, interneurons and connection ﬁbers.
The piriform cortex is divided into two zones, based on differences in anatomical organization: the anterior piriform cortex (APC) and the posterior piriform
cortex (PPC). In rats, these zones have been shown to have different roles in
the processing of familiar odors, so that the anterior piriform cortex is thought
to handle experience-dependent encoding of odorant identity while the posterior piriform cortex handles experience-dependent encoding of odor similarity or
quality (Kadohisa and Wilson 2006; Barnes et al. 2008; Margot 2009). Experiments using fMRI indicate that a similar organization can be found in humans
(Gottfried et al., 2006), and that odour quality is encoded by ensamble activity
in the PPC (Howard et al., 2009).
Pyramidal cells are the primary neurons of the piriform cortex, and they are
similar to pyramidal cells found in other cortical areas. The pyramidal cells in
the piriform cortex are extensively connected to other pyramidal cells, both locally and globally.
7 pyriform

= ”pear-shaped”, named from the latin pyrum for pear
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The interneurons of the piriform cortex mediate several kinds of inhibition. Superﬁcially located horizontal neurons and small globular-soma neurons in Layer
1 receive input from mitral cells in the bulb and mediate feedforward inhibition
onto pyramidal neuron apical dendrites. Aspiny multipolar neurons in Layer 3
mediate feedback inhibition onto the cell bodies of pyramidal neurons (Vanier,
2001). There are several other types of interneurons in the piriform cortex, but
they are not well known. However, one of the described interneuron types seems
similar to the regular spiking non-pyramidal (RSNP) cells found in primary sensory and other neocortical regions (Zhang et al., 2006).

Other Areas
The anterior olfactory cortex (AOC)8 is heavily interconnected with both the olfactory bulb and the piriform cortex, and receives input from mitral and tufted
cells in the bulb. It is located between the olfactory bulb and piriform cortex,
and is known to be involved in the feedforward regulation of information passing from the bulb to the piriform cortex and in the feedback regulation of the
return circuit. Furthermore, the AOC relays information between the left and
right olfactory bulbs and serves a similar role in distributing information to the
left and right piriform cortices (Brunjes et al., 2005). It is not well characterised
with respect to cell types and connections, and its function is largely unknown.
Haberly has suggested (Haberly, 2001) that the AOC works as a feature detector
for odour stimuli.

2.2. The Insect Olfactory System
The insect olfactory system seems to follow the same general schematic as that
of vertebrates: closely regulated olfactory receptor expression in receptor neurons, a large number of receptor neurons that converge on the same glomerulus
only if they express the same receptors, a processing structure (the antennal
lobes) that contains glomeruli and is thought to make upstream processing in
the cortex equivalent (the mushroom bodies) easier.
It should be noted that insects form a very large and very diverse family. Because
of this, no single insect is a good model for insect olfaction. Several different
insect species have become popular experimental model organisms, and their
olfactory systems vary in size and organizational details. Here, I therefore try to
concentrate on the general morphology, but give examples from speciﬁc species.
The examples below are mostly given for the most common model animal, the
fruit ﬂy Drosophila, with some additions from honeybee and locust.
8 The AOC is also sometimes referred to as the anterior olfactory nucleus, olfactory
peduncle or retrobulbar region.

2. O RGANIZATION

OF THE

O LFACTORY S YSTEM

21

2.2.1. The Antennae
In insects, olfactory receptor neurons (ORNs) are housed in small, hollow sensory ”hairs” or sensilla, which cover the antennae and the maxillary palp. The
sensilla are ﬁlled with aqueous sensillar lymph – roughly equivalent in function
to the mucus covering the olfactory epithelium in vertebrates – which contains
odorant-binding proteins and odorant-degrading enzymes (Pelosi, 1996). Odorants enter the sensillum wall through small pores.
The Olfactory Receptor Repertoire
The discovery of insect olfactory receptors (ORs) came almost a decade later
than the disocovery of vertebrate olfactory receptors, with several independent
descriptions of Drosophila ORs in 1999 (Vosshall et al., 1999; Clyne et al.,
1999; Gao and Chess, 1999). Insect ORs seem to be G protein-coupled seventransmembrane receptor proteins, just like vertebrate ORs, but otherwise unrelated to vertebrate ORs in terms of genetic sequence similarity (Gao and Chess,
1999).
Notably, the total insect OR repertoire is much smaller than in vertebrates9 . In
Drosophila, there are only 60 OR genes in Drosophila melanogaster, coding for
62 receptors, and the numbers are very similar for 11 other Drosophila species
(Nozawa and Nei, 2007). This makes the fruit ﬂy a good model system for olfaction, especially when combined with the available genetic tools and well developed knowledge about its behavioural repertiore. In honeybee, the number of
ORs is a little bit higher – 170 OR genes have been described, of which 7 seem
to be pseudogenes (Robertson and Wanner, 2006).

2.2.2. The Olfactory Receptor Neuron
Insect ORNs seem to be morphologically similar to vertebrate ORNs; with short
dendrites that end in sensory cilia and axons that extend from the sensillum to
the brain (Tolbert et al., 2003). The ORN axons project to the antennal lobe (AL)
via the antennal tract(s)10 .
The ”One Receptor – One Neuron” Rule in Insects
As mentioned above, one of the central dogmas of olfaction is that in vertebrates,
each ORN expresses a single OR. Insects often but not always seem to follow the
same pattern. The nematode C. elegans has 32 chemosensory neurons that
each express several different and independently functioning receptors. The
fruit ﬂy Drosophila has at least two documented cases of co-expression of receptors. In one case the second ”receptor” is probably an accessory protein or
9 Compared to vertebrate model organisms of comparable status, like the mouse, the
difference in OR numbers is ten to twenty times.
10 In many insect species, there is more than one antennal tract. For instance, in honeybees, there are four tracts that project to the AL (Galizia, 2008).
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a heterodimerization partner for conventional receptors (Touhara, 2009), and a
similar dimerization seems to exist also in the silk moth Bombyx mori (Spehr and
Leinders-Zufall, 2005). But the other case of co-expression does in fact seem to
consist of two different functional receptors (Goldman et al., 2005). It has been
suggested that co-expressed receptors might be the result of a recent gene duplication, so that both receptor types have similar speciﬁcities, or that one of the
two receptors in a co-expressed pairs might be inhibitory, and serve to sharpen
the response proﬁle from the other, more promiscuous receptor (Fishilevich and
Vosshall, 2005).

2.2.3. The Antennal Lobe
The insect analogue to the olfactory bulb is called the antennal lobe (AL), and
is present in all insects apart from anosmic species. The AL is organized into
glomeruli and receives convergent ORN input, just as the vertebrate olfactory
bulb, but the number, shape, and arrangement of glomeruli varies greatly among
species (Galizia, 2008).
Cells in the Antennal Lobe
The AL contains two main types of neurons: local interneurons (LNs) and projection neurons (PNs). Incoming ORNs synapse onto LNs and onto PNs. LNs
synapse onto ORN terminals, other LNs, and PNs. PNs get input from ORNs and
LNs, and they synapse onto other cells in the AL (Galizia, 2008). The PNs are
excitatory, and most but not all of the LNs are inhibitory (Masse et al., 2009).
The PNs correspond to vertebrate mitral/tufted cells, and send their output to
the mushroom bodies, the insect equivalent of cortex. The LNs can be divided
into several subtypes; homogeneous, heterogeneous and excitatory (see below).
The inhibitory LNs correspond to vertebrate granule and periglomerular cells,
and only have connections within the AL. LNs are spiking in honeybees, moths,
ﬂies, and cockroaches but non-spiking in locusts (Galizia, 2008).
The Antennal Lobe in Different Insect Species
In Drosophila, 1300 olfactory receptor neurons from each antenna project bilaterally to the antennal lobes. ORNs expressing the same receptor, about 25 per
antenna, converge on the same glomerulus. There are about 50 receptor types
and, consequently, about 50 glomeruli (Masse et al., 2009) that are each innervated by on average three PNs. The AL has in total about 100 LNs and 150-200
PNs (Galizia, 2008).
The olfactory system of the honeybee follows the same general scheme as that
of Drosophila, but has about 60000 receptor neurons (more in drones than in
worker bees), 160 glomeruli, 4000 LNs and 800 PNs. A single honeybee glomerulus is innervated on average by almost 400 ORNs, 1000 LNs (each innervating
an average of 40 glomeruli), and 5 PNs (Galizia, 2008). Most of the projection
neurons seem to be uniglomerular (Sachse and Galizia, 2002).

2. O RGANIZATION

OF THE

O LFACTORY S YSTEM

23

Locusts have between 50000 and 105000 ORNs, depending on developmental
stage (Galizia, 2008). In locust, each antenna contains approximately 50000 olfactory receptor neurons that send their axons to the antennal lobe on the same
side, where they synapse onto one, two or three out of 1000 glomeruli. There are
around 300 LNs in each lobe, and about 830 PNs. The PNs arborize into 10-20
glomeruli, not just one (Laurent, 1996). In total, there are about 1000 glomeruli
– the exact number might remain unclear since border between the glomeruli are
ambiguous. As can be seen, the arrangement of the locust AL differs from that
in most other species, and it is clear that there is no morphological homology
between the locust glomeruli and those of other insects (Galizia, 2008).
Glomerular Organization of the Antennal Lobe
Fishilevich and Vosshall (2005) and Couto et al. (2005) mapped the projection
of ORNs from the antennae to the AL in Drosophila. Both groups found a topographic arrangement in the AL which was related to the topographic segregation
of different classes of sensilla on the surface of the antenna.
The studies also conﬁrmed that in most cases, Drosophila shows uniglomerular
convergence of ORs similar to that seen in vertebrates. Fishilevich and Vosshall
report that no more globally ordered chemotopy could be seen, while Couto et
al., on the other hand, found that aromatic and aliphatic compounds activated
spatially distinct regions of the AL.

2.2.4. The Mushroom Bodies
The mushroom bodies (MBs) are the structures associated with learning and
memory in the insect, and thus considered to be the analogue of the vertebrate cortex (Farris, 2008). The MBs have cup-shaped regions called calyces,
which receive input from olfactory and other sensory pathways. In general, insect mushroom body structures are diverse, adapted to different ecologies, and
likely to serve various functions (Strausfeld et al., 2009) – here I will only discuss
their involvement in olfaction.
In addition, the lateral protocerebrum (LP) has many subregions that receive
olfactory information, some from the AL only, and some from both the AL and
the MB (Galizia, 2008).
Kenyon Cells
The mushroom bodies consist of small neurons called Kenyon cells (KCs). The
KCs receive the input from the antennal lobes; each Kenyon cell receives inputs
from approximately 10 PNs in Drosophila, or 400 PNs in locust. The number
of KCs varies between species; Drosophila has about 2500 KCs, locusts have
50000 KCs and honeybees about 170000 KCs (Galizia, 2008). Common to all
species is the fact that there are many more KCs than PNs, and while the PNs
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are broadly tuned the KCs are in general very selective and sparsely spiking
(Masse et al., 2009).
Projections to and from the Mushroom Bodies
In Drosophila, PNs form synapses with many KCs. PNs branch in a stereotyped
manner within the MBs, and PNs from different glomeruli have distinct but
overlapping branching patterns. On average, three uniglomerular PNs innervate
each glomerulus, and these PNs have the same projection pattern in the MB and
LP (Galizia, 2008).
In contrast to the vertebrate olfactory system, insects have no back-projection
to the antennal lobe from the mushroom bodies (Masse et al., 2009).
Processing within the Mushroom Bodies
PN activity trains arriving at the MB terminals are inhibited presynaptically
within the MBs by GABAergic glomerular microcircuits, so that only the ﬁrst
spikes are likely to drive activity in KCs. An inhibitory feedback loop from the
MB output lobes onto the calyces, consisting of GABAergic feedback neurons in
the vertical and medial lobes of the MB (Szyszka et al., 2005), further sharpens
the response and locks activity into a global oscillatory rhythm, which in turn
favors the extraction of synchronized APs from PNs (Galizia, 2008).

2.3. Summary and Conclusions
The vertebrate olfactory system has three parts that perform different functions;
the olfactory epithelium with receptor neurons (sensor level), the olfactory bulb
(ﬁltering and processing level) and the olfactory cortex (analysis and readout
level). The same functions and division of functions is thought to exist in the
insect equivalents; the antennae, the antennal lobe and the mushroom bodies.
There are several differences between the vertebrate and insect olfactory systems – for instance, insects have fewer ORs and ORNs, a much lower number
of interneurons, and they lack regulatory feedback onto the AL from higher
areas. However, the vertebrate and insect olfactory systems have many important similarities that are probably due to convergent evolution. Depending on
one’s question and viewpoint, it is therefore often merited to speak simply of
”the olfactory system”. The olfactory system uses a distributed code for odours,
based on a large family of broadly speciﬁc olfactory receptors (OR) expressed
in specialized sensory neurons; the olfactory receptor neurons (ORNs). Each
ORN expresses one (or, in some insects, a few) type(s) of receptor, and all ORNs
that express the same receptor also target the same specialized structure, the
glomerulus. Glomeruli sum the contributions of the ORNs but also perform
important processing functions such as decorrelation to facilitate higher-level
processing in the cortex (or the mushroom bodies). The activity pattern across
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glomeruli forms the ”olfactory code” that is transmitted to the olfactory cortical
areas for analysis and identiﬁcation.
If convergent evolution lies behind the similarities between the vertebrate and
insect olfactory system, as seems likely, it should mean that the olfactory system is very well adapted to its tasks. The small but intriguing differences in
vertebrate and insect olfactory system morphology could be used as a starting
point for several interesting modelling studies. Given the fast increase in data
availability on insect olfactory systems, and the relatively low number of cells
and OR genes in important experimental insect model organisms such as the
fruit ﬂy and honeybee, it could also be possible to model the insect olfactory
system in considerable detail on a 1:1 scale.

Chapter 3

O DOURS , S ENSORY C ODING AND
P SYCHOPHYSICS
Sensory science has come a long way since early thinkers and philosophers enumerated the ﬁve humans senses – sight, smell, touch, taste and hearing – but
this simple categorization still holds sway in much of the thinking about sensory systems. The visual system is the most studied and the most well known of
the externally oriented sensory systems, but research into the olfactory system
and olfaction has received a big boost from the relatively recent discovery of the
olfactory receptor gene family in the early 1990s (Buck and Axel, 1991).
In this chapter, I will discuss the more general aspects of olfaction: odours,
research on odour perception and olfaction psychology. The reader is assumed
to have a basic knowledge of the olfactory system comparable to the level of
description in Chapter 2, ”Organization of the Olfactory System”.

3.1. Odours
3.1.1. What is an Odour – and What is Not?
”Odour” vs ”Odorant”
Although the terms ”odour” and ”odorant” are sometimes considered as synonyms, in many cases (especially in science and technology) they are used as
a shorthand to indicate the number of molecule types assumed to be present
in a stimulus. Generally in this usage, which I will also follow in this thesis,
odour indicates a stimulus composed of several different molecule types, while
odorant corresponds to a stimulus containing only one sort of molecule. Unless
otherwise speciﬁed, an odorant is considered to be a volatile chemical with a
low molecular weight. The mass constraint is for purely physical reasons: the
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molecule has to weigh little enough to be able to spontaneously diffuse through
the air at modest temperatures. This deﬁnition of odorants and odour is true for
terrestrial animals, including humans, that smell air-borne molecules. Aquatic
animals, on the other hand, ”smell” water-soluble molecules, such as amino
acids (Gaillard et al., 2004).

Pheromones and Labelled-Line Coding
In addition to the main olfactory system, most mammals and many insects have
an accessory or vomeronasal olfactory system in which pheromones – social
chemical signals – are processed. Pheromones are usually thought not to lead
to a sensation of smell, and should in that case not be regarded as odorants or
odours. A pheromone can be a single substance, but it is more common that
it consists of a mixture of two or more substances. The male silkmoth Bombyx
mori, for instance, responds to a mixture of bombykol (an alcohol) and bombykal
(an aldehyde; the oxidized form of bombykol) (Kaissling et al., 1978).
The morphology of the mammal vomeronasal system is very diverse (Salazar
et al., 2007), which makes extrapolation between species difﬁcult. In humans,
the ﬁrst step in the accessory olfactory pathway, the vomeronasal organ, is vestigial and the existence or extent of human pheromonal communication remains
controversial, although it has been shown in some species that the main olfactory system takes part in pheromone detection (Wysocki and Preti, 2004).
The tasks and strategies of the pheromonal system and the olfactory system
are not always comparable. In many cases, detection of a pheromone should
ideally be as sensitive as biologically possible. One extreme case is the male
moth Bombyx mori, which seems to be able to react to just a few molecules
of pheromone emitted by the female (Kaissling, 1986). In such a detetection
task, the biological system is thought to use a ”labelled line” type of code, where
individual receptor neurons express a sensitive and speciﬁc receptor and are activated by a single behaviorally important chemical ligand (Luo and Katz, 2004).
The beneﬁts are simple decoding and very high sensitivity, but at the cost of a
limited coding capacity and ﬂexibility: an organism using a labelled-line code
would only be able to recognize a limited set of odorants, and would not be able
to recognize evolutionarily new odours since the receptors for never before encountered odorants would be unlikely to exist in the organism’s genome. The
general olfactory system is therefore thought to instead use a distributed code
and receptors with broad, overlapping speciﬁcities. This allows encoding of a
much higher number of odorants with the same number of neurons and enables detection new compounds, but with the drawback of less speciﬁcity in the
ability to detect a particular odorant, especially at low concentration. In species
with a large number of pheromones used in a variety of situations, such as
the honeybee, it has been suggested that pheromone coding might involve both
labelled-line and distributed coding strategies (Sandoz et al., 2007).
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If the suggested division of strategies and afﬁnities between olfactory and pheromonal sensing is true, it should be possible to see the consequences in the
evolution of receptor genes. The broadly tuned generalist chemoreceptors in the
main olfactory system, which are detecting overlapping sets of ligands, should
be more likely to be conserved over evolutionary time than the presumed narrowly tuned specialist chemoreceptors for pheromones – such receptor genes
should evolve in a more lineage-speciﬁc manner. This hypothesis was recently
validated in a comparison of gene evolution patterns between mouse, rat, dog,
opossum, platypus, chicken, and frog, where the expected differences in evolutionary patterns between gene families were found (Grus and Zhang, 2008).
The Trigeminal Sense
Chemical stimuli have almost direct access to free nerve endings in the olfactory
epithelium and to the receptors for nociceptive chemicals present in mucous
membranes of the body. Consequently, most odorants also activate the ”trigeminal sense” that registers sensations of touch, pressure, temperature and pain.
The olfactory and trigeminal systems seem to interact at many different levels:
in the mediodorsal thalamus, at the olfactory bulb level, and at the level of the
nasal epithelium. Trigeminal-only and olfactory-only stimuli are processed by
different but signiﬁcantly overlapping sets of brain areas (Hummel et al., 2009).
The interaction between the olfactory and trigeminal senses commonly gives
odorants an irritating or pungent quality, described as cooling, numbing, tingling, itching, burning or stinging. Sometimes the trigeminal contribution to
perceived quality might be the dominant feature, such as the common impression and subsequent description of chili pepper as ”hot”, acetic acid as ”stinging”, and menthol as ”cold”. Trigeminal encoding without added olfactory information is sometimes speciﬁc enough for discrimination between selected groups
of irritants (Schusterman, 2009).
Purely olfactory or trigeminal odours are rare, but they exist: it is generally
accepted as known that vanillin and PEA (phenylethyl alcohol; smells like roses)
gives no trigeminal activation (Chen and Halpern, 2008) and that carbon dioxide is a purely trigeminal stimulus – odourless but irritating. The trigeminal
sense is several orders of magnitude less sensitive than the olfactory sense, and
weak odours give little trigeminal activation compared to strong odours. For
very strong odour stimuli, the trigeminal sense seems to be able to suppress
the perceived odour strength (Hummel and Livermore, 2002). Trigeminal activation may also be needed for perceptual localization of olfactory stimuli; in at
least one experiment, purely olfactory odorants were found to be impossible to
localize despite conscious perception (Kleemann et al., 2009).
Odour Quality is Hard to Predict
The mapping from odorant molecular structure to perceived odour quality is
highly unpredictable. Sometimes the presence or absence of a certain functional
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between speciﬁc features of the stimulus and speciﬁc traits of its neural representation, while awareness is the conscious perception of the encoded sensory
stimuli. Note that in the case of vertebrate and insect olfaction, both reception
and transduction take place in the same neuron, the ORN4 .

3.2.1. Coding Strategies
Neurons can, theoretically, code for a stimulus in several different ways, so that
single spike trains (or population spike trains) contain information based on one
of several possible coding schemes. The simplest signal is a binary ’on/off’ signal, then follows rate coding, and the most complex end of the scale we consider
temporal coding.
Sensory coding usually involves populations of neurons, but the strategies used
differ. In some instances a labelled-line code is used, where the identity of the
signalling neuron(s) is considered a crucial part of the stimulus. Sometimes a
distributed code appears to be used, where the information in the stimulus is
conveyed by a pattern of responses over many neurons5 .
Rate Coding
In most sensory systems, the rate of neuronal ﬁring increases with the intensity
of the stimulus, in some non-linear fashion. Rate coding assumes that stimulus
information is encoded in the ﬁring rate of a neuron or neuronal population. It
is not the most efﬁcient way to encode information, but it is robust with respect
to noise such as inter-spike interval variability and variability in neuronal responses between trials (if the general properties of the response are unchanged,
such as the mean rate). The deﬁnition of rate coding is not universal; in general,
the term ”rate code” is applied in situations where the precise timing of spikes
is not thought to play a signiﬁcant role in carrying sensory information. Rate
codes can be further divided into mean ﬁring rate and instantaneous ﬁring rate
codes (Gabbiani, 2003).
Temporal Coding
In neurons or neuronal populations where timing of spikes is precise and important, it seems prudent to assume that the code used is at least partly temporal:
that features other than the ﬁring rate convey information about the stimulus.
Such features could be response latency (time to ﬁrst spike after the stimulus
4 The division between reception and transduction events can in biology seem a bit
forced, if one’s considered entity is the sensory neuron, which often performs both; but
it is useful to keep this separation in mind for comparison with technical systems and
application of signal processing theory.
5 Neuronal identity can be a part of the encoding also in distributed coding, but it is
generally not assumed to be sufﬁcient to know the identity of the responding neuron(s) in
order to decode the stimulus. See also the Section 3.1.1 on pheromones and labelled-line
coding, above.
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onset), characteristics based on the second and higher statistical moments of
the interspike interval (ISI) probability distribution, or precisely timed groups
of spikes (Kostal et al., 2007). An extreme version on the temporal code is a
binary code, where a group of neurons signal by ﬁring or not ﬁring in each respective time window. A binary code is however biologically unrealistic, since it
is very unstable – a slight change in timing or time window can completely alter
a binary code’s meaning. In olfaction, temporal codes on a slow timescale are
thought to be present in projection neuron output from the antennal lobe, and
highly precise Kenyon cell responses are thought to constitute a temporal code
on a fast timescale (Galizia and Szyszka, 2008).
Sparse coding
Sparse coding is a high-level coding strategy where activity in some neural populations is very speciﬁc, incorporating only a few neurons at a time, and usually
with a low background activity. Each neuron responds only to a few stimuli,
and each stimulus elicits a response from only a few neurons. In such a code,
each neuronal response has the capacity to carry a lot of information (Jortner
et al., 2007). A system using a sparse code has a large coding capacity, and
the low-noise, sparse code should be easy to decipher for upstream systems. In
olfaction research, the most famous example of sparse coding is taking place
in the insect equivalents of cortex, the mushroom bodies, where Kenyon cells
spike sparse and tightly regulated spikes phase-locked to the local ﬁeld potential (Jortner et al., 2007).
Receptive Fields
The receptive ﬁeld is the part of the stimulus space that affects the response of
a neuron. As a general rule, receptive ﬁelds become wider and less specialized
further upstream in the sensory modality. There are however important expceptions such as the sparse code (see directly above), usually taking place on
a high level, where receptive ﬁelds are very narrow. In olfaction, the receptive
ﬁeld of an olfactory receptor neuron (ORN) is formed by all the molecules that
can bind to the expressed receptor, while the receptive ﬁeld of a mitral cell in
the olfactory bulb consists of the receptive ﬁelds of the ORNs projecting to the
mitral cell, and the receptive ﬁeld of a pyramidal cell in the olfactory cortex is
formed by the receptive ﬁelds of the mitral cells projecting to this pyramidal
cell. Note that receptive ﬁelds on different levels can be differently inﬂuenced by
regulatory processes such as adaptation (see Section 3.6).

3.3. Sensation From the Top Down: Psychophysics
Sensation can also be approached from the top down: by studying perception of
stimuli and drawing conclusions on the sensory system that lies below. This is
the ﬁeld of psychophysics. The ﬁeld was pioneered by Weber and Fechner in the
1860s.
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3.3.1. Olfactory Psychophysics
The core question in olfactory psychophysics is how to link particular properties
of olfactory stimuli in the form of small, airborne molecules to particular odour
qualities. Due to the problems with how to deﬁne and order the dimensionality
of the olfactory stimulus space (see below), the sought links has proved to be very
hard to resolve. Vision, for instance, has ﬁve basic dimensions: three spatial,
one for wavelength and another for intensity. In olfaction, it is less clear which
dimensions to consider as ”basic dimensions” when one is comparing different
chemical structures.
Classifying Odours
Several different categorization systems or dimensions for perceived odour quality have been proposed. One of the ﬁrst was a simple seven-category system
proposed by the Swedish scientist Carl von Linné in 1752, based on odours of
plants: aromatic, fragrant, ambrosial (musky), garlicky, goaty, repulsive, and
nauseous (von Linné, 1752).
Classiﬁcation into odour categories can be binary or graded, depending on which
system is used. There is no single, widely accepted system of odour classiﬁcation in use today (Philpott et al., 2008). One of the contributing reasons for this
lack is likely that it is hard to link odorant structure to perceived quality (see
above), at least for other aspects than pleasantness (see below).
Perfume Databases and Statistical Approaches for Odour Maps
In the perfumery world, many different attempts have been made to classify perfume odours according to different schemes, usually on the basis of semantic
descriptions. Several of these maps have been developed by companies that keep
the details of the methodology behind the maps secret, which naturally limits
the scientiﬁc validity of such maps. Semantic descriptions are also limited by
the fact that there is no consensus on which odorant is most typical for a given
verbal label. However, numerical ratings of similarity between pairs of perfume
odours are usually similar between different raters (Zarzo and Stanton, 2009).
This suggests that statistical approaches could be useful, and indeed, several
approaches with principal component analysis of verbal descriptors seem to
have yielded useful results. Khan et al. (2007) used principal component analysis (PCA) and a large perfume component database to construct a perceptual
odour space and a physicochemical odour space, and found that the two maps
were related: when odorants were ordered according to their variance in physicochemical properties alone, they ended up also roughly ordered by perceptual
pleasantness. Kahn et al. concluded that pleasantness is the principal perceptual aspect of olfaction. Zarzo and Stanton (2009) applied PCA to two different
perfume component databases with semantic descriptors, and found low-level
maps of semantic descriptor similarity that agreed well with maps suggested by
experienced perfumers. Zarzo and Stanton suggest that it would be possible
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to construct a perceptual map of odour similarity, if a consensus ﬁrst can be
reached regarding which odorants best represent particular odour qualities.
It should, however, be noted that structurally dissimilar odorants may share
the same perceptual category, and that this may introduce ambiguity and errors if descriptor-based maps are used as proxies for structure-based maps.

