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Abstract

To understand how the brain learns and performs complex tasks,
such as spatial navigation, it needs to be studied on a wide range
of spatial and temporal scales.

Data gathered in various formats from different experimental
techniques often need to be combined in analyses and under-
stood in the context of theoretical and computational models.
Effective data management is important for analysis workflows,
data sharing, and reproducibility. This thesis presents software
tools aimed to improve data management in neuroscience in
Paper I and Paper II.

Spatially modulated neurons, such as place cells and grid cells,
have been discovered in the hippocampal-entorhinal network
and are believed to support memory formation and spatial nav-
igation. While the exact function of these cells is not yet fully
understood, several models suggest possible mechanisms for how
spatial cells emerge and support animal navigation in familiar
and novel environments. In Paper III, we present a study where
we aim to increase plasticity and examine the effect on grid cells.
In Paper IV, we implement a software tool for spatial tracking
and closed-loop stimulation.

Unfortunately, many neuroscientists lack computational
and quantitative training to work with computational models.
There is, therefore, a need for an improved curriculum and more
accessible teaching tools. In Paper V, we develop an educational
neural network software application.
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1
Introduction

In order to figure out how the brain works, we need to gather
and understand information about activity that happens on
multiple spatial and temporal scales, for instance by linking
single-cell activity to animal behavior.

The entorhinal-hippocampal network is interesting to study
in this regard. This network is well known for its crucial role
in both memory and spatial navigation,1 but the neurons in this 1 Hasselmo 2009; Moser et al.

2015.network also encode information about sound2 and time.3 The 2 Aronov et al. 2017.
3 Meck et al. 2013; Eichen-
baum 2014; Heys and
Dombeck 2018.

wide range of sensory modalities that affect this network puts
it in the middle of the brain’s ability to solve complex tasks.
Further, this region of the brain shows a wide variety of plasticity
levels, making parts of its circuitry prone to change within short
time frames.4 4 Lensjø et al. 2017a.

The varying levels of plasticity and the many links between
activity on different spatial and temporal scales also make the
entorhinal-hippocampal network challenging to study. Data han-
dling is a challenge in most fields of research, but it is particularly
complicated in neuroscience. Studies in neuroscience often inte-
grate data across a range of techniques, each exploring a different
temporal and spatial scale. Data handling becomes particularly



2 computational tools for integrative neuroscience

challenging because multiple sources of information need to be
integrated into the analysis of an experiment.

Even though data handling strategies and workflows have
been developed within different subfields of neuroscience, they
do not necessarily fit well together when combined in integra-
tive studies. Different data formats have varying requirements
for organization and storage. Image sequences obtained from
microscopy will, for example, require more storage space and
different annotation strategies than time series obtained in elec-
trophysiological data. In addition, software tools for visualization
and analysis are often designed to work only on data from a par-
ticular field or technique. In some cases, it can be challenging to
find libraries for reading data from multiple different sources in a
given programming language. This, in turn, requires researchers
to add additional steps in their workflows to convert and adapt
data to subsequent analyses.

There is a move in the scientific community towards the use
of more open-source software for data management, analysis,
and visualization. In addition, a push is being made for source
code and data to be released with more publications in neuro-
science.5 At the same time, most hardware remains proprietary 5 Gleeson et al. 2017.

and closed source. The software necessary to connect to the
hardware and acquire data is also often proprietary.

The ability to modify and extend hardware is key to creating
the next generation of experimental techniques. After all, re-
search is by definition on the cutting edge of development, and
new experimental techniques have often been created by the re-
searchers themselves by extending upon what they were already
using. By sharing open-source hardware designs researchers can
collaborate to build equipment with completely new features,
sometimes at a fraction of the cost of commercial hardware.6 6 Pearce 2012.

Finally, integrative strategies to understand the brain have led
to a convergence of experimental and computational activity. As
a result, multidisciplinary education is becoming necessary.7 We 7 Goldman and Fee 2017.

need to educate computationalists in biology and neuroscience,
and we need to educate experimentalists in computer science and
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Figure 1.1: Neuroscience
spans many scales, from (A)
behavior, (B) whole-brain,
(C) via neural networks, (D)
individual neurons, and (E)
molecular processes. On each
scale, numerous experimental
techniques exist, producing
data in a wide range of data
formats.
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physics. The optimal solution is likely to make the next genera-
tion of neuroscience students qualified in both experimental and
computational techniques.

1.1 Objectives

The overall goal of the work I present in this thesis has been to
build software tools that aid an integrative study of the brain.
The work is a mix of technology research – with a focus on the
development of software tools – and classical research8 concen- 8 Solheim and Stølen 2007.

trated on answering scientific questions.
A central goal of this work has been to create software tools

that improve data management in neuroscience. For this pur-
pose, we have designed a novel data storage specification, Exdir
(Paper I), and an experimental pipeline and metadata storage
solution, Expipe (Paper II).

The goal of the study in Paper III is to shed light on the role
that plasticity plays in the formation and stability of grid cells in
the medial entorhinal cortex. By removing perineuronal nets in
this region, we open for plasticity and observe the effects this has
on the grid fields when the animal explores novel environments.
The study also serves as a specific example of how the organiza-
tion and analysis of data is performed efficiently using Exdir and
Expipe.

We performed the data acquisition in Paper III with propri-
etary hardware and software, which is limited to the function-
ality that is offered by the provider. In parallel, we therefore de-
veloped an open-source solution for such experiments based on
Open Ephys9 and Bonsai,10 which is presented in Paper IV. Open 9 open-ephys.org

10 open-ephys.org/bonsaiEphys is an initiative that delivers both an open-source acquisi-
tion board and an open-source software GUI for recording and
analysis.11 However, Open Ephys lacked support for retrieving, 11 Siegle et al. 2017.

visualizing, and processing tracking information in recordings of
freely moving animals. The solution and corresponding modules
are presented in Paper IV. Additionally, we present a solution for
performing closed-loop stimulation based on the same software.

Finally, I was part of a group of physicists that came to neu-

https://open-ephys.org
https://open-ephys.org/bonsai
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roscience without much prior knowledge in the field. As we
learned about both neural networks and their corresponding
theoretical and computational models, we realized that there was
a need for educational software that would make computational
models more accessible. We therefore set out to create an educa-
tional neural network software application for this purpose. The
resulting software, Neuronify, is presented in Paper V.

1.2 Structure of this thesis

In chapter 2, I introduce grid cells and perineuronal nets and give
a brief review of grid cell models and analyses. In chapter 3, I
present a short background of data acquisition in neuroscience
and discuss reproducibility and data management solutions. In
chapter 4, I present some common computational models in
neuroscience and educational neuroscience software.

In total, the work in this thesis consists of five publications.
Paper I, Paper IV and Paper V have been published, while Paper II
and Paper III are manuscripts. The publications are summarized
in chapter 5.

Finally, the results of this work are put into a larger context
and discussed in chapter 6.
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Grid cell analysis

There has been one striking and
totally unexpected behavioural
result: a grave loss of recent
memory in those cases in
which the medial temporal-lobe
resection was so extensive as
to involve the major portion
of the hippocampal complex
bilaterally.

– Scoville and Milner 1957

Henry G. Molaison, better known in the medical literature as
patient H.M., had been suffering from epileptic seizures after he
was knocked down by a bike at an age of 7. He began having mi-
nor seizures when he was 10 and experienced major seizures by
the age of 16.1 Due to his epileptic seizures, which rendered him

1 Squire 2009.

incapable of working and living a normal life, H.M was given
high doses of anticonvulsant medication for years. By the time
he turned 27, it became apparent that the medication no longer
worked effectively to control the seizures. His neurosurgeon,
William Scoville, therefore suggested performing a radical opera-
tion on Henry: a bilateral medial temporal lobe resection.

Since his operation on September 1, 1953, Henry Molaison
was unable to form new episodic memories. William Scoville
later reported the story about Henry Molaison in a paper co-
authored with Brenda Milner.2 In it, they noted the peculiar find- 2 Scoville and Milner 1957.

ing that the removal of the medial temporal lobe seemingly did
not inflict any personality change, but introduced a severely de-
graded ability to form long-term memories. Most memories that
were formed a few years prior to the surgery, however, were still
intact. H.M. also had a functioning immediate memory, allowing
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him to perform tasks that required him to retain information
only for a moment.3 3 Squire 2009.

Scoville and Milner compared the extent of the resection
performed on Molaison with resections performed on other pa-
tients. They found a relationship between memory impairment
and the extent of damage to the hippocampus and the parahip-
pocampal region, which is located in the medial temporal lobe.
Because other parts of the medial temporal lobe were removed
in the operations, such as the amygdala, they could not con-
clusively tie memory loss to the hippocampus. However, their
findings were subsequently followed by more detailed studies,
particularly in animal models, which verified the importance of
the hippocampus and the adjacent parahippocampal region for
memory.4 The hippocampus has since been studied extensively 4 Squire 2009.

and is now well known to be central in memory formation,5 5 Clark and Squire 2013.

encoding of spatial information,6 and the tracking of time.7 6 Moser et al. 2008.
7 Eichenbaum 2014.In 1971, John O’Keefe and Jonathan Dostrovsky discov-

ered spatially encoding cells in the hippocampus of rats.8 They 8 O’Keefe and Dostrovsky
1971.recorded cell activity using chronically implanted electrodes in

freely moving animals and discovered that some cells were active
only when the animal was in a specific area of the environment.
Otherwise, the cells would remain relatively silent. By overlaying
the activity of such cells on top of the path taken by the animal,
the spatial preference of the cell is evident (figure 2.1). These cells
hence got the name “place cells”.

One interesting feature of the hippocampal formation, which
the hippocampus is part of, is that it has few reciprocal connec-
tions between its regions.9 This is in contrast to the neocortex, 9 David and Pierre 2007.

where regions typically have back-projections to the regions they
receive input from. Much of the input to the hippocampal forma-
tion originates in the superficial layers of the entorhinal cortex
and returns in the deep layers, making entorhinal cortex the
central hub for information going in and out of the hippocam-
pus (figure 2.2). Neurons in layer II project to the hippocampal
areas dentate gyrus and cornu ammonis 3 (CA3), while neu-
rons in layer III project to CA1 and the subiculum.10 Dentate 10 David and Pierre 2007.
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Figure 2.1: Recording cells
with spatial information.
(A) The experimental setup,
shown as a cartoon. The
animal is placed in an envi-
ronment and is tracked using
a camera and the neuron
activity is recorded using
chronically implanted elec-
trodes. (B) The resulting path
taken by the animal can be
plotted together with spiking
activity in a specific cell. (C) A
firing rate map.

Figure 2.2: Illustration of con-
nectivity in rat hippocampal
formation. Neurons in layer
II of entorhinal cortex (EC)
project to the dentate gyrus
(DG) and cornu ammonis 3
(CA3). Granule cells of the
dentate gyrus also project to
CA3. CA3 projects further
to CA1, which projects back
to deep layers of entorhinal
cortex in addition to the
subiculum (Sub). Neurons in
layer III of entorhinal cortex
project directly to CA1 and
the subiculum.
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gyrus also projects to CA3. From CA3, projections go to CA1,
which further projects to subiculum. Finally, subiculum and CA1
project back to the deep layers of entorhinal cortex, concluding
the entorhinal-hippocampal network.

After the discovery of place cells, a common view was that
computations in the hippocampus were the main sources of
spatial computations in the brain.11 However, the assumption 11 Moser et al. 2008.

of intrahippocampal computations was questioned when Mc-
Naughton et al. showed that removal of input from the dentate
gyrus did not remove spatial coding in CA1.12 Brun et al. further 12 McNaughton et al. 1989.

showed in a 2002 study13 that spatial coding in CA1 was still 13 Brun et al. 2002.

intact after removing inputs from CA3.
Finally, in 2004, Fyhn et al. discovered cells with multiple

spatial firing fields in the medial entorhinal cortex (MEC) of
rats.14 The fields were later shown to hold a precise coding of 14 Fyhn et al. 2004.

the position of the animal, resulting in a hexagonal firing pattern
which gave them the name “grid cells”.15 Grid cells have later 15 Hafting et al. 2005.

been found in mice,16 bats,17 and primates.18 In addition to in 16 Fyhn et al. 2008.
17 Yartsev et al. 2011.
18 Killian et al. 2012; Doeller
et al. 2010.

the entorhinal cortex, grid cells have been located in pre- and
parasubiculum.19

19 Boccara et al. 2010.Neurons in entorhinal cortex have been found to encode other
types of spatial information, such as the direction of the head,20 20 Sargolini et al. 2006.

proximity to the borders of the environment,21 and speed of 21 Solstad et al. 2008.

movement,22 in addition to grid fields. Hippocampal place cells 22 Kropff et al. 2015.

receive input from many of these cells in the medial entorhinal
cortex, and additionally from irregular spatial cells and non-
spatial cells.23 23 Zhang et al. 2013.

A widespread hypothesis is that place cells in the hippocam-
pus could result from a straightforward summation of multiple
grid cell patterns in MEC (figure 2.3, which in turn would get
their input from other entorhinal cells.24 However, researchers 24 McNaughton et al. 2006;

Solstad et al. 2006; Rowland
et al. 2016.recently silenced specific cell types in MEC to test the effects on

place fields when particular grid cell populations were inacti-
vated. Both Miao et al. and Ormond et al. found that their results
were inconsistent with the hypothesis that place cell formation
results only from grid cell summation.25 Nevertheless, the place 25 Miao et al. 2015; Ormond

and McNaughton 2015.
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Figure 2.3: A popular hy-
pothesis is that place cell
firing fields (B) result from a
straightforward summation
of grid cell firing fields (A)
with varying spacing and
orientation, but with a similar
phase. Adapted from Solstad
et al. 2006.
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firing fields did change shape and position when MEC activity
was altered.

Due to the connectivity of the hippocampal formation, it
seems likely that place cells and grid cells are part of a recursive
computational network.26 Place cell firing appears to originate 26 Rowland et al. 2016.

from the input of different entorhinal cells, and because place
cells project back to the entorhinal cortex it is also likely that grid
cells use place cells to form their firing fields. Interestingly, as I
will discuss further in the next section, the emergence of place
cells appears to come before grid cells during development.27 In 27 Wills et al. 2010; Langston

et al. 2010.short, the exact role that MEC cells play in place field computa-
tion still remains unknown.

2.1 Development of spatial cells

Neural circuits in the brain are rarely hardwired from birth.
After birth, there are developmental windows in many sensory
systems called critical periods. During these periods, input is
necessary to develop functional circuits, as the plasticity is en-
hanced before it declines to low levels.28 28 Hensch 2005; Espinosa and

Stryker 2012.The place cells in hippocampus and spatially encoding cells
in entorhinal cortex form at different stages of development.29 29 Kerdels and Peters 2018.

Many head direction cells and place cells are already well-defined
at 16 days after birth (P16).30,31 At this point, place cells form 30 P16 is short for “postnatal

day 16”.
31 Langston et al. 2010; Wills
et al. 2010.

stable, adult-like fields. On the other hand, what appears to be
young grid cells show irregular spatial patterns at P16.32 First

32 Langston et al. 2010; Wills
et al. 2010; Moser et al. 2015.at P20, some cells begin to form clear hexagonal patterns, and

around P22, a significant proportion of cells have developed grid
fields with adult-like stability and quality.

The observation that place cells form adult-like fields ear-
lier than grid cells made Wills et al. question the hypothesis that
place fields in hippocampus are formed as a summation of grid
fields in medial entorhinal cortex.33 However, Langston et al. ar- 33 Wills et al. 2010.

gued that young grid cells have patterns, although primitive, that
could hold enough spatial information to form place cells, par-
ticularly with the help of other spatial cells in medial entorhinal
cortex.34 34 Langston et al. 2010.
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Computational models have also been used to show that grid
firing fields can emerge spontaneously from feed-forward con-
nections from place cells.35 This is in contrast to the two primary 35 Kropff and Treves 2008;

Castro and Aguiar 2014;
Stepanyuk 2015; Weber and
Sprekeler 2018.

computational models for grid cells,36 oscillatory interference

36 Schmidt-Hieber and
Häusser 2014.

models37 and continuous attractor network models,38 which

37 Blair et al. 2007; Burgess
et al. 2007; Giocomo et al.
2007; Burgess 2008; Hasselmo
2008.
38 Conklin and Eliasmith
2005; O’Keefe and Burgess
2005; Fuhs and Touretzky
2006; McNaughton et al.
2006; Burak and Fiete 2009;
Pastoll et al. 2013.

generate grid cell firing without place cell input.

2.2 Perineuronal nets

The maturation of grid cells coincides with an increased forma-
tion of perineuronal nets (PNNs) in medial entorhinal cortex.
The perineuronal nets appear between P12 and P17, and con-
dense quickly until P23, after which their levels are stable and
high.39 Perineuronal nets are a specialized extracellular matrix 39 Lensjø et al. 2017a.

that wraps around the soma and proximal dendrites of parval-
bumin expressing inhibitory cells (PV+ cells). Grid cells in layer
II of MEC are reciprocally connected to and regulated by PV+

cells.40 40 Dhillon and Jones 2000;
Couey et al. 2013; Buetfering
et al. 2014.The formation of perineuronal networks generally coincides

with the end of critical periods and the maturation of inhibitory
networks.41 Exactly how PNN limits plasticity remains un- 41 Galtrey and Fawcett 2007;

Lensjø et al. 2017a.clear, but it has been hypothesized to act as a physical barrier
to experience-dependent plasticity or to alter the excitatory-
inhibitory balance.42 The nets are carbohydrate-rich and only 42 Sorg et al. 2016.

have openings around synapses, where they perform long-term
preservation of synaptic connections.43 43 Berardi et al. 2004; Bernard

and Prochiantz 2016.The perineuronal nets consist of chondroitin suplhate pro-
teoglycans (CSPGs) that can be degraded using the bacterial
enzyme chondroitinase-ABC (chABC). Treatment using chABC
is known for its relation to the glial scar that builds up around
sites of spinal cord injury. The glial scar contains CSPGs that
prevents axon regeneration.44 By treating the glial scar with 44 Fawcett and Asher 1999.

chABC, axon growth is improved.45 Removing PNNs by chABC 45 Bradbury et al. 2002.

in adult animals reopens plasticity in visual cortex46 and fear- 46 Pizzorusso et al. 2002.

conditioning.47 Recently, the treatment has also been shown to 47 Gogolla et al. 2009.

disrupt recall of remote fear memories.48 48 Thompson et al. 2018.