3.4. Measuring Olfaction
Many different olfaction measurement systems were developed during the 19th
and early 20th century (see the review by Wenzel (1948)). One of the ﬁrst, simple
olfactometers6 was described by the Dutch physiologist Hendrik Zwaardemaker
in 1889 (Zwaardemaker, 1889), who constructed it for clinical examination of
olfactory dysfunction. Modern olfactometry often uses gas chromatography,
which in combination with human test subjects (who sniff the emitted odour
components one at a time) allows researchers to separate, quantify and identify
the compounds which compose an odour, and to grade the relative importance
of these components for the whole odour percept.

3.4.1. Medical Olfactory Testing in Humans
Olfactory dysfunction is the ﬁrst symptom of some serious neurologic diseases,
such as Alzheimer’s disease, Parkinson’s disease, multiple sclerosis and schizophrenia (Doty, 1997). With this in mind, several standardised tests of olfactory
function have been developed, intended for clinical use. The most well-known
seem to be the European ”Snifﬁn’ Sticks” test (Kobal et al., 1996; Hummel et al.,
1997) and the American UPSIT (University of Pennsylvania Smell Identiﬁcation
Test) (Doty et al., 1984).

3.4.2. Adaptation and Cross-Adaptation
Repeated or prolonged exposure to an odorant typically leads to stimulus-speciﬁc
and dose-dependent decreases in olfactory sensitivity to that odorant: adaptation or habituation (see Section 3.6). Olfactory adaptation results in elevations of
odour thresholds and in reduced responsiveness to suprathreshold stimulation,
but sensitivity recovers over time in the absence of further exposure. Therefore,
in experiments with olfactory stimuli, it is important to allow the subject to rest
sufﬁciently between stimulus presentations.
Exposure to one odorant can also affect the subsequent response to another
odorant. Usually the result is an adapted response to the second odorant.
This phenomenon is termed cross-adaptation. The level of cross-adaptation is
thought to be inﬂuenced by the similarity of the preceding and the current odorant, for perceptual as well as structural similarity, but cross-adaptation is not
always symmetric (Pierce et al., 1996).
6 An

olfactometer is an instrument for the measurement of olfaction, usually in humans.
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3.5. The Olfactory System Compared to Other Sensory
Systems
Timescale and Bandwith of Olfactory Perception
Imagine reading this text using Braille script (touch), or listening to it being read
(hearing). Perhaps a bit inconvenient compared to common reading (vision), but
clearly viable alternatives. Now instead imagine ”reading” the text as smells,
using your nose7 . In comparison, one can suspect that it would be very slow
going. The bandwidth of olfaction – in terms of amount information transferred
per time unit – is substantially lower compared to other sensory systems, and
the information is much more slowly updated.
Lack of ”Single-Dimension” Olfactory Stimuli
Compared to other sensory stimuli, odours have a dimensionality that is complicated to deﬁne (see Section 3.3.1). The information of an odour is contained
in the presence or absence of combinations of chemical groups, as well as the
relative proportions of these combinations. An olfactory analogue of wavelength
information or a sine wave tone would be an odorant that bound to only one
receptor, which in turn would bind no other odorants – but even if such a combination exists, it would be extremely hard to ﬁnd the pair in question among
ordinary odorants (it might be easier for pheromones, where such a ”labelled
line” system makes more sense). Also, natural odours are almost never ”pure”,
but consist of mixtures of odorants – from few to hundreds of substances. In addition, the olfactory sense has close ties to many other brain functions, among
them emotion and memory (Herz, 1998), something that can also be said to
increase the dimensionality of odours, albeit on a perceptional level.
Olfactory Input is not Gated by the Thalamus
In most sensory systems, stimuli must pass through thalamus, which gates and
modulates the ﬂow of information to cortex (Sherman, 2006). But olfactory information is not gated in this way, and yet we clearly have conscious perception
of odours (Shepherd, 2005). Arguments have been made that the olfactory bulb
itself works in a way very similar to that of the thalamus, but the argument
hinges on connections whose existence has not yet been proved (Kay and Sherman, 2007). The bulb also has been proposed to itself fulﬁll the role of primary
cortex (Haberly, 2001).
Does a Chemotopic Map Exist in the Bulb?
A striking feture of several sensory systems is the presence of an ordered projection of sensory information onto a sensory map in the primary sensory areas
(the lowest levels above the sensory neurons themselves), such as the tonotopic
7 This comparison between different sensory systems was inspired by a very similar
comparison made some years ago by Gilles Laurent (Laurent, 1999).

36

3.5. The Olfactory System Compared to Other Sensory
Systems

map in the (primary) auditory cortex and the retinotopic map in the (primary)
visual cortex. To the best of current knowledge, all mammalian species possess
topographic sensory maps, in considerable abundance (Thivierge and Marcus,
2007). It is therefore natural to wonder: does a similar arrangement, an odotopic
or chemotopic map, exist in the (mammalian) olfactory system?
In olfaction, what one most commonly means by a chemotopic map is a spatial clustering of glomeruli with similar speciﬁcity:8 in such a map, glomeruli
would be positioned in space according to how similar their preferred stimuli
are (global chemotopy), or possibly according to how similar one or a few dimensions of their preferred stimuli are (local chemotopy). A chemotopic map
in combination with lateral inhibition would lead to a ”sharpening” or ”sparsening” of the olfactory representation by letting the most active (the ”preferred”)
glomerulus or glomeruli inhibit other glomeruli activated by the same stimulus,
so that a few winners would remain active and the rest of the glomeruli would
become relatively silent9 .
Despite several decades of inquiry, there is no reliable evidence of a global
chemotopic map on a ﬁne scale, and some preliminary evidence against it (Schoppa, 2009; Linster and Cleland, 2009). Absence of a global chemotopic map
does not necessarily indicate that there is no chemotopic organization at all in
the bulb; there could still be subregions with local chemotopic maps. Indeed,
partial or local chemotopic maps seem to exist for amino acids, bile acids and
nucleotides in the zebraﬁsh (Friedrich and Korsching, 1998), and for several
types of molecular characteristics in the rat (Johnson and Leon, 2007), especially carbon chain length (Johnson et al., 2004).
It is easily seen that investigation of chemotopic maps is hard to tackle experimentally: with over a thousand possible odorants to choose from (a conservative estimate), preferably at several different concentrations, and with at
least pairwise comparisons needed for a thousand glomeruli, the combinations
to investigate number in the millions to billions. To this should be added the
considerable difﬁculty in studying a large number of consecutive odour stimuli
in the same experimental setup. The largest investigations so far, a series of
365 odours investigated by Johnson and Leon in the rat (Johnson and Leon,
2007) and a series of 100 diverse odours in rodents (Soucy et al., 2009) appear
to come to different conclusions – Johnson and Leon ﬂatly state that there is a
chemotopic map, while Soucy et al. ﬁnd only a weak and coarse relationship
with a precision of about ﬁve glomerular spacings.

8 But in some cases, the term chemotopic map is used to refer to the chemotopic convergence of the randomly spread same-receptor ORNs onto the same glomerulus.
9 In the absence of a chemotopic map, lateral inhibition could instead serve as a gain
control, dampening the overall activity in the system. This mechanism has been proved
viable in modelling studies (Cleland and Sethupathy, 2006).
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3.6. Olfactory Adaptation Mechanisms
Olfactory adaptation or habituation (see also above, Section 3.4.2)10 is generally agreed to occur at multiple levels in the olfactory system and involve both
peripheral (receptor level) and more central (post-receptor) components (Dalton,
2000). Adaptation likely combines processes on several levels, including biochemical interactions in the receptor neuron (see Figure 2.2), cellular adaptation
in neurons on several levels of the olfactory system, synaptic depression, and
feedback to the bulb from olfactory cortical processing (Kadohisa and Wilson,
2006).

3.6.1. Olfactory Adaptation in the ORN
Calmodulin-dependent Kinase Type II (CaMKII) has been shown to play an important role in olfactory adaptation in olfactory receptor neurons, by downregulating the production of the signal substance cAMP (Leinders-Zufall et al.,
1999). Another important mechanism is direct inhibition of cyclic nucleotidegated channels in the ORN by active calmodulin (Adelman and Herson, 2004).

3.6.2. Olfactory Adaptation in the Olfactory Bulb and Piriform Cortex
Pyramidal cells in the piriform cortex show rapid and very speciﬁc adaptation
to odours – within tens of seconds, and persisting up to two minutes (Wilson,
1998) – despite continued mitral cell input. The rapid adaptation is associated
with depression of the synapse between the mitral and pyramidal cell (Wilson,
1998), and involves metabotropic glutamate receptors on the presynaptic side
(Yadon and Wilson, 2005). Adaptation in the olfactory bulb (OB) is slower and
less speciﬁc to a particular odorant, with more cross-adaptation between similar odorants (Wilson, 2000). There is also a documented long-term type of
habituation, which also needs to be induced by long-term stimulation11 and is
mediated by NMDA receptors in the OB, which takes more than 30 minutes to
reverse (McNamara et al., 2008).

3.7. Summary and Conclusions
Odours are slow and cumbersome stimuli, compared to stimuli for many other
senses, but olfactory testing in humans is nevertheless a research area of high
10 Generally, the term ”adaptation” is used to refer to exposure-induced decreases in
response on the sensory level, while ”habituation” is used to refer to decreases relating to
more central processes. However, in olfaction the underlying processes and their relative
importance for adaptation are not yet fully clariﬁed. I will therefore exclusively use the
term ”adaptation” here.
11 In the short-term vs long-term habituation comparison by McNamara et al. (2008),
the short-term paradigm consisted of ﬁve stimulus presentations, each lasting 10 seconds
with 20 second inter-stimulus interval (ISI), while the long-term paradigm consisted of ﬁve
stimulus presentations, each lasting 50 sec, with a ﬁve minute ISI.

38

3.7. Summary and Conclusions

medical and commercial interest, due to possibilities in early medical diagnosis of neurological diseases and the commercial interest in food and perfumes.
Odours are also hard to categorize, more than into degrees of pleasantness,
but large-scale statistical approaches based on odour descriptor databases have
shown some initial, promising results. One important lack in this approach is
that it commonly includes only a subset of odours, since the large databases
available are based on perfume ingredients.
In opposition to many other senses, olfactory information is not gated by the
thalamus and is therefore not in the direct path of olfactory information from
periphery to cortex. It is unclear exactly what this implies for olfactory processing, but since lesions to the thalamus impair performance in several olfactory
tasks, thalamus still holds some importance.
In contrast to some other senses, the olfactory sense does not seem to have an
ordered projection of sensory features onto the second sensory stage; a ”sensory
map” or ”chemotopic map”, at least not on a scale ﬁne enough that neighbour
glomeruli have similar responses. However, without a completely clear view of
the connectivity and processing in the olfactory bulb, it is hard to draw ﬁrm
conclusions on what the lack of a chemotopic map would imply.
There seem to be few bridges between the olfactory research performed on the
level of perception psychology and the olfactory research taking place on the
cell, microcircuit and systems levels. The lack of an overarching, experimentally
established theory of the details of olfactory cortical processing is an obvious
barrier, but hopefully not for long. Smaller model organisms such as insects
and rats, and models of the olfactory processing taking place in such organisms, could perhaps help lessen the gap between research areas. Additionally,
modellers could try to match their results to psychophysical data – it could lead
to both better models and a better integration between the ﬁelds.

Chapter 4

E XPERIMENTAL I MAGING T ECHNIQUES
IN O LFACTION
Computational neuroscientists need experimental data to construct models, and
to verify simulation results. It is therefore important to have a working knowledge of experimental techniques, their limits, advantages and disadvantages.
This thesis chapter is intended to brieﬂy catalogue the use, advantages and disadvantages of some current imaging techniques in olfaction research, seen from
the viewpoint of trying to understand basic olfactory function – especially its
precognitive and early cognitive parts.
I will concentrate on the possibilities and limitations of olfactory research using non-invasive functional neuroimaging methods that can be used for investigation in living subjects. Such methods can be classiﬁed into two broad
groups: direct and indirect methods. In general, the main difference is that direct techniques measure the electrical and/or magnetic properties of the neural
response, while indirect methods measure response-dependent effects such as
those mediated by neurovascular coupling1 . As a rule of thumb, imaging methods can either be quick, i.e. have a temporal resolution that allows following the
neural response over time, or have excellent spatial resolution (comparable to
the size of a neuron). Direct methods are usually quick with bad spatial resolution and indirect methods are usually slow but with good to excellent spatial
resolution. But current technical developments, such as quick random-access
multiphoton microscopy, seem to indicate that this temporal-spatial tradeoff
will be less extreme in the future. However, methods based on metabolic responses will always be fairly slow, since they are limited by the time-scale of the
1 Neurovascular coupling is the relationship between local neural activity and subsequent changes in local brain metabolism; such as consumption of glucose, blood oxygenation or blood ﬂow.
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metabolic response.
It is common to divide imaging methods into two categories; electromagnetic
and haemodynamic techniques (Royet and Plailly, 2004). This division excludes
optical methods and I will therefore not follow it here. I will refer to electromagnetic techniques such as electro-encephalography (EEG), event-related potentials (ERP), and magneto-encephalography (MEG) as direct methods, while
haemodynamic techniques such as positron emission tomography (PET) and
functional magnetic resonance imaging (fMRI) will be referred to as indirect
methods. Since the optical methods require a reporter or indicator (usually
a molecule that shifts its ﬂuoresence spectrum in response to the investigated
signal), they are also indirect methods. Optical methods can, however, be used
to image direct as well as indirect aspects of a neural response; voltage-sensitive
indicator dyes show the voltage change itself, while calcium imaging methods
show the response-dependent changes in calcium concentration.
The scope of this thesis makes it impractical to give a full presentation of currently used experimental techniques. I have therefore chosen to concentrate on
four techniques that are broadly used and illustrate many important possibilities and difﬁculties: event-related potentials generated from electro-encephalograms, positron emission tomography, magnetic resonance imaging (in two different variants), and calcium imaging. Each of the techniques will be presented
in its own section, with a general method overview and a discussion of method
limitations in relation to the properties of olfaction.

4.1. Properties of Olfaction Affecting its Imageability
Most active researchers in the ﬁeld today hold that glomerular activation – the
sets of active and inactive glomeruli, and the proportions of activity – is the
”odour code” that is read out by the brain. Some hold temporal aspects of the
code to be most important, others argue that the spatial arrangement of active
and inactive glomeruli is the basis for the identiﬁcation of odour. Because of
the earlier mentioned trade-off in spatial versus temporal resolution, it is hard
to investigate both aspects of the code simultaneously. Most of the common
functional imaging methods, direct as well as indirect, are problematic from an
olfaction measurement perspective in that they either have a too limited spatial
resolution or a too small ﬁeld of view – they might be unable to give a resolution
good enough to make it possible to clearly distinguish single glomeruli (≈ 50100 𝜇m diameter in mice), or be unable to detect activity beneath the superﬁcial
parts of the glomerular layer.
The placement of glomeruli in the main olfactory bulb is commonly stereotyped between mammal subjects (speciﬁcally, this is well investigated in rodents). Thus it is possible to average imaged brain activities over subjects and
do comparisons between subjects.
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The olfactory cortex is a collection of higher olfactory areas (see Figure 2.4 in
Chapter 2). The piriform cortex, or primary olfactory cortex, is generally considered to be the most important of these areas, but there are substantial olfactory
bulb projections also to the rest of the anterior olfactory cortex, the olfactory
tubercle, the entorhinal cortex and the amygdaloid cortex – and an equally substantial number of backprojections to the olfactory bulb. Secondary activated
areas are even more numerous, and compared to other senses olfaction is held
to have closer ties to emotions and memory. In food-related odour stimulation,
there is also usually an activation of the gustatory system, and integration of
such variables as taste, smell, texture, temperature and hedonic value of the
foodstuff in question. Thus, odour stimuli can be expected to recruit a large
network of active areas in the brain.
Olfactory activation is usually tied to the breathing cycle. Though ignored for
many years, snifﬁng is now generally held to be very important in olfaction (Sobel et al., 1998). This of course has implications for measurement methods that
somehow affect breathing; methods that require anesthesia, or methods where
odour stimuli are transferred as a continuous stream of odourised air, or methods that require artiﬁcial breathing patterns. In response to this need, Cheung
et al. (2009) have developed a method for generating natural snifﬁng patterns
(which can even be prerecorded from awake behaving animals). This should
make investigations of the relationship between snifﬁng and odour coding easier.

4.2. Electromagnetic Imaging Techniques
4.2.1. Event-Related Potentials – ERPs
An event-related potential (ERP) is generated by summation of many ”snippets”
of EEG data from different trials, aligned with the stimulus onset as zero. In
olfaction, classical methods utilizing EEG and ERP recordings in response to
olfactory stimuli have been in use since the 1960s. These chemosensory ERPs
are sometimes abbreviated CSERP.
Electromagnetic methods are mainly designed for recording superﬁcial brain
activity and are therefore unsuitable for recording small olfactory areas located
deep in the brain. These methods have excellent temporal resolution (a few milliseconds), but poor spatial resolution (several centimeters).
With the development in 1978 of methods to deliver odour in a controlled fashion
without ”undesirable stimulation of thermo- and mechanoreceptors” – namely,
inserting the odorous chemical in a constant stream of clean air brought to the
nose by tubing (Kobal and Hummel, 1988) and checking for concentration accuracy with the help of ﬂame ionization – the possibility arose to use odours as
reliable stimuli for the generation of ERPs. This manner of delivery, however, requires the subject to use an artiﬁcial breathing technique in which the passage
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The main components of the chemosensory event-related potential (CSERP) are
called the N1, N2 and P3 (Pause and Krauel, 2000), similar to the components
of a general ERP (see Figure 4.1). The N1 component is considered to reﬂect
processing of exogenous stimulus properties in dependence on the endogenous
state of the subject (Pause and Krauel, 2000). The N2 component is thought
to reﬂect mismatch negativity, and the P3 component has ”cognitive features”:
it has a larger amplitude in response to rare stimuli than to frequent stimuli
and it has a smaller amplitude when an expected stimulus occurs for certain
(Pause and Krauel, 2000). The P3 component is related to the incentive value of
a stimulus and thus an indicator of the emotional involvement of the subject.

4.3. Haemodynamic Imaging Techniques
Commercial positron emission tomography (PET) and functional magnetic resonance imaging (fMRI) have been in use since the 1980s and 1990s. These
haemodynamic methods have better spatial resolution than the electromagnetic
imaging techniques (on the order of millimeters), but a temporal resolution of a
few seconds – very slow compared to the timescale of most neuronal responses.
In addition, both PET and fMRI are fairly equipment-heavy, requiring big machines and trained personnel. PET also requires radioisotopes, which are commonly so short-lived that they need to be manufactured onsite with the help of
a cyclotron, and a laboratory with the ability to produce molecules tagged with
the newly produced isotopes.

4.3.1. Positron Emission Tomography – PET
Positron emission tomography, PET, uses minute amounts of a radiolabeled
compound – a biologically relevant molecule with a common carbon, nitrogen
or oxygen atom exchanged for its radioactive isotope – to image brain activity
and structure. The compound is either injected or inhaled by the research subject, and is then processed by the body and brain in the same way as the normal,
unlabelled compound would be. When the radioactive isotope decays, it emits
positrons that collide with electrons in the brain, creating two photons sent off
in opposite directions. The emitted photons are detected by the PET scanner,
non-coincident photons are ignored, and computer analysis of the origin of location of the coincident photons is used to create 3D images of concentration at
different positions.
Depending on which compound is used, a large number of different metabolic
and physical brain functions can be studied. Depending on their energy, which
is decided by the isotope type, the photons travel a certain distance before collision. This distance affects the ﬁnal PET scan resolution.
The PET technique does not usually allow an adequate signal to noise ratio to
be obtained in less than one minute; the fastest demonstrated response detection is 30 seconds, according to 2004. PET studies of olfaction typically utilize
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the bolus H215O (i.e. labelled water) technique for assaying changes in regional
cerebral blood ﬂow (Zald and Pardo, 2000). The short half-life of oxygen-15
allows the planning of several experimental conditions in a single session, commonly up to 12 scans of 60 s each (Royet and Plailly, 2004).
Most PET studies with oxygen-15 collect data over 60-90 second scan periods,
with the peak sensitivity occurring in the ﬁrst 30-40 seconds of the scan. This
large temporal window means that single discrete odorant exposures cannot be
studied; subjects must receive either one prolonged exposure or several repeated
discrete exposures during the scan period. The long temporal window may prevent detection of areas that adapt or habituate rapidly, but it also allows for less
precise odorant delivery mechanisms (Zald and Pardo, 2000).
There exists a dopamine transporter-speciﬁc radioligand, [11C]ß-CFT (2- ßcarbomethoxy-3ß-(4-ﬂuorophenyl) tropane). One interesting possible application of PET is to study dopaminergic modulation of olfaction, since dopamine is
known to affect odour detection thresholds, odour discrimination, and learning
capabilities. Such studies have as of yet mostly been performed on Parkinson
patients, who commonly have olfactory impairments; such olfactory deﬁcits can
show years before other symptoms. Olfactory capability tests therefore have
diagnostic value.

4.3.2. Functional Magnetic Resonance Imaging – fMRI
Functional MRI (fMRI) measures changes in blood oxygen to assess the functional status of different brain regions. The received signal reﬂects changes in
the relative proportion of oxyhemoglobin and deoxyhemoglobin (oxygenated and
deoxygenated blood) that occurs when a brain region increases its blood ﬂow
during increased neural activity.
Deoxyhemoglobin contains uncoupled electrons responsible for magnetic interactions that do not exist in oxyhemoglobin, causing a dephasing of the spins in
the imaged brain voxel2 . During activation, spin dephasing is slower and signal intensity is enhanced (a few percent) on a T2*-weighted image. This effect
is called the ”blood oxygenation level dependent (BOLD) contrast” (Royet and
Plailly, 2004).
Relative to the PET method, fMRI has a number of practical advantages: It
is non-invasive and less expensive because it does not need an infrastructure
with a radionuclide-producing cyclotron (and associated specialized medical and
paramedical personnel), and since there is no radioactivity involved, the number
possible of scans per subject is greater (Zald and Pardo, 2000). The temporal
resolution of fMRI is commonly a bit better than that of PET, although still low
– more than one second, often several seconds depending on the complexity of
the task – because of the intrinsic latency of the BOLD response (Kim et al.,
2A

voxel is a volummetric element; the 3D equivalent of a pixel.
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1997; Babiloni et al., 2009). Likewise, the spatial resolution of fMRI, 1-5 mm, is
better than the often centimeter-level resolution of PET (Babiloni et al., 2009).
But fMRI also has disadvantages compared to PET: it is noisy and is more sensitive to both motion artifacts and magnetic susceptibility artifacts, especially
in the vicinity of air-tissue interfaces. The last is especially troublesome in olfaction research, since these artifacts are located in the olfactory regions (Royet
and Plailly, 2004). Pulsatile artifacts can also make it difﬁcult to image these
regions. In fact, the signal changes for pulsatile artifacts may exceed those
produced by actual activation, and such artifacts pose particular problems for
olfactory studies due to their link to respiration (Zald and Pardo, 2000).
Functional magnetic resonance imaging, or fMRI, is not reserved for human
subjects only. The most common experimental subjects in vertebrate olfaction
are without doubt rats and mice, and there are methods developed to deal with
small animals in fMRI (Van der Linden et al., 2007). This opens up possibilities
to use fMRI to study odour activation in gene-targeted animals, for instance with
other types of odorant receptors where the ligand is known.
The bulb itself is three-dimensional, but to facilitate visualization, interpretation and comparison between olfactory fMRI images it is common to generate
two-dimensional maps of bulb activation, using a single ﬂat map to represent
the odour-induced spatial activity patterns in the entire glomerular layer. Since
the fMRI images are computer-based from the beginning, this process can be
largely automated. Among others, SenseLab at Yale University has developed
open source software tools to construct 2D maps from correlated MRI and fMRI
images (from rodents), and to retrieve them from a web database. The software
is called OdorMapBuilder (Liu et al., 2004). In addition, a web-based database,
OdorMapDB, has been developed to provide a data repository with retrieval tools
for the odour maps (although it does not seem to have been signiﬁcantly updated
since 2004).
To date, the most impressive odour map resolution achieved is that of Xu and
colleagues (2003, 2005), who used fMRI with a 7T magnet to map rat olfactory
bulb and accessory olfactory bulb activation patterns at a detail level of 100200 𝜇m and a temporal resolution of 8 – 30 seconds. The imaged structures are
small; the main olfactory bulb (MOB) size of the mice investigated was about 2.8
mm long, and the accessory olfactory bulb (AOB) a mere 0.7 mm long.

4.3.3. Manganese-Enhanced Magnetic Resonance Imaging – MEMRI
The use of manganese, Mn2+ , as a contrast agent in combination with fMRI and
MRI – Manganese-Enhanced MRI (MEMRI) – has yielded some promising results.
Mn2+ has ﬁve unpaired electrons and functions as a paramagnetic analogue of
Ca2+ . The result is a shortening of the spin-lattice relaxation time-constant, T1,
which yields positive contrast enhancement in T1-weighted MRI images - neurons active in the response will show up more clearly in the MRI image, since
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they take up more Mn2+ . Manganese cannot easily cross the blood-brain barrier,
but can be taken up by nerve cells that project to the brain, such as olfactory
receptor neurons, commonly via injection of a manganese-salt solution in the
nasal cavity. Well inside the brain, Mn2+ is capable of entering cells through
voltage-gated Ca2+ channels (Pautler, 2004).
Mn2+ can be transported anterogradely and is able to cross synapses. The axonal transport is quite fast, on the order of millimeters per hour. MEMRI maps
therefore represent a combination of purely anatomical information and (integrated) moment-to-moment neural activity, although on a relatively slow timescale: maximal normalized signal intensity in the olfactory bulbs of rat (that is,
after crossing over 1-2 synapses) occurred at 29 h post-Mn2+ in an experiment
by Tjälve et al. (referenced by Pautler (2004)). The maximum Mn2+ level in piriform cortex, another synapse away, occurred at 40 h post Mn2+ application.
Unfortunately, although manganese is a trace element that the body requires,
it is also neurotoxic – in high enough doses it oxidates dopamine, resulting in
dopamine depletion and Parkinson-like symptoms. Levels of Mn2+ commonly
used in MEMRI studies are well below neurotoxicity (Pautler, 2004), but it is
likely that the mere threat of neurotoxicity might limit the applicability of MEMRI
in research on humans. On the other hand, the restrictions with respect to anesthesia (and monitoring) are less stringent, and this has contributed, to a large
extent, to the success of this method in mice (Van der Linden et al., 2007).
Connecting the response of speciﬁc OR types and ORNs to the response of corresponding cells in the olfactory bulb usually requires genetic tagging, which
limits the research to animals that can be readily genetically modiﬁed (such as
rodents). Tagging also limits the researcher to looking at one or very few OR
types per subject, and it is not activity speciﬁc. Using MEMRI instead enables
the study of all ORNs responding to an odorant, as well as the cells contacted
by these ORNs – and since Mn2+ is eventually degraded, multiple investigations
can be performed in the same subject. One nice example of the usefulness of
the MEMRI technique is the study by Chuang et al. (2009), who used the MEMRI
technique to chart the functional network behind an odour response and showed
that these networks differ between odorants; the bulbar areas activated by the
different odorants – acetophenone, carvone, and octanal – appear as distinct
but partly overlapping hotspots of contrast. Using transgenic mice that had a
known octanal-responding glomerulus GFP-tagged, Chuang et al. could also
show that there was a focal activation 200-300 𝜇m beneath the glomerulus –
probably corresponding to information transfer into the mitral cell layer.

4.4. Functional Optical Imaging
Optical imaging methods are currently undergoing an intense development, in
measurement technology and speed as well as in the development of new and
better reporters or indicator molecules. In addition, optical methods bene-
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ﬁt greatly by the growth of digital image acquisition and laser-scanning microscopy, and by the increased availability of cheap storage space and computational power (Wilt et al., 2009). It has been predicted that the photon will
progressively replace the electron and electrophysiology’s role in investigation of
neural signalling, especially for targeted stimulation and silencing of neuronal
populations (Scanziani and Häusser, 2009).

4.4.1. Measurement Technology
Functional optical imaging typically uses laser-scanning microscopy, in which
a laser beam is focused down to a miniature light dot (on the order of micrometers) and used to excite ﬂuorescent molecules. The signal measured is the
ﬂuorescence change; Δ𝐹 = 𝐹𝑝𝑒𝑎𝑘 − 𝐹0 , where 𝐹0 is the baseline ﬂuorescence
and 𝐹𝑝𝑒𝑎𝑘 is the transient ﬂuorescence peak. Spatial information is gathered
by scanning (moving) the laser focus. In two-photon laser scanning microscopy
(TPLSM), which has become the prevalent method, two photons are absorbed simultaneously (within less than 10−15 seconds) and their energies are combined.
Therefore, near-infrared light (wavelength 700-1000 nm) can be used instead
of shorter wavelength light. This has two important advantages: near-infrared
light gives less scattering in biological tissue, and the ﬂuorescence signal will be
dependent on the square of the excitation light intensity, so ﬂuorescence will be
more localized. Compared to single-photon microscopy, TPLSM allows viewing
deeper into the tissue (Wilt et al., 2009).
TPLSM covers the spatial scales between 1 𝜇m and 1 mm, and allows imaging depths up to about 1 mm deep into the brain tissue (Wilt et al., 2009). The
possible measurement depth is a ”hard” limit, imposed by light scattering in
brain tissue. Typically, the pair of scanning mirrors used are capable of 1-2 kHz
line scans – with an image of 128 x 128 pixels this gives an image aquisition rate
of 8-16 Hz. This modest rate can be increased by several orders of magnitude
by the use of more sophisticated scanning techniques (Saggau, 2006), such as
steering the laser beams with acousto-optic deﬂectors (AODs) to an arbitraty set
of predeﬁned points of interest. This technique also allows 3D image aquisition.
An interesting alternative to TPLSM is to use light-sheet microscopy, a onephoton technique that allows 3D imaging. The beneﬁts are reduced background
ﬂuorescence and reduced photobleaching at locations that are not currently
being imaged, and it is possible to do fast volummetric imaging of superﬁcial
tissues. Holekamp et al. (2008) have used this technique to track Ca2+ dynamics in about 700 somata in the vomeronasal epithelium, placed in a 150 x 425 x
250 𝜇m3 region, and to monitor Ca2+ dynamics in 88 cells within a single plane
at 200 Hz.

4.4.2. Reporter Molecules
Functional optical imaging of neural responses requires a reporter molecule to
convert membrane potential or its consequences into an optical signal; usually
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4.4.3. Functional Multineuron Calcium Imaging (fMCI)
Calcium is a major signalling molecule in neurons, and cell activity is often reﬂected in changes in intracellular Ca2+ concentration. Thus the Ca2+ concentration can be used as an indicator of neural response. Functional calcium imaging
uses calcium-binding indicator dyes that differ in ﬂuorescence depending on if
they have bound calcium or not. The ratio between ﬂuorescence intensity at
the ”bound” and ”unbound” wavelength response peaks is used to calculate the
relative amount of bound Ca2+ ions and the intracellular calcium concentration.
Functional calcium imaging in populations of neurons has been in use since
the beginning of the 1990s, and was pioneered by Yuste and Katz (1991). Compared to the haemodynamic techniques covered earlier in this chapter, functional calcium imaging has a higher spatial resolution; it can be used to record
from neuron populations on a single-neuron resolution level. But due to the
technological limits imposed by scattering and microscope measurements, calcium imaging can not be used to visualize more than comparatively small parts
of the brain at once. Accessible tissues, such as the olfactory epithelium and
bulb in vertebrates, or whole brains of insects, can however be imaged at an increasingly ﬁne-grained temporal resolution. Since temporal codes are suggested
to be important to olfactory coding, faster Ca2+ imaging offers the possibility
of important contributions to the understanding of olfaction (right now, electrophysiological methods must be used to investigate temporal coding (Galizia and
Szyszka, 2008)).
Reﬁnement of the Technique: Selective Labelling
Calcium imaging is commonly used as a ”bulk” imaging technique, but it is also
possible to selectively label a small group of neurons in a local circuit, using
electroporation through pipettes loaded with dye. Another selective labelling alternative is the use of genetically encoded, green ﬂuorescent protein (GFP)-based
calcium probes, consisting of a GFP molecule linked with a calcium-sensitive
part. These probes will only be expressed in the selected population of neurons – for instance, Wang et al. (2003) used a genetic probe expressed in ORNs
and projection neurons to map odour-evoked activity in the antennal lobe of
Drosophila. Another labelling alternative is to ﬁrst use one ﬂuorescent genetic
marker to label a cell type of interest, and then use this signal to sort out the
relevant cells from the total response in normal (non-selective) multineuron calcium imaging. Such an approach has been used by Yaksi and Friedrich (2006),
who genetically expressed a yellow ﬂuorescent marker in mitral cells of the zebraﬁsh olfactory bulb, and then used a red-ﬂuorescing indicator to image the
calcium response.
Limits: Temporal Resolution of Calcium Imaging
The temporal resolution of the basic calcium imaging technique is fairly low,
0.5-30 Hz, but since one of the main bottlenecks lies in the aquisition of images,

50

4.5. Summary and Conclusions

there are several technical solutions that can speed up the process - up to millisecond frame rates have been achieved (Takahashi et al., 2007).
The temporal resolution of calcium imaging is also limited by the choice of reporter molecule; image acquisition may be slowed down by the reporter molecule’s
calcium binding dynamics, and the spike trains giving rise to the Ca2+ signals
may also be obscured by noise and the cell’s own Ca2+ buffering mechanisms
(Wilt et al., 2009). Several different data treatment techniques, such as template matching and temporal deconvolution (Yaksi and Friedrich, 2006) have
been suggested for the generation of better spike train estimates.
Analysis of fMCI Data
Reconstruction of neuronal activity from fCMI datasets is commonly done manually, ofﬂine – analysis can therefore be a time-consuming and error-prone process. However, it is possible to construct an efﬁcient algorithm that performs
the same work automatically – Takahashi et al. (2007) report that they have
achieved 93% accurate spike detection with a support vector machine based approach. Future progress in automated data-analysis algorithms for large Ca2+
imaging datasets could be important for speeding up scientiﬁc progress in the
area – especially with the current fast increases in measurement technology
described above.

4.5. Summary and Conclusions
As a rule of thumb, imaging methods are either fast with low spatial resolution or slow with good spatial resolution. Of the methods reviewed here, EEGs
(and ERPs) belong in the fast category, while fMRI and PET are slower with
better spatial resolution, though still far from single-cell level. Ca2+ imaging belongs somewhere in the middle of these two categories – slower than EEG/ERP,
usually faster than fMRI and PET, with a potentially high temporal or spatial
resolution (not yet both simultaneously). New methods, such as large-scale
multi-neuron Ca2+ imaging, have the potential to eventually combine high spatial resolution with high temporal resolution. To fully realize the value of such
data, it is likely that one or several genetic tagging methods need to be used to
allow the identiﬁcation of neuron types.
Many imaging methods do not allow imaging on the single-cell resolution level
and/or time-course, which makes it hard to assign responses to speciﬁc neurons or neuronal populations – to be able to do this would however be very
important for data that will be input to or validation for computational neuroscience models. For some methods, technical developments will eventually
overcome these resolution and assignment barriers. For other methods, such
as PET, resolution limits are hard-wired into the method itself and not likely to
be overcome. The indirect contribution of such methods can still be very valuable; even general millimeter- and second-resolution images of brain function
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give a better understanding of the brain, better theories, and in the end better
models.
One recent development in modelling of olfaction is the interest in neuromodulation of olfactory function (Mandairon et al., 2006; Nadim et al., 2008; Linster
et al., 2009). Here, both PET and fMRI can give potentially valuable information
on sources, types and extent of modulation.
Computational neuroscientists need experimental data to construct models, and
to verify simulation results. Imaging data, which offers a view of how neuronal
populations interact, is very valuable to modellers of neural circuits and networks. Models are, however, probably of limited use to researchers in experimental imaging, but this need not remain so. Several mechanisms underlying
modern imaging techniques are sufﬁciently well-documented to allow generation
of synthetic imaging data – synthetic EEG (and why not ERPs?), MEG, BOLD responses and calcium images should all be possible. For detailed, biologically
realistic models, synthetic imaging data could help in the comparison of simulation results with experiments.
Databasing and sharing initiatives for imaging data – such as the brainMap
database (brainmap.org) – should increase the value and accessibility of imaging data to the research community, also for those who do not perform imaging
experiments themselves. There are also less obvious, but potentially very valuable, possibilities inherent in having access to a large collection of imaging results: one example is the Bayesian classiﬁcation of the likelihood of a cognitive
function being localized to speciﬁc brain areas (Poldrack, 2006).

Chapter 5

B ASICS OF C OMPUTATIONAL
N EUROSCIENCE – F ROM A
H ISTORICAL P ERSPECTIVE
Computational neuroscience, the mathematical and theoretical study of the
brain, is a scientiﬁc area that borders on many others: mathematics, physics,
computer science, medicine, psychology, and physiology - to name a few. The
development of the ﬁeld of computational neuroscience has been dependent on
both technical and theoretical advances. Although computational neuroscience
is younger than its parent ﬁeld of neuroscience, the difference in age is less than
what one may think.
In computational neuroscience, experimentalists and theoreticians meet on moreor-less equal footing but usually with very different viewpoints. Therefore, regardless of starting position, some conventions are bound to be confusing for
beginners in the ﬁeld. I have found that knowledge of the history of neuroscience
as well as computational neuroscience can be a great help for understanding. I
will therefore give a brief overview in this chapter. My aim is to be illustrative
rather than complete, and my choice of highlights mainly consists of ﬁndings
relevant to my own research.

5.1. The Nerve Cell
5.1.1. The Beginning: Continuous Web or Discrete Units?
The human brain has around 100 billion neurons. Most of them measure no
more than a couple of micrometers in diameter and extend a myriad of even
thinner processes, dendrites and axons, into their surroundings – in total, the
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brain of a 20 year old female contains 149,000 km of myelinated ﬁbre (Marner
et al., 2003). Before the advent of well-resolved imaging techniques, there were
two competing hypoteses on the composition of the brain. The ﬁrst was the reticular theory proposed by Joseph von Gerlach in 1871, which held that the brain
was an interconnected, continuous reticulum1 of cytoplasm (where cells werre
nodes). The second was the neuron doctrine formulated by Waldeyer-Hartz in
1891, which stated that the brain was composed of discrete cellular elements or
neurons2 . Though it was readily accepted by the mid-19th century that the rest
of the body consisted of cells, the brain remained a disputed area for decades.
The dispute on the composition of the brain was not only a matter of anatomical structure; the theories of connection were also theories of how the brain
operated. Separate neurons and pathways implicated localized functions and
independent functional areas, while a continuous net of ﬁbres would mean that
the brain had to act as a whole in everything it did (Fishman, 2007).

5.1.2. Golgi’s ”Black Reaction”
The development of the neuron idea, in the late 1880s and early 1890s, could
not have occured without a very important technical development in visualization of neuronal structure – the rezione nera or ”black reaction”. It was invented
in 1873 by the italian scientist Camillo Golgi, possibly by accident3 , when he
was using silver nitrate to stain material that had previously been hardened in
potassium dichromate. The combination coloured a small, random subset4 of
neurons a clear and uniform black. For the ﬁrst time, long neural processes
could be studied, and the terminal portions of axons and dendrites could be
seen. The Golgi stain was undependable and difﬁcult to reproduce, and so was
not much used between 1880 and 1885 (Fishman, 2007) when Golgi reported
on it. It nevertheless provided the ﬁrst experimental evidence for neurons as
single units and a clear visual argument for the neuron doctrine – if neurons
were not separate units, why would one neuron be stained and its surrounding
neighbours remain uncoloured? Ironically, Golgi himself was a staunch proponent of the reticular theory, which was the prevailing view of the time.
Golgi’s contemporary Santiago Ramón y Cajal developed and used the Golgi
1 meaning

network or web; the Latin word reticulum = ”net”.
coining of the term neuron or neurone is usually attributed to Heinrich Wilhelm
Gottfried von Waldeyer-Hartz in 1891, but several different researchers – among them
Swiss embryologist Wilhelm His, Swiss psychiatrist August Forel, Swiss histologist Rudolf
Kölliker and Swedish anatomist Gustaf Retzius – were involved in the development of the
concept of the neuron as an independent unit (Mazzarello, 1999; Guillery, 2005).
3 According to Gunnar Grant (1999), Retzius states in a footnote in his autobiography:
”I have learnt from one of Golgi’s assistants that this method of his, the so-called Golgi
method, was discovered quite unexpectedly, when he wanted to test the experiments carried out by Key and me with silver staining . . . thereby Golgi used material that had been
hardened in potassium dichromate, he accidentally saw single nerve cells in the adjacent
brain substance that were stained dark-brown”.
4 The Golgi stain usually colours just around 1 percent of the neurons.
2 The
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technique after being introduced to it in 1887 by the Spanish neuropsychiatrist
Luis Simarro Lacabra, who himself had used it to prepare sections of the cerebral cortex, with successful results (Fernandez and Breathnach, 2001). In free
translation by CS Sherrington5 , this is Cajal’s description of his ﬁrst encounter
with Golgi-stained preparations:
”All was sharp as a sketch with Chinese ink on transparent Japanpaper. And to think that that was the same tissue which when stained
with carmine or logwood left the eye in a tangled thicket where sight
may stare and grope for ever fruitlessly, bafﬂed in its effort to unravel
confusion and lost for ever in a twilit doubt. Here on the contrary,
all was clear and plain as a diagram. A look was enough. Dumbfounded, I could not take my eyes from the microscope.”
Cajal then proceeded to chart the nervous system in ﬁne detail using Golgi’s
method, and in the process became convinced that the neuron was the basic
unit of the nervous system. He also concluded that the neuron was polarized,
with one end (dendrites) receiving input and the other end (the axon) forming the
output (Guillery, 2005) – this became one of the neuron doctrine’s most important tenets6 . In addition, Cajal was among the ﬁrst to argue that the dendritic
spines, which could be seen in stained neurons, were important functional elements and not artefacts. Cajal’s opus ”Textura del Sistema Nervioso del Hombre
y los Vertebrados”, or rather its French translation published in 1911, formed
the basis of modern neuroscience.
The Golgi stain was almost forgotten in the period between the two World Wars,
but became useful again after the development of the electron microscope and
its subsequent introduction into neuroscience by the mid-20th century. At that
time, the Golgi stain was the only reliable histological technique available, and
it is still used today (Pannese, 1999).
Golgi and Cajal shared the Nobel Prize in Physiology or Medicine in 1906, and
met for the only time in Stockholm that year. Each delivered a lecture7 on
their respective chosen theory, politely gainsaying each other (Cajal, 1906; Golgi,
1906).
Ultimately, the neuron doctrine became the prevailing view, and decades later
the theory was ﬁnally validated when electron microscopy could show that a
neuron was completely enclosed by its plasma membrane (the synaptic gap is
too small too be resolved in a light microscope (Guillery, 2005)).
5 cited

in Fernandez and Breathnach (2001).
since then it has been found that not all neurons are polar. The graded,
two-way synaptic interaction between mitral and granule cell dendrites in the olfactory
bulb is one such counterexample.
7 Illustrated transcripts of the lectures are available via the Nobel Prize website;
http://nobelprize.org/.
6 However,
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5.1.3. Consequences of the Neuron Doctrine
The identﬁcation of the neuron as the basic unit of the brain – and later, of the
synapses as the connections between neurons – meant that instead of tackling
the brain as a whole, which would have been a supremely daunting prospect at
the turn of the previous century, researchers interested in some brain functions
could study single neurons and microcircuits (small groups of neurons and their
connections).

5.2. Computers, Compilers and Simulators
5.2.1. Computers
The actual timepoint for the invention of the computer is rather vague, although
there is no doubt that much invention in electrical computers was sparked by
the WWII (see below). Charles Babbage’s Difference Engine and Analytical Engine can be seen as the ﬁrst mechanical computers, but there is some dispute
about exactly which was the ﬁrst electrical computer - especially since the minimal deﬁnition of ”computer” is unclear. Does a ”real” computer have to be
programmable? Must it have a separation between processor and memory, and
use a binary representation? Must it be a universal Turing machine8 ?
Problems with programming and reprogramming the earliest computers lead
John von Neumann to develop the ”von Neumann architecture” in 1945, also
called the ”stored-program computer”; a design model with a separate storage
unit holding both instructions and data. This format saved a lot of time in
reprogramming, since one did not have to physically rebuild the computer to
change its program. Originally, the idea was to let the computer rewrite its own
program, but this possibility is not much used today. The separation between
memory and CPU (central processing unit) in the von Neumann architecture,
however, leads to a bottleneck effect (the ”von Neumann bottleneck” deﬁned by
Backus (Backus, 1978)), since the CPU is often stuck waiting for data to be
transferred to or from memory. This problem is partially solved by introducing
a cache, a small fast memory close to the CPU.
The computer age did not begin until later, when computers could be built using integrated circuits and LSI (Large Scale Integrated) circuits. The ﬁrst computer in a series of compatible computers (IBM 360) and the ﬁrst supercomputer
(Cray’s ”Control Data CD6600”) were both delivered in the middle of the 1960s.
20 years later, it was possible to buy a ”cheap and powerful” PC, the Amstrad
PC1512, for less than £1000 (IMA, 2009).
8A

computer which is a universal Turing machine is, in theory, able to perform any
calculation that any other programmable computer is able to perform.
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Konrad Zuse and the Z Series
The Z1, one of the earliest computers, was invented by German autodidact Konrad Zuse between 1936 and 1938. The Z1 used sliding metal rods to represent
binary numbers. A later version, the Z3, was almost identical but instead used
electromechanical relays (Rojas, 1994). It was ready in 1941. Zuse applied for a
patent for his ”Rechenvorrichtung” in 1941 (Zuse, 1941)9 and again in 1951, but
his application was ultimately denied (in 1967), and the Z3 itself was destroyed
long before during an air raid.
The Z1 and Z3 could perform all four arithmetic operations and calculate square
roots of numbers. It read programs from a punched paper tape, could read a
number from a keyboard and store it in one of 64 memory cells. Output could
be shown by a ﬁeld of electric lamps (Rojas, 1994).
Mark I at Harvard
Another very early computer, the Mark 1, was invented by Howard Aiken at Harvard University between 1939 and 1944. It was an electromechanical computer,
and could perform all elementary arithmetic operations as well as sequencing
of instructions. The program was stored on punched paper tape, and the computer had special units which stored tables of numbers and a multiplier. Sixty
”storage words” – the constants in a program – could be set manually by the
operator. Each of the 72 memory cells was an accumulator capable of adding
or subtracting a given ﬁxed-point number, so there was no clear separation
between processor and memory. The subsequent Mark 1 built at Manchester
between 1946 and 1948 could be considered to be the ﬁrst universal computer;
it stored its program in random-access digital memory implemented with CRT
tubes (Rojas, 1994).
The ENIAC
The ENIAC – Electronic Numerical Integrator and Computer – was built between
1943 and 1945, at the Moore School of Electrical Engineering of the University
of Pennsylvania, and ofﬁcially presented in the beginning of 1946. Because of
the ENIACs high working speed of 100 kHz, a punched paper-tape or similar
external program format would not be efﬁcient. Instead, it was programmed by
hardwiring – by connecting its modules in the right way. It could be programmed
to perform the equivalent of FOR and WHILE loops (Rojas, 1994).

5.2.2. FORTRAN and the Compiler
With the development of FORTRAN (Backus et al., 1957) and the associated development of the optimizing FORTRAN compiler, begun in the summer of 1954,
9 The patent application is available in a re-typed LaTeX-based version by Raúl Rojas
and Alexander Thurm, via the Konrad Zuse Internet-Archiv. Direkt link:
http://www.zib.de/zuse/English_Version/Inhalt/Texte/Chrono/40er/Pdf/0229.pdf

58

5.3. The First Intracellular Measurements

computer programming took its ﬁrst baby steps towards becoming a tool for the
many – not just the computer programming experts. Scientiﬁc programming before that time had mostly relied on low-level assembly language programming,
which was time-consuming and error-prone. The wide adoption of FORTRAN
among the scientiﬁc community spurred further developments to make FORTRAN more machine independent, and encouraged computer manufacturers to
develop their own compilers for FORTRAN. Thus FORTRAN arguably became
the ﬁrst programming language possible to use in a variety of computer architectures (McJones, 2009).
FORTRAN was followed by a huge variety of programming languages developed
over the next decades10 . In general, programming languages have progressed
from low-level, efﬁcient and machine-speciﬁc languages to to high-level, userfriendly and machine-independent languages. However, since research places
the premium on what can be done rather than what is easy to do, scientiﬁc
usage is usually skewed towards older, more computationally efﬁcient and less
user-friendly languages, so scientiﬁc computational modelling can still be challenging for the non-specialist programmer.

5.2.3. Neural Simulators
The next paradigm shift in the ﬁeld of computational neuroscience was therefore, arguably, the development of modern simulator packages with (optional)
graphic interfaces, such as GENESIS (Wilson et al., 1989) and NEURON (Hines
and Carnevale, 1997). With point-and-click commands and roll-down menus,
these simulators made computational modelling accessible to non-specialists
in programming, such as experimentalists without a computer science background. Thereby the simulators paved the way for computational neuroscience
to be used as a tool among many in the general ﬁeld of neuroscience. (Today,
views seem divided on if computational neuroscience is foremostly a separate research ﬁeld or a set of methods included in the general neuroscience tool-box.)

5.3. The First Intracellular Measurements
To understand how a neuron works, and to mimic its important functions, one
needs to be able to see what happens inside it, how it responds to signals, and
how it interacts with its surroundings. Another crucial step in understanding
of neuroscience was therefore the development of intracellular measurement
methods.
10 Another of the linguas franca of scientiﬁc computation, MATLAB, was initially developed in Fortran (Moler, 2004).
It was later reprogrammed in C. See
http://www.mathworks.com/company/newsletters/news_notes/clevescorner/dec04.html
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5.3.1. Microelectrodes
Fine-tipped glass micropipettes, measuring only a few micrometers in diameter at the tip, were beginning to be used for recordings in plant and animal
cells already in the 1920s. From the late 1930s to early 1940s, researchers
were routinely using microelectrodes ﬁlled with a saline solution (Brownstone,
2006). Similar but wider glass pipettes were also used by Hodgkin and Huxley
for their ﬁrst investigation of nerve cells (Hodgkin and Huxley, 1939), and later
used by several groups in the investigation of muscle cells. The ﬁrst intracellular recordings with glass microelectrodes in the central nervous system were
however not performed and reported until 1951-1952, by Eccles and colleagues
(Brock et al., 1951; Brock et al., 1952). Eccles was awarded the Nobel Prize in
Physiology or Medicine in 1963 for his work (shared with Hodgkin and Huxley,
see Section 5.4).

5.3.2. Voltage and Current Clamp
The voltage clamp technique can be used to ﬁx or clamp the cell’s potential at
speciﬁed values, allowing the measurement of ionic currents at different membrane voltages. The setup consists of two electrodes and a feedback circuit, and
was developed by Kenneth Cole in the 1940:s. The current clamp, on the other
hand, allows the membrane potential to vary and be recorded. This technique is
used to study how a cell responds when electrical current enters it. Having two
electrodes is however complicated for experimental reasons - hard on the cell,
hard to get both electrode tips into the same cell - and more modern versions
use a single electrode equipped with a fast electronic switch.

5.3.3. Patch Clamp
The patch clamp technique was developed by Erwin Neher and Bert Sakmann in
the late 1970s and early 1980s. They were awarded the Nobel prize for their work
in 1991. The technique uses a glass micropipette, with a tip just one or a few
micrometers in diameter. A small part of the cell membrane is sucked into the
pipette, and thus becomes electrically isolated. This makes for potentially very
sensitive measurements - Neher and Sakmann used this technique to measure
single ion channel currents.

5.3.4. Dynamic Clamp
The dynamic clamp method was developed concurrently by several different research groups in the ﬁelds of cardiology and neuroscience in the beginning of
the 1990s. It uses computer simulation to introduce artiﬁcial membrane or
synaptic conductances into biological neurons and to create hybrid circuits of
real and model neurons (Prinz et al., 2004). The setup consists of a computer or
analog circuit containing the model neuron, circuit or conductance, connected
with one or several electrodes to one or several cells. Since conductances and
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currents are voltage-dependent, the dynamic clamp setup must read the voltage from the examined cell, compute the precise amount of current to inject,
and then repeat the process – preferably with a smaller timestep that the fastest
dynamic process in the investigated cell. Modern dynamic clamp software can
simulate sophisticated input such as background noise from a neuronal network (to e.g. offset the loss of synaptic input in slices), pharmacological effects
(Prinz et al., 2004), or synaptic plasticity (Nowotny et al., 2006).