Perineuronal nets also adjust the thalamic recruitment of
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interneurons in the adult visual cortex.49 Lensjø et al. found that 49 Faini et al. 2018.

removing perineuronal nets induces plasticity in visual cortex by
altering the balance between inhibitory and excitatory activity.50 50 Lensjø et al. 2017b.

However, the full picture of how PNNs affects cortical processing
and plasticity remains unknown.

2.3 Properties of grid cells

Despite 40 years of research on spatially coding cells in the hip-
pocampus and later in medial entorhinal cortex, there is still no
clear consensus on the definitions of grid cell properties. There
are, however, a number of common features that are analyzed
throughout the literature.

In 2005, Hafting et al. established the grid cell properties spac-
ing, orientation, spatial phase, and field size.51 To measure these 51 Hafting et al. 2005.

and a number of other properties, the first step is to construct
a firing rate map. This is created by separating the explored en-
vironment into equally sized bins, and for each bin, divide the
number of action potentials, or “spikes”, that occurred in the
bin by the time spent in the bin. The two measures are typically
smoothed before division, using, for instance, a Gaussian ker-
nel52 or a boxcar average.53 52 Sargolini et al. 2006.

53 Stensola et al. 2012.To identify the individual spikes of each cell, chronically im-
planted electrodes are typically used.54 The electrodes record 54 Fyhn et al. 2004.

the extracellular voltage and pass the signal along to recording
equipment for amplification and storage. To separate the low-
frequency local field potential (LFP) from the high-frequency
multiunit activity (MUA), the signal is band-pass filtered. By
using groups of four electrodes (tetrodes) in combination with
spike sorting,55 the spike activity of individual nearby neurons 55 Rey et al. 2015.

can be distinguished.
The position of the animal is usually identified using a camera

that films the arena and software that tracks the position of one
or more head-mounted LEDs in the corresponding video. De-
pending on the recording equipment and software, the tracking
information and electrophysiology data can be processed im-
mediately or stored for later analysis. In Paper IV, we describe a
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setup built on Open Ephys GUI56 and Bonsai57 for live visualiza- 56 open-ephys.org
57 open-ephys.org/bonsaition of tracking information.

The average firing rate λ(x) of a bin at position x can be writ-
ten as

λ(x) =
∑n

i=1 g (si − x)∫ T
0 g (y(t)− x) dt

. (2.1)

Here, g is a smoothing kernel, n is the number of spikes, si is
the location of spike number i, and y(t) is the position of the
animal at time t. The recording period is from t = 0 to t = T .
Computationally, the firing rate map can be estimated efficiently
by first creating two 2D histograms: one for the number of spikes
in each bin, the spike map, and one for the time spent in each
bin, the occupancy map. The two maps are then smoothed before
the bins of the smoothed spike map is divided by the bins of the
smoothed occupancy map.

Figure 2.4: The spacing of
a grid cell is calculated by
taking the mean distance
from the center peak to
the six closest peaks in the
autocorrelogram.

The spacing and orientation of grid cells can be calculated by
creating a spatial autocorrelogram and finding its peaks.58 The 58 Hafting et al. 2005.

spacing is given by the median distance from the center peak to
the six closest peaks, as shown in figure 2.4. The orientation is
the angle between a horizontal reference line through the center

https://open-ephys.org
https://open-ephys.org/bonsai
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Figure 2.5: The orientation
of a grid cell is calculated by
finding the angle α between
a horizontal reference line
through the center peak and
the closest of three diagonals
that run through the closest
six peaks.

peak and the closest of three diagonals that run through the
closest peaks, as shown in figure 2.5.

The size of the fields of a grid cell can be estimated in different
ways. Hafting et al. originally defined the field size to be the area
around the central peak of the autocorrelogram with values
above a threshold firing rate.59 Other options include fitting 59 Hafting et al. 2005.

a two-dimensional Gaussian function to the center peak60 or 60 Dunn et al. 2017.

defining the field radius as a ratio of the distance from the central
peak to the nearest peak.61 61 Ismakov et al. 2017.

The firing fields of a grid cell can be separated to investigate
and compare their individual properties, such as firing rate,
shape, and size. The outline of each field can be taken to be the
contiguous area around a peak with a firing rate above a fixed
ratio of the peak firing rate. Another option is to use a watershed
technique to segment the rate map.62 In water-shedding, the 62 Dunn et al. 2017.

rate map is turned upside down and each peak — now a local
minimum— is “flooded” until the water from one basin reaches
that of another. These meeting points define the borders between
the fields. Alternatively, if only the firing rate of each field is
going to be compared after finding the individual fields, a global
field size can be assumed. Ismakov et al. find a global field radius
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from the autocorrelogram and then filter out the lowest of any
two peaks that are within a distance smaller than this radius.63 63 Ismakov et al. 2017.

All remaining peaks are recognized as fields with equal size.

Figure 2.6: Gridness is cal-
culated by masking out
everything except the six clos-
est peaks, and then by taking
the lowest correlation of the
masked autocorrelogram with
itself at angles of 60◦ and
120◦ (shown only for 60◦)
and subtracting the highest
correlation at angles of 30◦ ,
90◦ and 120◦ (shown only for
30◦). The former corresponds
to peaks and the latter to
troughs.

To classify cells as grid cells, Sargolini et al. introduced a
measure of the spatial periodicity of a cell’s firing pattern, called
a gridness score.64 The gridness score is calculated by masking 64 Sargolini et al. 2006.

out all information from the autocorrelogram apart from the six
closest peaks. Even the central peak is masked out. The score is
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found by taking the difference between the lowest correlation
of the masked autocorrelogram with itself at angles of 60◦ and
120◦, which are the expected peaks, and the highest correlation
at angles of 30◦, 90◦ and 120◦, which are the expected troughs
(see figure 2.6).

When introducing the gridness score, Sargolini et al. classified
cells with gridness above zero as grid cells. However, Wills et al.
introduced a stricter statistical criterion by defining the thresh-
old, not as zero, but based on shuffling the spike times of the
cell.65 The spike times were offset by at least 20 seconds and at 65 Wills et al. 2010.

most 20 seconds less than the trial duration. This is an effective
way of simulating a cell with a firing pattern that holds the same
temporal characteristics as the original cell while decoupling
the spatial position from the spike timing. By shuffling multiple
times and calculating the gridness score after each shuffling, one
can estimate the probability of getting a specific gridness score by
chance. In their data, Wills et al. found that a gridness threshold
of 0.27 was sufficient to exclude 95% of the simulated cells. This
threshold can be obtained individually for each cell or by pooling
the results of all cells.

Shuffling can be used to create thresholds also for other mea-
sures, such as border score, and with different techniques to
randomize the data. Barry and Burgess recently proposed shuf-
fling the positions of the fields in the rate map.66 This disturbs 66 Barry and Burgess 2017.

any existing periodicity in the map while other spatial properties
are preserved.

Grid cells share similar properties depending on their position
in medial entorhinal cortex.67 Spacing and field size were early 67 Kerdels and Peters 2018.

found to increase from dorsal to ventral.68 Stensola et al. later 68 Fyhn et al. 2004; Hafting
et al. 2005; Sargolini et al.
2006; Brun et al. 2008.showed that the cells can be divided into discrete modules,69
69 Stensola et al. 2012.where grid cells within each module have similar grid spacing,

field size, and grid orientation. Within each module, many of the
grid firing patterns were also elongated in the same direction.
The spacing between two consecutive modules within the same
animal is close to

√
2 ≈ 1.42, but there is is no apparent relation

in grid spacing between different animals.
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Stensola et al. found at most five grid cell modules per animal
and estimate that the total number of modules in MEC is below
ten.

2.4 Functions and models of grid cells

In addition to being a possible source for place cell activity,70 70 McNaughton et al. 2006;
Solstad et al. 2006; Rowland
et al. 2016.grid cells are thought to play a role in vector-based naviga-

tion, allowing the animal to find a way between two locations
through intermediate steps.71 The discreteness of grid cell mod- 71 Fiete et al. 2008; Erdem and

Hasselmo 2012; Bush et al.
2015.ules is likely important in navigational tasks. Stemmler et al.

recently showed that a ratio of about 3/2 = 1.5 is ideal to pro-
vide a framework for vector-based navigation.72 Further, simi- 72 Stemmler et al. 2015.

larly modularized grid cells emerge in artificial neural networks
(ANNs) that are trained to produce place fields.73 73 Banino et al. 2018.

Continuous attractor network74 and oscillatory interference75 74 Fuhs and Touretzky 2006;
McNaughton et al. 2006.
75 Blair et al. 2007; Burgess
et al. 2007; Giocomo et al.
2007.

models are commonly used to account for the firing patterns of
grid cells. Oscillatory interference models are based on the idea
that grid cell firing patterns result from constructive interference
between oscillatory inputs. For instance, with two inputs where
one is oscillating at a constant frequency and the other at a fre-
quency with a linear dependence on speed, a one-dimensional
pattern with periodic firing fields emerges. To achieve a two-
dimensional grid pattern, multiple one-dimensional patterns
with preferred velocity directions can be combined.76 However, 76 Bush and Schmidt-Hieber

2018.since it is focused on single-cells, the oscillatory interference
model does not explain the modular organization of grid cells.

In continuous attractor models, grid cells instead achieve their
distinct firing pattern by being connected using a Mexican-hat
connectivity scheme. The scheme sets up connections such that
neurons with similar phase receive excitatory input from each
other and cells with largely different phases receive inhibitory
input from each other. The resulting activity of the network is
a hexagonal lattice where all cells share the same orientation,
spacing, and field size. Similar schemes with only inhibitory
connectivity, also produce hexagonal firing patterns.77 77 Burak and Fiete 2009;

Couey et al. 2013.One problem with attractor models is that they require a



20 computational tools for integrative neuroscience

large number of neurons to be connected in a specific way that
is sensitive to noise.78 A third alternative, feed-forward models, 78 Rowland et al. 2016.

have shown that such a connectivity pattern is not necessary to
produce the hexagonal firing. Instead, the hexagonal pattern can
result directly from place cell input due to firing rate adaptation
and a sparsity constraint in the connectivity.79 Alternatively, 79 Kropff and Treves 2008.

variations of balanced excitatory and inhibitory place cell input
have been shown to result in grid cell firing.80 80 Stepanyuk 2015; Dunn et al.

2017; Weber and Sprekeler
2018.

2.5 Remapping of grid fields

When an animal is moved from one environment to another,
a different set of place cells will become active and encode the
new arena. John O’Keefe and D.H. Conway found in a series
of experiments during the 1970s that place cells are specific to
locations in global space.81 Global remapping occurs when a 81 O’Keefe and Conway 1978.

different set of cells are taking over and represent the new space.
However, if the environment changes only slightly, the same
place cells will still be recruited, but their maximum activity will
shift, in a process called rate remapping.82 82 Leutgeb et al. 2005.

In contrast to place cells, grid cells are active in every envi-
ronment. While remapping of place cells appears to be unique to
each cell, grid cells and border cells remap in coherent ensem-
bles.83 Fyhn et al. found that the same grid cells remain active 83 Stensola et al. 2012.

under environmental changes, but that their orientation and po-
sition changes, known as realignment.84 Grid cell firing is not de- 84 Fyhn et al. 2007.

pendent on external cues and the rate maps remain active even in
a darkened room. However, external cues affect the orientation
of the map. By rotating external cues around the environment
that is being explored by the animal, Hafting et al. showed that
the corresponding map rotates along with the cues.85 This is also 85 Hafting et al. 2005.

known to be the case with hippocampal place cells.86 86 O’Keefe 1976.

By scaling a familiar environment, Barry et al. were able to
show that rescaling of grid cell rate maps occurs when a known
environment appears deformed.87 They showed that the grid 87 Barry et al. 2007.

cell pattern scaled in the same direction as the environment was
scaled. This effect appeared to be immediate, but Barry et al.
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also found that the magnitude of scaling was reduced with the
number of trials. This was interpreted as a return to the original,
intrinsic scale of the grid cell.

Rescaling was also found to occur when the animal is moved
from familiar to novel environments.88 In a protocol similar to 88 Barry et al. 2012.

the one we describe in Paper III, Barry et al. exposed the animal
to five trials. First, the animal was placed 20 minutes in a famil-
iar environment. Next, the animal would be placed in a novel
environment in three trials of 20 minutes. The novel environ-
ment would have different visual cues, colors, and scents. Finally,
the animal would be exposed to the familiar environment for
another 20 minutes. Barry et al. found that the animal would ex-
press rescaled grid cell patterns in the novel environment, where
both the size and orientation would change. The rescaling was
most expressed in the first environment, while it was reduced in
the second and third environment. The same experiment was re-
peated over multiple days, and the rescaling was reduced further
by each day. Eventually, the grid cells would become regular and
spatially well-defined in the new environments on the same level
as the familiar environments.

We wanted to investigate the role of inhibitory PV+ interneu-
rons in remapping in novel environments and the effect of alter-
ing their plasticity. In paper Paper III, we describe the effects of
chABC treatment on grid cell patterns in familiar environments
and remapping in novel environments.

For the study in Paper III, the experimenters collected large
amounts of data over several years using multiple experimental
techniques. The data were analysed in several steps, where results
from one step, such as the classification of cell types, was used in
subsequent steps. After a while, the need for a better data man-
agement solution became evident in both this and other studies
in our laboratory. However, we found no available data manage-
ment solutions that suited our needs. We therefore developed
Exdir and Expipe, which are described in Paper I and Paper II,
respectively. The background for these data management solu-
tions is described in the following chapter.





3
Data management challenges and
solutions

It likely went unnoticed by many readers of The New York
Times, but the 1967 column written by Joseph Licklider con-
tained incredible foresight. In his column, Licklider envisioned Further advances in technology

will make it possible for people
to do their studying and
thinking in direct interaction
with computers and to gain
access through wire or cable
– or even relay-satellite – to
remote banks of computer-
processible information.

– Joseph Carl Robnett
Licklider

The New York Times, 1967

an interconnected network of computers that would help sci-
entists spread and apply knowledge in what he called "the new
avalanche of information". He predicted that such a network
would transform humanity, politics, and citizens’ ability to influ-
ence government.1

1 Licklider and Taylor 1968.

Although Licklider’s prediction came true in the form of what
we now know as the Internet, he likely did not foresee the next
generation of challenges — those that would arise from the mas-
sive amounts of data produced and shared by an interconnected
scientific community. What he called an avalanche at the time
pales in comparison to the enormous amount of data produced
today.

By the time Licklider wrote his seminal 1967 letter to The
New York Times, he had already gained the reputation of being
one of the world’s leading researchers on the auditory nervous
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system.2 Licklider had a background in psychology and worked 2 Hafner and Lyon 1998.

in the 1950s on the brain’s ability to localize sound. Perhaps it
was his experience with the painstaking effort of recording and
analyzing the data that triggered Licklider’s interest in com-
puters. He quickly became fascinated by early computers after
being introduced to the TX-2 — a huge machine that took up
multiple rooms at Lincoln Laboratory, where he was working at
the time. Unlike others, Licklider did not see the computer as a
simple calculator. He recognized an enormous potential in the
interface between humans and computers. With the widespread
availability of computers and computer networks, he believed
that everyone would be able to access all human knowledge.

3.1 Reproducible research

A bit more than 50 years later, we find ourselves in a situation
where research papers are being made available online at an
ever increasing rate. Even though all literature is not available
to everyone, there is a significant push both within the scientific
community and society at large towards more open access to
scientific papers.3 In parallel with the push towards open access 3 Enserink 2016; Else 2018.

to papers, there is also an increased request for access to data and
source code.4 4 Crook et al. 2013.

Reproducibility is critical to science since it is only through
independent reproduction that we can agree to call anything
scientific knowledge. Lacking access to full datasets and code
used in analyses hinders other researchers from reproducing
the results of their colleagues.5 However, even access to datasets 5 Rougier et al. 2017.

and code is often not enough to reproduce the findings in many
papers.6 The code and data need to be properly documented 6 Collberg et al. 2015; Collberg

and Proebsting 2016.with protocols on how to reproduce the results. Additionally,
the code may depend on other software or hardware that is not
readily available, for instance, because it has become outdated or
requires a commercial license.

Availability of data and source code also makes it possible to
get more value out of research that has already been performed.
With readily available experimental raw data, other researchers
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can ask new questions and look for answers by performing new
analyses on the original data.7 Similarly, making source code 7 Heidorn 2008; Nelson 2009.

available enables other researchers to perform existing analyses
on new data.

To get as much as possible out of data it needs to be made
available in formats that are accessible to other researchers.
Further, to enable reproducibility, data, workflows, and protocols
need to be well documented and annotated with provenance
information: a detailed record of how the data was produced and
processed. Nevertheless, procedures that are put in place for data
handling and data sharing need to fit well with the day-to-day
work in a research laboratory. Ideally, the methods that are put
in place for external reproducibility should also benefit internal
data management.8 8 Zehl et al. 2016.