5.4. The Hodgkin and Huxley Model of the Action Potential
The action potential (AP) – the large, all-or-none regenerative electrical event that
is used for signalling within the cell from the initial axon segment to the presynaptic terminal – was discovered by Edgar Adrian in the 1920s (Albright et al.,
2000). The mechanisms behind AP generation remained poorly understood until
the physiologists and biophysicists Alan Hodgkin and Andrew Huxley performed
voltage clamp experiments on the squid giant axon and formulated a set of differential equations which described the behaviour of the neuron’s membrane, in
terms of the ionic currents. This was a major feat, given that the ionic basis of
the action potential was then still not well known. Hodgkin had actually begun
this work already in 1937, when he did experiments on the squid giant axon at
the research station in Woods Hole together with Kenneth Cole. Together with
Huxley, he managed to develop a procedure to measure potential differences
across the membrane surface. They were sucessful, but a few weeks after that
the Second World War began and work was halted until after the end of the
war (Hodgkin, 1976). Hodgkin and Katz spent the summer of 1948 developing

Figure 5.1. A hand-cranked Brunsviga 20, the same model of calculator used by
Hodgkin and Huxley to calculate the action potential described by their equations. The
image is in the public domain courtesy of Lothar Spurzem (Wikipedia, 2010a).
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methods to insert electrodes in squid axons and to perfuse the axons with ionic
solutions. During a single month in the next year, Hodgkin, Huxley and Katz
made almost all the measurements used in the later papers. The search for a
mathematical description took nearly two years, both due to the considerable
difﬁculty involved and due to several false starts prompted by the general lack
of knowledge of the ionic mechanisms in the nerve transmission. The ﬁnal equations were ﬁnished in the spring of 1951, by which point Hodgkin and Huxley
were out of luck: they had been hoping to run the calculations on the Cambridge
University computer, but it had been taken off the air for six months for modiﬁcations. Instead, Huxley calculated the solutions on a hand-cranked Brunsviga
20 calculator (see Figure 5.1), entering the data by hand and transcribing the
outputs on paper. Calculation of the propagated action potential is reported to
have required three weeks of work (Hodgkin, 1976). The results (see also Figure 5.2 were then published as a series of ﬁve papers in Journal of Physiology
in 1952 (Hodgkin and Huxley, 1952) and remain in use to this day:
𝐼𝑖𝑜𝑛 = 𝐼𝑁 𝑎 + 𝐼𝐾 + 𝐼𝑙𝑒𝑎𝑘 = 𝑔𝑁 𝑎 (𝑉 − 𝐸𝑁 𝑎 ) + 𝑔𝐾 (𝑉 − 𝐸𝐾 ) + 𝑔𝑙𝑒𝑎𝑘 (𝑉 − 𝐸𝑙𝑒𝑎𝑘 )

(5.1)

𝑔𝐾 = 𝑔¯𝐾 𝑛4

(5.2)

𝑔𝑁 𝑎 = 𝑔¯𝑁 𝑎 𝑚3 ℎ

(5.3)

Here, 𝐼𝑋 , 𝐸𝑋 , 𝑔𝑋 and 𝑔¯𝑋 are the current, the equilibrium potential, the conductance and the maximum conductance for ion species 𝑋 (or an unspeciﬁc
leak current). 𝑉 is the membrance potential. The 𝑚, 𝑛 and ℎ are probabilities that the ”gating particles” required have contributed to the activation and
inactivation of their respective gates. The variables n and m are activated by depolarization, whereas ℎ is inactivated by depolarization. The gating probabilities
follow equations of the form:
𝑑𝑛
= 𝛼𝑛 (1 − 𝑛) − 𝛽𝑛 𝑛 ⇒ 𝑛 = 𝑛∞ − (𝑛∞ − 𝑛0 )exp(−𝑡/𝜏𝑛 )
𝑑𝑡
𝑛0 =

𝛼𝑛0
𝛼𝑛0 + 𝛽𝑛0

(5.4)
(5.5)

𝑛∞ = 𝛼𝑛 /(𝛼𝑛 + 𝛽𝑛 )

(5.6)

𝜏𝑛 = 1/(𝛼𝑛 + 𝛽𝑛 )

(5.7)

𝛼𝑛 = 0.01(𝑉 + 10)/exp(

𝑉 + 10
− 1)
10

𝛽𝑛 = 0.125 ⋅ exp(𝑉 /80)

(5.8)
(5.9)

There are many more ion channels and currents than the ones described above,
for instance several calcium currents, but most of them can be well described
using similar formulae (see for instance Chapter 7 in Johnston and Wu (2001)).
Hodgkin and Huxley received the Nobel Prize in Physiology or Medicine in 1963
(shared with John Carew Eccles who was cited for his work on synapses).
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5.4. The Hodgkin and Huxley Model of the Action Potential

5.4.1. Simpler Neuron Models
The Hodgkin & Huxley model was rather computationally complex for its time,
and not well suited to the architectures of early computers (see Section 5.2.1).
Many more abstract or ”mathematical” neuron models were developed, for different purposes. The scope of this chapter does not allow for a full listing.
Lapicque (1907)
Although not much was known about neuronal function in 1907 when Lapicque
suggested his neuron model, the leaky integrate-and-ﬁre neuron model and its
many variants and descendants are still popular and widely used today. It is
based on a simple equivalent electric circuit with a parallel capacitor and resistor
to represent the membrane capacitance 𝐶 and the membrane leak resistance 𝑅
of the neuron. The neuron is stimulated by a current 𝐼 and has membrane
potential 𝑉 .
𝑑𝑉
𝑉
𝐶
+
= 𝐼(𝑡)
(5.10)
𝑑𝑡
𝑅
When the neuron reaches a certain membrane potential, the ﬁring threshold 𝜃,
an action potential is generated and the membrane potential is reset to its base
level. The model is analytically tractable, so it can be used in theoretical work
and not only in simulations.
The same sort of equivalent circuit model can be formulated for the Hodgkin
& Huxley model – we then get the equivalent circuit model that is commonly
used today (see also Figure 5.2):
𝐼𝑚 = 𝐼𝐶 + 𝐼𝑖𝑜𝑛 = 𝐶

𝑑𝑉
+ 𝐼𝑖𝑜𝑛
𝑑𝑡

(5.11)

where 𝐼𝑚 is the membrane current, consisting of the capacitive current 𝐼𝐶
and the ionic current description 𝐼𝑖𝑜𝑛 given by the Hodgkin-Huxley equations,
Eqs. (5.1)-(5.9), above.
McCulloch-Pitts (1943)
Predating the publishing of Hodgkins & Huxleys model, McCulloch and Pitts described a formal neuron, a summing thresholding device (McCulloch and Pitts,
1943). In this simple model, neurons can be in one of two states: ﬁring or not
ﬁring. Time is discretized, and neuron connections are represented by numerical weights w. A McCulloch-Pitts neuron will be ﬁring at time t given certain
conditions, such as a sufﬁcient total summed input arriving at time t-1. Further
improvements of this model lead to the development of artiﬁcial neural networks.
FitzHugh-Nagumo (1961)
As mentioned above, the model of Hodgkin and Huxley is mathematically simple
and elegant, but given the standard of computers in the 1950s it was quite
complex to solve the numerical equations required. Richard FitzHugh developed
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Figure 5.2. The equivalent circuit model for an isopotential, single-compartment neuron described by the basic Hodgkin-Huxley formalism, with sodium (Na), potassium
(K) and leak currents. Here, 𝐸𝑋 is the equilibrium potential for ion species 𝑋 (or an
unspeciﬁc leak current), and 𝑔𝑋 is the corresponding conductance. The slanted arrows
indicate variable ionic conductances, as described by Eq. (5.2)-(5.9). Figure adapted
from the original description by Hodgkin and Huxley (1952).

a simpliﬁed 2D version of Hodgkin and Huxley’s model in 1961 (FitzHugh, 1961),
since the original was hard to translate to his vacuum tube-based computer:
𝑥˙ = 𝑐(𝑦 + 𝑥 − 𝑥3 /3 + 𝑧)

(5.12)

𝑦˙ = −(𝑥 − 𝑎 + 𝑏𝑦)/𝑐
where

1 − 2𝑏/3 < 𝑎 < 1,

0 < 𝑏 < 1,

(5.13)
𝑏<𝑐

2

(5.14)

The parameter 𝑥 represents Hodgkin’s and Huxley’s 𝑉 and 𝑚; 𝑦 represents ℎ
and 𝑛 (FitzHugh, 1961). The input is represented by 𝑧. The conditions given
ensure that for 𝑧 = 0, the nullclines11 of 𝑥 and 𝑦 will intersect at one singular
point, which is a stable node and represents the resting state of the system.
The model is known as the FitzHugh-Nagumo model after FitzHugh and the
Japanese engineer Jin-Ichi Nagumo, who built an electronic circuit implementing these equations in 1962.

5.5. Rall, Cable Theory and Compartmental Modelling
None of the neuron models or modelling approaches mentioned above considers the shape of the neurons they describe. The question of how morphology
and passive membrane properties affects neural response properties was raised
decades later by the American neuroscientist Wilfrid Rall, who was a pioneer in
taking the shape of neurons into account. He used cable theory – already established, but for more mundane actual cables – to explain how signals propagated
11 deﬁned

by setting 𝑥˙ and 𝑦,
˙ respectively, to zero in the equations above
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in the dendritic tree, at a time when experimental neuronal measurements were
still limited to the soma. Rall’s work on neuronal cable theory disproved the then
common idea that inputs to distal dendrites were so electrically distant from the
soma that they could be ignored, and was important for properly interpreting experimental neural recordings, for estimating cable lengths and propagation and
summation characteristics of subthreshold PSPs, and for heightening awareness of dendritic computations (Rinzel, 2007).
In the Hodgkin & Huxley equations, the description of the membrane has no
spatial dependence. Neuronal cable theory takes into account the fact that action potentials propagate along the axon, according to the cable equation (Trappenberg, 2002):
𝜆2

∂𝑉 (𝑥, 𝑡)
∂ 2 𝑉 (𝑥, 𝑡)
−𝜏
− 𝑉 (𝑥, 𝑡) + 𝑉𝑟𝑒𝑠𝑡 = −4𝑑𝑅𝑚 𝐼𝑖𝑛𝑗 (𝑥, 𝑡)(𝑉 (𝑥, 𝑡), 𝑡)
∂𝑥2
∂𝑡

(5.15)

where the solution 𝑉 (𝑥, 𝑡) is the membrane potential dependent on spatial lo𝑚
cation along the axon 𝑥 and time 𝑡. The space constant 𝜆 = 𝑑𝑅
describes the
4𝑅𝑖
distance across which the membrane potential decays a factor 𝑒, and 𝜏 = 𝑅𝑚 𝐶𝑚
is the membrane time constant. The parameter 𝑑 is the axonal diameter, 𝑅𝑚
is the membrane resistance (the inverse of the leak conductivity), 𝑅𝑖 is the
speciﬁc intracellular resistance and 𝐶𝑚 is the membrane speciﬁc capacitance.
𝐼𝑖𝑛𝑗 (𝑉𝑚 (𝑥, 𝑡), 𝑡) describes a voltage-dependent injected current – the current entering through the voltage-dependent ion channels described by Hodgkin & Huxley (see above).
The solution to the cable equation depends on the shape of the neuron. To handle a shape other than a simple cylinder, the neuron can be divided into pieces,
small enough that the potential within the unit is approximately constant. Each
of these units or compartments can then be treated as a ﬁnite cable, and spatial
differences are replaced with differences between compartments (Trappenberg,
2002):
∂ 2 𝑉 (𝑥, 𝑡)
𝑉𝑗+1 − 2𝑉𝑗 (𝑡) + 𝑉𝑗−1 (𝑡)
→
(5.16)
∂𝑥2
(𝑥𝑗−1 − 𝑥𝑗 )2
The representation of the neuron is thereby transformed into a set of ﬁrst-order
differential equations. Similar equations can be used to take branching neuronal cables into account. Compartmental descriptions of neurons is the basis
of simulators such as GENESIS and NEURON.
Rall and colleagues published two papers in the Journal of Neurophysiology in
1967, where they described theoretically how synaptic potentials (and currents)
would spread in the dendritic tree, and how the synaptic potentials inﬂuenced
the voltage in the neuron’s soma and axon - speciﬁcally, they showed that EPSPs would become broadened because of the ﬁltering properties of the dendrites.
These papers were ground-breaking, since the commonly accepted view at that
time held that differences in shape of somatic EPSPs were due to underlying differences in mechanisms; that the disparate EPSP shapes meant that different
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receptors had been activated. Rall showed that because of the electrotonic distance12 of the synapse from the recording site (the soma, or cell body), the same
synaptic conductance change generates EPSPs with different time courses. The
change in EPSP time course recorded in the soma has thereafter served as a tool
for estimating where, electrotonically, synapses are located in the dendritic tree
(Segev, 2006).
Rall also made, together with Shepherd (Rall and Shepherd, 1968), a very important discovery about the olfactory system – based on timing, they described the
probable existence of dendrodendritic synapses in the olfactory bulb. Integral
to this work was the use of a conductance-based spiking neural network model,
using neurons with cable properties, to show that dendrodendritic synapses
could explain so far puzzling experimental data.

5.5.1. Modelling Complex Neurons
With the possibility to describe detailed neuron shapes with the help of compartments, and using the already existing Hodgkin & Huxley formalism for neuronal membrane behaviour, biologically realistic neuron models became possible. Such models can be quite complex and include hundreds of compartments
(e.g. the mitral and granule cell models by Bhalla and Bower (1993)). The level
of model complexity should however be weighed against the availability of data
to deﬁne and tune the larger amount of parameters, and must also be weighed
against the available computational resources. A rule of thumb suggested by
Rall (1998) is to try to use: ”the smallest number of compartments that can
preserve what one judges to be the functionally important differences between
dendritic regions with regard to ion channel densities and to distributions of
synapses from different sources”.

5.6. The Synapse, Chemical Communication, and Plasticity
For understanding and modelling networks of neurons, one must of course
also know how they connect to each other, and how they communicate: via
synapses13 .

5.6.1. The Contact Between Neurons
When neurons were established as separate entities, the idea followed that they
had to be connected to each other by some sort of contact mechanism. The
British scientist Sir Charles Scott Sherrington coined the term ”synapse”14 for
12 Electrotonic distance 𝐿 is deﬁned as 𝐿 = 𝑙/𝜆, where 𝑙 is the physical distance along a
cable, and 𝜆 is the space constant; see Eq. (5.15).
13 There are also other modes of communication between neurons, such as gap junctions
(electrical coupling) and neuromodulation (secretion of modulatory substances). These are
beyond the scope of this chapter.
14 from the Greek ”junction, connection”.
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this junction in 1897 (Pearce, 2004). He had not yet a clear idea of the mechanism, but thought it unlikely to be chemical:
”Against the likelihood of nervous conduction being pre-eminently
a chemical rather than a physical process must be reckoned, as
Macdonald well urges, its speed of propagation, its brevity of timerelations, its freedom from perceptible temperature change, its facile
excitation by mechanical means, its facilitation by cold, etc.”
(Sherrington, 1906)
This view was clearly representative of its time. Sherrington later provided the
ﬁrst data on the existence of excitatory and inhibitory synapses (López-Munoz
and Alamo, 2009) and was awarded the Nobel Prize in 1932 together with Edgar
Adrian.

5.6.2. Chemical Communication
Synaptic transmission in the form of chemical substances was ﬁrst postulated
a few years after the Sherrington named the synapse, in 1904, by the British
scientists Thomas Renton Elliott and John Newport Langley (López-Munoz and
Alamo, 2009). Dale and Loewi identiﬁed (1926) and conﬁrmed (1937) the role
of acetylcholine as a neurotransmitter, for which they were awarded the Nobel Prize in 1936. Chemical transmission in the CNS remained controversial,
though, until the 1950s and 1960s. Also here, electron microscope work contributed to ﬁnal acceptance after the demonstration of local neuron membrane
swelling, synaptic vesicles and a gap of about 20 nm between the pre- and postsynaptic sites. Other important evidence came from the then newly developed
ﬂuorescence histochemical method, which Arvid Carlsson used to prove the existence of neurotransmitters at a central level (López-Munoz and Alamo, 2009).

5.6.3. Modelling Synapses
A synapse gives a current 𝐼𝑠𝑦𝑛 = 𝑔𝑠𝑦𝑛 (𝑉 − 𝐸𝑠𝑦𝑛 ), where 𝑔𝑠𝑦𝑛 is the conductance,
𝑉 is the membrane potential and 𝐸𝑠𝑦𝑛 is the synaptic reversal potential. The
sign of the difference (𝑉 − 𝐸𝑠𝑦𝑛 ) decides if the synapse gives an inhibitory or
excitatory contribution.
The classical model of a synaptic conductance is an alpha function:
𝑔𝑠𝑦𝑛 = 𝑔𝑚𝑎𝑥 ⋅

𝑡−𝑡0
𝑡 − 𝑡0
⋅ exp1− 𝜏
𝜏

where

𝑡 > 𝑡0

(5.17)

where 𝑔𝑠𝑦𝑛 is the conductance, 𝑔𝑚𝑎𝑥 is the maximal conductance, 𝑡 is time, 𝑡0 is
starting time and 𝜏 is the synaptic time constant. This function, which peaks
at its maximum value 𝑔𝑚𝑎𝑥 in 𝜏 timeunits, is used to model the conductance
change in the post-synaptic neuron resulting from the binding of neurotransmitter released from the pre-synaptic neuron. It was ﬁrst suggested by Rall in
one of his early modelling papers (Rall, 1967), based on the similarity in shape
to experimental measurements.
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The alpha function, in a slightly more general form with two exponential terms
and associated time constants, is commonly used to model synapses in simulators such as NEURON and GENESIS. The alpha function description has
however been criticised for a lack of connection to the underlying biophysical
mechanisms, and for not providing a suitable way to implement saturation of
synapses (Destexhe et al., 1994).

5.6.4. Hebb and Learning
Static synapses can be seen as a ﬁrst approximation of neuronal connections.
Even transient changes in synaptic strength can however have large effects on
network behaviour, and long-term changes in connection strengths between
neurons have long been recognized as the mechanism of learning in neuronal
networks.
In 1949, the Canadian psychologist Donald Hebb published his book ”The Organization of Behavior: A Neuropsychological Theory” (Hebb, 1949), in which
he postulated a neurophysiological mechanism for learning which later became
known as Hebbian learning or the Hebb rule:
”When an axon of cell A is near enough to excite B and repeatedly or
persistently takes part in ﬁring it, some growth process or metabolic
change takes place in one or both cells such that A’s efﬁciency, as
one of the cells ﬁring B, is increased.”
This rule can be formulated mathematically and used to set up connection
strengths in both artiﬁcial and more biologically realistic neural network models.
The standard formulation is this:
𝑤𝑖𝑗 =

𝑝
1∑ 𝑘 𝑘
𝑥𝑖 𝑥𝑗
𝑛

(5.18)

𝑘=1

where 𝑤𝑖𝑗 is the weight for the connection between neurons 𝑖 and 𝑗, 𝑥𝑖 is the
input received by neuron 𝑖, 𝑛 is the dimension of the input patterns and 𝑝 is the
number of input patterns. In several types of networks, self-connections are not
allowed, and thus 𝑤𝑖𝑖 ≡ 0.
This rule, as formulated above, needs some modiﬁcations in order to be stable and biologically realistic – otherwise positive synaptic weights will approach
inﬁnity, and the network can never ”unlearn” an association. It is therefore
common to make the learning incremental and to include a decay term. The
exact formulation of the rule depends on the type of neural network that is implemented. A number of examples for different cases can be found in Chapter 7
of the Computational Neurosicnece textbook by Trappenberg (2002).
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From Hebb to Associative Memory Models and Attractors
Hebbian learning, and the cell assemblies that occur as its consequence, can be
used to model associative memory15 . One example is the Hopﬁeld network (Hopﬁeld, 2007; Hopﬁeld, 1982) which uses simple neurons connected by Hebbiantype weights that are generated by training the network with the input patterns.
The stored patterns form attractors, and can be recalled by stimulating the network with partial and/or distorted versions of the original patterns. Also biologically realistic networks can be connected in a Hebbian way and have attractor
dynamics (Lundqvist et al., 2006; Lansner, 2009). Generally, an attractor network can be deﬁned as a network of nodes, often recurrently connected, whose
time dynamics settle to a stable pattern (Eliasmith, 2007).
In olfaction, especially in experiments and models related to insect olfaction,
spatiotemporal patterns converging on attractors in the mushroom bodies (the
insect equivalent of cortex, see Chapter 2) have been suggested to be crucial
for odour identiﬁcation (Laurent et al., 2001; Galan et al., 2004). The primary
olfactory cortex, the piriform cortex, has also long been thought of as a prototypical model for attractor memory (Haberly and Bower, 1989), and it has also
been hypothesized that the piriform cortex may be critical for olfactory pattern
separation and completion (Wilson, 2009).
Temporally Assymetric Learning: Spike-Timing Dependent Plasticity (STDP)
Another solution to the problem of endlessly increasing synaptic weights in the
original Hebbian scheme is to allow learning to be assymmetric in time: if the
presynaptic neuron is active before the postsynaptic neuron, synaptic weight is
increased. If, on the other hand, the postsynaptic neuron precedes the presynaptic neuron in activation, synaptic weight is decreased. This procedure is
usually referred to as Spike-Timing Dependent Plasticity (STDP), and offers an
attractive beneﬁt: STDP-like strengthening and weakening of synapses dependent on spike timing has been shown to exist in experiments (Markram et al.,
1997; Bi and Poo, 1998) and take place on a millisecond time-scale. The STDP
learning rule itself was however suggested already in 1996 by Gerstner et al.
(1996).

5.6.5. Modelling Microcircuits and Networks
Current modelling research on neuronal networks can be roughly divided into
two categories: larger scale network models and ﬁne-scale microcircuit models.
Microcircuits are functional modules of a few neurons, that act as elementary
processing units bridging the single cell level with the systems level.
15 Associative memory is also sometimes referred to as ”content-adressable memory”,
after its ability to take incomplete patterns as input and return them as output in a
completed state.
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Microcircuits
In several areas, among them olfaction16 , modelling of microcircuits has received
considerable attention (Grillner and Graybiel, 2006). Understanding how neurons in microcircuits interact is one of the most fundamental questions in the
neurosciences today (Cutsuridis et al., 2009), since microcircuits can help link
understanding of neurons with understanding of high-level brain function.
In olfaction, the glomerular microcircuit (see Chapter 2, ”Organization of the
Olfactory System”, Section 2.1.3) is of greatest speciﬁc interest. It is thought
to consist of two feedforward inhibitory components: one local dendrodendritic
component and one broadly laterally distributed component regulated by a network of recurrent feedback excitatory connections (Linster and Cleland, 2009).
These circuits and their function have primarily been investigated through modelling, see Cleland and Sethupathy (2006; also brieﬂy reviewed in Chapter 6,
”Review of Models in Olfaction”, Section 6.2.3).
Network Models
A network model (see also Chapter 6, ”Review of Models in Olfaction”, Section 6.1) consists of any type of neuron unit model(s) connected with any type of
synapse model. Units do not necessarily need to correspond to a single cell; they
can also be representations of a group of cells with similar response properties
(Lansner, 2009). However, the simplest network models commonly consist of
point neurons connected by numeric weights.
Traditionally, network models have been studied far more than microcircuit
models. One obvious reason is that modelling of microcircuits demands a lot
of data: types of neurons involved, detailed circuit diagrams, forms of transmission and plasticity between different neurons, and dynamics of the microcircuit
at cellular and synaptic resolution (Grillner et al., 2005). In the future, however,
with more detailed knowledge and more computing power at the ready, it will
likely become increasingly common that the two approaces are combined into
network models consisting of one or a few microcircuit types.

5.7. Current and Future Developments in the Field
5.7.1. Modern Imaging Techniques
The quality of a model is dependent on the data and the knowledge that goes
into its construction. Traditional electrophysiology is very sensitive and gives
excellent time resolution, but is not well suited to the investigation of groups
of neurons working together. The development of modern whole brain and
multineuron imaging techniques such as PET, fMRI and calcium imaging, in
16 Other

major areas in microcircuit research are motor systems, the striatum, and the
neocortex (Grillner and Graybiel, 2006).
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the 1980s and 1990s, has therefore been of immense importance to the understanding of the brain. To be able to give a more detailed discussion about these
techniques in relation to olfaction and the olfactory system I have lifted them
out into a separate chapter: Chapter 4, ”Experimental Imaging Techniques in
Olfaction”.
However, these methods on their own usually do not allow for identiﬁcation
of separate neuron types. The last decade’s developments in genetics has remedied some of these problems and made imaging techniques even more powerful.
Genetic tagging of single neuron types and gene-targeted expression of different
reporter molecules allows for greater precision and control in both imaging and
analysis, and provides better data for model building.

5.7.2. Parameter Tuning Methods
With the rapid development of both experimental techniques and computational
possibilities, models and the datasets they are based on tend to grow bigger and
more complex. Consequently, searching for the right parameter values becomes
harder but more important. Neuronal models typically contain more parameters than are possible to measure and constrain in the same experimental setup
(Prinz, 2007). Models therefore need to be tuned to a desired behaviour, which
usually means that combinations of parameter values need to be adapted for the
model to display biologically documented current responses, patterns of spiking,
or other high-level aspects of a response. Traditionally, models have often been
tuned ”by hand”, which requires relatively little computation but much time,
patience and knowledge. And, important to remember, even at its best this
method produces subjective results. Another fairly common parameter tuning
method has been ”parameter space exploration”, where the modeller investigates behaviours that result from combinations of parameters over a wide range
of parameter values. However, this method is computationally expensive and
can only be used for small parameter sets and/or a low resolution of parameter
combinations.
Automated or semi-automated parameter search methods – see Prinz (2007)
for a list of several possible optimization methods – are already receiving some
interest, but will likely be more widely used in the future. One current example
of large-scale parameter optimization is the paper by Druckmann et al. (2007),
who tune parameters for two classes of multicomparmental cortical interneuron
models using a multiple-objective optimization method with several, possibly
conﬂicting, error functions – corresponding to several features of the biological
voltage response – and search for optimal trade-offs between the different optimization goals. There is also a large body of research on parameter search and
optimization for biochemical network models (see the recent review by Chou and
Voit (2009)), which may be useful in a single-cell modelling context where biochemical networks are part of the model.
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To diminish the cost of parameter tuning, and to gain additional insight in the
modeled system, it is also possible to analyze the relative importance of a model’s
parameters, and then concentrate the tuning effort to parameters with a large
inﬂuence on the model’s behaviour. One method for ranking the relative importance of parameters and parameter combinations is variation-based sensitivity
analysis, which we use in Paper 3 and describe more closely in Chapter 7, Section 7.3.

5.7.3. The Transition to Parallel Code
For some time, making the transition from single computers to computer clusters has been the most common way to get access to more computational power.
Most modern computers have at least two processor cores, often more. In addition, the demand for realistic graphics in computer gaming has lead to graphics
boards with such a large number of parallel-working graphics processing units
(GPUs) that the graphics board might well be the most powerful computational
unit on a regular PC. Because of this development, almost all simulations will
need to be run in parallel in order to make efﬁcient use of the resources at hand.
Luckily, most brain circuits are local and network models of the brain therefore
generally parallelize well.
Writing parallel code or translating sequential code to parallel code is however
not trivial – neither is debugging of parallel simulations. It also requires a slight
shift in thinking: in sequential simulations, the speed is dependent on how fast
the data can move through the hardware. Ideally all computation takes place
in the processor itself, making the ”von Neumann bottleneck” (see above) irrelevant, or at least in the relatively fast cache. In parallel computation, the
bottleneck imposed by data exchange between processors can well be the dominant one.
One common problem in parallel simulations is the need to balance the workload equally over all computers in the cluster in order to get good performance,
another problem is the limited bandwidth available for communication between
the nodes in the cluster. Both of these issues need to be taken into account when
building a parallel neural network model, even if one uses a parallelizing simulator that can handle most of the underlying technical issues in node-to-node
communication. To conserve bandwidth, neurons (or neuronal compartments)
that exchange a lot of data should ideally be placed on the same node, and to
limit unnecessary waiting times, the total activity of each single node should
be similar to all others – meaning that highly active neurons (or neuronal compartments) may need to be mixed with mostly inactive neurons (or neuronal
compartments), and since neurons are assigned to the processing nodes at the
setup of the simulation, the modeller thus needs to guess at activity levels. The
bandwidth issue also places a premium on continuous exchange of data in comparison to event-related data – for instance, communication via gap junctions
would be much more costly than communication via spikes.
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In a typical simulation of a neuronal network, neurons are updated in a clockbased fashion while communication (assuming it takes place via spikes) is eventrelated, and therefore, in theory model features that inﬂuence the level of communication in the network – such as differing amounts of input or differing levels
of connectivity – could give differences in run-time between different versions of
a model (Schutter et al., 2005). However, since large simulations typically run
at a tiny fraction of real-time, memory access and ﬂoating point computations
remain the main bottlenecks for now (Djurfeldt et al., 2008b).

5.7.4. The Rise of the Database
Cheap storage capacity, increasing prevalence of high-throughput experimental
techniques, and fast network connections are some of the key phenomena behind the fast growth of databasing in recent years. Currently there are, to name
some examples, databases for published computational neuroscience models
(e.g. ModelDB), for neuron morphology (among others NeuroMorpho.org) and
electrophysiology (e.g. Neurodatabase.org), for gene expression in different tissues and types of neurons, and for several different varieties of neuroscience
imaging data (both morphological and functional) in a variety of species. This
improved access to data, tools and pre-developed models will be very beneﬁcial to the ﬁeld of computational neuroscience, since researchers will be able to
spend less time on building models from scratch and will have more time and
resources available for tuning and analysis. Currently, however, the offerings
are often fractured and unstandardized, and there is a perceived need for data
format integration, database interoperability and data security (Eckersley et al.,
2003; Koslow, 2000).

5.7.5. Translation of Models, Model Sharing, and Interoperability of
Simulators
Building and tuning a model requires substantial time and effort, so in many
cases it would seem beneﬁcial to be able to use or extend an already existing
model. Translating a model from a published description in a paper is however
notoriously difﬁcult (Schwab et al., 2000). Model repositories or databases can
help to some degree, but they usually require the user to work in the simulator
or programming language for which a model was originally written. Translating
from one type of programming language or simulator to another is problematic even with access to the original code. Key equations and functions may be
different or require licenses for expensive toolboxes. Parameters may be incompatibly deﬁned, use different units, or have unclear default values. Also, since
computational neuroscience modelling is increasingly becoming a tool used by
many, rather than a narrow research ﬁeld populated by a few specialists, it
can be expected that different modelling styles and conventions will add further
complications.
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In addition to the issues mentioned above, simulators in general are not interoperable (Cannon et al., 2007). For these reasons, there can be a signiﬁcant
lock-in effect in the choice of simulator type and model. Initiatives toward integration of different simulators (or pieces of code), such as MUSIC17 (Djurfeldt
et al., 2009), can hopefully help – but their usefulness is heavily dependent on
the level of acceptance within the modelling community.
Nevertheless, the establishment of model respositories – structured databases
where researchers can deposit their models and model documentation when
publishing a modelling paper, such as ModelDB18 – have beneﬁts beyond increased access to models and easier use or extension of previously published
modelling research for the individual researcher (Morse, 2007). Results from
published models can more easily be veriﬁed (or falsiﬁed), which strengthens
the scientiﬁc integrity of the modelling ﬁeld. Model databases can also help in
establishing ”best practices” in how to present a model, how to describe model
structure and how to describe connections in network models (Nordlie et al.,
2009).

5.8. Summary and Conclusions
The ﬁelds of neuroscience and computer science have taken amazingly large
steps forward during the last decades. However, without certain key achievements able to link these ﬁelds, such as the formulation of the neuron as an
equivalent circuit, Hodgkin & Huxley’s equations for active ion conductances or
the application of electrical cable theory to biological and theoretical neurons,
biologically realistic modelling of neuronal function would be close to impossible. Experiments have clearly, at many points in time, been crucial to inspire
new theories and models. This highlights the value of interdisciplinary knowledge, and of being able to move between theory and application. Models in turn
can act as further bridges between theory and experiments, not only between
different areas of biology but also from biology to technical applications.
Current and foreseen developments in the ﬁeld of modelling, such as the increased use of models as tools, continued reuse of models and model parameters, and the ever larger amounts of biological as well as simulated data, make
the heretofore largely neglected questions of data security and warehousing,
data portability and model interoperability more pressing.

17 MUltilevel

SImulation Coordinator; an API allowing large scale neuron simulators to
exchange data during runtime, as long as they are using MPI internally.
18 ModelDB can be found at http://senselab.med.yale.edu/modeldb/; see Morse
(2007) for several more examples of model repositories.

Chapter 6

R EVIEW OF M ODELS OF O LFACTION
In this chapter, I review the theoretical background for my research: important
models of the olfactory system, both current and from a historical point of view.
Just as in the former chapters, the emphasis lies on the earlier stages of olfactory processing in the vertebrate olfactory system, but with several examples
from the insect olfactory system. I also give a general background on important
questions in modelling.
The reader is assumed to be familiar with the basics of computational neuroscience, although some of the relevant background information can be found
in Chapter 5 (”Basics of Computational Neuroscience”). A good introductory
guide to biologically realistic computational modelling can be found in the Book
of GENESIS, the reference and tutorial book accompanying the simulator GENESIS (Bower and Beeman, 1998). It is freely available in digital form from the
simulator’s homepage http://www.genesis-sim.org.

6.1. General Background
Biophysical or computational modelling of neurons and neural systems is a ﬁeld
of research that began with the ground-breaking work of Hodgin and Huxley
in 1952 (Hodgkin and Huxley, 1952). Another important step was taken by
Rall when he introduced the mapping of neural dendrites to an electrotonically
equivalent cylinder model (Rall, 1962) (see Chapter 5, ”Basics of Computational
Neuroscience”).
Since the ﬁeld of computational neuroscience was founded, a signiﬁcant portion of the computational models developed have dealt with the olfactory system. Thus, a full and detailed review of the history of olfactory system modelling
is not possible here. Good, recently published overviews of models of olfaction
have been written by Cleland and Linster (2005) and Simoes de Souza and An-
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tunes (2007).
Furthermore, there is of course an even larger amount of papers of general modelling interest that are applicable to computational neuroscience and olfaction
modelling; such as papers dealing with theoretical and numerical advances in
simulation techniques, simulator development, neuronal synchronization and
oscillation, dendritic processing, and various methods for extracting single-cell
responses from multineuron recordings or synthesizing experimental-like data
(such as Ca2+ images) and measurements (such as local ﬁeld potentials or
LFP:s). The scope of this thesis does not allow for extensive reviews of these
papers. However, references to some papers of general computational neuroscience interest can be found in Chapter 5 (”Basics of Computational Neuroscience”), and references to papers relating to properties of the olfactory system
can be found in Chapter 2 (”Organization of the Olfactory System”).

6.1.1. Why Model?
Computational models are tools for understanding of the neural system; they
allow us to integrate different pieces and levels of information in a more reliable way than through pure intuition. Construction of models and analysis of
simulation results can give indications of when data are false or misleading.
Therefore, in modelling a ”failure” – or rather, a disagreement between experimental data and simulation results – can be just as scientiﬁcally interesting as
a ”success”; if a certain behaviour cannot be replicated in a model, it indicates
that the current understanding of the modelled system is incomplete. Modelling
is also a valuable link between theory and biological experiments; when theory
gives general results that can be hard to apply directly in biological experiments,
a model can provide the link. And when data is lacking, models can be used for
”what if” simulation experiments, to generate experimentally testable hypotheses and to narrow down a set of initial hypotheses in order to make more efﬁcient
biological experiments.

6.1.2. Modelling, Simplicity and Complexity
In a biologically realistic model of the brain or one of its parts, one needs to consider three different areas: models of single cells (or cell populations), models of
the connectivity in the neuronal network, and representations of the stimulus or
input to the system. In addition, one might need to include modifying processes
such as the effect of neuromodulators, or plasticity (the effect of learning on
synaptic strength). These are different problem areas, with partly different lines
of question - but each component is still dependent on the others. It is common
to place the emphasis on one speciﬁc part of these three areas, keeping other
parts more abstract; for instance to construct a model with biologically detailed
cells and stereotyped connections or to use simple spiking or non-spiking cell
models in order to concentrate on the impact of connection types and connectivity. In general, the level of abstraction that is suitable in a model depends on
one’s question and available data.
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6.1.3. Computational Modelling of the Olfactory System –
Possibilities and Problems
Size and Computational Requirements
The early olfactory system of a small to medium-sized vertebrate, as exempliﬁed by the rabbit, contains about 50 million receptor neurons, 2000 glomeruli,
150000 mitral/tufted cells and at least 1 million periglomerular and granule
cells (Shepherd, 1990). It is estimated that there are about 10 million neurons
in the piriform cortex (Claverol et al., 2002).
These are large numbers of cells; for moderately complex cell models (multicompartmental, with Hodgkin-Huxley dynamics) it is currently impossible or at
least thoroughly impractical to simulate a 100000 neuron model on a single PC.
But it is possible to run such models, and even larger ones, in parallel on a
computer cluster. In addition to the number of model cells, the extent of synaptic communication in the model may also pose a computational problem. The
number of synapses between all cells is around a factor of thousand larger than
the number of cells – in total, probably some billions – and this contributes
substantially to the computational requirements. Considering the large convergence in the olfactory system, where the ORNs outnumber the mitral and tufted
cells about a thousand times, one realises that especially the ﬁrst stages of the
olfactory system would be computationally expensive to model in detail.
Unknowns and Missing Data
However, the practically possible size of models is not the biggest limitation in
modelling of the olfactory system (or, indeed, of most systems), although it may
be the most concrete and visible barrier. Missing data about cell types and
subtypes, and types, strengths and variability of projections and connections
is usually a bigger problem when it comes to scientiﬁc accuracy. Partly because computational power seems to increase faster than the collected knowledge about the olfactory system, partly because it is inherently hard to judge
how much missing factors with unknown properties would affect a model if they
were included.
Model Detail Level and Realism
A common solution to the combined problem of size limitations and unknown
data is to construct more abstract, conceptual models; using few cell types,
with minimal cell models and/or non-detailed connectivity. Another common
strategy is to pool data from several different species or similar areas in the
same species to give a ”general” cell or connectivity pattern. Models with less
detail should not be seen as the opposite of realistic models; the realism of a
model is related to how well it is constrained by data (Djurfeldt et al., 2008a).
The choice of a conceptual rather than detailed model gives the modeller the
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possibility to eliminate unknowns as far as possible, and allows her or him to
focus on system behaviours rather than single cells.
Reduction of Complexity
In all modelling, but especially for conceptual models, an important question
arises: How do we reduce – yet faithfully represent in all important ways – the
complexity of the more detailed system? This question is by no means new;
due to limits in experimental technology, knowledge or computational power,
reduction of computational models has been a necessity for most modelers
(one early example is FitzHugh, who in 1961 developed a more computationally tractable version of Hodgkin & Huxley’s equations in order to implement
them on a vacuum-tube computer; see Chapter ”Basics of Computational Neuroscience”, Section 5.4.1).
In order to have a well-constrained model, it is also important not to have too
many different parameters. Many parameters require more data to constrain
them, but also demand more time and effort to tune the model’s behaviour. One
way to reduce a model is to ﬁnd the most inﬂuential parameters, and keep only
those. This we have done in Paper 5, on the basis of results from Paper 3.

6.2. Models of the Olfactory System
I here review models of particular importance to this thesis. The structure of
this section is intended to follow the general morphology of the olfactory system;
models of the nasal cavity, models of the olfactory receptor neuron, models of
the olfactory bulb and the antennal lobe, models of the olfactory cortex, and
models of the olfactory system (models involving at least both the olfactory bulb
and the olfactory cortex, or the insect equivalents). Each section is then further
divided into subsections of models at different levels of detail.

6.2.1. The Nasal Cavity
Hahn et al. (1994) modelled transport of odorant molecules from inhaled air
to odorant receptors in a general nasal cavity, and showed that molecules with
higher solubility and coefﬁcients of diffusion were absorbed in regions of the
olfactory mucus located further in, while molecules with lower solubility and
coefﬁcients of diffusion were absorbed in regions closer to the nasal opening.
Yang et al. (2007) constructed a three-dimensional model of the rat right nasal
cavity, and computed low, medium, and high ﬂow rate inspiratory and expiratory mucosal odorant uptake for 3 odorants with different mucus solubilities. Their simulations predicted that odorants that are highly soluble in mucus
would be absorbed dorsally and medially. Insoluble odorants would tend to be
absorbed more peripherally. Yang et al. suggest that receptor expression zones
could be linked to this differential absorption.
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6.2.2. The Olfactory Receptor Neuron
Models of olfactory receptor neurons usually consider only one neuron, not a
population. There are a number of single cell ORN models for different organisms and on varying levels of realism, as detailed below.
Cell Models
Pongracz et al. (1991) modelled the olfactory receptor neurons of salamander, in an attempt to reconcile the large differences in measured values of the
cells’ speciﬁc membrane resistances achieved in two different recording situations (isolated or in situ cells). They show that the differences between the
isolated and in situ cells, in combination with the electrical shunt introduced
by the measurement electrode, can explain the experimentally observed differences. Further, they postulate that the electrotonic structure of the numerous
long, thin cilia, and the impedance mismatch between them and the parent dendrite may provide a mechanism for enhancing the signal-to-noise ratio.
Kaissling (2001) developed a model of perireceptor and receptor events in the
sensilla on the antennae of the moth Antheraea polyphemus, to study the detection of pheromones. The model includes interaction of the pheromone molecules
with pheremone-binding proteins and pheromon-degrading enzymes in the sensillar lymph. Adaptation processes were not included in the model. Simulation
results indicate that peripheral events, rather than internal biochemical signalling, govern the time-course of the response in an unadapted cell.
Lindemann (2001) constructed a general model of a single cilium, and used the
model to predict proﬁles of steady state ion concentrations in the cilia. The most
common ion species were included; Na+ , K+ , Cl− and Ca2+ . The cilium was
treated as a cable, delimited by a plasma membrane and ﬁlled with electrolyte.
The membrane potential and the four internal ion concentrations varied with
position on the cable axis, if current ﬂowed across the membrane. Simulation
results showed that the ciliary geometry had large effects on ion distributions
and transduction currents, and that ciliary ion transport was limited by the axial electrodiffusion.
Suzuki et al. (2002) constructed a biochemical model of the biochemical network in the trout ORN. Their goal was to reproduce the neural response current
oscillations seen in experiments. Many parameter values were unknown; these
were assigned ”arbitrary but reasonable” values. The simulation indicated that
the necessary requirement for oscillations was direct inactivation of adenylyl cyclase activity by Ca2+ .
Rospars et al. (2003) developed a biophysical model of the response properties of frog olfactory receptor neurons. Experimental measurements of latency,
duration, frequency and number of spikes in the response were ﬁtted to equations for a mathematical description. The best ﬁt was found with an exponential
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function for latency, alpha functions for duration and number of spikes, and a
half-Hill equation for the frequency. Rospars et al. also present a simple mathematical model giving the frequency response of the receptor neuron in response
to odour stimulation.
Dougherty et al. (2005) presented a biochemical model of the frog olfactory
receptor neuron, that gave the receptor current in response to an odour input,
taking into account the dynamics of intracellular signaling. The model was able
to display adaptation and odour-induced effects over several timescales, and
was tuned to recordings from single cells stimulated with multiple odour concentrations. The authors show that the intermediate biochemical steps in the
model are necessary; when they are removed the model is no longer able to display the full range of odour-induced behaviours. They also show that CaMKII
is necessary for adaptation and that the most important process is the action of
CaMKII on adenylyl cyclase; CaM has but a secondary role in adaptation.
Halnes et al. (2009) developed a biochemical model of vertebrate olfactory
receptor neurons and calibrated it to experimental recordings of cAMP levels
and olfactory receptor current. The model was built on a previously published
Receptor/G-protein/Effector model by Rospars et al. (Rospars et al., 2007; see
also Gu et al., 2009 below), and was tuned to the experimental cAMP data from
Dougherty et al. (see brief review above). An output sensitivity analysis was
performed for all rate constants and initial conditions to monitor model output sensitivity to variations in the estimated model parameters. During odorant
stimulation, the initial density of G-protein) and the cAMP production rate were
found to be most inﬂuential. After stimulation, the inﬂuence shifted to the decay
rate of the receptor-ligand complex and the deactivation rate of the effector.
Gu et al. (2009) constructed a detailed biophysical model of the moth ORN,
with a few compartments and an extensive biochemical network representing
the steps between pheromone binding and action potential generation, including various ampliﬁcation and feedback mechanisms. The model reproduced the
known second messenger kinetics, as well known features of the ORN response:
a wide dynamic range, a short rise time that decreased with pheromone concentration and a long decay time that increased with concentration. Gu et al. also
use the model to identify the parameters that have the most inﬂuence over each
of the characteristics.

Receptor-Odorant Interaction Models
There are also some models that consider only the receptor-odorant interaction,
not the whole receptor neuron:
Maurin (2002) proposes a mathematical model for receptor-odorant interaction based on the receptor occupation theory and on the hypothesis that, for a
given stimulus, there exist two kinds of receptors - one that responds with depo-
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larization and one that responds with hyperpolarisation. The receptors form an
intermediate inactive compound that is changed into either an active depolarising or an active hyperpolarising form. The model deals only with the temporal
development of the intensity of the response, and not with the quality or the
discrimination of odours. The model is able to reproduce several kinds of responses; depolarising, hyperpolarising, mixed responses, off responses and the
latent period in the olfactory response.
Lancet et al. (1993) present a general phenomenological model for recognition
between biological receptors and their ligands. The model treats each receptor binding site or ligand epitope as a point in n-dimensional ”shape space”.
Each shape is represented by n coordinates, characterizing the size and location of characteristics relevant to binding, such as bumps, grooves and charges.
Each of the n subsites assumes a value symbolizing one possible subsite conﬁguration. There is also a subsite variability S, that determines the number of
different possible subsite conﬁgurations, so that each of the n subsites can take
a value from 1 to S. The distribution of subsites is assumed to be random, and
n is considered to be the same for all receptors. The association constant K for
the pair is then calculated using the free energy of binding based on n and S.
The model predicts that the size of the olfactory receptor repertoire should be
300-1000, which is in good agreement with the number of receptors reported for
mammals.
Alkasab et al. (2002) model sensory arrays with stimulus sets randomly and
uniformly distributed in odour stimulus space, and asses the coding capacity
of the sensor array using information theory measures. In the model, a sensor
(corresponding to one ORN type) maps stimuli to probabilities of all possible responses – here, only positive or null responses are considered, so that the result
is an array of positive and null responses, one from each sensor. The receptive
range of each sensor is a cube randomply placed within a three-dimensional
”experimental space”. If the stimulus falls within the sensor’s receptive range,
the response is positive, otherwise it is null. Alkasab et al. found that if sensors
were assumed to be uniformly tuned, a broad response to 25-35% of stimuli
gave the sensor set the best ability to capture as much information as possible
about the stimulus. However, a set consisting of both broadly and narrowly
tuned sensors (i.e. differently sized cubes) gave better performance.

6.2.3. The Olfactory Bulb and its Cells
The olfactory bulb has long been considered as an interesting model system, and
consequently it and its cells have been modelled many times on many different
levels of detail. In fact, one of the ﬁrst published compartmental network models
was an olfactory bulb model by Rall and Shepherd (1968). Apart from being
a landmark achievement on its own, it is also important in a historical context
(see Chapter 5, ”Basics of Computational Neuroscience”) – the model was used to
help prove the existence of then-controversial dendrodendritic synapses between
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mitral and granule cells (Segev, 2006).
Single Cell Models
At the most detailed level, we have the complex compartmental models of mitral
and granule cells of Bhalla and Bower (1993). They describe several types of
mitral and granule cells in terms of models with several hundred compartments,
using Hodgkin-Huxley-like active channels and detailed dendritic morphologies.
The cell models were calibrated, using a semi-automated method, to agreee with
experimental values. The models of Bhalla and Bower were subsequently downscaled by Davison et al. (2000), to only a few compartments. This was done
to enable their use in large-scale models of the olfactory bulb - the result of the
downscaling was an approximately 60 times shorter runtime (see review below;
Davison et al. (2003)).
Multicompartmental active models of mitral and granule cells were also published earlier, by Rall and coworkers (Rall and Shepherd, 1968; Rall et al., 1966).
Popović et al. (2005) generated a detailed three-dimensional mitral cell (MC)
model from images of a stained cell, using Neurolucida and NEURON. They then
used voltage-dependent dye imaging and patch-clamp recordings to ﬁt model parameters to agree with the cell’s behavior. The cell model was then partly reused
in a later study by sthe same group (Djurisic et al., 2008), where a combination
of calcium and voltage imaging (from the same MC) and computer modelling was
used to investigate signal processing in the MC dendritic tuft. They found that
within the range of amplitudes detectable by voltage-dependent dye recording,
the dendritic tuft functions as a single electrical compartment for subthreshold signals, and that evoked EPSPs had uniform characteristics throughout the
glomerular tuft. The simulations indicated that a synchronized activation of
about 100 ORN synapses randomly distributed on MC tuft branches was sufﬁcient to generate spatially homogenous EPSPs.
Bulb Models with Simple Cells
Li and Hopﬁeld (1989) published a model of the bulb in 1989, simulating 10
simple ”mitral” and ”granule” cells placed on a (one-dimensional) ring. The internal state level of a neuron was described by a single variable resembling the
cell membrane potential. The input I to the mitral cells was a vector consisting of a background part I 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 and an odour part I 𝑜𝑑𝑜𝑟 , with the odour
part up to 20 times stronger than the background. Granule cells received input
consisting of the background part I 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 and a ”central input” part I 𝑐 . The
background and central inputs were assumed to be stationary, and adjusted so
that the mitral and granule cells had their cell internal state just below maximum slope points on their input-output function curves. This adjustment gave
weak coherent oscillations in absence of odour input, in line with experimental
observations. The cells had continuous non-linear input-output functions. Li
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and Hopﬁeld were able to reproduce the experimentally observed oscillatory behaviour of the bulb in response to stimuli.
Similar simple cells were used by Schild and Riedel (1992) to show that singlecompartment mitral cells are not sufﬁcient to achieve reasonable maps of odours
upon mitral cell activities. Several compartments are needed to have mitral cells
with different sensitivities for different odours, and local, non-Hebbian learning
rules for their afferent synapses are necessary to achieve a reasonable map of
odors upon mitral cell activities.
Margrie and Schaefer (2003) modelled the olfactory bulb in Matlab, using leaky
integrate-and-ﬁre neurons, to assess the potential computational role of action
potential (AP) latency and the subthreshold oscillatory drive. Each glomerulus
was represented by a single mitral cell, and mitral cells sent their input to ”analysis cells”. Ten mitral cells were used. The connectivity was set so that analysis
cell n responded with depolarization to stimulus pattern n. Granule cells were
not included in the model, but implied; mitral cells were interconnected with
both excitatory and inhibitory connections. Stimuli were represented as patterns of current injections with different amplitudes. Gaussian noise was added,
and a sinuisoidal current injection represented subthreshold oscillations. They
found that an encoding shceme using AP latency was robust to linear scalings
of the input but very sensitive to changes in proportion between parts of the
input, that the subthreshold oscillation was necessary in order to get few errors
in stimulus pattern encoding, and that the subthreshold oscillation had about
ﬁve times as high inﬂuence on the level of errors in encoding, compared to the
effect of lateral inhibition between mitral cells.
Galan et al. (2006) constructed a model of the olfactory bulb and argue on
the basis of modelling results that oscillations in the bulb are not due to lateral inhibition between granule and mitral cells, although this is the currently
most popular hypothesis. Instead, they argue, synchronous oscillations arise
due to the response of uncoupled oscillating neurons to aperiodic but correlated inputs. Cells were characterised using the simple cell model of Izhikevich
(Izhikevich, 2003), which has one membrane voltage variable and one recovery
variable and can be adjusted to correspond to many different types of neurons.
The parameter set for the mitral cell was chosen to give a class II excitatory neuron with subthreshold resonance. The mitral cells were not coupled. Input consisted of a steady-state depolarizing current corresponding to receptor neuron
input, correlated inhibitory input corresponding to granule cell inhibition, and
uncorrelated white noise corresponding to background noise. Key requirements
for the stochastic synchronization to appear was found to be that 1) mitral cells
receive partially correlated fast (relative to the period of the oscillation) inputs
and 2) mitral cells ﬁre at a roughly constant rate.
Khan et al. (2008) developed a phenomenological, mathematical model of rat
mitral/tufted (M/T) cell responses to mixtures of odorants, based directly on
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single-cell recordings from experiments in freely breathing rats. The model contained no explicit cells, instead M/T responses were described as vectors (with
a sigmoidal response to a linear input). Tuning of cell responses with respect
to respiration phase was included in the model. Since the experimental data
was a series of odour mixtures of varying proportion, Khan et al. could characterize M/T cell responses in the dimensions of odour identity and intensity, as
well as describe summation of odours in odour mixtures. They found that M/T
cell responses to mixtures of different proportions morphed smoothly between
single odour responses, with no signs of abrupt changes in response, and that
different odorant contributions combined additively. This, they point out, is inconsistent with theories of strong attractor dynamics occurring in the OB.
Künsting and Spors (2009) investigated the behaviour of a simple olfactory
bulb model (based on the model by Margrie and Schaefer, see review above)
stimulated with dynamical inputs. The model was implemented and run in Matlab. The cells used were leaky integrate-and-ﬁre neurons, organized into two
layers; one layer representing mitral cells (50 cells simulated) and the other
layer representing ”analysis” cells (ACs; 20000 cells simulated). The connectivity probability from mitral to analysis cells was 66%, and all synapses had
the same strength. Inputs were synthetically generated and varied in amplitude
(for each mitral cell), latency, response onset synchrony (between mitral cells),
phase difference with respect to subthreshold oscillations and added noise. Responses generated by pairs of input patterns were compared, to see if individual
ACs could discriminate between the stimulus pairs. Künsting and Spors found
that discrimination time was affected by input amplitude, the timing between
input to different glomeruli, and by the phase relationship relative to the subthreshold oscillation. They conclude that models of olfactory processing need to
be tested with realistic temporally dynamic input patterns, and that amplitude
and timing of olfactory input to the CNS must be measured and determined with
respect to the ongoing neuronal activity.