Crook, Davison, and Plesser wrote a thorough review of re-
producibility in computational neuroscience in 2013.9 They note 9 Crook et al. 2013.

that even though the need for provenance has been pointed out
many times over the past decades, there are many challenges in
both reproducing existing results and sharing data and code for
this purpose. They also point out the difference between repro-
ducibility and replicability.

Reproducibility is determined by the ability of an independent
researcher to arrive at the same conclusion as the original au-
thors using different experimental and computational equipment.
Replicability is determined by the ability to re-create the exact
results as the original authors, either within the same research
group (internal replicability), using the same tools (external repli-
cability), or using other software that implements the exact same
models or analyses (cross-replicability), see figure 3.1.

To achieve reproducible research, neuroscience labs need
to implement workflows that support data management with
reproducibility in mind. The growing amount of metadata about
experiments makes it impossible for a single researcher to have
an overview of all the data. There is a growing need for good,
ideally automated, metadata annotation and software tools that
simplify data selection based on the metadata.10 Provenance 10 Denker and Grün 2016.
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Figure 3.1: Internal replicabil-
ity is the ability to re-create
the results of an experiment
within the same laboratory,
while external replicability
requires the results to be
reproduced in a different
lab, but with the same tools.
Cross-replicability is achieved
using other, yet equivalent,
tools that represent the same
model, to obtain the same
results. Reproducibility is the
ability to arrive at the same
conclusion based on the same
assumptions, but without nec-
essarily using the exact same
tools. In a way, reproducibility
measures the extent to which
a finding can be generalized.
Cartoon style inspired by
xkcd.com by Randall Munroe.

https://xkcd.com
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information about every step in the process from experiment to
analysis is invaluable in any such system.

In 2014, Davison published a paper describing a new soft-
ware for provenance tracking in computational neuroscience.11 11 Davison et al. 2014.

Sumatra is like an automated lab notebook that tracks the exact
version of the source code, parameters, input files and dependen-
cies used to produce a specific set of output files. It also provides
an interface to browse and re-run selected simulations. By run-
ning the code through Sumatra’s command line interface, most
of the above information is registered automatically. Another
alternative is to integrate provenance tracking systems directly
with an automated workflow system. For instance, the recently
developed provenance tracking and data sharing framework
Arkheia12 communicates directly with Mozaik, an automated 12 Antolík and Davison 2018.

workflow system for spiking neural network simulations.13 Fur- 13 Antolík and Davison 2013.

ther, containerized virtual machines can be used to contain all
dependencies, code, and data.14 14 Boettiger 2015.

Systems that aid provenance tracking have also been built
for experimental neuroscience. Alyx is an electronic lab note-
book built on web technologies that can be accessed using a
web browser or programmatically using REST APIs.15 In Alyx, 15 alyx.readthedocs.io

metadata is stored in a PostgreSQL database using a number of
predefined models that can be extended with unstructured in-
formation in JSON fields. GIN16, on the other hand, combines 16 gin.g-node.org

RRID:SCR_015864the version control system Git17 with the large-file extension 17 git-scm.com
git-annex18 to provide an easy-to-use command-line tool and 18 git-annex.branchable.com

web-hosting service. GIN makes it easier to track changes to files
and share the data with other researchers but does not impose
any structure on the data or metadata in itself.

Recorded data can also be annotated with metadata directly.
For this purpose, Grewe et al. published the “open metadata
markup language” (odML) in 2011.19 This is an XML-based 19 Grewe et al. 2011.

format that is used by researchers to store metadata files together
with their data. The format includes a corresponding concept of
“odML terminologies”: a template for odML files that can be used
to standardize metadata for particular experiments, simulations,

https://alyx.readthedocs.io
https://gin.g-node.org
https://git-scm.com
https://git-annex.branchable.com
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processing steps, or analyses.

3.2 Data storage formats

One of the basic scientific
problems in this country today,
far more difficult than any
of those connected with space
travel or with high-energy
physics and certainly far more
viable to the feasible operation
of our society, is the efficient
storage and retrieval of data.

– Richard Bellman, Some
Vistas of Modern

Mathematics, 1968

During the same time period as Licklider was studying sound
localization, David Hubel and Torsten Wiesel were studying the
visual cortex of cats. In their electrophysiology experiments, they
were able to identify neurons in the visual cortex that responded
to lines oriented on a screen in front of the animal. They used a
micro-electrode to record extracellular activity. The electrode
was further connected to a loudspeaker that would make a pop-
ping sound whenever nearby neurons were active. By drawing
marks on a piece of paper fixed to the screen, the resulting activ-
ity could be related to the position of the visual stimulus.20 By 20 Hubel and Wiesel 1959.

the 1970s, when John O’Keefe and Dostrovsky made their dis-
covery of the place cells, electrophysiology acquisition was per-
formed with advanced filters and amplifiers, while tape recorders
were used for permanent data storage.21 21 O’Keefe and Dostrovsky

1971; O’Keefe 1976.Today, neuroscience labs worldwide perform a wide range of
different experiments, all producing data in various formats. As
more and more of the acquisition is automated, the amount of
data produced is increasing rapidly. Imaging techniques, such as
fluorescence microscopy now produces videos with high frame
rates, where a single session can produce several terabytes of
data. Even techniques that traditionally have produced smaller
datasets, such as electrophysiology, now produce giant datasets
because of improvements in the equipment, such as increased
sampling rates and the introduction of microelectrodes with
thousands of individual channels.22 22 Jun et al. 2017.

The many file formats make it challenging to create common
software tools for visualization and analysis of the data. How-
ever, neuroscience is not unique in that the wide range of data
formats has challenged interoperability between applications.
In 1987, The Graphics Foundation Task Force at the National
Center for Supercomputing Applications decided to create a file
format that could be used across different architectures. The
goal of the project was to store and access a wide variety of large
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and small data objects in the same container and access these
efficiently.23 23 The HDF Group 1997-2018.

The format created by the task force would eventually become
the Hierarchical Data Format (HDF). It was quickly adopted by
multiple research groups at the University of Illinois at Urbana-
Champaign and gained popularity both for scientific and com-
mercial use. During the 1990s, the format was used in other large
agencies and universities, including the National Aeoronautics
and Space Administration (NASA) and the Department of En-
ergy (DOE). In 1998, HDF version 5 (HDF5) was released with
significant improvements to the format.

A common issue with “raw” binary files is that they can be
saved without corresponding information about the data stored
in the file. This can pose a technical issue since the reader of the
file might not know the layout of the data in the file. Additionally,
it can pose an information issue, if there is also no contextual
information about the contents of the file. HDF5 solves these
issues by adding and exposing the necessary metadata needed
by applications to read the data, and for a user to get the context
of the data. Object headers in HDF5 contain information about
the data type, such as integers or floating point numbers, and
the size and dimensionality of the data objects. The user can
store additional metadata about each data object in the form of
attributes. In addition, HDF5 has an abstract data model that
allows for a hierarchical organization of datasets in groups.

The abstract data model of HDF5 can be specialized to store
specific types of data, such as neuroscience data. Multiple for-
mats in neuroscience are based on HDF5, such as Kwik,24 BRAIN- 24 Kadir et al. 2014; Rossant

et al. 2016.format,25 Nix,26 NSDF,27 and NWB.28 There is also an in- 25 Rübel et al. 2015.
26 Stoewer et al. 2014.
27 Ray et al. 2016.
28 Teeters et al. 2015.

memory format, called Neo29 that supports HDF5 in addition

29 Davison et al. 2011; Garcia
et al. 2014.

to a number of other formats. Neo is a collaborative effort to
represent neuroscience data in Python using a common memory
structure regardless of acquisition source. This project has made
it possible to write analysis and visualization software that can be
used by many neuroscience laboratories, even though different
labs have used different equipment or simulation software.



30 computational tools for integrative neuroscience

HDF5 does, however, have a number of drawbacks that result
from the complexity of its specification and the way it stores all
data within a single file. We discuss these drawbacks in Paper I,
where we also present Exdir, a data storage specification based
on file system directories for structure, YAML files for metadata,
and NumPy files for data.

The NumPy file format (.npy) is, in contrast to HDF5, a very
simple format that also annotates its objects with metadata about
data types. The format was created during the 2000s to be able
to store and share NumPy array data efficiently in a single file
with a simple implementation. The creation was ignited due to
a lack of memory mapping support in the native Python pickle
implementation, lack of metadata information in raw files, and
the complexity of alternatives such as HDF5.30 30 Kern 2007.

YAML stores data in a key-value model, similar to dictionaries
in Python or objects in Javascript. YAML was created as an alter-
native to JSON, which is a simple text format for streaming data.
Whereas JSON was built to reliably support data streaming over
network protocols, YAML focuses on readability and writability
for humans.31 31 Ben-Kiki et al. 2009.

3.3 Metadata management

The logical structure of relational databases is a set of tables
with rows and columns (figure 3.2). The columns are typically
named and typed, meaning that each column has values of only
one kind, such as floating point numbers, integers, booleans,
or strings.32 The column type can also be a reference to rows 32 Perkins et al. 2018.

in other tables, which is one of the great strengths of relational
databases. These references make it possible to reduce data dupli-
cation by, for instance, having a single record for a room that is
being pointed to by multiple experiment records.

Relational database developers typically write Structured
Query Language (SQL) to extract information from the database.
Queries can join information from multiple tables by using the
references between the tables.33 However, the ability to join 33 Perkins et al. 2018.

information in relational databases is a double-edged sword: A
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Figure 3.2: The main differ-
ence between (A) relational
databases and (B) NoSQL
key-value databases is how the
data is organized. In relational
databases, data is stored in
tables, where every entry has
the same fields — or columns.
In key-value databases, data
is stored in hashtable-like
objects, which are similar to
dictionaries in Python, where
there are no restrictions on
which fields to include or
their types. The values can
be other hashtables, resulting
in a flexible tree-like data
structure.
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change in a single record can lead to changes in many queries
that have references to that record. This means that one needs to
take great care when designing a database that is used to keep a
historical record of actions, such as experiments. For instance,
marking a piece of equipment as broken can lead to it appearing
as broken also in experiments where the equipment was still
functional.

In neuroscience, as with other fields of research, using a re-
lational database model can be challenging because research by
definition is a moving target. While some subfields of neuro-
science have well-established workflows and formats for the
collected data, other subfields are pushing the boundaries with
new experimental techniques. New experimental techniques
often introduce new data types and structures.

Since the late 2000s, more flexible “NoSQL” database models
have been popularized34 by projects like Redis,35 CouchDB,36 34 Bartholomew 2010.

35 redis.io
36 couchdb.apache.orgMongoDB,37 and Google Firebase.38 NoSQL databases are gener-
37 mongodb.com
38 firebase.google.com

ally not tabular and are instead designed to store specific types of
data structures. The most common NoSQL database structures
can be divided into key-value, wide-column, document-oriented,
and graph-oriented.39 In the following, I will discuss only key- 39 Corbellini et al. 2017.

value databases, of which document-oriented databases are a
subset.

Key-value databases are ideal for storing hashtable-like data
such as Python dictionaries or Javascript objects (figure 3.2).40 A 40 Perkins et al. 2018.

JSON or YAML file can be considered a simple key-value storage
solution since they are based on a key-value hierarchy. In fact,
even a file system has a structure that fits the key-value model,
where each folder or file name can be considered a key, and
the contents of a file or folder is a value. Dedicated key-value
databases like Redis and Google Firebase are highly performant
implementations of the key-value model. Nevertheless, due to
the flexibility and lack of structure in the key-value model, com-
plex queries are expected to be more time-consuming to both
implement and execute in comparison to relational databases.41 41 Leavitt 2010.

Choosing a key-value NoSQL database over a traditional

https://redis.io
https://couchdb.apache.org
https://mongodb.com
https://firebase.google.com
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SQL database often boils down to the level of stringency one
wants in the schema. While relational databases enforce strict
relations and type checking at the database level, key-value
databases are more flexible and leave verification and checking
to the application developer.42 Lately, some relational databases 42 There are, of course,

exceptions with NoSQL
databases that have stricter
built-in checking, but NoSQL
databases do in general have
more relaxed rules and norms.

started introducing features inspired by the benefits provided by
NoSQL databases. For instance, PostgreSQL, which is a relational
database, introduced a JSON data type in 2014. 43 This allowed

43 postgresql.org/docs/9.4/release-
9-4.html

PostgreSQL users to keep using the relational model for most
data, and use the JSON data type for unstructured data.

When we were looking for a workflow solution for our re-
search group, we first explored traditional relational databases.
However, we quickly realized that our laboratory collected a
wide range of data and that the data formats changed rapidly
as new projects were introduced. This meant that our database
solution needed to be both well-structured and at the same time
agile to adapt to new types of data. In addition, we needed a so-
lution that did not require a full-time database programmer to
develop and maintain the database. Existing solutions, such as
Alyx or Sumatra, imposed either too much or too little structure
on the data and required setting up a central database for the
system to be used by multiple users.

In Paper II, we present a lightweight data management solu-
tion, Expipe, which uses a simple NoSQL key-value model for
storing metadata about experiments, simulations, processing
steps, or analyses. Expipe is also designed to support odML-like
templates, although the backing storage format is not XML. Ex-
pipe is built with modularity in mind and can be extended to use
other NoSQL databases as backends.

The default Expipe backend uses YAML files and directories
as a lightweight NoSQL database. The file system backend works
well with version control software, such as Git, although we
recommend coupling it with extensions that handle large files,
such as git-annex,44 Git Large File Storage (Git LFS),45 or GIN.46 44 git-annex.branchable.com

45 git-lfs.github.com
46 gin.g-node.org
RRID:SCR_015864

When using the file system as a backend, Expipe can also be
used in combination with automated workflow software like

https://postgresql.org/docs/9.4/release-9-4.html
https://postgresql.org/docs/9.4/release-9-4.html
https://git-annex.branchable.com
https://git-lfs.github.com
https://gin.g-node.org
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Snakemake,47 Lancet,48 Mozaik,49 Pypet,50 or VisTrails.51 47 Köster and Rahmann 2012.
48 Stevens et al. 2013.
49 Antolík and Davison 2013.
50 Meyer and Obermayer
2016.
51 Bavoil et al. 2005.



4
Computational models in neuro-
science education

In 1952, Alan Lloyd Hodgkin and Andrew Fielding Huxley were
working in the Physiological Laboratory at the University of
Cambridge. In their experiments, they used their novel voltage-
clamp technique to record the ionic currents flowing through
the membrane of the squid giant axon. As a result, they identified
a set of equations that could describe the ionic mechanisms
underlying the initiation and propagation of action potentials.
In a series of five articles, they described the experiments and
the mathematical model used to fit and explain the experimental
data.1 By modeling the cell membrane as a series of variable 1 Hodgkin and Huxley 1952b;

Hodgkin and Huxley 1952c;
Hodgkin and Huxley 1952d;
Hodgkin et al. 1952; Hodgkin
and Huxley 1952a.

resistors and a capacitance, they put together a set of equations
that described the cell membrane and its ion channels in terms of
an electrical circuit.2 2 Hodgkin and Huxley 1952a.

The Hodgkin-Huxley model was strikingly precise and turned
out to be surprisingly correct, which has been verified by modern
techniques.3 In the years that followed, their model became a 3 Schwiening 2012.

great basis for models of other neurons and ion channels. The
model they described was only for one compartment, but it can
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be expanded to produce a multi-compartment model to include
the spatial extent of the neuron.4 Today, multicompartmental 4 Sterratt et al. 2011.

models are used in several large scale simulations, such as the
Blue Brain Project’s simulations of a part of the neocortex.5 5 Markram et al. 2015.

Computational models and software have been made for both
single-neuron and network models. Such software is useful to
better understand theoretical models of neurons and networks.
Some tools have graphical interfaces, but many require program-
ming skills to be used.

Unfortunately, many neuroscientists lack the necessary com-
putational and quantitative training to work effectively with
computational models.6 This is a challenge that can be solved 6 Goldman and Fee 2017.

both by improving the neuroscience curriculum and by making
simulation software more accessible to all neuroscientists.

4.1 Computational models

NEURON is a simulation software for multicompartmen-
tal neuron models (figure 4.1) that was initially developed by
Michael Hines and John W. Moore at the Duke University Medi-
cal Center.7 In 1993, it came with a graphical user interface that 7 Hines 1993.

allowed the user to organize views of the neuron, parameter
value editors, and graphs with the resulting output. NEURON’s
model description language was based on the “high order calcula-
tor” (hoc) presented by Kerningham and Pike in their 1984 book
on Unix as a programming environment.8 The graphics interface 8 Kernighan and Pike 1984.

was based on InterViews, a public domain C++ library.9 Both are 9 Linton et al. 1988.

still part of the NEURON source code today and are maintained
to run on modern hardware. However, efforts exist to make use
of more modern graphics libraries and programming languages,
such as Python.10 10 Hines et al. 2009.

In 2007, Gleeson et al. published NeuroConstruct,11 a Java- 11 Gleeson et al. 2007.

based graphical software that simplified the setup of simulations
in NEURON and other simulators. It came with a 3D view that
allowed the user to easily visualize the morphology of neurons
and a GUI that allowed the user to start and run simulations
without editing simulation scripts.
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Figure 4.1: Different levels of
abstractions in computational
models of neurons. The real
morphology (A) of a neuron
can be approximated by (B) a
multi-compartment model,
where properties of each
compartment are tracked in
the simulation, or (C) a point
neuron model, where the
entire neuron is assumed to
have the same value for any
property, such as membrane
voltage.