Bulb Models with Complex Cells
White et al. (1992) constructed a model of the salamander olfactory bulb in
1992, using custom-written C code. The model had 6000 receptor cells, 12
mitral cells, 12 periglomerular cells and 1200 granule cells. The organization
implied 24 glomeruli (reﬂecting the fact that salamander mitral cells send their
dendrites to more than one glomerulus). Since many cell and ion channel properties were not well known at the time, conductances were ”generic”. Mitral cells
had three compartments, while the other cell types were modelled as singlecompartment cells. Receptor cell input, for cells ”sensitive to the odorant” had
frequency proportional to the stimulus strength. The model was able to reproduce overall mitral cell spiking behaviour (as measured by visual similarity)
seen in experimental single-cell recordings from salamander. Explicit HodgkinHuxley equations were not used.
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Davison et al. (2003) published a model of the olfactory bulb using their reduced models of granule and mitral cells in the simulator NEURON (Davison
et al., 2000; Davison, 2001). In this model, each glomerulus was represented by
a single mitral cell. The geometry of the bulb was described as a two-dimensional
network. The number of simulated mitral cells was 25-100, and the number of
granule cells was 144-14400. Granule-to-mitral connections had GABA𝐴 receptors, mitral-to-granule connections had AMPA and NMDA. Davison et al. investigated the effect of different network sizes by varying the number of granule
cells while keeping total input per cell constant, but found only small effects
that were not systematic.
Rubin and Cleland (2006) recently used another reduced mitral cell model,
based on the Davison et al. reduced model (see review above) but with additional ion channels, in order to investigate the possible mechanisms behind and
the consequences of subthreshold oscillations in mitral cells. Simulations (all
single-cell) were run in NEURON. They found that mitral cells exhibited a bursting behaviour that depended critically on multiple currents, but that the main
regulator of burst termination was progressive deinactivation of the A-current (a
slow, inactivating potassium current) over the course of a burst.
Cleland and Sethupathy (2006) published a model of the glomerular layer of
the olfactory bulb. They propose that ORN axons, PG cell spines and mitral
cell apical dendrites form a ”contrast enhancement generator element” which
inhibits moderately active mitral cells, and that this element interacts with
a ”global negative feedback loop” formed by an excitatory network of shortaxon and external tufted cells. They show this with an illustrative NEURON
model of ten glomeruli each contaning compartmental models of mitral cells,
periglomerular cells and receptor neuron input. External tufted/short-axon cell
network activity was simulated by projecting slow synaptic inhibition from each
of the other glomeruli onto mitral cell primary dendrites. The mitral cell model
had several compartments, and was adapted from the NEURON model published in 2002 by Chen et al. (2002). Periglomerular cells also had several compartments, and each receptor neuron arbor was modelled as a passive single
compartment that represented the spike density function of a large and highly
convergent population of similarly tuned spiking neurons.
Bathellier et al. (2006) used an olfactory bulb (OB) model and electrophysiological recordings to investigate the role of gamma (40-100 Hz) oscillations
in odour processing. The model was custom-written in C++ and had 100 mitral cells, modelled as single-compartment Hodgkin-Huxley-type cells with two
sodium currents and three potassium currents. Inhibitory cells were implied by
modelled inhibitory connections between mitral cells, and the connections were
set up using a distance-dependent Gaussian probability. Bathellier et al. found
that features of gamma oscillations obtained in vitro were identical to those of a
model based on lateral inhibition as the coupling modality, and that oscillation
frequency could be changed by changing the kinetics of inhibitory events. De-
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creasing GABAergic synaptic transmission decreased the degree of relay neuron
synchronization in response to sensory inputs, in both model and experiments.
They therefore conclude that lateral inhibition may ﬁne-tune the processing of
odour information in the OB.
David et al. (2009) used the model of Bathellier et al. (see review above) in
a combined modelling and experimental study of the correlation between unitary dynamics and local ﬁeld potential (LFP) oscillations. The model was implemented in Matlab. Its parameters were adapted to other experimental results, and the number of parameters were reduced by half (with key features
unchanged). The experimental data were simultaneous recordings of mitral cell
(MC) activity and LFPs in anesthetized and freely breathing rats in response to
odorant stimulation. The modelling study found that MCs could be entrained
by any LFP frequency oscillation as long as the oscillation frequency was close
to the intrinsic MC ﬁring rate, which was found to be mainly governed by the
time constant of the slow potassium current, and took the value of about 60 Hz
with the original model parameters. The occurrence of an oscillatory inhibitory
conductance, oscillating with a frequency close to the intrinsic MC ﬁring frequency, controlled and stabilized the MC ﬁring rate. It also controlled the MC
ﬁring phase jitter. Introducing noise in the model was found to increase the
agreement between simulations and experimental results.

Antennal Lobe Models
The antennal lobe is considered to be the insect analogue of the olfactory bulb.
Insects are a convenient model system, and since the antennal lobe has fewer
neurons than the bulb, it is easier to simulate an antennal lobe with a biologically realistic numbers of neurons.
Bazhenov et al. (2001) modelled a network of 90 principal neurons (PNs)
and 30 local interneurons (LNs). The neurons were modelled as simple singlecompartment Hodgkin-Huxley-like neurons. LNs were connected to PNs with
a 0.5 probability, giving approximately 15 presynaptic LNs per PN. A third of
the PN population received input in the form of time-modulated current pulses.
Bazhenov et al. investigated the stimulus response of the network. They found
that spike adaptation of LNs was essential for transient spike synchronization
of PNs, and that LN-LN inhibition was important for the ability of the network to
discriminate among different odour stimuli.
Christensen et al. (2001) constructed detailed multicompartmental models of
interneurons in the antennal lobe of the moth Manduca sexta. They used morphometric data from individual local interneurons, based on high-resolution
images obtained with confocal microscopy. The models were constructed in
NEURON. In a model cell with only passive elctrical properties, signals were
severely attenuated, but to a degree strongly dependent on the dimensions and
branching pattern of the dendrite and glomerular tuft. Using a cell model with
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active currents, Christensen et al. showed that interneurons helped to synchronize activation in multiple glomeruli. These results suggest that at low odour
intensities (subthreshold for spiking of the local interneurons), interneurons
participate in local intraglomerular processing; at suprathreshold odour intensities, the same neurons spread inhibition more globally across the antennal
lobe, thus increasing signal contrast between the activated glomeruli and their
neighbors.
Martinez (2005) simpliﬁed the model of Bazhenov et al. (see review above), and
used simpler quadratic integrate-and-ﬁre neurons instead of Hodgkin-Huxleytype neurons. The spiking model was then further simpliﬁed into a binary
model. The model contained excitatory neurons (referred to as ”E-cells”) and
inhibitory neurons (”I-cells”). The input was modelled as a constant current.
Simulation results, Martinez reports, remained qualitatively similar to those of
Bazhenov et al., although convergence towards a stable state was more rapid
than seen in more detailed models and in experiments: neurons converged
within a single oscillatory cycle. However, convergence became slower when
the input was changed to a slower type of input (i.e. an input with a rise-time
instead of a constant current). Martinez found that the behaviour of the excitatory neurons was regulated by the activity of other cells in the network: the cells
receiving inhibition on a level close to the mean inhibitory level were the most
likely to be phase-locked. The identities of cells in a phase-locked cell assembly
remained the same regardless of the input strength, forming a possible basis for
concentration-invariant encoding.
Linster et al. (2005) created a computer model of the antennal lobe (AL), where
the input patterns used for ORNs were extracted from calcium-imaging experiments in honeybee. Linster et al. ran these experimental input data under
different assumptions about the connectivity of the local neuron (LN) network,
comparing interconnection between neighboring glomeruli, stochastic connections, and connections based on the odour response properties of glomeruli.
Olfactory receptor neurons (ORNs) and LNs were modelled as averaged populations, while projection neurons (PNs) were modelled as simple, separate point
neurons. A total of 20 glomeruli were modelled1 , each with one ORN population
unit giving input to one PN, and one heterogeneous LN population unit responsible for interglomerular inhibition. The model also included homogeneous LNs
that received input from all glomeruli, projected heavily onto themselves, and
inhibited all other LNs and all PNs. When stimulated, the model exhibited oscillatory dynamics phase-locked PN spiking, as seen experimentally. The best
match to experimental data was achieved with inhibitory connections that were
strongest among glomeruli with similar odour-response proﬁles, and weakest
among glomeruli without overlap in odour-response proﬁles.

1 The number of simulated glomeruli in the model by Linster et al. corresponded to
the number of glomeruli that could be visualized and for which complete calcium-imaging
data – both input and output – had been obtained.
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Gu and Liljenström (2007) modelled a subset of the antennal lobe, consisting
of a few glomeruli with 2-21 principal neurons (PNs) and 2-7 local interneurons
(LNs). They investigated the effect of PNs sending their input to one or several
glomeruli and suggest that PNs arborizing to neighbour glomeruli detect similarity, while PNs arborizing to a single glomerulus detect difference and speciality.
Martinez and Montejo (2008) used modelling to investigate the generation of
stimulus-speciﬁc synchronized neuron assemblies in the antennal lobe. They
modelled principal neurons (PNs) as integrate-and-ﬁre neurons, in total 100
completely interconnected cells, and compared the simulation results to results
from the same model but with mitral cells (MCs) instead of PNs (the MC model
was previously published by Galan et al. in 2006, see review above). Local interneurons (LNs) were implicitly modelled as GABA𝐴 and GABA𝐵 synapses between the PNs. Synapses were modelled as unreliable and noisy. Martinez and
Montejo found that found that slow inhibition played a key role in desynchronizing the PNs, and that the balance between fast and slow inhibitory inputs
between them decided if particular neurons would synchronize or desynchronize. Investigating the model’s ability to store and recall patterns, they found
that the spiking network had a storage capacity similar to that of a conventional
associative memory, and that the storage capacity was optimal within the sparse
coding regime but delined sharply outside it.
Patel et al. (2009) constructed an antennal lobe (AL) model of 90 principal
neurons (PNs) and 30 local interneurons (LNs), using single-compartment cell
models with Hodgkin-Huxley-type kinetics. In contrast to the similar approach
by Bazhenov et al. (see above), this model had sparse PN connectivity, weak
synapses for PN-PN connections, and a more biologically realistic ORN input
time course. Patel et al. found that the model reproduced known physiological
properties of the locust AL, namely 20 Hz LFP oscillations, slow temporal patterning and odour trajectories in principal component space. They found that
sparse connectivity and weak coupling among PNs was needed to reproduce observed uncorrelated sponaneous low activity spiking, and that interplay between
the time course of the ORN input and the slow inhibitory current was needed
for temporal patterning of the output signal – they therefore postulate that this
slow inhibitory current, though not yet found in locust, exists.

6.2.4. The Olfactory Cortex and its Cells
Single Cell Models
Pyramidal cells in the piriform cortex are very similar to their counterparts in
for instance hippocampus and neocortex (Shepherd, 1990), and olfactory cortex
is often proposed to be a prototypical attractor memory. Thus, also pyramidal cell models from other cortical areas and general attractor models could be
used in modelling of the piriform cortex, but I will not review existing ”general”
models here. There have been some pyramidal cell models developed explicitly
for the piriform cortex: Ketchum and Haberly published a passive model of
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the pyramidal cell (Ketchum and Haberly, 1993), and Kapur et al. published a
pyramidal cell model with one active and several passive compartments (Kapur
et al., 1997).

System Models
A common hypothesis about the functioning of the piriform cortex is that it
works as an associative memory that is adressed by its contents. This has been
argued by among others Haberly (Haberly, 1985; Haberly and Bower, 1989). Associative or attractor memories lend themselves well to more abstract modelling.
Recurrent networks, for instance, have powerful pattern completion and other
content adressable memory capacities (Haberly, 2001).
Hasselmo et al. (1990, 1992) developed a simple model with reduced pyramidal cells to investigate the associative memory hypothesis. Together with Barkai,
Hasselmo later improved this model using compartmental models of HodgkinHuxley-like neurons, implemented it using GENESIS, and used the model to investigate adaptation (Barkai and Hasselmo, 1994), memory modulation (Barkai
et al., 1994) and synaptic plasticity (Hasselmo and Barkai, 1995) in the piriform
cortex.
Wilson and Bower (1992) modelled the piriform cortex in the simulator GENESIS, using pyramidal cells with ﬁve compartments and two types of interneurons, that provided feedforward and feedback inhibition and consisted of a single compartment. All types were modelled as Hodgkin-Huxley-like neurons. The
model contained 1500 cells of each type, giving a total of 4500 simulated cells
(for some simulations, the number of cells was less, due to computational and
storage requirements). Input from the bulb was modelled as 100 neurons making sparsely distributed excitatory connections to pyramidal cells and inhibitory
neurons. Wilson and Bower were able to reproduce the general oscillatory behaviour of the piriform cortex, as visualised with EEG, in response to strong and
weak shocks to the lateral olfactory tract (the nerve bundle from the bulb to the
cortex). They found that the time constants related to inhibition were important
for the oscillatory behaviour of the piriform cortex.
Vanier (2001) developed a more realistic and detailed version of Wilson’s and
Bower’s model, also in GENESIS. This newer model had a subdivision of the
piriform cortex into three parts with different external and internal synaptic
connection patterns; ventral anterior piriform cortex, dorsal anterior piriform
cortex, and posterior piriform cortex. Vanier also increased the number of pyramidal cell compartments to 15, to better represent the biological properties of
the pyramidal cell, and added a third interneuron type. Mitral cell input to the
model was represented by a spike-generating object that could generate different
ensemble activity patterns. The model was constructed to accurately reproduce
the synaptic connectivity and the input-output relations of pyramidal cells as
well as the included interneuron types. Based on results from the modelling,
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Vanier argues that the piriform cortex may in fact not be a feedback system
forming an autoassocative memory, but a feedforward system giving rise to a
complex spatiotemporal code.

6.2.5. Models of the Olfactory System
Due to computational requirements and ease of analysis, simple cell models
such as integrate-and-ﬁre neurons tend to be popular with modellers. However,
most neural network models of the vertebrate olfactory system and its subsystems – of the olfactory bulb as well as the olfactory cortex – use fairly detailed,
active neuron models as their basic units (Simoes de Souza and Antunes, 2007).
The most notable exception is the early work of Freeman, using connected ”neural masses” (Freeman 1975; Ahn and Freeman 1975). In modelling of the insect
olfactory system, simpler neural models seem more common.
The Vertebrate Olfactory System
Li and Hertz (2000) developed a model of the olfactory system, consisting of two
modules – a ”bulb” and a ”cortex” – that performed odour segmentation (identiﬁcation of an odour’s constituent parts). The bulb model was the same as that
of Li and Hopﬁeld (1989) (see short review of this model above), and had 50 excitatory and 50 inhibitory units. Input from receptor neurons was represented as
different but overlapping activity patterns fed to the bulb, modulated by a 2-4
Hz sniff cycle. The bulb model encoded odour inputs as patterns of oscillation.
The cortex was modelled in a similar way to the bulb, and was the same size,
but had the role of an associative memory storing oscillating activity patterns
that varied in both phase and amplitude. The model had feedforward connections from the bulb to the cortex (providing bulb-encoded input) and feedback
connections from the cortex to the inhibitory ”granule cell” units in the bulb
(providing adaptation). The model was able to perform segmentation by adapting to one part of the odour at a time; ﬁrst recognising the strongest part and
adapting to it, then recognising the next strongest part and adapting to it, et
cetera.
Brody and Hopﬁeld (2003) developed a model inspired by the architecture of
the olfactory bulb and cortex, where spike synchronization of subsets of mitral cells was used to identify odours. The spike synchronization allowed the
piriform cortex to use coincidence detection to identify odours. The cells were
modelled as simple integrate-and-ﬁre neurons, and subsets of mitral cells sent
their input to ”reporter cells”, which were also modelled as single-compartment
integrate-and-ﬁre units.
Raman et al. (2006) developed a simple model of the earlier parts of the olfactory system, the olfactory receptor neurons (ORNs) and the olfactory bulb (OB),
for the purposes of processing of sensor array data. The model included timeindependent ORN responses (modelled as sigmoid functions of odorant concentration), convergence onto glomeruli (i.e. summing of ORN responses), inhibition
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between glomeruli, data storage and analysis. The glomerular layer was set up
according to pairwise similarity between the simulated glomeruli, using a selforganizing map. They found that the largest separability between odour patterns
was achieved when the ”receptor neurons” had a medium-wide receptive ﬁeld,
and that convergence lead to an increase in odour separability compared to the
raw signals or the PCA projection of the raw signals.
Linster et al. (2007, 2009) connected previously published models of the olfactory bulb and the piriform cortex in order to investigate olfactory adaptation.
The model had 50 mitral and 50 pyramidal cells, and also included ORNs, PG
cells, and two types of cortical interneurons. The connectivity between the bulb
and cortex was modelled as a uniform probability (p=0.06) of connection from a
mitral cell to a pyramidal cell. Synaptic depression due to prolonged exposure
to an individual odorant was modelled using an activity-dependent plasticity
rule. Odorants were modelled as single molecular features binding to a single
group of similarly tuned olfactory receptors. Each model ORN had a normally
distributed response proﬁle centered on one such feature, with a standard deviation of two odours. Both papers also include experimental results that are
compared with the computational modelling results. The ﬁrst paper (Linster
et al., 2007) shows how synaptic adaptation at the olfactory bulb input to the
piriform cortex creates odour speciﬁc adaptation, and how this can contribute
to adaptation to a background odour and to odour-background segmentation.
The second paper (Linster et al., 2009) investigates the role of cholinergic modulation in odour adaptation, and shows that cortical association ﬁber plasticity,
governed by cholinergic muscarinic receptors, is important for the speciﬁcity of
behavioural short-term odour habituation.

The Insect Olfactory System
Finelli et al. (2008) modelled the impact of plasticity on odour processing in the
insect olfactory system. The model was formulated in the NEURON simulator
and had 19 Kenyon cells (KCs) that each received input from 100 antennal lobe
(AL) principal neurons (PNs), with 50% overlap in input between pairs of KCs.
The cells were modelled as single-compartment Hodgkin-Huxley-type neurons,
with a minimal set of ionic currents. Plasticity between PNs and KCs was modelled either as spike-timing dependent (STDP) or spiking-rate dependent (SRDP),
and the two approaches were compared. Both STDP and SRDP resulted in
sparser representations for odour (compared to the naive case), mostly because
tuning enabled KCs to repond speciﬁcly, sparsely and reliably across trials. In a
test of recall after additional learning, synaptic changes induced with STDP were
found to be less disruptive and more speciﬁc than those induced with SRDP –
possibly because STDP led to more subtle changes in synaptic strength, and
increased KC sensitivity to oscillatory PN synchronization patterns.
Huerta and Nowotny (2009) formulated a model of the insect olfactory system using very simple cells, McCulloch-Pitts neurons, with 784 input neurons
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randomly connected to 50000 Kenyon cells (KCs). All Kenyon cells sent their
output to 10 ”output neurons”. Huerta and Nowotny argue that McCulloughPitts neurons are a valid approximation for KC behaviour since KCs are known
to respond rarely but very reliably for sufﬁcient input, have sparse activity and
seem to lack intrinsic dynamics. Huerta and Nowotny then used this model to
analyze several learning mechanisms applied on the connections between KCs
and output cells; the more sophisticated mechanisms were found to be better
at disambiguation of confusing inputs. The model’s performance was compared
to a support vector machine2 , and the MNIST dataset of handwritten digits was
chosen as test data. When both were trained on at least a thousand digits, the
model performed on a level comparable to the SVM, with at least 70% correct
classiﬁcation. The model was found to be very robust to removal of KCs, but
less robust to the removal of input neurons.

6.3. Summary and Conclusions
In this chapter, I list and brieﬂy review models on all levels of the olfactory systems of veterbrates and insects. Despite this wide scope, I include very few models that predate the identiﬁcation of the olfactory receptor (OR) family in 1991,
and rather few models that predate the suggestion (Ressler et al., 1993) and
later partial conﬁrmation (Mombaerts et al., 1996) of the theoretical principle
that only one OR is expressed in each receptor neuron. It is with good reason;
theory-building about the function and processing of the olfactory system was
boosted enormously by the discovery of odorant receptors and the implications
for olfactory coding given by the ”one receptor – one neuron” rule. Yet, despite
the impact that biological knowledge of the earliest levels of olfaction has had on
the whole ﬁeld, much of the increase in modelling seems to have taken place on
the level of olfactory bulb beyond the glomeruli; there are very few models that
explicitly incorporate ORNs, and glomerular processing on the microcircuit level
has been incorporated only during the last few years.
The olfactory system has been extensively modelled on many different levels
of detail. It is clear from this overview of published models that whole or partial reuse of models is common, and that some inﬂuential models (such as the
detailed mitral and granule cell models by Bhalla and Bower (1993)) can come
to shape their ”descendants” for many years. This highlights the value of initiatives to facilitate model and model parameter re-use, and also stresses the need
for a thorough validation and documentation of the sources of parameter values.
There is an apparent correlation between model approaches and biological model
systems: the insect olfactory system is more often modelled using simple point
neurons, while more detailed compartmental approaches appear to be used
mainly in models of the vertebrate olfactory system. The reason for this divi2 The

support vector machine is commonly seen as the ’gold standard’ method in data
analysis.
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sion is not clear; if anything, the insect olfactory system seems to currently be
more well-documented in detail, not less, and the investigated questions do not
differ that much for a arge portion of the available olfaction models. The possibilities for full-scale modelling of the insect olfactory system, with its comparatively
fewer cells and connections, should be good.

Chapter 7

R ESULTS AND D ISCUSSION

In this chapter, I discuss the results of my research (Papers 1-5). The reader is
assumed to be familiar with the basics of computational neuroscience (see also
Chapter 5, ”Basics of Computational Neuroscience”) and with the organization
of the olfactory system (which is reviewed in some detail in Chapter 2). A summary of the work performed in each paper and a detailed list of my contributions
to each paper can be found in Chapter 1. I also give a slightly more extensive
summary of each paper in the beginning of its section in this chapter, for ease
of reference.
The work described here investigates information processing in the early olfactory system, and has two main parts – models of populations of olfactory
receptor neurons (ORNs), and models of processing in the olfactory bulb (OB).
Most of the studies have been performed from the perspective of ﬁnding and
investigating new approaches to old questions, such as how variability between
cells contributes to cell population coding properties (Papers 3 and 5), how enzyme subunit variants and their physical arrangement affects the behaviour of
a key enzyme involved in learning and in ORN response adaptation (Paper 1),
how the model’s size affects a key property of the system’s behaviour (Paper 2)
and how a variable sensory population could support a code for odorant concentration that works in tandem with established principles of coding for odorant
identity (Paper 4). The reader who wishes to compare our approaches to the
state of the art in the ﬁeld of olfactory modelling is invited to also read Chapter
6, ”Review of Models of Olfaction”, where I list and summarize a representative
selection of papers.
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7.1. CaMKII: Neighbour Interactions Lead to Non-Linear Activation
Summary – Paper 1
In this paper I model the activation of the enzyme CaMKII using a biochemical network model with coupled deterministic and stochastic parts. The enzyme consists of several subunits that can have different isoforms, which differ
in key activation and activity properties. I hypothesized that since activation
is neighbour-dependent, the distribution of isoform types in the holoenzyme,
which had not been previously modelled, would affect its activity level – this
hypothesis is validated, and I show that the difference is especially large in
high dephosphorylation conditions, where high-activity isomers keep the overall
holoenzyme activity level higher for longer if they are neighbours compared to
when they are spread out. The model itself concerns the biochemical network
in the spine of a hippocampal neuron, but the lessons about CaMKII are possible to apply also to the biochemical network of the vertebrate ORN, and are
highly relevant since CaMKII is important for adaptation of the ORN’s response
(Leinders-Zufall et al., 1999). In insects, the mechanisms underlying adaptation
and termination of the ORN response are not yet clear (Silbering and Benton,
2010).

Results and Discussion – Paper 1
My aim was to describe the activation of CaMKII molecules consisting of both 𝛼
and 𝛽 isoforms, and to investigate how much the activation of the enzyme as a
whole depended on how its subunits were distributed. This aim was based on
the following observations:
∙ the activation of each subunit in the enzyme depends on the activity of its
neighbour (Brocke et al., 1999)
∙ 𝛼 and 𝛽 have a large difference in activation rate (Brocke et al., 1999),
so that having a 𝛽 subunit as a neighbour instead of an 𝛼 subunit could
make a large difference in a subunit’s activation rate
∙ although the real CaMKII enzyme consists of a mixture of 𝛼 and 𝛽 isoforms,
all models published at that time considered only the 𝛼 isoform.
I simulated the kinase CaMKII in a model of the biochemical network of a dendritic spine. The kinase was modelled as consisting of 12 subunits arranged in
two rings of six subunits each (see Figure 7.1). A CaMKII subunit is activated by
binding Ca-CaM (calmodulin loaded with Ca2+ ), and then has several possible
activity states that are dependent on neighbour interactions. The large amount
of different possible activity state conﬁgurations makes an explicit deterministic
model that takes neighbour interactions into account practically impossible to
implement, even before different isoform types are considered. Therefore, all
steps leading up to a subunit’s binding of Ca-CaM were deterministically modelled using standard mass-action equations, while neighbour-dependent activity
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steps were stochastically modelled in order to represent neighbour interactions
properly. Two different isoforms of CaMKII subunits were included in the model,
𝛼-CaMKII and 𝛽-CaMKII. The 𝛼 and 𝛽 isoforms differ in afﬁnity for Ca-CaM and
the neighbour-dependent process of phosphorylation. I found that the conﬁguration of isoforms had a large inﬂuence on the activity level of the kinase.
How is this related to the olfactory system? Mainly through the relationship
between CaMKII and olfactory adaptation. The mechanisms behind adaptation in the olfactory system in general are not completely known, in the sense
that there is little consensus on which mechanism is the most important for
overall olfactory adaptation (see Chapter 3, ”Odours, Sensory Coding and Psychophysics”, Section 3.6). But one well-known mechanism is the inhibition of
receptor neuron activity by CaM and CaMKII (see below).
One of the most important steps for ORN adaptation appears to be a decrease
in the activity of adenylyl cyclase (AC3) – and therefore, the rate of production of
cAMP – mediated by active CaMKII (Leinders-Zufall et al., 1999). Odour stimulation leads to the phosphorylation of AC3 by CaMKII at a serine residue (Wei et al.,
1998). Blocking CaMKII in an intact olfactory receptor cell slows the reduction
of the receptor current during prolonged stimulation and reduces adaptation to
a subsequent odour test pulse (Leinders-Zufall et al., 1999). Labelling using antibodies has shown that CaMKII isoforms 𝛼 and 𝛽 are both present in olfactory
receptor neurons, especially in the cilia, but 𝛽-CaMKII seems to be the most
prominent form (Menco, 2005). This isoform has a larger afﬁnity for CaM and
a higher rate of neighbour-dependent phosphorylation. I have shown that these
two characteristics will give a holoenzyme consisting mainly of 𝛽 isoform subunits a much higher activity, especially since the neighbour interactions make

Figure 7.1. A schematic representation of the CaMKII holoenzyme, with its twelve
subunits arranged in two rings. Two possible conformations are shown, with nine
𝛼 subunits (light grey) and three 𝛽 subunits (dark grey). Neighbour interactions are
assumed to be in one direction only, with no interaction between the rings, and the
”inﬂuencing neighbour” is taken to be the one on a subunit’s right-hand side. Note that
this means that #1 is the neighbour of #6, and #7 is the neighbour of #12. To the left
is the conformation 𝛼𝛼𝛼𝛼𝛼𝛼-𝛽𝛽𝛽𝛼𝛼𝛼 which will show a higher activity than the right
conformation 𝛼𝛼𝛼𝛼𝛼𝛼-𝛽𝛼𝛽𝛼𝛽𝛼. The difference arises because the 𝛽 subunits in the
left conformation are closer to each other, and the neighbour interactions between the
more easily activated 𝛽 subunits ”force up” the activity of the whole enzyme.
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the increase in activity non-linear.
Adaptation in the ORN is long-lived, on the order of 10 seconds (Leinders-Zufall
et al. 1999; Kurahashi and Menini 1997). This is in excellent agreement with
the potentially long-lived activation of CaMKII and the crucial role suggested for
CaMKII activity in periferal olfactory adaptation. However, it is harder to model
a long-lived CaMKII activity using a single activity state, if there is no stimulus
during the active period (Sandström, 2004). Moreover, a single activity state
cannot account for mixed 𝛼 and 𝛽 isoforms, or the sequestering of Ca-CaM resulting from the high afﬁnity of CaMKII for Ca-CaM – referred to as ”trapping”
of Ca-CaM – in one of its several activity states, but not the other activity states.
Since binding of Ca-CaM is the ﬁrst step in many different reactions, Ca-CaM
trapping affects whole biochemical networks.
Despite these concerns, most computational models of CaMKII activation consider only a single form, and simplify the activity of CaMKII to a single ”active”
state. Previously published models of biochemical networks in vertebrate olfactory receptor neuron cilia do so:
∙ Dougherty et al. (2005) have a single activity state. The kinetic parameters
that govern activation of CaMKII were found by parameter search, and
were different for replication of different cases.
∙ Suzuki et al. (2002) have a single activity state. Their kinetic parameters
for CaMKII activation were chosen to be general and within a realistic
range, but not directly based on experimental values.
Furthermore, both groups’ choice of parameter values for CaMKII activation are
rather different, both from ours and from each others’. However, large differences in parameter values and simulation outcomes are common in CaMKII
models, as I have noted previously (Sandström, 2004). Since starting concentrations of substances as well as the time-constants of competing processes will
also inﬂuence the model’s behaviour, it is hard to draw any general conclusions
on how large changes these parameter differences would give in terms of overall
model activity. To be able to draw conclusions about the differences in adaptation time course and amplitude resulting from the different models with and
without 𝛽 CaMKII, one would need to implement both models and run them with
the same stimuli and effective concentrations.

General Remarks
By extending and adapting a previously existing model by Holmes (2000), I have
generated what I believe to be the ﬁrst ever model of a CaMKII holoenzyme with
both 𝛼 and 𝛽 isoforms (I have found exactly one other model incorporating both
of these isoforms, published in 2008 by Lučić et al. (2008)).
I have found that the differences between 𝛼 and 𝛽 CaMKII isoforms in afﬁnity for Ca-CaM and autophosphorylation rate can have large, non-linear effects
on enzyme activity. Thus it would be interesting to see how well a biochemical
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model that included multi-step activity and neighbour interactions of CaMKII –
especially with realistic values of CaMKII kinetic parameters – would be able to
account for adaptation in olfactory receptor cells. As far as I are aware, this has
never been tested.
Another important result of our previous work (Sandström, 2004) was the ﬁnding that the choice of model for Ca-CaM had a very large inﬂuence on the overall
model behaviour. Dougherty et al. (2005) say the same thing: ”modulation of
peak width would be difﬁcult to achieve in a model that does not incorporate
explicit Ca-CaM dynamics.”

7.2. Network Size and Noise Sensitivity in the Bulb
Summary – Paper 2
In this paper I investigate the hypothesis that the processing in the olfactory
bulb, especially synchronization of cells and oscillations in population response,
could be distorted by model subsampling (i.e. decreasing model size with respect
to reality, by modelling fewer cells with stronger connections). I model the olfactory bulb as interacting populations of single-compartment mitral and granule
cells. I scale this model to three different sizes by changing the number of inhibitory granule cells, remove all area- or size-dependent effects, and then ask
how the size of the model – in terms of cell numbers and the corresponding
number of connections – affect the model’s behaviour. I show that for close to
homogeneous cells the model size does not seem to matter, while for more realistically heterogeneous cells, the synchronization of the mitral cells is worse
when the model size is smaller.

Results and Discussion – Paper 2
Our aim was to investigate if the size of an olfactory bulb network model affected
its processing properties, and if the size did have an impact; in what way and
how much. We hypothesized that the number of granule cells in the model might
change its performance. This hypothesis was based on the observation that the
vertebrate olfactory bulb has approximately 100 times as many granule cells
as mitral cells, but previously published models typically have about the same
numbers of granule and mitral cells, due to the computational requirements
posed by large models. The downscaling requires that some of the synaptic
conductances are scaled up with a corresponding factor, to compensate for the
lowered numbers of inputs. Fewer and stronger synapses, however, make the
model’s behaviour more vulnerable to random effects, and also make the model
more different from reality (Djurfeldt et al., 2008a).
The Models
I developed three differently sized models of the olfactory bulb, using the efﬁcient parallelizing simulator SPLIT and a previously existing (but unpublished)
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olfactory bulb model in GENESIS1 . The models had the same number of mitral
cells and different numbers of granule cells. One mitral cell was assumed to
represent one glomerulus. In order to concentrate on the effect of model cell
numbers, I needed to minimize the impact of model size. Therefore, all areaand distance-dependent effects were removed: connection delays were scaled
to be in the same range in all models, and the distance-dependent connection
probabilities were rescaled so that a mitral cell’s connections reached the same
proportion of the granule cell population in all three models, and so that a cell
received the same summed amount of synaptic input regardless of model size.
For calculation of distances and connection probabilities, the cell populations
were seen as square grids. To remove edge effects, which would have had a different amount of impact depending on the size of the model, the cell grids were
joined at the edges (see Figure 7.2). Thus, the longest possible distance between
cells was equal to half the grid length.
I simulated the differently sized models with identical input to the mitral cells,
in two different situations: one where cells were very similar and one where
they were heterogeneous. The simulated voltage traces of all mitral cells were
used to generate synthetic EEGs (see Figure 7.3). I also calculated pairwise
cross-correlations for each pair of the nine most active mitral cells – the presumed information-bearing subset – and pooled the results. EEG amplitude
and crosscorrelation amplitudes were used to indicate the level of synchronization – higher amplitudes mean more synchronized mitral cell responses.
Cell Heterogeneity and Network Size Inﬂuences on Results
With very similar cells, the size of the model did not appear to matter: the (presumed) information-bearing subset of the mitral cells – the subset of mitral cells
stimulated by other input than noise – was approximately equally synchronized
in all models. With heterogeneous cells (that respond differently to the same
stimulus), the information-bearing subset of mitral cells was much less synchronised in the smallest model with the least number of granule cells, than in
the bigger models. Thus, in the more realistic case with heterogeneous cells, a
larger proportion of inhibitory neurons improved the synchronisation. I interpret better synchronization as an improvement in information-bearing capacity,
in the sense that it will be easier for the cortex cells receiving input from several different glomeruli to perform coincidence detection if these inputs are more
synchronized. In agreement with this result, simulations by Ambard and Martinez (2006) indicate that if the inhibition is variable, the system needs many
inhibitory neurons for synchronization to appear. Furthermore, Davison et al.
(2003) have previously investigated the effect of changes in network size by varying the number of granule cells, in a model that is similar to our model but has
more compartments per cell. They found only small, not systematic changes in
1 The GENESIS model was generously contributed by Dr. Rainer Friedrich and Martin
Wiechert at Max-Planck-Institute für medizinische forschung, in Heidelberg. Only the cell
templates from the GENESIS model were used.

102

7.2. Network Size and Noise Sensitivity in the Bulb

Figure 7.3. Syntesized EEG (left) and spike raster (right) for the smallest network
model with 225 mitral cells and 225 granule cells, simulated for 6.5 seconds. The
input was ﬁve ”sniffs”, described as alpha functions (see Paper 2, Sandström et al.
(2007), for further details). The EEG was synthesized by differentiation (and subsequent ﬁltering) of the sum of the soma voltages for all mitral cells.

synchronization – in good agreement with our ”homogeneous cells” case. Davison et al. did not, as I did, vary the cell homogeneity to be able to compare
synchronization with and without cell variability.
The number of interneurons and the consequent requirements on inhibition
is an interesting relation to investigate, since it can shed light on the possible
effects of this difference between insect and vertebrate olfactory systems. Insect
and vertebrate olfactory systems appear to be functionally analogous (Hildebrand and Shepherd, 1997) – see Chapter 2, ”Organization of the Olfactory System” – but the proportion of excitatory to inhibitory neurons in the bulb differs
by approximately a factor of 100 compared to the antennal lobe .
General Remarks
The model used in this paper was based on a previously existing model in GENESIS, which was rewritten to ﬁt the parallelizing simulator SPLIT. Our experiences
in translating this model of the olfactory bulb from GENESIS to the SPLIT highlighted the fact that portability of models between simulators may be very poor,
even though I only reused the cells and not the connections between them. In
our case, most of the difﬁculties were due to built-in, hardwired differences in
the equations for Hodgkin-Huxley-like ion channels, which made it necessary to
try to adjust many ion channel parameters in order to minimize the difference
between the new model version (in SPLIT) and the old model version (in GENESIS). But there may be many other sources of errors in translating models between simulators, especially for network models; how synaptic time-courses are
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modelled, for instance, or if synapses are summating or not. These differences
may not be visible to the user. Portability between models in custom-written
code is probably even lower, but with an important difference: assumptions
about time-constants, connection schemes and so on tend to be more visible
since they have to be explicitly included.
Due to the computational demands involved in this simulation – the simulations and analysis in the paper at the time required almost a month of nonstop computation on a modern PC – I did not generate several different random
connectivity matrices and heterogeneous cell sets. This means that differences
between model sizes are hard to distinguish for sure from differences due to
random effects.
Most of the comparisons between the previous GENESIS model and the translated SPLIT model were done ”by hand”, at least on the network behavior level.
A more rigorous, but in this case too capacity-consuming, approach would have
been to use an automated comparison method, for instance Bayesian inference
based methods similar to the method detailed by Vanier (2001).
Models with a toroidal connectivity sometimes produce artifacts in the form of
travelling waves of activity in the network (York and van Rossum, 2009). I saw
no such behaviour in my simulations.

7.3. Receptor Neuron Population Input to the Bulb
Summary – Paper 3
In this paper I model populations of olfactory receptor neurons (ORNs) with varying response properties, starting out from an already existing single-cell model
of ORN steady state ﬁring frequency in response to an odorant. The variability
in neuronal properties was modelled using stochastic parameter values, i.e. the
parameter values were assigned according to statistical distributions based on
experimentally measured values and/or distributions of values. I model two different ORN populations; one population of ORNs with the same receptor type,
and one population of ORNs with many different receptor types. The ﬁrst case
corresponds to ORNs that all project to the same glomerulus, and the second
case corresponds to the global population of ORNs. I show that the distribution
of the population steady-state ﬁring frequency responses is different for the two
cases, and ﬁnd mathematical descriptions for the ORN population response ﬁring frequency distributions at different stimulus strengths. I also use sensitivity
analysis to identify the most inﬂuential parameters in the two different cases.

Results and Discussion – Paper 3
I have developed two models of the olfactory receptor neuron population (Papers 3 and 5), as an attempt to better represent certain complex facets of the
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odour input to the bulb. My aim in this paper was to describe the input to
the olfactory bulb from a variable ORN population. This aim was based on the
observation that ORNs display a large variation in response properties, both between ORNs expressing different receptors (Rospars et al., 2003) and between
ORNs expressing the same receptor (Grosmaitre et al., 2006), that there were
very few pre-existing ORN population models, and that no previous model of a
variable ORN population existed.
The Model and its Parameters
I constructed a model of a population of ORNs, by using previously published
biophysical equations relating the odour stimulus and the ORN characteristics
to the ORN’s ﬁring frequency response (Rospars et al., 2003). The model consists
of four equations relating 1) the odour stimulus 𝑀 to the ciliary conductance 𝑔,
2) the ciliary conductance 𝑔 to the voltage at the ciliary knob 𝑉𝑘𝑛𝑜𝑏 , 3) the voltage
at the ciliary knob 𝑉𝑘𝑛𝑜𝑏 to the axonal voltage 𝑉𝑎𝑥𝑜𝑛 and 4) the axonal voltage
𝑉𝑎𝑥𝑜𝑛 to the ﬁring frequency 𝐹 :
𝑔(𝑀 ) =
𝑉𝑘𝑛𝑜𝑏 (𝑔) = 𝑁𝑐𝑖𝑙 ⋅ 𝑉𝑐𝑖𝑙 = 𝐸 ⋅

𝑔𝑀
1+

(7.1)

𝑀𝑔/2 𝑛𝑔
𝑀

𝑁𝑐𝑖𝑙 𝑟𝑖𝑛 𝑔
√
√
𝑁𝑐𝑖𝑙 𝑟𝑖𝑛 (1 + 𝑔) 1 + 𝑔coth( 1 + 𝑔𝑙𝑐𝑖𝑙 )

𝑉𝑎𝑥𝑜𝑛 = 𝑉𝑘𝑛𝑜𝑏 exp(−𝑙𝑑𝑒𝑛 )

(7.2)
(7.3)

𝐹 (𝑉𝑎𝑥𝑜𝑛 ) =

(7.4)
0
𝐹𝑀 𝐴𝑋 ⋅ (𝑉𝑎𝑥𝑜𝑛 /𝐸 ′ )
𝐹𝑀 𝐴𝑋

for 𝑉𝑎𝑥𝑜𝑛 < 𝑉𝑡ℎ ,
for

𝑉𝑡ℎ < 𝑉𝑎𝑥𝑜𝑛 < 𝐸 ′ ,

for 𝑉𝑎𝑥𝑜𝑛 > 𝐸 ′

Here (in Eqs. 7.1-7.2) 𝑔 is the unitless conductance achieved by dividing the
ratio of the membrane conductances of one cilium during stimulation (𝐺) and
at rest 𝐺𝑚 (the inverse of the ciliary membrane resistance 𝑅𝑚 ), so that 𝑔 =
𝐺/𝐺𝑚 = 𝐺𝑅𝑚 . Similarly, the unitless maximum conductance 𝑔𝑀 is achived by
𝑔𝑀 = 𝐺𝑀 /𝐺𝑚 = 𝐺𝑀 𝑅𝑚 . The parameter 𝑛𝑔 represents cooperativity effects in the
biochemical transduction cascade (see Chapter 2, ”Organization of the Olfactory
System”, Section 2.1.2) and 𝑀𝑔/2 is the dose at half-maximum conductance (i.e.,
where 𝑔 = 0.5 ⋅ 𝑔𝑀 ). 𝑀 and 𝑀𝑔/2 are more conveniently expressed in terms of
their exponents; 𝐶 = log10 𝑀 and 𝐶𝑔/2 = log10 𝑀𝑔/2 .
In Eqs. 7.2-7.3, 𝑉𝑘𝑛𝑜𝑏 is the steady-state depolarization at the knob created by
the 𝑁𝑐𝑖𝑙 number of cilia attached, each cilium showing the depolarization 𝑉𝑐𝑖𝑙
of the membrane at the proximal end of the cilium, as a function of the total
conductance 𝑔. Furthermore, 𝑙𝑐𝑖𝑙 is the electrotonic length of the cilium, 𝑟𝑖𝑛 is
the ratio of the input resistance of the nonciliary part of the ORN – dendritic
trunk, soma, and axon – and the intracellular resistance of the cilium, and 𝐸 is
the equilibrium potential of the permeating ions yielding the receptor potential.
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Eq. 7.3 describes how depolarization 𝑉𝑘𝑛𝑜𝑏 created at the knob decreases exponentially along the dendritic trunk and soma of the ORN, with its maximum
at the axon initial segment. The parameter 𝑙𝑑𝑒𝑛 is the electrotonic length of the
dendrosomatic segment intercalated between the knob and the axon. Finally,
Eq. 7.4 describes how the ﬁring frequency 𝐹 is zero below the ﬁring threshold
𝑉𝑡ℎ , depends linearly on 𝑉𝑎𝑥𝑜𝑛 in the range 𝑉𝑡ℎ to 𝐸 ′ and is equal to the maximum
ﬁring frequency 𝐹𝑀 𝐴𝑋 above 𝐸 ′ . 𝐸 ′ = 𝐸 ⋅ exp(−𝑙𝑑𝑒𝑛 ) is the maximum possible
depolarization of the membrane at the initial segment.

Modelling a Variable ORN Population With a Single OR and Many Different ORs
I modelled populations of variable olfactory receptor neurons by replacing single uniform values of parameters with stochastic values, drawn from statistical
distributions that were chosen to agree with published experimental values (see
Rospars et al. (2003) and references therein). To model a population with the
same OR, I assumed that while the geometrical and electrical properties could
vary between ORNs with the same OR, the ORNs would have identical values for
all odorant-receptor interaction parameters (see Eq. 7.1); the maximum conductance 𝑔𝑀 , the transduction cascade cooperativity parameter 𝑛𝑔 , and, naturally
since it implies having the same 𝐾𝑑 value, the dose at half maximum conductance 𝐶𝑔 /2.
To model a population with different ORs, in addition to the geometrical and
electrical properties I also let the odorant-receptor interaction parameters vary.
This model of a population of ORNs with different ORs, is the case that is comparable to the experimental results in Rospars et al. (2003) and thus the case
that I use for veriﬁcation of the model results.

Results
For the multi-OR population model, the properties of the frequency responses –
maximal frequency, and the dynamic range of the frequency – of the model population were in good agreement with experimental data published by Rospars
et al. (2003). I found that the frequency response of a population of ORNs expressing the same OR was normal-distributed for every stimulus strength. The
frequency response of a population of ORNs expressing different ORs was lognormally distributed for weak stimuli and approximately normal-distributed for
strong stimuli. I found mathematical expressions for the population frequency
response curves, to describe the distributions of frequencies in response to a
stimulus of any strength C. I also performed a variation-based sensitivity analysis which showed that the most inﬂuential parameters were the ones describing
the odorant-receptor interaction (see directly below).
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Finding the Most Inﬂuential Parameters
In order to be able to determine the amount of inﬂuence that each parameter has
over the ORN model’s output, I performed a variation-based sensitivity analysis
(Saltelli, 2004). In the simplest version of a variation-based sensitivity analysis,
one parameter 𝑋𝑖 is varied while the others are held constant, and the resulting
output is compared to the output when all parameters are varied. Thus, each
parameter’s ”share” of the variability can be computed, and the ratio between
a parameter’s variability share and the total variability shows how inﬂuential
the parameter is. This ratio is referred to as the ﬁrst-order sensitivity index,
and is denoted 𝑆𝑖 (see Eq. 7.5). The approach can be generalized to pairs and
triplets of parameters, et cetera. It is also of interest to compare the share of
variability when all parameters except the parameter of interest varies to the
total variability. This is referred to as the total-order sensitivity index, denoted
𝑆𝑇 𝑖 (see Eq. 7.6).
𝑉 (𝑌 ∣𝑋𝑖 )
𝑆𝑖 =
(7.5)
𝑉 (𝑌 )
𝑆𝑇 𝑖 = 1 −

𝑉 (𝑌 ∣𝑋−𝑖 )
𝑉 (𝑌 )

(7.6)

The ﬁrst-order sensitivity indices 𝑆𝑖 show how much of the variation in model
output that is governed by each single parameter. As can be seen from Eq. 7.5,
the ﬁrst-order indices take values between 0 and 1, where a value close to 0 indicates that the parameter has little to no inﬂuence, and a value of 1 indicates that
the parameter has total and exclusive inﬂuence (and that all other parameters
have no inﬂuence). The sum of the ﬁrst-order indices is typically less than 1,
because of interactions between parameters2 . The total-order indices 𝑆𝑇 𝑖 show
how much of the variation in model output depends on each single parameter
𝑋𝑖 and its interactions with all other parameters.
Computing the ﬁrst-order sensitivity indices for the ORN population with different ORs, I found that the odorant-receptor interaction parameters (𝑔𝑀 , 𝑛𝑔
and 𝐶𝑔/2 ) had the most inﬂuence, that the only other substantially inﬂuential parameter was 𝐹𝑀 𝐴𝑋 , and that the maximum conductance parameter 𝑔𝑀
was most inﬂuential of all parameters (see Fig. 7.4). Sensitivity analysis restricted to the same-OR population (i.e., when 𝑔𝑀 , 𝑛𝑔 and 𝐶𝑔/2 are not allowed
to vary) conﬁrms this result; then 𝐹𝑀 𝐴𝑋 has almost all inﬂuence. The totalorder sensitivity indicies for the many-OR population of ORNs (see Fig. 7.5)
show that all odorant-receptor interaction parameters have substantional interactions with other parameters, especially around the concentration interval
where most ORNs start spiking.
The results from the sensitivity analysis show that the interaction between odorant and receptor governs most of the ORN’s response in this model. Since
the odorant-receptor interaction parameters and their distribution have been
2 If

there are no interactions, the ﬁrst-order indices sum to 1 and the model is said to
be additive.

7. R ESULTS

AND

D ISCUSSION

109

General Remarks
There are a number of previously published single cell ORN models (reviewed
in Chapter 6, ”Review of Models of Olfaction”), but this is to my best knowledge
the ﬁrst attempt to model a variable population of ORNs. The general consensus appears to be that the convergence of many ORNs onto one glomerulus is a
mechanism to reduce noise and increase sensitivity (Duchamp-Viret et al., 1989;
Pearce, 1997). But since it has been discovered that even ORNs expressing the
same receptor have variable responses (Grosmaitre et al., 2006), we should ask:
does the convergence of variable ORN responses add information, or otherwise
affect processing in the olfactory system?
To answer this question, we ultimately need to go beyond the ORN level in modelling. One possible direction is that investigated in Papers 4 and 5 – variability
giving rise to a fuzzy code for concentration. In general, the importance of variability is complicated to investigate from an experimental perspective, but it is
well suited for computational modelling. A model population with 200000 neurons (the approximate number needed for the frequency distributions computed
in Paper 3 to be stable, i.e. not to be noticeably different between runs with
different random seeds) is however rather computation-intensive to implement,
compared to how input is usually modelled, and not suitable for theoretical
work. Therefore, I believe that the given mathematical expressions for the frequency distributions can be valuable to other modellers investigating this question. Mathematical description of modelling results also allows for faster and
easier comparisons, if someone else is trying to replicate the results described
here.
I also believe that our general approach in this model, letting a neuron population’s parameters take all experimentally found values according to reasonable
parameter distributions, could be a good way to model other neuron populations, compared to ”cloning” a single-cell model (as is often done). Since this
approach requires multiple experimental values for each parameter, however, it
may not always be possible to use due to lack of data or due to how the data are
presented.
What this model cannot describe is the behaviour of ORN spiking over time,
since the ORNs in the model are not time-dependent. Variability in spike timing
is probably not important if the number of ORNs converging on the glomerulus
is large; the ﬂuctuations will be summed and evened out. The lack of a parameter describing latency is a more important problem: latency is one of the
characteristics that differs between glomeruli in response to an odorant (Spors
et al., 2006), and it has several times been suggested based on modelling results
that latency could be very useful and important for odour coding (Margrie and
Schaefer, 2003; Künsting and Spors, 2009), in an odour code based on latency
patterns in glomerular activation.
Another lack is that time-independent ORNs do not display any adaptation.
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Most of these characteristics can be approximated in some way – the latency
can be explicitly introduced by the modeler as a delay before a stimulus, adaptation can be mimicked as a decrease in frequency of the response – but without
a reliable description of the correlation between time-dependent response characteristics, such ”easy ﬁxes” also introduce more uncertainty into the modelling
results.

7.4. A Bulb Model Implementing Fuzzy Coding of Odour Concentration
7.4.1. Summary – Paper 4
In this paper, I evaluate the hypothesis that same-receptor ORN response variability could be used to code for odour concentration, using a ”fuzzy” code. As
a basis for the evaluation, I set up a model that includes ORNs, glomerular
processing and the olfactory bulb cell network. Then I investigate what requirements on the olfactory receptor neuron population and on glomerular processing in the olfactory bulb would be necessary to support a fuzzy concentration
code. The model has a simpliﬁed ORN population, a glomerular layer with a
columnar structure where each glomerulus is modelled separately, and multicompartmental mitral (MC), granule (GC) and periglomerular (PG) cells. Samereceptor ORNs are further sorted into ”ORN groups” on basis of their similar
concentration-frequency response characteristics. I ﬁnd that the fuzzy code is
possible to implement in this biologically plausible model, and that the model’s
olfactory bulb cells show ﬁring and synchronization behaviour that is compatible with previosly described olfactory system properties.