38 computational tools for integrative neuroscience

While NEURON uses a fine-grained multicompartmental
model, other simulators, such as NEST and BRIAN,12 focus on 12 nest-simulator.org, brian-

simulator.orgnetworks of spiking neurons. In the integrate-and-fire model,
neurons are described as point cells without any spatial extent
(figure 4.1).13 Instead, their state is described entirely from the 13 Brunel and Van Rossum

2007; Sterratt et al. 2011.time propagation of properties such as the membrane potential.
The neuronal connections are described with synapse models,
which can be current-based, conductance-based, or include
various models of plasticity. The most important thing

to know about a program is
always how to leave it. In SLI,
the operator quit exits the
interpreter.

– Diesmann, Gewaltig and
Aertsen, 1995

The NEST simulator originates from a project started by
Marc-Oliver Gewaltig and Markus Diesmann in 1993 when the
two saw the need for a common tool for simulations of neural
networks.14 Reproducing neural network simulations from other

14 At the time, NEST still went
under the name SYNOD.

laboratories was hard at the time because laboratories usually
had their own, specific software implementation for their sim-
ulators. NEST was developed with a goal of allowing different
models to be used in a common scheme within one simulator.
The simulator was first released in 1994 and is described in their
1995 paper as a C++ library for neural network simulations and
introduced an interpreted language interface called SLI.15 NEST 15 Diesmann et al. 1995.

is still in active development and supports a number of differ-
ent neuron models, synaptic connections, plasticity models, and
network stimulus devices.16 16 Gewaltig and Diesmann

2007.In 2008, the BRIAN simulator was created.17 BRIAN uses 17 Goodman and Brette 2009.
an equation-based model definition language that integrates
with Python and makes it easy to create simulations with user-
defined neuron models. This choice of language makes BRIAN
easier to use for scientists that are already confident with using
Python, which is currently one of the most popular languages for
scientific programming.

There are also a number of other simulators which cover a
range of phenomena and spatial and temporal scales. See for
instance McDougal et al.18 for an overview. 18 McDougal et al. 2016.

http://nest-simulator.org
http://briansimulator.org
http://briansimulator.org
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4.2 Educational software

The Apple App Store contained 80,000 educational apps by
2015.19 While this number is based on self-reporting by the app 19 Hirsh-Pasek et al. 2015.

developers and more rigorous categorization schemes have been
proposed,20 it gives a good indication of the current availability 20 Cherner et al. 2014.

of software for teaching.
The key to good educational tools is a balance between chal-

lenge and accessibility. This is also well known from research on
educational television.21 Engagement in a task can keep a student 21 Wright and Huston 1983.

focused for a longer time. If the challenge presented in an educa-
tional app is too hard to master or understand, students becomes
discouraged from continuing. Conversely, if the challenge is triv-
ial to solve or too repetetive, a student may stop using the app
due to lack of motivation.22 22 Hirsh-Pasek et al. 2015.

Extrinsic motivation and feedback come in the form of praise
and rewards for successfully solving tasks. This can be used to
engage a student to continue performing similar tasks and build
excitement and confidence in mastering the challenge. Extrinsic
motivation fits well with apps that continuously challenge the
user with new problems, such as quiz apps.

Intrinsic motivation, on the other hand, drives engagement in
apps where a student is free to explore a simulated environment.
Working with open-ended, “sandbox”-like apps with no prede-
fined goal is similar to other creative activities, such as drawing
or construction, which can be motivating in itself. Sandbox-like
apps are also similar to strategy and simulation-based games,
such as city builders and business managers.

Educational apps can benefit from using both intrinsic and
extrinsic motivation to engage students. It is important to re-
member that many students are already interested in learning
the topic at hand and may, therefore, be engaged long periods of
time by their own curiosity. However, extrinsic motivators can
be used to keep a student motivated during repetitive exercises,
such as memorizing.

Modern neuroscience simulation software has made modeling
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more accessible by adding bindings to popular languages such
as Python. In addition, graphical tools have been built to make
modeling available to users without programming experience.

To make NEURON available to a wider audience, Neurons
in Action was created by John W. Moore and Ann E. Stuart in
2000 and released as a CD with a set of tutorials.23 It adds to 23 Stuart 2008.

the NEURON simulator a number of interactive examples that
can be worked through by students. The tutorials include exam-
ples of neuron properties, such as membrane potentials, action
potentials for sodium and calcium, and the effects of synaptic
excitation or inhibition. In addition, the user can add different
stimulators, such as voltage clamps, to see how these affect the
simulation.

Another NEURON-based educational software is SWIMMY.
SWIMMY was created in 2008 by Grisham et al.24 It teaches 24 Grisham et al. 2008.

students the basics of neurophysiology by allowing them to
create a neural circuit that makes a fish swim.

In 2017, Neuromembrane was created by Ali et al. using web
technologies, which makes it accessible in a browser.25 Neu- 25 Ali et al. 2017.

romembrane allows the students to visualize ion flow through
excitable membranes. The students can study action potentials,
resting potentials, and the effects of voltage clamps. The simula-
tions also include synaptic activity, where the students can vary
the parameters of both excitatory and inhibitory synapses.

In addition to tools created specifically for educational neu-
roscience, there are also simulators that advertise themselves as
both research and educational tools, such as Emergent,26 Sim- 26 Aisa et al. 2008.

Brain,27 and SpineCreator.28 They provide the user with both the 27 Tosi and Yoshimi 2016.
28 Cope et al. 2017.ability to build simulations to learn about neuroscience and to

conduct actual computational experiments that produce realistic
results. Most of the above-mentioned software are open-ended,
“sandbox”-like applications that allow the user to explore freely,
keeping the user motivated through intrinsic motivation.

In Paper V, we present an educational neural network app
called Neuronify. We focused on the aspect of making simula-
tions of integrate-and-fire neurons accessible to undergraduate
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and graduate students. Although it was developed as an educa-
tional tool, it can also be used as a model to explore ideas and
develop intuition, as demonstrated in a recent publication by
Tewari et al.29 29 Tewari et al. 2018.





5
Summary of papers

Paper I

In this paper, we present Exdir (Experimental Directory struc-
ture), a novel specification for organizing experimental data
in NumPy files and metadata in YAML files. The abstract data
model of Exdir follows that of Hierarchical Data Format version
5 (HDF5), but unlike HDF5, Exdir does not store all data within
a single file. Instead, regular file system directories are used for
the hierarchical organization. This organization makes Exdir less
susceptible to data corruption, as corruption in a single file does
not affect other datasets in the same structure. In addition, the
filesystem-based structure makes Exdir convenient to use with
external tools, such as version control systems or text-oriented
command line programs. Raw data can also be stored within the
same hierarchy as the datasets. We have developed a reference
implementation in Python, in addition to tools for command line
access and graphical browsing. The Python API is similar to that
of the popular h5py Python library for HDF5, which makes it
straightforward to port software built for HDF5 to Exdir.
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Paper II

In this paper, we present Expipe, a lightweight data-management
framework for experimental data. Expipe aims to simplify data
and metadata handling during acquisition, storage, retrieval,
and analysis. Instead of trying to build a universal solution with
many built-in features, we have aimed to make Expipe inte-
grate with existing workflows. Metadata in Expipe is stored in a
NoSQL key-value database with flexible schemas that are similar
to odML terminologies. The flexible schemas allow researchers
to create clear specifications for their metadata and change these
definitions as their project progresses. Schemas can be defined
early in the project and later adapted to changes in techniques
or requirements. The design of Expipe is modular, which allows
it to be based on different NoSQL database backends. The de-
fault backend uses the filesystem and YAML files as a lightweight
NoSQL database. A reference implementation in Python can be
used to register and retrieve data and metadata. Expipe can be
combined with Exdir (Paper I) for data storage.

Paper III

In this paper, we present the effects on grid cells when remov-
ing extracellular matrix structures called perineuronal nets in
medial entorhinal cortex of adult animals. Perineuronal nets
wrap around somas and proximal dendrites of inhibitory PV+

interneurons, which are connected reciprocally to grid cells. We
show that the firing rate of inhibitory neurons is decreased and
that the firing patterns of grid cells are destabilized. When plac-
ing the animal in a novel environment, we observe decreased
spatial correlation over 60 minutes in comparison to a control
group. This decrease shows that the ability of grid cells to repre-
sent novel environments is disrupted when perineuronal nets are
removed. Taken together, these results indicate that perineuronal
nets are important for the stability of grid cell firing patterns.
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Paper IV

In this paper, we present a set of open-source modules for
tracking animal behavior and a closed-loop setup for stimula-
tion based on tracking information. The setup is based on the
Open Ephys acquisition hardware and the open-source software
Bonsai and Open Ephys GUI. Bonsai is used to analyze a video
stream and detect the position of the animal. Once detected, the
most recent position is streamed to our Open Ephys GUI plugins
via Open Sound Control (OSC) messages. In Open Ephys GUI,
we use this information to visualize the position of the animal.
The user can also select designated stimulation areas for closed-
loop stimulation when the animal is in a particular part of the
environment. We demonstrate how the system robustly records
and visualizes real-time tracking data. Next, we use this system
to record place cells in hippocampus and grid cells in medial
entorhinal cortex. Finally, we test the system for tracking-based
closed-loop stimulation.

Paper V

In this paper, we present Neuronify, an educational neural net-
work simulator. Neuronify was created to give students without
prior programming experience an introduction to computational
models in neuroscience. The application works like a graphical
“sandbox” where the user can drag and drop neurons onto a can-
vas, connect them in networks, and visualize their activity. The
activity of the neurons is based on an integrate-and-fire model
with current-based and spike-based synapses. The networks can
be driven by multiple activators, such as current sources, and
spike generators. The user can also use the screen and camera on
their device to provide touch and visual stimuli, respectively. The
activity of the neurons can be recorded and visualized using volt-
meters, spike detectors, or loudspeakers. The different items in
Neuronify have parameters that can be adjusted in a tool panel.
Neuronify is open source and is developed in C++ and QML. The
app has been downloaded over 60,000 times and is actively used
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in multiple neuroscience courses.



6
Discussion and outlook

The work that I have presented in this thesis has involved
the following topics: (1) the development of two software tools
for data storage and data management in neuroscience, Expipe
and Exdir, (2) an analysis of stability of grid cells after removing
perineuronal nets in medial entorhinal cortex, (3) the develop-
ment of a set of open-source modules for tracking freely moving
animals and closed-loop stimulation in Open Ephys, and (4) the
development of an educational neural network app, Neuronify.
Taken together, this work has provided new software tools for an
integrative study of the brain and new insights in the entorhinal-
hippocampal network. The results of the analysis and details
regarding the software have been presented in the papers. In
the following, I share some thoughts on these results and future
prospects.

6.1 Plasticity in the entorhinal-hippocampal network

In Paper III, we studied the effect on grid cells in rats after re-
moval of perineuronal nets (PNNs) in medial entorhinal cortex.
The animals were divided into two groups, one control group
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and one group treated with chondroitinase-ABC (chABC) to dis-
solve perineuronal nets. We found that grid cells were still able to
form their fields after the nets were removed, indicating that the
grid cells do not depend on PNNs to function. We did, however,
find a reduced firing rate in the chABC group, which is similar
to the results Lensjø et al. found in a similar study where per-
ineuronal nets were removed in visual cortex.1 Lensjø et al. also 1 Lensjø et al. 2017b.

found that tuning curves appeared normal after PNN removal.
We found a similar effect on grid cells in familiar environments,
where the fields remained stable, although they showed a de-
crease in spatial information. The impact of PNN removal was
larger in novel environments, and it appears that the PNNs play
an important role in remapping to novel environments. In novel
environments, grid cells in the chABC group showed lower spa-
tial correlation and stability in early sessions, and their fields
became wider and more diffuse. Perineuronal nets thus appear to
stabilize the network in a way that enhances the ability for grid
cells to adapt to novel environments.

Taking the plasticity of PV+ interneurons into account in
grid cell models may help to clarify the role of perineuronal
nets in MEC. There is a lack of direct excitatory connections
between grid cells, but recurrent inhibition is provided by PV+

cells onto grid cells.2 In attractor models, such interneurons can 2 Couey et al. 2013.

be included, but are expected to have grid-like or inverted grid
patterns, which has recently been shown not to be the case.3 3 Buetfering et al. 2014.

The attractor models also fail to incorporate the varying firing
rates of the individual grid fields.4 Feed-forward models based 4 Ismakov et al. 2017; Dunn

et al. 2017.on input from place-like cells, on the other hand, often do not
take these interneurons specifically into account.5 However, a 5 Kropff and Treves 2008;

Castro and Aguiar 2014;
Stepanyuk 2015; Weber and
Sprekeler 2018.

recent model from Dunn et al. combines place-like input with re-
current inhibition from interneurons,6 but this model explicitly

6 Dunn et al. 2017.wires up the connections instead of arriving at the final network
connectivity through simulated synaptic plasticity.

Recently, models based on artificial neural networks (ANNs)
that use backpropagation-based learning have also shown the
emergence of grid-like patterns in cells that are trained to pro-
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duce place cell outputs.7 Other entorhinal cells, such as border 7 Banino et al. 2018; Cueva
and Wei 2018.cells and head-direction cells also turn up in these simulations. It

would be interesting to extend these models with interneurons
with varying degrees of plasticity and compare the results to our
study. ANNs can also be combined with biologically plausible
training schemes based on more realistic neuron morphologies.8 8 Guerguiev et al. 2017.

One challenge in studies involving plasticity is to connect the
behavioral input to single-cell activity. In Paper IV, we presented
a set of open-source modules for animal tracking in the Open
Ephys GUI software. These modules also enabled closed-loop
stimulation experiments, where stimulation could be invoked
based on the animal’s position, giving direct control over the cell
activity. It could be interesting to combine closed-loop stimula-
tion with plasticity modification in the entorhinal cortex to get
a more direct connection between the input and changes in the
neural circuit as a whole.

Figure 6.1: Remapping of grid
cells in a fragmented envi-
ronment. The experimental
setup is shown in (A), where
the animal moves between
two similar arenas connected
by a corridor. (B) shows the
initial firing rate map, which
has a local anchoring in both
arenas. After some time, the
firing rate map has a global
anchoring as shown in (C).
Adapted from Carpenter et al.
2015.

Two recent studies on remapping of grid cells have also added
a few interesting features that computational models of grid cells
need to include. In an experiment where two similar environ-
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ments were connected by a corridor, Carpenter et al. identified
a peculiar transition in grid cells from mapping the local envi-
ronment to the global environment.9 The rate maps of the two 9 Carpenter et al. 2015.

environments appeared to have a similar local anchoring in early
trials, but over time, the grid cells gradually began to encode a
continuous global rate map across the two environments (fig-
ure 6.1). A similar remapping effect was shown by Wernle et al.
by separating two environments by a thin wall, but without any
corridor connecting them.10 When explored independently, the 10 Wernle et al. 2018.

same grid cells would have slightly different properties in each
environment, but as soon as the wall was removed, the rate map
would quickly transition towards a merged, global rate map.
While Wernle et al. observed an immediate transition over only
a few minutes, Carpenter et al. saw a continuous transition over
a longer time span. Incorporating these types of transitions from
local to global rate maps requires the inclusion of plasticity in the
computational models, and has recently been shown to be possi-
ble in a feed-forward model proposed by Weber and Sprekeler.11 11 Weber and Sprekeler 2018.

Evidence shows that cells in hippocampus and medial en-
torhinal cortex also encode information about other sensory
modalities, such as sound and time.12 Aranov et al. showed in a 12 Eichenbaum 2014;

Aronov et al. 2017; Heys
and Dombeck 2018.2017 paper that both grid cells and place cells had discrete firing

fields for sound frequencies.13 Place and grid cells even showed a 13 Aronov et al. 2017.

similar relation in sound as they do in space, with place cells cod-
ing for a single frequency firing field, while MEC cells coded for
multiple. Heys et al. later found MEC cells that represent elapsed
time during immobility.14 Based on their findings, Aranov et al. 14 Heys and Dombeck 2018.

suggested that the entorhinal-hippocampal network has circuitry
that is common to multiple tasks related to different behaviors.
Heys et al. further hypothesized that all neurons in MEC may
be capable of encoding both time and space depending on the
context.

According to Heys et al., place and grid cells may manifest
from a more general network that encodes the relations between
events. This is an appealing theory, in my opinion. Could it be
that hippocampal cells encode information about specific events,
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places, times, and sounds, while the role of medial entorhinal
cortex is to compute the relations between these? In the same
way as grid cells encode a spatial map that can be used for navi-
gation between known places, perhaps cells in MEC, in general,
are used to create maps of sound frequencies, time, and other
modalities that can be used to navigate their landscapes. The
role of PV+ interneurons, in this view, could be to solidify the
relations between grid-like cells. Through recurrent inhibition,
different grid-like cells may be pushed towards mapping out
different parts of the landscape with coherent orientations and
spacing, making it suitable for vector-based navigation in their
respective domains. To determine such a relation, future studies
could investigate remapping in novel domain-specific “environ-
ments” and see if removing perineuronal nets results in slower
stabilization and more diffuse fields also in other modalities.

6.2 Practical data management in a neuroscience laboratory

The wide range of sensory modalities studied and experimental
techniques used in neuroscience makes data handling challeng-
ing. Common standards for organizing and storing experimental
data are important for data sharing in the neuroscience commu-
nity. Data sharing, in turn, is important both for reproducibility
and replicability, but also to enable fellow researchers to build
upon the works of others and increase the amount of knowledge
gathered from experiments and simulations.

We identified that HDF5 was a popular solution for data stor-
age, although it has a number of drawbacks as discussed in Paper
I. By storing data in separate files in a directory hierarchy, we
realized that we could avoid a number HDF5’s challenges. We
discovered that similar solutions were in use in other labs, but
also noticed that a formal specification did not yet exist.