Results and Discussion – Paper 4
The aim of this paper was to investigate if a ”fuzzy” code, indicating not only
odour identity but also odour concentration, could arise in the early stages of
the olfactory processing, when using a biologically plausible model of the olfactory epithelium, glomeruli and olfactory bulb. This idea arose from discussions
around the modelling in Paper 3 – what could the olfactory system potentially
use the documented and modelled ORN response variability for? The corollary
aim with this paper, Paper 4, was to verify that a ”fuzzily coding” model would
behave like a normal olfactory bulb model, in terms of oscillatory properties and
other features thought to be important for olfaction. This line of inquiry was
then continued in Paper 5 (below), where I investigate the requirements on the
ORN population more closely.
The idea behind the glomerular processing model in this paper started out as a
Master’s Thesis project for Thomas Proschinger (Proschinger, 2007).
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The Model
I modelled nine glomeruli. Each glomerulus had 25 mitral cells (excitatory), a
periglomerular cell population (inhibitory), and a preferred subset of the granule cell population corresponding to 25 granule cells (inhibitory). I set up a
column-like connectivity in the OB model, since viral tracing has shown the existence of distributed columnar structure in the OB (Willhite et al., 2006). The
tracing showed that the columnar structure extends into the granule cell layer,
but most likely not with hard limits between columns, so I set up the mitral-togranule-to-mitral connectivity to mimic soft columns with a higher connectivity
within columns than between columns. The connectivity between the glomerular columns was set up so that periglomerular cells connected only within the
glomerulus itself, where they received input from all mitral cells and in turn inhibited all mitral cells. Therefore the periglomerular cells could be modelled as a
simpliﬁed population consisting of one ”cell”. Glomeruli also contained the dendritic tuft compartment of all mitral cells. To set up the soft columns described
above, the granule cells received stochastic connections from and connected to
mitral cells in all other glomeruli, but with different connection densities, so that
granule cells were more connected to mitral cells from a single glomerulus than
to the mitral cells in the rest of the glomeruli.
The Cell Models
For the mitral and granule cells in the OB cell network, I could use cell templates
from a previously published NEURON model by Davison et al. (2003). Therefore,
the rest of the model was also constructed in NEURON; I re-implemented the
MATLAB model of glomerular processing constructed by Proschinger (Proschinger, 2007) in NEURON and also implemented a very simple ORN population
model with a behaviour similar to the model described in Paper 5.
The Glomerulus Model
The glomerulus model that I use was previously developed by Thomas Proschinger (Proschinger, 2007). It contains ORN input, the dendritic tuft compartments of all mitral cells in the glomerulus, and an inhibitory ”pool” representing
the periglomerular cells in the glomerulus.
What is a Fuzzy Code?
”Fuzzy” coding of variables is a biological and statistical strategy for discretizing
a continuous variable, like the angle of orientation in vision. A fuzzy coding
strategy is well suited to represent vagueness (Coppi et al., 2006); in fuzzy coding, each point has a degree of belonging to different clusters (see Figure 7.6).
In the fuzzy coding of concentration suggested here, each odour concentration
– relative to the afﬁnity of the receptor for that odorant – has a degree of being
represented by a mitral cell. Fuzzy coding is similar to Gaussian Mixture Models (GMMs), which use a collection of Gaussians, mixed in different proportions,
to represent data. GMMs have been widely used in both supervised and unsupervised learning (Constantinopoulos and Likas, 2007), and are appreciated for
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Figure 7.6. A schematic representation of a fuzzy code for one parameter. The indicated parameter value (black bar on the X axis) belongs to Category B (dashed line) to
a high degree, and to a lower degree to Categories A and C.
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their ability to represent large classes of distributions and arbitrary densities.
To the best of my knowledge, this model is the ﬁrst attempt to use fuzzy coding
in modelling of olfactory processing.
Assumptions in the Model
These are the assumptions that are required, in order to make a fuzzy code possible:
Variability in response properties of same-receptor ORNs: I assume that
ORNs that express the same OR can have different response properties with respect to their concentration-frequency characteristics, and that this variability
includes a variability in response thresholds. Such variability has been documented for one type of OR, in mice (Grosmaitre et al., 2006), but here I assume
that the same would be true for many different ORs. The threshold variaibility requirement is fulﬁlled if ORNs with the same OR are allowed to vary in
their maximum conductance, something that could be achieved if the ORNs expressed different numbers of odorant receptors (see Paper 5 and Section 7.5).
Selective innervation of mitral cells: I assume that subsets of ORNs, with
the same OR and similar response properties, will innervate the same subset of
mitral cells in the glomerulus. It has been shown that ORN convergence is inﬂuenced by cAMP signals derived from neuronal activity (Imai et al., 2006), but no
experiments have been performed on the level of detail – on the subglomerular
level – required to prove or disprove this assumption.
Results
Given that the two requirements above are fulﬁlled, the mitral cells in the model
respond preferentially within a limited odour concentration interval. The oscillatory dynamics arising from the mitral-granule-mitral connections (where the
mitral cells excite granule cells, and the granule cells inhibit the mitral cells)
tend to suppress spikes from mitral cells which receive a stimulus at the edge of
their preferred concentration interval. Both mitral and granule cells display normal spiking, oscillation and synchronization behaviour at reasonable response
frequencies. Therefore, I conclude that it is possible to use a fuzzy code for
odour concentration without disrupting basic olfactory coding principles (and
odour identity coding).
I found that the degree of connectivity within and between the glomerular columns
affects the level of contrast between the glomeruli, also when the weights for the
inhibitory connections have been adjusted so that the total mean inhibitory input to each mitral cell is the same. With a high inter-column connectivity,
i.e. more and weaker granule cell inputs to the mitral cells, weakly responding glomeruli are more suppressed, and respond less reliably (i.e., only respond
in a subset of the synchronized spike volleys, not in every volley). With a low
inter-column connectivity, each glomerulus responds more on its own, and is
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Figure 7.7. Spike raster showing a 1.5 s simulation with nine glomerular columns,
with mitral cells (MC), granule cells (GC) and periglomerular cells (PG). The ORs associated with the lowest two of the glomerular columns have high afﬁnity for the stimulus,
the rest of the ORs have low afﬁnity for the stimulus. Figure adapted from the paper
discussed in this Section, Sandström et al. (2009b).

Figure 7.8. Spike counts for all mitral cells in three different glomerular columns,
whose associated ORs have different afﬁnities for the given stimulus. Shown for
three different simulations, each with a different constant stimulus. Spike counts were
summed over 1.5 seconds of simulation. For clarity, mitral cells are indexed after sensitivity, so that low-index mitral cells respond to stimuli with a low effective concentration
(i.e. stimuli that the associated ORs have a low afﬁnity for) and high-index mitral cells
respond to stimuli with a high effective concentration (i.e. stimuli that the associated
ORs have a high afﬁnity for). Overlaid colours indicate the afﬁnities of each glomerular
column (GL) for each stimulus. GL #1 has a medium afﬁnity for stimulus #1, a somewhat lower afﬁnity for stimulus #2 and a low afﬁnity for stimulus #3. Figure adapted
from the paper discussed in this Section, Sandström et al. (2009b).
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less regulated by the global activity. Global regulation of the network activity
mediated by high inter-column connectivity decreases the number of responding mitral cells, and the number of spikes per responding mitral cell. Weakly
responding mitral cells, that is, mitral cells at the edge of their preferred concentration interval, respond least. The result is a narrowing of the response
proﬁle of mitral cells in the strongest responding glomerular column, and a decreased spiking frequency for those mitral cells that are still active.
General Remarks
In this paper, I show that given an ORN population that has a distribution of
thresholds and a preference for similarly responding ORNs to target the same
mitral cells, and given an all-to-all inhibitory competition between mitral cells in
the glomerulus, it is possible to use a fuzzy code for odour concentration on the
olfactory bulb level. The biological plausibility of such an ORN population needs
to be investigated; this question is the focus of Paper 5.
Furthermore, though the mitral and granule cells in this model appear to display a ”normal” behaviour, a closer comparison of model cell responses and
experimental results should be performed. It also remains to be shown that
processing on the cortical level, which is not covered by this model, can use
the suggested fuzzy code for coding and decoding concentration in an efﬁcient
manner – together with identity coding. Some of these questions are already
pursued within other modelling projects in our group.
The columnar structure and degree of interconnectivity between glomerular
columns in this model has some interesting effects on the processing and regulation of network activity. However, since the degree of interconnectivity between
glomerular columns is not yet known, it is hard to draw any ﬁrm conclusions
from this. More sophisticated glomerular and olfactory bulb processing strategies, such as the non-topographic contrast enhancement suggested by Cleland
and Sethupathy (2006), also contain processes that regulate global network activity, and without further modelling investigations weighing these strategies
against each other it is hard to say if glomerular columns confer some unique
processing beneﬁt.

7.5. Olfactory Receptor Expression Variations Giving Rise to
a Fuzzy Code
Summary – Paper 5
In this paper, I use the sensitivity analysis conclusion from Paper 3 to model a
simpler version of a same-receptor ORN population. The aim is to investigate if
a biologically plausible model of the ORN population could have the properties
found necessary – speciﬁcally, if the population would have a sufﬁcient spread
of response thresholds – to support a fuzzy concentration code as described in
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Paper 4. I show that differences in levels of receptor expression within a samereceptor population could lead to a distribution of ORN response thresholds, in
a way that supports a fuzzy code for concentration of the olfactory stimulus in
later stages of olfactory processing. I also show that a probabilistic thresholddependent targeting of ORNs would give ORN groups similar to those described
in Paper 4.

Results and Discussion – Paper 5
The aim of this paper was to investigate further the biological underpinnings
of the fuzzy coding hypothesis; response threshold variability in ORNs and response threshold-inﬂuenced targeting of ORNs to mitral cells. I used my previous modelling results (see Paper 3) to identify the best ORN property to target
– the odorant-receptor interaction maximum conductance, described by the parameter 𝑔𝑀 .
The Model
I used my previous ORN population model (see Section 7.3 and Paper 3), in combination with the knowledge from the sensitivity analysis performed in Paper 3,
which indicates that the by far most inﬂuential property in the model is the
odorant-receptor interaction maximum conductance, 𝑔𝑀 (see Section 7.3 and
Figures 7.4-7.5). From this knowledge I constructed a simpliﬁed ORN population model where only 𝑔𝑀 was allowed to vary, according to three hypothetical
distributions and one experimentally decided distribution. The experimental
distribution was measured by Rospars et al. (2003); it is the same lognormal
distribution as the one that was used in Paper 3. The other parameters in the
model were set to their experimentally decided mean values (see Paper 3).
The unitless maximum conductance 𝑔𝑀 in turn depends on several other different ORN properties (Rospars et al., 2003):
𝑔𝑀 =

𝑅𝑚 𝛾Γ𝑅0
= (assuming
1 + 𝐾𝑎

𝐾𝑎 ≡ 0) = 𝑅𝑚 𝛾Γ𝑅0

(7.7)

where 𝛾 is the channel conductance, Γ is the number of channels opened per
activated receptor, 𝑅𝑚 is the ciliary membrane resistance and 𝑅0 is the the total
number of receptors on the cilium. 𝐾𝑎 is the deactivation equilibrium constant
of the odorant-receptor interaction, and is set to zero if we assume a simpliﬁed
one-step activation like we do in Paper 3. Most of these are not properties that
would vary between ORNs in a systematic manner, nor properties which would
be easy for the neuron to regulate in an efﬁcient manner. But there is one exception – the level of OR expression, 𝑅0 . Thus, we suggest that the variation in
𝑔𝑀 could be the result of a variation in OR expression.
For the three hypothetical 𝑔𝑀 distributions I chose one uniform distribution,
one left-slanted triangular distribution and one right-slanted triangular distribution, all with the same range of 𝑔𝑀 values. Since 𝑔𝑀 is directly proportional
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to the level of receptor expression, our investigated distributions translate into
the same type of OR expression level distributions. For each distribution I modelled 10000 ORNs, all of them belonging to the same glomerulus and therefore
having the same afﬁnity 𝐾𝑑 for the stimulus. For the lognormal 𝑔𝑀 distribution
I modelled a population with 103 different glomeruli3 , each glomerulus with its
own afﬁnity 𝐾𝑑 for the stimulus, and with 10000 ORNs per glomerulus, in order
to allow comparison to the results from the many-OR population modelled in
Paper 3, and to be able to compare our simulation results to the experimental
results of Rospars et al. (2003).
Allowing the maximum conductance 𝑔𝑀 to take a distribution of values gives
a population of ORNS with different response thresholds. Varying response
thresholds in ORNs with the same OR have been documented experimentally
(Grosmaitre et al., 2006). I suggest that this variability in ORN response properties within a population with the same OR could be used in a fuzzy code
indicating stimulus concentration.

Modelling Threshold-Dependent ORN Targeting to Mitral Cells
To illustrate how activity-dependent targeting of ORNs to mitral cells could give
a fuzzy code, I sorted ORNs after their response thresholds into a ”soft” histogram. For each ORN threshold value 𝑇 𝐻, the two closest histogram midpoints
𝑀 𝑝𝑙𝑜𝑤 and 𝑀 𝑝ℎ𝑖𝑔ℎ were found, and the value was assigned to one of the associated histogram bins with a probability 𝑃𝑙𝑜𝑤 or 𝑃ℎ𝑖𝑔ℎ dependent on how close the
threshold value was to the histogram midpoint value:
𝑃𝑙𝑜𝑤 =

𝑀 𝑝ℎ𝑖𝑔ℎ − 𝑇 𝐻
𝑀 𝑝ℎ𝑖𝑔ℎ − 𝑀 𝑝𝑙𝑜𝑤

(7.8)

where, obviously, the probability 𝑃ℎ𝑖𝑔ℎ = 1 − 𝑃𝑙𝑜𝑤 .

Results
The reduced ORN population model gives a good agreement with earlier modelling results and with experimental results for ﬁring frequency properties. The
agreement between the model and the experimental results is worse for the dynamic range of ﬁring frequency, but this is to be expected since the experiments
were performed in a population with different ORs and, presumably, a larger
variability than our modelled population. The results from the simulations and
the activity-dependent sorting of ORNs show that the presence of a fuzzy code for
concentration is possible within the constraints of current biological knowledge.
3 Of the 103 glomeruli, the 13 glomeruli with the highest afﬁnity had thresholds below
the simulated stimulus concentration range for all ORNs except for extreme outliers. These
glomeruli were excluded from further analysis and comparison.
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Figure 7.9. ”Soft” histogram illustrating the suggested principle (see Eq. (7.8)) of
threshold-inﬂuenced targeting of ORNs to mitral cells. The histogram shown in the
ﬁgure was generated from an ORN population with a lognormal distribution of the
odorant-receptor interaction maximal conductance 𝑔𝑀 , for a series of histogram bin
midpoints 𝑀 𝑝 = -12.15:0.2:-7.35 log mol/L .
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General Remarks
When I performed a sensitivity analysis of the ORN model parameters for Paper
3, to ﬁnd out how much inﬂuence each parameter had over the output of the
model, it turned out that many parameters were close to unimportant, or to
phrase it another way: most parameters in the model have very little explanatory power. It means on one hand that the parameters do not need to be very
accurate in order for the model to give a valid description – the rather common
modeller’s practice4 to guess a value to the nearest order of magnitude might be
sufﬁcient – but it also means that even if I decide the values of these less important parameters carefully, I am not guaranteed a good, representative model of
an ORN. Fortunately, in this case, the most inﬂuential model parameters turned
out to be the ones for which I have experimentally based values – the parameters decribing the odorant-receptor interaction. Therefore, though the number
of variable parameters in this simpler model is much lower than in the original
ORN population model of Paper 3, many of the modelled population’s properties
are retained.
It should, however, be noted that the value and possible wider applications
of the conclusions from a sensitivity analysis are closely tied to how the output is measured, and how valid that measure is in the wider context and in
further applications. For example: the chosen output for the investigation in
Paper 3, single neuron response frequency, does not take into account the dynamic range of the responding neuron. When I apply the conclusion from the
sensitivity analysis – that the single parameter 𝑔𝑀 , or maximal dimensionless
conductance, governs the majority of the investigated output space – to make
a reduced model in this paper, where only 𝑔𝑀 varies, I get a model that is very
similar in the measured output, but which nevertheless is notably worse at reproducing the dynamic range of the ORN population.

7.6. Summary and Conclusions
I have described two different models of ORN populations (Papers 3 and 5) and
two models of olfactory bulb processing (Papers 2 and 4). I have also modelled
an enzyme, CaMKII, which has an important role in memory as well as early
olfactory adaptation (Paper 1).
In Paper 1, I show that the distribution of enzyme subunit isoform types within
one holoenzyme affects the total level of activity in the enzyme, and I additionally
note that a detailed model of Ca-CaM and CaMKII is needed to describe the enzyme’s activity in a realistic way. None of the previously published models of the
vertebrate ORN biochemical transduction cascade incorporate detailed models
of Ca-CaM and CaMKII, despite the fact that the authors identify CaMKII as important for adaptation, in line with experimental ﬁndings (Leinders-Zufall et al.,
4 see

for instance the Suzuki et al. (2002) model of the ORN biochemical network
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1999). I therefore suggest that CaMKII dynamics should be more carefully considered in future ORN biochemical network models, and that detailed CaMKII
models deﬁnitely should be used in biochemical network modelling studies were
ORN adaptation is part of the investigation.
In Paper 2, I show in a model of the olfactory bulb that subsampling in the form
of low proportions of inhibitory granule cells to excitatory mitral cells affects
processing, mainly noise sensitivity and synchronization. However, these effects
are mainly visible when neurons are modelled as heterogeneous. I therefore conclude that extreme subsampling of cell numbers in models of the olfactory bulb
should be avoided, and that cells should not be modelled as too homogeneous
in properties in order to avoid artiﬁcial synchronization.
In Paper 3, I model a variable population of ORNs, compare the simulations
to experimental results, and perform sensitivity analysis to identify the most
inﬂuential model parameters. I ﬁnd that an approach using stochastic parameter distributions instead of single (homogeneous) parameter values well manages to capture the behaviour of the experimentally described ORN population.
Sensitivity analysis shows that the most inﬂuential model parameters are the
parameters describing odorant-receptor interaction, and since the distributions
used for these parameters were directly determined in the experimental ORN
population, I conclude that the population model is well constrained by data.
I therefore suggest that the impact of ORN variability should be considered,
that an approach using experimentally based parameter distributions instead
of single parameter values is valuable in neuron population modelling, and that
sensitivity analysis is a valuable tool which should be more widely used in computational models.
In Paper 4, I model the early olfactory system, with submodels of ORN input, glomerular processing and the olfactory bulb with mitral, granule and
periglomerular cells. I ﬁnd that when ORNs with the same response properties target the same mitral cell, the result is a fuzzy code for odour stimulus
concentration, so that each mitral cell responds most in a limited concentration
interval (and that these intervals overlap between cells), and that the bulb model
displays normal spiking, oscillation and synchronization behaviour. I therefore
conclude that a fuzzy code for concentration could be a mechanism for intensity coding in a biological system, without disrupting odour identity coding, that
more extensive validation with respect to experimental results should be performed, and that this coding principle should be further investigated in a model
of the whole olfactory system including cortical processing.
In Paper 5, I model a population of same-OR ORNs that only vary in one key
property (the odorant-receptor interaction maximal conductance), and give a
simple model of ORN targeting of mitral cells based on sorting of similar ORN
responses. I ﬁnd that such a population of ORNs has a range of response thresholds for all investigated conductance distributions, similar to what has been seen
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in experiments, that the mechanism behind this threshold distribution could be
differing levels of OR expression, and that ORN targeting based on ORN response
similarity could form the basis for a fuzzy code like the one described in Paper
4. I therefore conclude that a fuzzy code for concentration could be used by a
biological system, and that the biological mechanisms behind such a code could
be varying levels of OR expression and ORN targeting of mitral cells based on
ORN response similarity.
All the above studies incorporate parts of previously published models, often
developed to describe and/or be directly compared to experimental data. I have
extended, translated, adapted and/or rewritten those models to allow us to investigate questions relating to olfactory processing. Studying other models of
olfaction (see Chapter 6, ”Review of Models of Olfaction”), it is easy to see that
such model re-use and re-purposing is widespread. This highlights the value to
the scientiﬁc community of publishing models in a transparent and accessible
manner.

Chapter 8

F UTURE WORK
8.1. Opportunities for Modelling
Fully biologically realistic models of the whole vertebrate olfactory system are
probably far off into the future, for reasons of size as well as complexity (see
Chapter 6, ”Review of Models of Olfaction”, Section 6.1.3). But there are several
opportunities for modelling within the near future, where data and knowledge
seem to be sufﬁcient but models are lacking, or where models can help resolve in
which direction further experiments could be pursued. I discuss some of these
opportunities below.

8.1.1. Olfactory Receptor Neuron Level
A Biologically Realistic, Large-Scale, Time-Resolved ORN Population Model
In this thesis, I describe two approaches to modelling an ORN population (Paper 3 and Paper 5, see also Chapter 7 ”Results and Discussion”, Sections 7.3
and 7.5). However, neither of these models are time-resolved, and so they cannot be used to investigate time-dependent coding schemes such as the proposed
latency-based coding that encodes odour as glomerular patterns of latency in
glomerular activation (see Margrie and Schaefer (2003) and Künsting and Spors
(2009), which are also reviewed in Chapter 6, ”Review of Models of Olfaction”,
Section 6.2.3). There are a number other ORN models published (see Chapter
6, ”Review of Models of Olfaction”, Section 6.2.2). Several of these ORN models
are models of pheromone-detecting insect ORNs, like the one recently published
by Gu et al. (2009) – therefore it needs to be investigated if these ORNs are comparable in function and response characteristics to a vertebrate ORN detecting
general odours. Most of the published models are detailed single cells. These
models are too computationally demanding to be simulated as large-scale arrays of ORNs, but they could probably be simpliﬁed in order to be useful in
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large models. Another approach is to build a simpler time-resolved model for
the speciﬁc purpose of using it in a large-scale ORN array, as input to an olfactory bulb model. We are currently working on this as part of a Master’s Thesis
project for Clàudia Ramos Garcia.
It would be especially valuable to have a published ORN population model which
was also made available to the community in a model database such as ModelDB, preferably in a widely used simulator format.

8.1.2. Olfactory Bulb Level
Extending the Analysis of Our Fuzzy Coding Model
A ﬁrst examination of the behaviour of our olfactory bulb model in Paper 4 shows
that the cells display a normal spiking behaviour, and that mitral-granule cell
interactions synchronize the spiking in the bulb as expected. However, the assumptions underlying our fuzzy coding model (see Section 7.4) – the distribution
of ORN input, the glomerular processing and the connectivity – might all inﬂuence higher-level behaviours such as the amount of correlation between cells
and the degree of decorrelation of stimuli. Therefore, the output and response
characteristics of the mitral cells in the model should be examined in more details, with methods such as cross-correlation and calculation of phase-locking
with respect to the local ﬁeld potential.
Which Type of Inhibition Rules the Bulb?
For a long time, lateral center-surround inhibition among neighbour glomeruli
was thought to be the foremost processing task of the olfactory bulb (OB). Most
models of the OB produced during this time had their connections set up accordingly. However, the lateral center-surround inhibition strategy as originally
suggested requires a ﬁne-scale chemotopic map to operate upon, so that neighbour glomeruli really are similar, and it is becoming increasingly clear that such
a chemotopic map is lacking (see Chapter ”Odours, Sensory Coding and Psychophysics”, Section 3.5). This casts doubt upon the existence and/or crucial
importance of lateral center-surround inhibition as processing strategy of the
bulb. Other strategies have been suggested, such as non-topographical contrast
enhancement, which has been investigated in a model incorporating detailed
glomerular microcircuits (Cleland and Sethupathy, 2006). Since all modelling
of the olfactory bulb requires some strategy for setting up connections between
glomeruli, a working consensus on the type and inﬂuence of inhibitory connections in the olfactory bulb is very important for future computational models of
olfaction.
Does the Glomerular Organization Reﬂect Important Coding Principles?
Now that it seems likely that the organization of glomeruli does not follow a
ﬁne-scaled chemotopic map (see Chapter 3, ”Odours, Sensory Coding and Psy-
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chophysics”, Section 3.5), the question follows: does the spatial organization of
glomeruli follow some other principle that could be important for olfactory coding? Or, alternatively, does the connectivity among glomeruli depend not on distance but rather on some other function, like receptive ﬁeld similarity? Several
intriguing papers on glomerular organization and connectivity have been published recently (see Chapter 3, ”Odours, Sensory Coding and Psychophysics”,
Section 3.5), but more research is needed to clarify the issue. Here, models can
play a valuable part in linking suggested glomerular map structures and inhibition strategies to olfactory bulb function, and help exclude unviable hypotheses.
What is the Role and Importance of New Cells in the Bulb?
The olfactory bulb constantly replaces its GABAergic interneurons; it is one of
very few brain areas to do so. In rodents, new neurons are born in the subventricular zone and migrate along the rostral migratory pathway to the bulb; in
rats, that is a distance of about ﬁve millimeters that takes several days to travel
(Lledo and Saghatelyan, 2005). In primates, where the existence and function
of this pathway is more debated, the distance is up to two centimeters and the
travel time is about two and a half month (Whitman and Greer, 2009).
In rat, a large majority of the newly generated neurons become granule cells,
but about 5% become periglomerular cells. Final integration into the bulbar
circuits is on the timescale of weeks (Lledo and Saghatelyan, 2005). In the
hippocampus, newly generated cells have been suggested to be important for
crucial functions such as learning and memory (Bruel-Jungerman et al., 2007).
How do the new neurons integrate into the bulbar circuit without disrupting ongoing function? What is the impact of new neurons in the OB? It is known that
bulbar neurogenesis is sensitive to the degree of sensory input activity (Lledo
and Saghatelyan, 2005); might the new cells be important for experience-based
ﬁne-tuning of odour processing in the bulb, and if so: could that be true also
in primates, taking the very slow time-scale into account? This question would
be challenging to investigate in a model, but exploratory modelling of more abstract signal processing properties of the olfactory system with and without the
possibilities added by newly generated interneurons may help formulate further
directions for experiments.

8.1.3. Olfactory Cortex Level
Investigating the Fuzzy Coding Hypothesis in a Model of the Olfactory System
The next step in the investigation of a possible fuzzy code for stimulus concentration, after a closer characterization of the behaviour of the cells in the
olfactory bulb model (see Section 8.1.2), should incorporate a model of cortical
processing, to investigate how the fuzzy code affects overall odour processing
and to see how well classiﬁcation of odours and odour intensity works at various concentrations, with single stimuli and with simple mixtures.
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What are the Principles Behind Higher-Level Coding of Odours?
Odour-induced activity in the posterior piriform cortex (PPC) seems to be distributed, with similar odours being encoded by similar activity patterns (see
Chapter ”Organization of the Olfactory System”, Section 2.1.4). Experimental
results from fMRI imaging suggests that the PPC and the orbitofrontal cortex
(OFC) both contain ensemble representations of individual odorants (odorant
identity), but that the PPC alone contains ensemble representations of odour
perceptual category (odour quality), where odours are grouped according to perceived quality rather than structure (Howard et al., 2009). What are the principles – projection patterns, requirements on pre-processing in lower structures
– that support the codes behind these two different types of classiﬁcations of
odours? Here, modelling can help investigate the different hypotheses and assist in integrating the ﬁndings from different cortical areas.

8.1.4. Olfactory System Level
A Detailed Model of the Insect Olfactory System
For what is probably mostly cultural and historical reasons, a large proportion
of the detailed olfactory system models deal with the vertebrate olfactory system,
and the insect olfactory system (and that of other invertebrates) is mainly modelled using simpler cell models and methods. However, from a resource point
of view this division in approaches is unfortunate: the insect olfactory system
currently seems to be better known than the vertebrate olfactory system when it
comes to biological details important for some investigations – for instance, the
whole glomerular map of Drosophila has been charted by at least two different
groups (see Chapter ”Organization of the Olfactory System”, Section 2.2.3) – and
there are much fewer olfactory receptors and fewer cells in insects than in vertebrates (see Section 2.2.3. It would be technically possible to model the olfactory
system of Drosophila on a 1:1 scale on a modern PC, using compartmental cell
models and a realistic number of synapses, given that sufﬁcient data could be
found for such models.
Comparisons Between Vertebrate and Invertebrate Olfactory Systems
Since computational modelling makes comparative experiments relatively easy,
it has the possibility to add many valuable insights to the growing understanding
of the olfactory system, and to the understanding of similarities and differences
between function of olfaction in different species. It is for instance possible to
substitute a projection neuron model with a mitral cell model in a model of
the antennal lobe, and investigate if the properties of each system’s principal
neuron change the network behaviour drastically. This was done by Martinez
and Montejo (2008), and although the differences in function between principal
neurons in this case appeared to be irrelevant (in the context of the paper’s
question – see review in Chapter ”Review of Models of Olfaction”, Section 6.2.3),
it is a nice proof of principle.

8. F UTURE

WORK

127

Applying Knowledge from Invertebrate Olfactory Systems in Vertebrates, and Vice
Versa
Very few research groups work with both vertebrate and invertebrate olfaction,
and therefore few persons possess knowledge to do detailed comparisons between vertebrate and invertebrate olfactory systems. Despite the overall similarity in morphology (see Chapter 2, ”Organization of the Olfactory System”), it is
not clear how similar vertebrate and invertebrate olfactor systems are in detailed
function. Does the difference in number of ORNs converging on a glomerulus
imply higher noise sensitivity in insects than in vertebrates? Or can differences
in sensing mechanisms and higher-level processing diminish the effects? Does
the difference in numbers of inhibitory versus excitatory cells give a lower noise
sensitivity and/or less precise inhibition in vertebrates? These questions are
well suited for investigation using computational models, but since there are
relatively few models of the vertebrate and insect olfactory systems with approximately the same level of detail, investigations may require substantial work in
adapting and/or constructing new models to enable fair comparisons.
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