We therefore made Exdir with a specification based on file-
system directories and the well-established YAML and NumPy
file formats. The reliance on simple, established formats and the
ubiquitous filesystem was chosen to future-proof the use and
availability of Exdir. In addition, by using data formats that have
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readily available libraries in common programming languages,
we simplify the introduction of Exdir in other software tools and
workflows. Further, by combining Exidr with standards such
as Neurodata Without Borders (NWB),15 we hope to achieve 15 Teeters et al. 2015.

the flexibility and standardization needed for data storage in
neuroscience.

Metadata organization is also of high importance. One rea-
son is that there are many temporary positions in the research
community. Knowledge about collected data and analysis results
are quickly lost when people leave a laboratory. To get the full
potential out of the data, it therefore needs to be accessible long
after it has been recorded. Making data easily accessible within
one’s own lab also fits well with the broader idea of making the
data available to a wider audience.

When creating Expipe (Paper II) we aimed to build a tool that
could fit together with both manual and automated workflows.
The structure of Expipe is simple and flexible and intended to be
suitable for experimental workflows in small- to medium-sized
neuroscience laboratories. Because it is hard to anticipate future
use-cases, we also designed Expipe in a way that allows users to
change the schemas, or templates, without any programming
experience.

Expipe is based on a simple NoSQL key-value database model.
The key-value model makes it possible to implement the Expipe
structure on top of different NoSQL database backends, and
the file system in particular. In our research group, we chose
to develop the file system backend because it made it possible
to use Git and Git Large File Storage (Git LFS) for version con-
trol.16 The Git repository backing the data presented in Paper 16 git-lfs.github.com

III currently contains a total of 220 GB of data, but can easily be
checked out on a new machine within minutes and will only take
up about 100 MB thanks to partial fetching with Git LFS. This al-
lows researchers in our lab to explore the metadata quickly with
Expipe and retrieve relevant datasets only when needed to per-
form a specific analysis. By making the Expipe template-module
system compatible with odML,17 we also leverage the efforts of 17 Grewe et al. 2011.

https://git-lfs.github.com
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the wider neuroscience community to share useful odML termi-
nologies.

My hope is that the lightweight nature of both Exdir and
Expipe makes them attractive to use in laboratories in need of
straightforward data management solutions. In 2016, Zehl et al.
presented a set of guidelines for data management in neuro-
science laboratories where they emphasized the organization of
metadata, the simplicity of recording metadata, and the accessi-
bility to the metadata collection for analyzing the data.18 Both 18 Zehl et al. 2016.

Expipe and Exdir fit well with these guidelines. However, both
projects are still in their early stages and are not yet interoperable
with many workflows or software tools.

In the future, we plan to integrate Exdir and Expipe better
with software tools for analysis such as Neo,19 and workflows 19 Davison et al. 2011; Garcia

et al. 2014.such as Snakemake.20 We would also like to add full support for 20 Köster and Rahmann 2012.
additional programming languages, such as C++, Julia, R, and
Matlab.

In addition, we are exploring how to better support columnar
data with variable-length strings in Exdir, which is not supported
in the NumPy format because such strings do not work well with
memory mapping. However, there are some promising projects
that Exdir could leverage in the future, such as Apache Arrow
and the corresponding Feather file format.21 Feather is similarly 21 arrow.apache.org,

github.com/wesm/featherlightweight to NumPy, but supports both memory mapping and
variable-length strings. Exdir also lacks certain features of HDF5
that we would like to support, such as references, soft links, and
hard links. Nevertheless, features like hard links appear to be
challenging to introduce while keeping the Exdir specification
simple.

Since the publication of Paper I, Exdir has received perfor-
mance improvements, updated documentation, Python 2.7 sup-
port, a Git LFS plugin, and publication to PyPi as a pip package.22 22 pypi.org/project/exdir

For Expipe, we are planning to support other NoSQL back-
ends, such as MongoDB23 and Google Firebase.24 Short term, we 23 mongodb.com

24 firebase.google.comwill create a plugin for Git LFS that will automatically fetch any
requested files that are not available locally. Fetching non-Exdir

https://arrow.apache.org
https://github.com/wesm/feather
https://pypi.org/project/exdir
https://mongodb.com
https://firebase.google.com
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files currently requires using Git LFS on the command line.

6.3 Educational software and textbook

Computational approaches are needed for analysis and model-
ing of a wide range of phenomena. The challenge of developing
new methods for data analysis requires scientists with a deep
knowledge of both the underlying biology and computational
science. Strong theoretical frameworks are needed as founda-
tions to build explanatory models that can connect the data to
biological understanding. As discussed in chapter 3, the rate of
data collection is massive in neuroscience. Next-generation neu-
roscientists need to be able to handle these massive amounts of
data and develop new techniques and analysis to extract valuable
information.

Future neuroscience students need training not just in using
data analysis methods, but also in creating new computational
tools. To build new models and theories, it is necessary that
students are given the necessary skills in programming and
best practices in software development. In addition, they need
training in designing specialized experiments for the purpose of
model and theory verification. The creation of new models and
theories cannot be performed in isolation by specialists in other
computation-heavy fields, such as physics and mathematics.

Goldman and Fee recently surveyed leaders in neuroscience
training about the skills needed by the next generation of neuro-
scientists.25 In their results, they found certain recurring themes. 25 Goldman and Fee 2017.

In general, the respondents agreed that students in life science
need more quantitative training and that non-life science stu-
dents need more biology training. The lack of useful training
resources in computational neuroscience was commonly cited.
In particular, the respondents requested a neuroscience textbook
at an introductory level.

During the work on my PhD, I had the opportunity to fulfill
my teaching obligations by co-authoring such a book for a new
introductory course in computational biology at the University
of Oslo. The book introduces basic programming in Python by
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the use of relevant topics and examples from biology, a combina-
tion that we have not found in other books available. Most other
teaching material appears to assume that the reader is already
at an advanced level in either programming or in biology, and
is interested to acquire knowledge about the other. No books
that we could find covered both programming and biology at an
introductory level.

The book is used as part of the curriculum for a newly devel-
oped course in programming for first-year biology students at
the University of Oslo.26 The working title of the book is “Intro- 26 BIOS1100 - Introduction

to computational models in
biosciencesduction to Analysis and Modeling in Biology with Python” and

the book is currently only available to students taking the course.
However, we have initiated a collaboration with Springer, who
has accepted it for publication with an open-access license.

While the book is an attempt to fill a gap in the biology cur-
riculum, there is also a need for software tools that make com-
putational neuroscience more accessible to researchers and
students. This was our motivation to create an educational app
called Neuronify, which was presented in Paper V. Neuronify
allows users to create neural networks and interact with them in
a live and graphical simulation environment.

Neuronify was originally made with education in mind, but
it can also be used as a lightweight hypothesis-testing tool. Al-
ternatively, it can also be used to quickly validate assumptions
about a computational model and obtain a live visualization of
the behavior of the neural network. Tewari et al. recently used
Neuronify together with other computational models in a study
on how perineuronal nets decrease membrane capacitance of
interneurons.27 Using Neuronify, they verified and visualized the 27 Tewari et al. 2018.

effects a lower membrane capacitance had on different firing fre-
quencies. Lowering the membrane capacitance of an inhibitory
neuron resulted in a larger jump in output firing frequency for
lower input frequencies than for higher input frequencies.

We have received great feedback from educators who have
used Neuronify in neuroscience courses and from the commu-
nity in general. The app currently has more than 60,000 down-
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loads across the different platforms and has a rating of 4.6 out of
5 stars on Google Play.

While the first version of Neuronify focused on networks
and a simple integrate-and-fire neuron model, we have seen
the potential to extend it further. Since the initial release, we
have added to Neuronify a community portal that allows users
to share their simulations. We have received feedback that the
community portal has been very useful for educators to share
examples with their students.

In an unreleased version of Neuronify, we have also been
working on support for multicompartmental, Hodgkin-Huxley-
type models, in addition to synaptic plasticity. In the future,
we want to extend Neuronify with more models and features,
including the ability to import and export models from other
simulators.
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Natural sciences generate an increasing amount of data in a wide range of formats

developed by different research groups and commercial companies. At the same time

there is a growing desire to share data along with publications in order to enable

reproducible research. Open formats have publicly available specifications which facilitate

data sharing and reproducible research. Hierarchical Data Format 5 (HDF5) is a popular

open format widely used in neuroscience, often as a foundation for other, more

specialized formats. However, drawbacks related to HDF5’s complex specification have

initiated a discussion for an improved replacement. We propose a novel alternative,

the Experimental Directory Structure (Exdir), an open specification for data storage in

experimental pipelines which amends drawbacks associated with HDF5 while retaining

its advantages. HDF5 stores data and metadata in a hierarchy within a complex binary

file which, among other things, is not human-readable, not optimal for version control

systems, and lacks support for easy access to raw data from external applications.

Exdir, on the other hand, uses file system directories to represent the hierarchy, with

metadata stored in human-readable YAML files, datasets stored in binary NumPy files,

and raw data stored directly in subdirectories. Furthermore, storing data in multiple files

makes it easier to track for version control systems. Exdir is not a file format in itself,

but a specification for organizing files in a directory structure. Exdir uses the same

abstractions as HDF5 and is compatible with the HDF5 Abstract Data Model. Several

research groups are already using data stored in a directory hierarchy as an alternative

to HDF5, but no common standard exists. This complicates and limits the opportunity

for data sharing and development of common tools for reading, writing, and analyzing

data. Exdir facilitates improved data storage, data sharing, reproducible research, and

novel insight from interdisciplinary collaboration. With the publication of Exdir, we invite

the scientific community to join the development to create an open specification that will

serve as many needs as possible and as a foundation for open access to and exchange

of data.
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SIGNIFICANCE STATEMENT

An alternative storage solution that improves on certain
drawbacks of Hierarchical Data Format 5 (HDF5) is to use
directories in the file system to define a hierarchy, and store data
in binary files, and metadata in text files. While this strategy can
be deployed in various ways by research groups, no common
standard for such a storage solution exists. Experimental
Directory Structure (Exdir) is a proposal to standardize this
storage solution. We envision the establishment of such a
standard and present Exdir to the community as a starting point.

1. INTRODUCTION

Technology development is continuously driving science to
new discoveries. In neuroscience, advancements in genetic
tools, recording technology, and computer power have paved
the avenue to reveal the underlyings of the healthy and
diseased brain. Modern neuroscience usually involves recordings
and perturbation at many levels, generating a range of data
including imaging, electrophysiology, behaviors, perturbations,
and molecular biology. Publication of raw data is acknowledged
as critical to enable reproducible research and global large-scale
collaborative projects and metadata analyses (Nelson, 2009).
However, data from different acquisition systems come in a
multitude of data formats that need to be readable for all relevant
analysis software and stored for long-term archival. Acquisition
systems often use proprietary and specialized formats tailored
to data produced by specific types of equipment or software.
However, these specialized formats have little applicability
outside their intended purpose, making them inaccessible for
extended use. In contrast, general-purpose formats can store data
for multiple types of equipment and software. When based on
open standards, general-purpose formats facilitate data sharing.

Hierarchical Data Format 5 (HDF5) (The HDF Group, 1997-
2018) is a popular and open general-purpose format capable
of storing many large and annotated datasets in a hierarchical
structure within a single file. HDF5 is the basis of many
formats in neuroscience, including the recent collaborative
format, Neurodata Without Borders (NWB) (Teeters et al.,
2015). However, issues with HDF5 have recently surfaced in the
neuroscience community (Rossant, 2016b). Many of these are
due to the complex specification of HDF5 and its use of a single
binary file to store all the data. The metadata is not human-
readable and the binary format is not optimal for version control
systems. Further, the use of a single file increases the severity
of data corruption, because corruption in a single dataset can
affect the entire file. Additionally, while it is possible to store
raw data as a sequence of bytes with the HDF5 opaque datatype,
it is inconvenient to open the raw data in external applications.
These issues have sparked a discussion in the wider scientific
community on whether HDF5 should be replaced by alternative
data formats or if its large feature set outweighs the disadvantages
(Hinsen, 2016).

Here, we propose a novel specification, Experimental
Directory Structure (Exdir) as an alternative that circumvents
the drawbacks of HDF5 and takes advantage of existing, open

data formats. Exdir follows the abstract data model used in
HDF51, but stores data and metadata in directories to avoid the
vulnerability and rigidity associated with storing all data in a
single file. Datasets are stored in binary NumPy (van der Walt
et al., 2011) files, while attributes and metadata are stored in
YAML (Ben-Kiki et al., 2009) text files. Raw data, such as images
and time series obtained during data acquisition, can also be
stored in Exdir alongside the binary NumPy files. This allows raw
data to be organized inside an Exdir hierarchy without any prior
conversion, even when the data is composed of multiple formats.

The full name (Experimental Directory Structure) reflects that
Exdir started out with a goal to efficiently store experimental data
alongside analyzed data (and that the specification initially was in
rapid development in our lab). However, there is no limitation to
the type of data that can be stored in Exdir. Any type of data that
can be stored in an HDF5 dataset should be possible to store in
an Exdir dataset, and other types of data can be stored as raw data
within the hierarchy.

Exdir is ready to use with a reference implementation
in Python, a command-line client, and a graphical browser.
The application programming interface (API) of the reference
implementation is compatible with h5py (Collette, 2013), a
popular HDF5 library for Python. The code is open source and
hosted on GitHub2.

The idea of an HDF5-replacement based on a hierarchy
of directories is already present in the scientific community
(Rossant, 2016a), but to the best of our knowledge no formal
specification has been introduced. The lack of such of a
specification limits collaboration through data sharing, and
inhibits development of analysis tools. Exdir represents the
introduction of a specification that enables novel insight
from interdisciplinary collaboration by facilitating reproducible
research through improved data storage and sharing. With the
publication of Exdir, we invite the scientific community to join
the development to create an open specification that will serve as
many needs as possible.

2. EXISTING ALTERNATIVES

2.1. Hierarchical Data Format (HDF5)
The HDF5 format holds many advantages over alternative data
formats (see e.g., Teeters et al., 2015). However, the HDF5 format
also has crucial disadvantages, such as described in Greenfield
et al. (2015). In the list below, we have summarized the limitations
and challenges fromGreenfield et al. (2015) that aremost relevant
for scientific use along with some additional drawbacks which are
addressed with Exdir:

1. Metadata is stored in a binary format which makes it
unreadable without tools that readHDF5 files. This alsomakes
the metadata unavailable for text-based command line tools.

2. The specification for HDF5 files is large and complex and there
is only one de-facto implementation of HDF5 in C that most
HDF5-libraries use. Because of the complex specification, this

1https://support.hdfgroup.org/HDF5/doc/
2https://github.com/CINPLA/exdir/
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implementation is hard to improve by external contributors.
Furthermore, the dependency on one large implementation
makes it hard to write software which reads and writes
HDF5 files in ways that have not been anticipated by the
implementation developers.

3. Like all data formats, HDF5 files are susceptible to data
corruption. However, because HDF5 stores all data and
metadata in a single file, data corruption in one part of an
HDF5 file has a chance of corrupting the entire file.

4. Attributes in HDF5 do not support deeply nested structures,
like JSON data, YAML data, or Python dictionaries.

5. External version control systems such as Git3 and incremental
backup systems do not work optimally with HDF5 files
because all datasets and metadata are stored in a single binary
file. This makes it appear as if the entire file has changed when
changes are made to a single dataset.

6. Comparing files in binary formats like HDF5 requires
specialized tools. However, text-based formats have a wide
range of tools that allow line-by-line comparisons, such as diff
(MacKenzie et al., 2015), and wdiff 4, or the graphical tools
meld5 and kdiff3 (Eibl, 2002–2007).

7. Deleting datasets in HDF5 files only removes a reference to
the data, while the data remains on disk (except if the dataset
is the last remaining object in a page allocated at the end of the
file)6.

8. Raw data from acquisition or analysis is hard to access from
external applications when stored inside an HDF5 file. An
alternative is to organize raw data in a separate hierarchy
outside the HDF5 file, but this makes the raw data detached
from the internal hierarchy and inconvenient to annotate.

2.2. Other Formats
Greenfield et al. (2015) propose a new format (Advanced
Scientific Data Format, ASDF) to address many of the above
mentioned problems. Similar to Exdir, ASDF also embraces
YAML for metadata, but it also stores and organizes binary data
in the same YAML file. Storing the data in one file has the same
increased risk of data corruption as HDF5 and makes it harder
for version control systems to keep track of incremental changes.
Furthermore, ASDF does not provide a convenient way to store
raw data in the internal hierarchy.

Some specifications, such as the Brain Imaging Data Structure
(BIDS) (Gorgolewski et al., 2016), also approach the above
problems by using the file systems to define the data hierarchy,
which is similar to the solution we propose with Exdir. However,
these specifications often serve only the purpose of one or few
particular scientific fields, such as neuroscience.

Exdir is not restricted to data from one scientific field and
could be used as an alternative where the flexibility of HDF5
is currently enjoyed. Because Exdir has the same abstract data
model as HDF5, it should be fairly easy to transition from HDF5
to Exdir for formats based on HDF5 also in other fields, such as

3http://git-scm.org
4https://www.gnu.org/software/wdiff/manual/wdiff.html
5http://meldmerge.org/
6https://support.hdfgroup.org/HDF5/docNewFeatures/FileSpace/RFC-Paged_

Aggregation.pdf

geosciences (NetCDF4, Rew et al., 2006; Unidata, 2018), medical
imaging (MINC, Vincent et al., 2004), and neutron, X-ray and
muon science (NeXus, Könnecke et al., 2015)7.

In Table 1, some of the commonly used open formats in
neuroscience are listed. Some of these formats are discussed
by Teeters et al. (2015) where they also introduce Neurodata
Without Borders (NWB), a format recently developed in
an attempt to unify cellular-based neurophysiology data
and break down barriers for data sharing. Many of these
formats, including NWB, are based on HDF5 and therefore
share the same advantages and disadvantages as HDF5.
Because Exdir is compatible with the abstract data model
of HDF5, these formats could be based on Exdir in the
future.

2.3. Requirements of a New Specification
We share many of the requirements reviewed in detail by
Greenfield et al. (2015) for the ASDF format. To meet the
challenges, a data format should:

1. Have an intrinsic hierarchical structure.
2. Be human-readable.
3. Be based on existing standards.
4. Be easy to extend.
5. Have efficient mechanisms to update data.
6. Have support for both text and binary data.

In addition to the above mentioned requirements, we want Exdir
to:

7. Minimize the risks and consequences of data corruption.
8. Have a simple, yet flexible specification.
9. Be flexible to data modifications.
10. Be easy to use in ways that have not been anticipated by the

authors.
11. Be based on the same abstractions as HDF5 to make it easy to

port HDF5-based solutions.
12. Provide a convenient way to store raw data in the same

hierarchy.

None of the existing formats known to the authors fulfill all of the
mentioned requirements.

3. STANDARDS USED IN EXDIR

To fulfill the requirements stated in section 2.3, we propose a new
specification, Exdir, which is based on a standardized directory
structure and established open-source file formats. The structure
follows the abstract data model used in HDF5, but Exdir uses
regular file system directories to define the object hierarchy,
and stores datasets, attributes, and corresponding metadata in
separate files.

Exdir uses YAML files to store metadata and attributes. YAML
is a human-readable and human-writable format that supports
data types such as strings, numbers, lists, and key-value pairs.
Furthermore, libraries for YAML support exist for most major

7https://support.hdfgroup.org/HDF5/users5.html
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TABLE 1 | Overview of commonly used open formats in neuroscience.

Name HDF5 Notes References

NWB Yes Teeters et al., 2015

Kwik Yes Kadir et al., 2014; Rossant et al., 2015

BRAINformat Yes Rübel et al., 2015

Open Ephys Yes/No
Binary format specifically designed

for electrophysiological data. HDF5 optional.
Siegle et al., 2015

NeuroShare No

API to access binary formats and a

binary format specifically designed

for electrophysiological data.

neuroshare.org

Neo N/A
In-memory data format for Python.

Uses different formats for file storage.
Garcia et al., 2014

CARMEN NDF (Yes)

Specifically designed for neuroscience.

Stores hierarchical structure and

metadata in XML files.

Data is stored in MATLAB .mat files,

which are technically HDF5 files.

carmen.org.uk

Nix Yes

Adds a layer on top of the abstract

data model that standardizes annotation

of data. Directory-based backend

in development.

Stoewer et al., 2014

odML No Only applies to metadata. Grewe et al., 2011

NSDF Yes Format for neuroscience simulation data Ray et al., 2016

programming languages, including Python, C/C++, Java, Rust,
and MATLAB8,9.

YAML files in Exdir are based on version 1.2 of the YAML
specification10, but with some additional restrictions that are
added because not all features of the full YAML specification
are necessary for storing attributes and metadata in Exdir.
The restrictions are made to make the format simpler and
easier to parse for humans, which we believe improves data
sharing. Further, the format should also be easier to parse
programmatically, which could open up for the implementation
of more efficient parsers in the future. Although some of the
restrictions may be removed in a future version of Exdir, we want
to start out with a strict subset of YAML and extend only when a
clear need is identified for more advanced features. The restricted
subset of YAML used in Exdir is compatible with the full YAML
1.2 specification.

The restrictions added to attribute and metadata
files in Exdir are listed below. References to individual
sections of the YAML 1.2 specification are shown in
parentheses:

8http://yaml.org/
9https://github.com/ewiger/yamlmatlab
10yaml.org/spec/1.2/spec.html

1. Only tags from the Failsafe, JSON, and Core schemas (sections
10.1–10.3) are allowed, which means that the supported types
in YAML files in Exdir are: map, sequence, string, null,
boolean, integer, and floating point.

2. Directives must not be used (section 6.8).
3. Node properties must not be used (section 6.9), which also

means that explicit or application-specific tags must not be
used and anchors must not be used.

4. Complex mapping keys must not be used (sections 2.2 and
8.2.2), which also means that the complex mapping key
indicator, “? ” is not allowed.

5. String values must not be used in plain style (section 7.3.3),
which alsomeans that string valuesmust be enclosed in double
or single quotes. However, keys are encouraged to be in plain
style (more on key naming convention below).

6. Flow style must not be used for maps or sequences (section
7.4), which means that curly or square braces must not appear
outside of string values.

7. Empty keys must not be used (section 7.4)
8. Block scalar styles must not be used (section 8.1), which also

means that multi-line strings should be enclosed in double or
single quotes.

Writing files with these restrictions may not always be easily
done with existing YAML libraries in all programming languages.
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We have therefore chosen to read files with the full YAML 1.2
specification in our Python reference implementation and will
only issue warnings whenever we encounter YAML files that do
not adhere to the above restrictions. We recommend developers
of Exdir libraries in other languages to do the same. The intention
of the restrictions is not to introduce yet another file format,
which could limit the adoption of Exdir, but to ease the transition
to a stricter subset of YAML that is easier to parse by both humans
and computers.

We also recommend users to adhere to a strict naming
convention for keys:

1. Keys should only contain ASCII letters (a–z and A–Z),
numbers (0–9), underscores (_) and hyphens (-).

2. Keys should not be surrounded by quotation marks.

This is not part of the Exdir specification because it would conflict
with the more relaxed naming rules for keys in HDF5, which
in turn could complicate a transition from HDF5 to Exdir in
projects where such keys are used. If the first recommendation
is broken and custom characters are introduced, we recommend
also to break the second rule and add quotes around the key name
in question.

JSON was also considered as a format for metadata and
attributes, but was rejected because it requires additional tokens
such as curly braces to delimit objects and commas to separate
key-valuemaps.While JSONfiles are human-readable andwidely
supported, we find the additional tokens to make the files harder
to write and maintain manually. The additional tokens play an
important role when JSON is used as a serialization format to
stream data over network protocols, where they are used to verify
that all objects are complete and that the transmission was not
interrupted. This is however of limited use in Exdir because
we are primarily concerned with creating, editing, storing, and
transferring data in bulk, rather than streaming serialized data.

It can be interesting to note that one of the improvements in
YAML 1.2 over YAML 1.1 was to make YAML a superset of JSON.
However, by introducing our above restrictions, we essentially
end up with a subset of YAML that is no longer compatible
with JSON. This is a consequence of our emphasis on human
readability and simplicity over compatibility with JSON. Further,
our restrictions also remove YAML features used to represent
arbitrary native data structures, such as explicit tags. This is
something we believe is necessary to improve the readability of
the attribute files in Exdir. To store complex data structures, we
encourage the use of human-readable structures in the attributes.
For instance, physical quantities can be stored as a map with
two key-value pairs: one for the unit and one for the magnitude.
Conversion to and from in-memory objects can be done using
Exdir plugins (section 5.2). For very complex data structures or
binary data, we encourage users to store this in a dataset or as raw
data.

Exdir uses the NumPy format11 to store datasets as binary
data. This is a simple, efficient, and widely used file format.
Furthermore, there exist libraries to load NumPy files in

11https://docs.scipy.org/doc/numpy/neps/npy-format.html

several languages such as Matlab12, Rust (Potocek et al., 2018),
R (Eddelbuettel and Wu, 2016), and C/C++13.

The hierarchical structure of Exdir benefits from the hierarchy
of directories in file systems. It is an existing specification which
is familiar to computer users. By using this inherent hierarchy,
Exdir makes it possible for a user to browse any Exdir object with
a native file explorer. Further, the use of regular directories allows
raw data from acquisition to be stored and accessed in the same
hierarchy and annotated together with the rest of the data.

Parallel reading and writing to separate objects (such as
two different Group objects or Dataset objects) in an Exdir
directory is not a problem since they are separate files and
directories. Parallel operations on separate files are handled by
the operating system. This is in contrast to HDF5, where parallel
read/write operations must be handled by the HDF5 library
because all objects are stored in the same file. Parallel reading
and writing to a single Exdir object is on the other hand currently
not supported in the reference implementation. Objects are also
not locked when opened for reading or writing. The user must
currently take care to assure that two processes do not modify
the same objects simultaneously. Support for locking and parallel
read/write operations to the same objects is planned for a future
version of Exdir.

As each dataset is stored in its own directory, the risk of data
corruption is reduced. If one dataset is corrupted, it is unlikely
to affect the other files in a directory. This separation also makes
Exdir avoid the problem of data remaining after deletion inHDF5
and taking up space. Deleting a dataset in Exdir immediately frees
up disk space.

When accessing large Exdir File objects, one can easily
retrieve and share subtrees of the main hierarchy by copying
the corresponding directories. This reduces memory, CPU, and
server-communication costs by keeping the size of data handled
to a minimum. When sharing Exdir data with others, one can
use readily available compression file formats such as .zip or
.tar.gz. Alternatively, the Exdir file can be converted into a
HDF5 file, which can be used to exchange data with others (see
section 6.3).

In the future, it could be possible to extend the Exdir
specification to support additional standard data formats in
addition to the NumPy format. It will for instance be of interest
to add support for tabular data with named columns, such as
CSV. This has however been postponed to a future version
because such a format needs to be carefully evaluated based on
interoperability, numerical precision, and more. We would also
like to receive feedback from the wider scientific community
about their needs for storing tabular data before reaching a
conclusion.

In order to maintain the simplicity of Exdir and the reference
implementation, data consistency verification is not built into
Exdir. We envision the use of dedicated software for versioning
and consistency, such as git14 and git-annex15. For instance,

12https://github.com/kwikteam/npy-matlab
13https://github.com/rogersce/cnpy
14https://git-scm.com
15https://git-annex.branchable.com/
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plugins (see section 5.2) can be developed to use version control
systems like git to track each object and their checksums in
an Exdir directory. This will make it possible to detect when
files have changed independently. This also allows Exdir to be
combined with git-based systems like GIN, which are tailored
toward cloud-based handling of large datasets (Garbers et al.,
2017).

4. BASIC STRUCTURE OF EXDIR
DIRECTORIES

Exdir has four types of objects, File, Group, Dataset, and
Raw, where each is represented as a directory in the file system.
Raw is a type of object that is not present in the original HDF5
abstract data model. Metadata for each of these objects is stored
in a file named exdir.yaml. All objects can have attributes
stored in an optional file named attributes.yaml. Figure 1
shows an example structure of an Exdir File, and a summary of
specifications of the data format is shown in Table 2.

4.1. Metadata, Attributes, and Data Files
Metadata for each object is stored in the exdir.yaml file in the
object’s directory. This file defines that the current directory is an
Exdir object, and contains information about the Exdir version
and object type. For example, this is the exdir.yaml file of a
dataset:

exdir:

version: 1

type: "dataset"

The object type can either be file, group, dataset, or raw.
The exdir.yaml file is optional for Raw objects.

User-defined attributes of an Exdir object are stored in that
object’s directory in the attributes.yaml file. Attributes are
stored as key–value pairs, which can be nested:

location:

room: 123

building: "A"

creator: "James"

equipment: ...

Binary data of a Dataset is stored in the NumPy format in a file
named data.npy in the Dataset object’s directory.

4.2. File, Group, and Dataset Names
Because Exdir stores File, Group, and Dataset objects as
directories in the file system, special care has to be taken to
adhere to the different filename rules onmajor operating systems.
While file and directory names are case-insensitive in Microsoft
Windows, they are case-sensitive on most Linux file systems. If
two datasets exist in the same directory with the same name, but
different case, e.g., Name and name, then transferring the Exdir
directory from a Linux system to a Windows system will result in
a conflict.

Datasets and groups at the top level of any Group or File
must have unique, case-insenitve names. However, Exdir is case-
aware and case-preserving when quering and storing objects,

which means that objects must be referenced with the exact case
when queried by name.

4.3. File
The File object is the root (top level) object of an Exdir
hierarchy. Every directory below a File in the directory
hierarchy is part of that File. A File cannot contain
other File objects. The metadata of the File is stored in
exdir.yaml, and optional attributes in attributes.yaml.

4.4. Group
Inside the File, multiple objects may be stored, among them
Group objects. Group objects may also contain any number
of other Group objects, Raw objects, and Dataset objects.
Group objects are stored as directories in the file system with
metadata stored in exdir.yaml, and optional attributes in
attributes.yaml. File objects are a specialization of a
Group object.

4.5. Dataset
Dataset objects are for storing data. Dataset objects are
stored as directories with metadata in the exdir.yaml file,
and user-defined attributes in an optional attributes.yaml
file. The data within a Dataset is stored in a binary NumPy
file named data.npy, and thereby follows the specifications of
the NumPy format.

4.6. Raw
Raw objects are used to store data in other formats than the
NumPy format. While the user may store any type of data
in the a Raw directory it is encouraged to use Dataset

objects if possible. For Raw directories the exdir.yaml

file is optional. Further, attributes are stored in the optional
attributes.yaml file. There is no similar concept to Raw
objects in HDF5.

5. REFERENCE IMPLEMENTATION IN
PYTHON

We have created a reference implementation of the Exdir
specification in Python. This implementation is hosted onGithub
and is publicly available with an open-source license. It can easily
be installed with Anaconda16.

The reference implementation of Exdir owes its relative
simplicity to being based on existing formats, and to having
a hierarchy based on regular file system directories. It is
implemented using the open-source NumPy and PyYAML17

libraries, and is designed to be compatible with the popular HDF5
library, h5py. The compatibility should ease the transition from
h5py to Exdir.

The class hierarchy of the reference implementation is shown
in Figure 2. The Raw, Group, and Dataset classes inherit
from Object, which contains their common methods. The
File class is a subclass of Group and they share many of

16https://anaconda.org/cinpla/exdir
17http://pyyaml.org
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FIGURE 1 | Overview of an example Exdir directory. File, Group, and Dataset refer to objects in Exdir, and are stored as directories in the file system. These

objects are equivalent to the same objects in the HDF5 abstract data model. Raw is specific to Exdir and is a regular directory containing arbitrary data files. Inside

each directory, there is a file named exdir.yaml with information about the object type and Exdir version. Each object may contain an attributes.yaml file

containing user-defined attributes. Inside the Dataset directory is a file named data.npy that contains the data of the dataset stored in the NumPy binary format.

the same methods. Attribute is a separate class that handles
attributes for all Exdir objects. Furthermore, the reference
implementation has an extensive test suite that can be run with
pytest18.

18https://docs.pytest.org

5.1. Overview of the Exdir API in Python

In this section we give a quick overview of the Exdir Python API.
An Exdir File is created as follows:

>>> import exdir

>>> f = exdir.File("mytestfile.exdir")
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TABLE 2 | Exdir format structure.

Type Description Contains Required Optional

File

Group

Root

object

Raw exdir.yaml attributes.yaml

Dataset

Group

Group

Intermediate

directory

Raw exdir.yaml attributes.yaml

Dataset

Dataset

exdir.yaml
Data attributes.yaml

data.npy

Raw

exdir.yaml
Arbitrary

data files
attributes.yaml

FIGURE 2 | Exdir reference implementation class hierarchy.

The File object points to the root directory
in the Exdir directory structure. To create a
Dataset inside the root directory (or other Group

objects) the create_dataset() method can be
used:

>>> dset = f.create_dataset("my_data",

(100,), dtype="i")

Exdir Dataset objects are not NumPy arrays, but behave
similarly. They have both a shape and a data type:

>>> dset.shape

(100,)

>>> dset.dtype

dtype('int32')

Dataset objects support array-style slicing, which can be used
to read and write data to the Dataset:

>>> import numpy as np

>>> dset[...] = np.arange(100)

>>> dset[0]

0

>>> dset[10]

10

>>> dset[0:100:10]

memmap([ 0, 10, 20, 30, 40, 50, 60, 70,

80, 90])

In addition, Dataset objects can also be created from the data
directly:

>>> dset2 = f.create_dataset("my_data2",

data=np.arange(100))

>>> dset2[0:100:10]

memmap([ 0, 10, 20, 30, 40, 50, 60, 70, 80,

90])

Exdir uses NumPy’s memory mapping feature (memmap) to
access segments of larger datasets on disk, without reading the
entire file into memory. Furthermore, Exdir supports all the
operations supported by memmap, including fancy indexing:

>>> dset[dset[:] > 90]

array([91, 92, 93, 94, 95, 96, 97, 98, 99],

dtype=int32)

An Exdir Group can be created using create_group():

>>> grp = f.create_group("subgroup")

As with File objects, a Dataset is created inside a Group by
using the create_dataset()method:

>>> dset3 = grp.create_dataset("another

_dataset", (50,), dtype="f")

Group objects support most of the Python dictionary-style
interface. You retrieve objects in the file using the item-retrieval
syntax:

>>> dset3 = f["subgroup/another_dataset"]

As shown above the name of objects follows the hierarchy of the
POSIX standard with /-separators. To retrieve the name of any
object in an Exdir directory one can use:

>>> dset3.name

'/subgroup/another_dataset'

Iterating over a File or a Group provides the names of their
members:

>>> for name in f:

... print(name)

my_data

my_data2

subgroup

Containership testing also uses names:

>>> "my_data" in f

True

>>> "other_data" in f

False

Group objects have the methods: keys(), values(),
items(), iter(), and get().

All File objects, Group objects, and Dataset objects
can have attributes. Attributes are accessed through the attrs
property, which implements a dictionary interface:

>>> dset.attrs["temperature"] = 99.5

>>> dset.attrs["temperature"]

99.5
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>>> 'temperature' in dset.attrs

True

Unlike HDF5 and h5py, Exdir supports dictionaries as attributes:

>>> dset.attrs["my_attribute"] = {"key1":

"value1", "key2": "value2"}

>>> dset.attrs.items()

dict_items([('my_attribute', {'key1':

'value1', 'key2': 'value2'})])

After the above commands, the Exdir directory structure
becomes:

mytestfile.exdir

|-- exdir.yaml

|-- my_data

| |-- attributes.yaml

| |-- data.npy

| `-- exdir.yaml

|-- my_data2

| |-- data.npy

| `-- exdir.yaml

`-- subgroup

|-- another_dataset

| |-- data.npy

| `-- exdir.yaml

`-- exdir.yaml

5.2. Exdir Plugins
The functionality of Exdir can be extended with plugins. These
allow modifying the behavior of Exdir when enabled. For
instance, dataset and attribute plugins can perform pre- and post-
processing of data during reading and writing operations. Note
that plugins do not change the underlying specifications of Exdir.
Plugins are intended to perform verification of data consistency,
and to provide convenient mapping from general in-memory
objects to objects that can be stored in the Exdir format and
back again. Some plugins are provided in the exdir.plugins
module, while new plugins can be defined by Exdir users or
package developers.

One of the built-in plugins provides experimental support for
units using the quantities package (Dale, 2017):

>>> import exdir

>>> import exdir.plugins.quantities

>>> import quantities as pq

>>> f = exdir.File("test.exdir", plugins

=[exdir.plugins.quantities])

>>> q = np.array([1,2,3])*pq.mV

>>> dset_q = f.create_dataset("quantities

_array", data=q)

>>> dset_q[:]

array([ 1., 2., 3.]) * mV

As shown in the above example, a plugin is enabled when creating
a File object by passing the plugin to the plugin argument.

To create a custom plugin, one of the handler classes in
exdir.plugin_interfacemust be inherited. The abstract
handler classes are named after the object type you want to create

a handler for. In this example we have a simplified Quantity
class, which only contains amagnitude and a corresponding unit:

>>> class Quantity:

>>> def __init__(self, magnitude, unit):

>>> self.magnitude = magnitude

>>> self.unit = unit

Below, we create a plugin that enables us to directly use
a Quantity object as a Dataset in Exdir. We do this
by inheriting from exdir.plugin_interface.Dataset

and overloading prepare_write and prepare_read:

>>> import exdir

>>> class DatasetQuantity(exdir.plugin

_interface.Dataset):

>>> def prepare_write(self, dataset

_data):

>>> magnitude = dataset_data.data.

magnitude

>>> unit = dataset_data.data.unit

>>>

>>> dataset_data.data = magnitude

>>> dataset_data.attrs = {"unit":

unit}

>>>

>>> return dataset_data

>>>

>>> def prepare_read(self, dataset

_data):

>>> unit = dataset_data.attrs

["unit"]

>>> magnitude = dataset_data.data

>>>

>>> dataset_data.data = Quantity

(magnitude, unit)

>>>

>>> return dataset_data

The overloaded functions take dataset_data as an argument.
This has the data, attrs, and meta properties. The
property attrs is a dictionary with optional attributes, while
meta is a dictionary with information about the plugin. In
prepare_write, the magnitude and unit of the data is
translated to a value (numeric or numpy.ndarray) and an
attribute (dictionary-like) that then can be written to file.
prepare_read receives the data from the NumPy file and the
attributes from the YAML file, and uses these to reconstruct a
Quantity object.

We create a plugin that uses this handler as follows:

>>> my_plugin = exdir.plugin_interface.

Plugin(

>>> name="dataset_quantity",

>>> dataset_plugins=[DatasetQuantity()]

>>> )

The plugin is enabled when opening a File by passing it to the
plugins parameter:

>>> f = exdir.File("test.exdir", plugins
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=[my_plugin])

>>> dset = f.create_dataset("test", data=

Quantity(1.5, "meter"))

5.3. Converting From Using HDF5 to Exdir
As can be seen from Table 1, many common formats in
neuroscience are based onHDF5. Since Exdir follows the abstract
data model of HDF5, it is easy to switch fromHDF5 to Exdir, and
these formats should be able to support both HDF5 and exdir as
backends. Often, the only change needed to transition from h5py
to Exdir will be to switch from:

import h5py

f = h5py.File("filename.hdf5", "w")

To the following:

import exdir

f = exdir.File("filename.exdir", "w")

In most cases, the rest of the code can be left unchanged.
A few operators in h5py are missing in the reference

implementation and will eventually be added. Furthermore,
HDF5 has support for linking of objects, which is currently
not part of the Exdir specification and will be added in
the future. Finally, the reference implementation currently
does not support parallel read/write operations on single
stobjects. A future plugin is planned to provide such
support.

5.4. Reading and Writing to Exdir in Other
Languages
It is simple to load and edit Exdir objects in languages with
existing NumPy and YAML libraries, such as in MATLAB. Here
we show how to read Exdir objects with MATLAB after writing
them with Python.

Assume that we have written an Exdir file with the following
Python script:

import exdir

f = exdir.File('matlab-test.exdir')

g = f.require_group('group_1')

d = g.require_dataset('dataset_1', data=

np.arange(3))

d.attrs['unit'] = 'ms'

d.attrs['trials'] = 1234

d.attrs['frequency'] = 1.23

Then, in order to load the dataset as a vector with its
corresponding attributes as a struct, one first has to add the path
to npy-matlab19 and yamlmatlab20 with

addpath(genpath('/path/to/npy-matlab'))

addpath(genpath('/path/to/yamlmatlab'))

The data can be loaded into memory with the following code:

19https://github.com/kwikteam/npy-matlab
20https://github.com/ewiger/yamlmatlab

data_path = 'matlab-test.exdir/group_1/

dataset_1/data.npy';

attrs_path = 'matlab-test.exdir/group_1/

dataset_1/attributes.yaml';

dataset = readNPY(data_path)

attributes = yaml.ReadYaml(attrs_path)

This results in the following output:

dataset =

0

1

2

attributes =

trials: 1234

frequency: 1.2300

unit: 'ms'

Editing the dataset and attributes is similarly easy:

attributes.name = 'Martin';

yaml.WriteYaml(attrs_path, attributes);

dataset(1:end) = 0;

writeNPY(dataset, data_path);

6. TOOLS FOR EXDIR

The Exdir command line interface and the Exdir browser are
tools created to make it easier to work with Exdir data.

6.1. Exdir Command Line Interface
Exdir-cli is a simple command line interface for browsing Exdir
directories and to create Exdir File objects and Group objects.
Listing the content of an Exdir File is done in the command
line by the following:

$ exdir list mytestfile.exdir

group1

group2

dataset

Listing the contents of a Dataset is done by the following:

$ exdir show dataset

nums

Type: Dataset

Name: /dataset

Shape: (23632,)

Data:

[0 0 0 ..., 6 6 6]

6.2. Exdir browser
Exdir browser is a graphical user interface for viewing and
editing Exdir directories written in C++ using the open-source
Qt application framework21 (see Figure 3). The browser can be

21https://www.qt.io/
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FIGURE 3 | Screenshot of the Exdir browser.

installed on Linux, macOS, and Windows through Anaconda22

or from source23.
After opening an Exdir directory, the Exdir browser shows a

hierarchical tree of all the objects in that directory. Information
about each object is shown when selected and attributes of all
objects may be edited. Group objects can be expanded to show
their child objects, similar to directories on the file system. When
selecting a dataset, the contents is shown in a 2D table. If the
dataset is three dimensional, you can select the slice.

6.3. HDF5/Exdir Converter
In order to allow users to convert existing HDF5 files to Exdir,
or the other way around, we have created a simple conversion
tool24 which can be used from the command line. Converting
from HDF5 to Exdir is done using hdf2exdir:

$ hdf2exdir "filename.hdf5" # creates

"filename.exdir"

And converting from Exdir to HDF5 is done using exdir2hdf:

$ exdir2hdf "filename.exdir" # creates

"filename.hdf5"

This converter is currently in development, but the main
functionality is already implemented, including converting
Group, Dataset, and Attribute objects.

22https://anaconda.org/cinpla/exdir-browser
23https://github.com/CINPLA/exdir-browser
24https://github.com/CINPLA/hdf5-exdir-converter

7. PERFORMANCE

As with other formats, the performance of Exdir is limited
by the file system and underlying hardware. In general,
data readability has been prioritized over performance
in Exdir, but we are improving the performance where
possible.

We have performed benchmarks for some common
operations and compared the Exdir reference implementation
to the h5py Python library. The benchmarks can be explored
as a Jupyter notebook in the source code repository (see
README.md for details) or online using Binder25. This
notebook also contains examples that illustrate how the
individual benchmarks can be profiled to identify performance
bottlenecks.

The results are listed in Table 3. These results were
found by performing the benchmarks on a desktop
computer running Linux and a laptop computer
running Microsoft Windows (see the table caption for
details).

As can be seen from “Add 200 attributes (one by one)”
in Table 3, adding 200 attributes one by one is slow in Exdir
compared to h5py. This is because each written attribute
results in a complete rewrite of the “attributes.yaml” file. The
performance might be improved by caching the changes and
flushing them to the file at regular intervals, but we have chosen

25https://mybinder.org/v2/gh/CINPLA/exdir/dev?filepath=tests/benchmarks/

benchmarks.ipynb
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TABLE 3 | Results from benchmarks comparing performance in Exdir with h5py.

Library h5py Exdir h5py Exdir

OS Linux Linux Windows Windows

Add 5 attributes 0.002 s 0.010 s 0.002 s 0.030 s

Add 200 attributes (one by one) 0.066 s 3.6 s 0.068 s 5.5 s

Add 200 attributes (single operation) N/A 0.030 s N/A 0.049 s

Add dataset with 106 64-bit floats 0.009 s 0.013 s 0.019 s 0.040 s

Add dataset with 108 64-bit floats 0.38 s 0.54 s 4.4 s 0.83 s

Create 5,000 groups (thorough validation) 0.26 s 8.1 s 0.36 s 8.9 s

Create 5,000 groups (minimal validation) 0.26 s 1.1 s 0.36 s 8.4 s

Create tree (3 groups × 5 levels) 0.14 s 0.34 s 0.14 s 2.1 s

Write 3D slice (100 × 300 × 100) 0.0033 s 0.0048 s 0.031 s 0.029 s

A 2GB RAM disk was used as virtual hard drive for the tests. Filename validation was

disabled for Exdir in all tests. Software used: Python 3.6, NumPy 1.13.1, Ubuntu 16.04,

Windows 7. Hardware used: Linux: Intel Core i7-5820K 3.30 GHz, 32 GB RAM, Intel 535

512 GB SSD. Windows: HP EliteBook 8570p, Intel Core i7-3520M, 2.90 GHz, 8 GB RAM.

Samsung 128 GB SSD.

to postpone the addition of such features to keep the current
implementation simple. However, as is shown in “Add 200
attributes (single operation)” in Table 3, it is possible to emulate
this behavior by first adding the same attributes to a Python
dictionary and then assign them to the attrs property of an
object. Adding many attributes in a single operation with Exdir
is faster than adding them one by one with h5py. It should
be noted that is only possible in Exdir, and not supported by
h5py.

Further, manipulation of metadata in Exdir has an added
benefit over HDF5 on networked file systems if the file
system downloads and uploads entire files when they are
modified. Metadata in Exdir is stored in separate files,
and only these files need to be downloaded, while the
rest of the dataset can remain on the server. This is in
contrast to HDF5 where the entire file may have to be
downloaded.

Reading and writing large continuous data in Exdir is
about as fast as with h5py on Linux, and faster on Windows.
This is also the case for reading and writing to parts of a
dataset. However, HDF5 supports storing chunked data, which
is a feature missing in Exdir, and in these cases, HDF5 is
likely to outperform Exdir when reading and writing binary
data.

Creating many empty objects is slower with Exdir than
with h5py, as shown in the “Create 5000 groups (thorough
validation)” benchmark in Table 3. Profiling this example
on Linux shows that most of the time in Exdir is spent
on filename validation. In the reference implementation,
“thorough” validation is enabled by default and will enforce
the Exdir naming rules discussed in section 4.2 by checking
if an existing object exists in the same folder with the same
name but different case. This is to avoid name conflicts when
directories created on case-sensitive operating systems are
transferred to case-insensitive operating systems. This check
is very time-consuming when many objects are present, and
can be disabled by choosing a different validation function.
For instance, “minimal” validation can be enabled by passing

name_validation=exdir.validation.minimal to
the File constructor. Minimal validation only checks if a file
or folder with the exact, case-sensitive name already exists.
This is much faster on Linux and brings the performance of
Exdir closer to that of h5py, as shown in the “Create 5000
groups (minimal validation)” benchmark in Table 3. With
minimal validation, Exdir spends most time on creating
directories and the exdir.yaml files. On Windows, thorough
name validation does not explicitly compare the names by
iterating over all existing files and directories because this
is already done by default by the operating system’s check
for file existence. However, the performance on Windows is
almost as bad as with thorough validation enabled on Linux.
Profiling this benchmark on Windows shows that much of
the time is spent on on low-level file system operations, such
as nt.open, nt.mkdir, and nt.stat. It therefore seems
unlikely that performance can be improved much in this
case.

In summary, the performance of Exdir is mostly limited
by the performance of the file system and the performance
of the YAML and NumPy libraries. Exdir performs worse
than h5py with many individual operations on attributes, but
performs better if the individual operations are accumulated
into a single operation. Exdir performs worse than h5py
with many small objects, which means that HDF5 is a
better alternative for use cases where many small objects
need to be written with high performance. However, when
writing large datasets, Exdir performs similarly or better than
h5py.

8. DISCUSSION

We have proposed a new specification, Exdir, that puts the
abstractions of HDF5 on top of a hierarchical directory
structure. Exdir gives the same flexibility as HDF5, but with
the advantages of a simpler specification, human-readable
metadata, and applicability of established tools. Further, the
hierarchy and metadata can be modified manually without
tools specific to Exdir, while the data is accessible by existing
libraries for common languages. This makes Exdir a possible
replacement for HDF5 in computational and experimental data
pipelines.

We have presented a reference implementation in Python,
a command-line client, and a graphical browser that are all
open source and available on GitHub. Together, these tools
will hopefully make it easy for other researchers to explore the
specification and provide valuable feedback. Because Exdir is
based on the established NumPy and YAML formats, we expect
APIs for other languages to be fairly easy to implement.

The reference implementation has an extensive test suite
and has been thoroughly tested, although the format is still
under development. The flexibility of the format gives many
possibilities for future development. Exdir includes the concept
of plugins, which makes it easy to extend implementations
with new functionality without adding more complexity to the
specification.
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Because similar strategies for data storage are already
in use, but no formal standard exists, we believe
Exdir provides an opportunity for increased data
sharing and development of tools that can be shared
across multiple disciplines. We hope Exdir can lay the
foundation for a standardization of such strategies, and
contribute to the general discussion on data storage in
science.
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Abstract
Objective. A major goal in systems neuroscience is to determine the causal relationship 
between neural activity and behavior. To this end, methods that combine monitoring neural 
activity, behavioral tracking, and targeted manipulation of neurons in closed-loop are powerful 
tools. However, commercial systems that allow these types of experiments are usually 
expensive and rely on non-standardized data formats and proprietary software which may 
hinder user-modifications for specific needs. In order to promote reproducibility and data-
sharing in science, transparent software and standardized data formats are an advantage. 
Here, we present an open source, low-cost, adaptable, and easy to set-up system for combined 
behavioral tracking, electrophysiology, and closed-loop stimulation. Approach. Based on the 
Open Ephys system (www.open-ephys.org) we developed multiple modules to include real-
time tracking and behavior-based closed-loop stimulation. We describe the equipment and 
provide a step-by-step guide to set up the system. Combining the open source software Bonsai 
(bonsai-rx.org) for analyzing camera images in real time with the newly developed modules in 
Open Ephys, we acquire position information, visualize tracking, and perform tracking-based 
closed-loop stimulation experiments. To analyze the acquired data we provide an open source 
file reading package in Python. Main results. The system robustly visualizes real-time tracking 
and reliably recovers tracking information recorded from a range of sampling frequencies 
(30–1000 Hz). We combined electrophysiology with the newly-developed tracking modules 
in Open Ephys to record place cell and grid cell activity in the hippocampus and in the medial 
entorhinal cortex, respectively. Moreover, we present a case in which we used the system for 
closed-loop optogenetic stimulation of entorhinal grid cells. Significance. Expanding the Open 
Ephys system to include animal tracking and behavior-based closed-loop stimulation extends 
the availability of high-quality, low-cost experimental setup within standardized data formats 
serving the neuroscience community.
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1. Introduction

To understand how brain function arises from neural activity, 
it is helpful to utilize methods that both monitor groups of 
single-neurons at single-spike resolution and behavior [4]. 
While correlations between recorded neural activity and 
behavior or sensory stimuli reveal associative relations, tar-
geted manipulations are necessary to identify cell-specific 
contributions and determine causal relations.

Combining electrophysiological recordings and positional 
tracking has led to seminal discoveries about the neural corre-
lates of behaviors such as place cells [27], grid cells [14, 16], 
head-direction cells [32], border cells [35], and speed cells 
[20]. Moreover, behavioral tracking of freely moving rodents 
is also essential to reveal neural mechanisms underlying a 
range of behaviors, including aggression, social interactions, 
defensive behaviors, and different memory tasks [21, 36, 37].

The experimental setups necessary for such invest igations 
require a combination of electrophysiology and tracking 
of animal behavior. Neural recordings are conducted with 
implanted electrodes recording extracellular fluctuations 
of electric potential. Tracking the animal’s position is usu-
ally done by mounting light emitting diodes (LEDs) on the 
animal’s implant and tracking the position of LEDs with an 
optical camera.

A growing number of vendors provide solutions for experi-
ments combining electrophysiology and animal tracking. We 
selected three representative vendors and asked for quotes for 
the instrumentation needed to perform the experiments. We 
included the neural acquisition system, one 32-channel head-
stage (+cable), the tracking system (including the camera), 
and the software (excluding general purpose hardware/soft-
ware—workstations—and installation costs). The quotes 
that we received from the companies ranged from 60 000 to 
75 000 USD. The high cost of these commercially available 
systems is only one of the limitations. In fact, each of the pro-
posed systems uses different proprietary data formats. This 
may compromise the reproducibility of results and limit data 
sharing [5]. However, the services provided with commercial 
systems include priority support, and often specialized engi-
neering help included in the cost.

The advances in instrumentation and recording sys-
tems have expanded the possibility of neural interrogation 
by introducing real-time feedback control designed by the 
experimenter. Closed-loop experiments utilize readouts of 
neural activity or behavior to make real-time decisions about 
how/when/where to stimulate the neural tissue. Stimulation 
is usually performed by means of electrical pulses through 
the electrodes, or using optogenetics—a methodology that 
allows millisecond-scale optical control of neural activity in 
genetically identified cell-types during animal behavior [19]. 

Quite a few studies have performed spike-triggered electrical 
stimulation [8, 9, 12, 18, 26, 29], while fewer have used real-
time tracking to electrically stimulate single cells [10, 22]. 
Regarding optical stimulation, most experiments in behaving 
animals to date can be categorized as open-loop. The goal of 
this work, therefore, is to implement open source modules to 
easily control closed-loop electrical or optical stimulation.

In the neuroscience community, there has lately been a 
call for a world-wide open source effort (http://www.open-
sourceforneuroscience.org/) to standardize methods and share 
data in order to make break-through advancements in such 
a complicated field [15]. Many open hardware and software 
solutions have been developed for various aspects of neuro-
science, including acquisition systems for electrophysiology  
[2, 33], portable miniscopes [6, 24], software tools for real-
time interface with external devices [25], and closed-loop sys-
tems [7, 33].

Among the open source systems for electrophysiology 
hardware and software, Open Ephys (www.open-ephys.org—
[33]) has gained popularity in the past few years. The Open 
Ephys acquisition system can currently be interfaced with up 
to 512 recording channels that are sampled by an Opal Kelly 
XEM-6310 FPGA module, connected via a USB 3.0 port. 
The FPGA sends 10 ms epochs, and the GUI can process the 
data in buffers ranging from 3 ms to 42 ms. Closed-loop laten-
cies are mainly due to USB communication, but the system is 
being constantly improved: as of May 2018, a version based 
on PCI express communication is under development, which 
would lower latencies to only hundreds of microseconds [33]. 
However, animal tracking has not been integrated directly 
with the Open Ephys system.

For tracking of animal behavior, there are also a number of 
open source software tools available, including GemVid [28], 
OpenControl [1], MouseMove [31], and others [17]. Most of 
these tools allow for tracking of animal behavior and complex 
analysis, but they lack either the capability of real-time inter-
action with the system, closed-loop experiments, or integra-
tion with electrophysiology. Thus, we propose an open source 
solution to perform experiments involving animal tracking 
in a closed-loop mode by extending on existing open source 
tools, namely Open Ephys and Bonsai (bonsai-rx.org—[25]).

Bonsai is an open source visual programming framework 
for processing data streams [25]. Bonsai alone can be used for 
streaming and visualization of electrophysiology and tracking 
data, including closed-loop stimulation. However, we chose 
to use Bonsai only to extract positional information from the 
camera, and rather expand the Open Ephys GUI because it 
includes a multitude of useful plugins for electrophysiology 
and is widely used by the electrophysiology community.

Our system represents a cheap (<5000 USD), reproduc-
ible, and customizable alternative solution to commercially 

J. Neural Eng. 15 (2018) 055002



A P Buccino et al

3

available systems. It also allows tracking-based closed-loop 
stimulation that can be used with electrical or optogenetic 
stimulation.

In the following sections, we present an overview of the 
system before describing the image processing performed 
with Bonsai and introducing the newly implemented Open 
Ephys plugins for tracking and closed-loop stimulation. Then, 
we show results on the performance of this arrangement, first 
in open-field acquisitions of behavioral experiments involving 
place and grid cells, and finally, on a setup with closed-loop 
tracking-based stimulation.

2. Materials and methods

In this section  we provide an overview of the system, a 
description of the Bonsai script, and a detailed presentation 
of the plugins for the Open Ephys GUI. The source code is 
published on GitHub (https://github.com/CINPLA/tracking-
plugin and https://github.com/CINPLA/logic-gate-plugin), 
with a wiki page containing a detailed guide on how to set 
up the system (https://github.com/CINPLA/tracking-plugin/
wiki). A collection of Open Ephys plugins developed by our 
group, including those presented in this paper, is available at 
https://github.com/CINPLA/open-ephys-plugins.

2.1. System overview

Figure 1 gives an overview of the proposed solution at the 
systems level. The animals are implanted with any neural 
probe with an Omnetics connector that interfaces with an 
Intan RHD2000 series chip (compatible with the Open Ephys 
acquisition board). Two light emitting diodes (LEDs)—in our 
case a red and a green off-the-shelf LED—are mounted on the 
headstage and are tracked during the experiment to extract the 
animal’s position. By using two separate light sources instead 
of one we can extract the relative angle between them and 
determine the head direction and angular motion.

The frames from the camera (we used a PointGrey Flea3 
camera mounted in the ceiling pointing downwards to the box 
in which the rodents move around), are analyzed by Bonsai, in 
which an image processing pipeline is implemented to extract 
the position of the LEDs. The tracking data are sent to the 
Open Ephys GUI for saving and visualization, as well as to 
trigger tracking-based stimulation.

Electrophysiology data are measured by the Intan head-
stage (RHD series, or any other compatible with the Open 
Ephys acquisition board) and sent via Serial Peripheral 
Interface (SPI) cables to the acquisition system, which inputs 
the data stream to the Open Ephys GUI.

Synchronization between the electrophysiology and 
tracking systems is performed by recording Transistor-
Transistor-Logic (TTL) events sent from the camera for every 
frame acquired, that is, every time the camera shutter closes 
(shutter TTL events), with the Open Ephys board.

The proposed system includes newly-developed ad hoc 
plugins for the Open Ephys GUI to record and visualize 
tracking data, and for closed-loop stimulation based on 
tracking. We suggest to use the Pulse Pal stimulator to trigger 
external devices via TTL pulses, as it is easily interfaced to 
the Open Ephys system, but other devices could be used, such 
as Arduino.

Table 1 contains the components needed to set up the 
tracking-electrophysiology system, including company, 
vendor website, and cost. With the suggested system, an 
experiment combining electrophysiology and animal tracking 
can be set up with less than 5000 USD (excluding the neural 
probe, but including a 32-channel headstage).

2.2. Image processing in Bonsai

Bonsai is a visual language designed for making software sys-
tems that require rich and rapid interaction with the external 
world [25]. In our setup we use it to grab frames from the 
camera, choose the region of interest, extract the x and y posi-
tions, and send them to the Open Ephys GUI via Open Sound 
Control (OSC) messages.

The image processing pipeline is shown in figure 2 and it is 
performed by the tracking.bonsai script (in the Bonsai 
folder of https://github.com/CINPLA/tracking-plugin). 
Frames are streamed through the FlyCapture module and the 
Crop node allows users to resize the video so that it fits the area 
in which the rodents are roaming. Then, two custom-made 
color filter nodes (Green and Red) recognize green and red 
colors, respectively (colors can be easily changed by adjusting 
the parameters). The Threshold node sets a binary threshold 
to select the colored light source, and the FindContours, 
BinaryRegionAnalysis, and LargestBinaryBlob nodes identify 
the blob position in the image. The centroids of red and green 
regions (Source.Centroid) are then zipped together with the 
size of the field view, that is, the width and height.

The following part of the pipeline deals with the OSC 
communication. First, the x and y positions are normalized 
(ExpressionTransform), that is, divided by the width and 
height of the cropped regions, respectively. Finally, they are 
packed into two OSC messages: one for the red LED and one 
for the green LED. Each message contains 4 float values: x, 
y, width and height.

We provide an extra Bonsai script (osc.bonsai), that 
sets up a RedPort (port  =  27 020, address  =  ‘/red’, ip 
address  =  ‘localhost’) and a GreenPort (port  =  27 021, 
address  =  ‘/green’, ip address  =  ‘localhost’) to speed 
up the system configuration. The user can change the ports, 
addresses and IP addresses in the Properties tab (currently, the 
Open Ephys tracking plugin can only receive OSC messages 
from ‘localhost’).

Although we provide Bonsai scripts for tracking, any 
tracking system is compatible with the Open Ephys plugin, as 
long as it sends OSC data in the format of 4 float values: x, y, 
width and height. The tracking data are then input to the Open 
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Ephys GUI using the newly designed modules described in 
the next section.

2.3. Open Ephys GUI tracking plugin

We developed three modules publicly available at https://
github.com/CINPLA/tracking-plugin/ (in the Tracking 
folder) to stream and save OSC tracking data into the GUI 
(Tracking Port), to visualize the path trajectories 
(Tracking Visualizer), and to trigger tracking-based 
closed-loop stimulation (Tracking Stimulator).

2.3.1. Tracking port. The Tracking Port is a Source of 
the Open Ephys signal chain, as it adds data into the GUI data 
buffers and saves the tracking signals. The module consists of 
an Editor only, displayed in figure 3, which allows the user to 
add and delete Tracking Sources with the   +   and   −   buttons 
and to set the port, address, and color for each added source. 
The underlying processor robustly handles the streaming and 
circulation of the tracking data using two helper classes: the 
Tracking Server and the Tracking Queue.

For each new Tracking Source, a Tracking Server 
instance is created. The Tracking Server object takes 
care of the OSC communication and streams the data through 
a User Datagram Protocol (UDP) socket on a different thread, 
in order to make communication more robust. When the user 
changes the port or the address of a Tracking Source, the 

corresponding UDP socket is closed, the underlying thread is 
stopped, a new socket is opened, and a new thread is started. 
There is a maximum of 10 sources that can be streamed simul-
taneously on parallel threads.

The Open Ephys GUI processes data in buffers of around 
20 ms at each processing cycle [33], which corresponds to 50 
Hz. For some tracking systems this frequency could be too 
low, hence we implemented a queuing system that temporarily 
stores all received data and processes them in short intervals. 
Each Tracking Source has a Tracking Queue object that 
serves this purpose: when a new packet is received from the 
OSC data link, the tracking data and the timestamp at the time 
of reception are pushed in the queue, so that more than one 
message can be pushed for each source in the interval within 
processing cycles. When the Tracking Port processes the 
data (the process() function is called), the messages in the 
queue are popped and sent as binary events with the times-
tamp recorded at reception.

The combination of the Tracking Server and the 
Tracking Queue makes data streaming very robust and 
reliable. In section 3.1 we show how the system is able to cor-
rectly recover 10 different tracking sources sent at different 
frequencies between 30 and 300 Hz, as well as 10 high-speed 
1 kHz sources.

2.3.2. Tracking visualizer. The Tracking Visualizer is 
a Sink module which is placed at the end of the signal chain to 

Figure 1. System level block diagram: the animal is equipped with recording electrodes and two LEDs. The electrophysiology data are 
recorded with the Open Ephys acquisition board (via the Intan headstage) and sent to the Open Ephys GUI. The tracking data are measured 
with a PointGrey camera and processed with Bonsai, which sends positions to the Open Ephys GUI. For closed-loop experiments, the Open 
Ephys GUI controls the Pulse Pal stimulator, whose pulses are also recorded using the Open Ephys I/O board. Synchronization between 
tracking and electrophysiology is performed by recording the camera shutter events using the Open Ephys I/O board.
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visualize the trajectories streamed by the Tracking Port. 
It is also a Visualizer module which can be docked in the GUI 
or opened as a separate window.

The Visualizer panel is shown in figure 3: on the left side, 
a list of available sources is automatically updated and each 
source can be toggled for visualization (the maximum number 
of sources that can be visualized at the same time is 10). The 
tracking sources are plotted on the dark blue panel, whose 
proportions are adjusted depending on the width and height of 
the sources (for visualization purposes, the width and height 
are taken from the first available source only, but actual width 
and height are saved from the Tracking Port processor). 
The CLEAR PLOT button on the bottom left clears the dis-
played trajectories.

If some tracking information is missing, for example if the 
animal somehow covers the LEDs or the LEDs stop being 
visible, the resulting NaN (Not a Number) tracking data are 
skipped from visualization, to ensure a smooth path trajectory.

2.3.3. Tracking stimulator. The Tracking Stimulator 
is a Filter module and it allows the user to perform tracking-
based closed-loop experiments. It was originally designed 
to stimulate place cells and grid cells inside or outside their 
fields with electrical or optogenetics stimulation.

It has a Visualizer panel, shown in figure  4, that allows 
the user to manually draw, drag, resize (double click), copy 
(ctrl+c), paste (ctrl+v), and delete (del) circles, 
or input circles’ information (x_position, y_position and 
radius—from 0 to 1) using the editable labels on the right. 
Each circle can be inactivated using the ON toggle button.

On the top right, the user can decide which source to track 
among the available Tracking Sources—Input source 
drop-down list—and which TTL output channel to trigger—
Output channel drop-down list—when the chosen 
Tracking Source is within the active circles.

Stimulation is triggered only when the toggle button in the 
editor (bottom left) is set to ON. When within the selected cir-
cles, the tracking cue becomes red and TTL events are gen-
erated on the selected Output channel. There are two 
stimulation modes, uniform and gaussian, controlled by the 
buttons UNI—GAUSS:

 1.  UNIFORM: a TTL train with a constant frequency fmax 
defined by the user is generated when the position is 
within selected regions. In this mode, the colors of the 
circles are uniformly orange/yellow.

 2.  GAUSSIAN: the frequency of the TTL train is gaussian 
modulated. When the position is in the center of each 
circle, the frequency is fmax, when it is on the border of 

Table 1. System components: each table row shows the component’s name, the company (or project) providing the component, the vendor 
website, and the cost in USD. The entire system, including a 32-channel headstage and cable for electrophysiology, can be acquired for less 
than 5000 USD.

Component Company Vendor site Cost

Camera
PointGrey Camera Flea3 Point grey www.ptgrey.com 599.95 USD
Headstage
Intan Headstage RHD2132 Intan intantech.com 895 USD
Intan SPI cable (1.8 m) Intan intantech.com 295 USD

Acquisition system
Open Ephys Acquisition Board Open Ephys www.open-ephys.org 2500 USD
Open Ephys I/O Board Open Ephys www.open-ephys.org 15 USD
Stimulator
Pulse Pal Sanworks www.sanworks.io 595 USD

Software
Bonsai Bonsai bonsai-rx.org 0 USD
Open Ephys GUI Open Ephys www.open-ephys.org 0 USD

Total 4899.95 USD

Figure 2. Bonsai image processing diagram. The images are acquired from the camera ( FlyCapture) and the region of interest can be 
interactively selected (Crop). Green and red areas are then identified with color filters (Green and Red) and then thresholded (Threshold—
thresholds can be adjusted by the user) to compute the centroid of the their region. The x and y positions are then normalized between 0 and 
1 dividing them by the width and height of the region of interest, respectively, and finally transmitted using the Open Sound Control (OSC) 
protocol (SendMessage).
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a circle the frequency is sd * fmax. In this mode, the 
colors of the circles are graded, darker in the center and 
lighter on the borders.

The uniform stimulation generates a train of TTL events 
with fixed stimulation period and it can be used, for example, 
to control a laser for optogenetics, in which a set of pulses 
with a certain frequency is usually used. The gaussian stimu-
lation, instead, produces a stochastic TTL train, as stimulation 
is triggered randomly with a probability following a gaussian 
distribution. This kind of stimulation can be used to electri-
cally stimulate a place or grid cell with variability similar to 
that experienced in physiological settings.

2.4. Logic Gate plugin

The Tracking Stimulator module alone allows the 
user to select circular regions and trigger stimulation within 
the selected areas with uniform or gaussian trains. However, 
some experimental protocols require a more advanced con-
trol flow to trigger stimulation. In order to improve custom-
ization of experiments and possibly combine tracking and 
electrophysiology data, we have implemented the Logic 
Gate plugin (https://github.com/CINPLA/logic-gate-plugin), 
shown in figure 5.

The Logic Gate is a Filter module that allows the 
user to combine two TTL inputs with logical operators. To 

Figure 3. Open Ephys signal chain to visualize tracking data. The Tracking Port is a Source that allows the user to add and delete 
incoming sources (+   and   −), to set the connection parameters for each tracking source (Port and Address) and to choose in which 
color the selected source will be displayed with the Tracking Visualizer. The Tracking Visualizer is a Sink module that 
permits visualization of the path trajectories from the sources set up in the Tracking Port. All the available sources are listed in the 
Sources list on the left and the user can select multiple sources at once. The path is represented in the trajectory panel. The CLEAR PLOT 
button can be used to erase the displayed trajectory (only for visualization purposes: the data are saved from the Tracking Port 
module).

Figure 4. Open Ephys signal chain for closed-loop stimulation. The Tracking Port inputs the tracking data. The Tracking 
Stimulator is a Filter module used to perform closed-loop tracking-based stimulation. The user can draw circles in the trajectory 
(drawing) panel, and when the position of the selected source (Input Source) is within the area(s), a TTL event is sent on the selected 
Output channel. In this example, the TTL event is picked up by the Pulse Pal Output, that in turn triggers external hardware 
stimulation.
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combine more than two inputs, multiple logic gates can be 
connected in series. The drop-down lists on the left side (A 
and B) allow users to select input signals. The available log-
ical operators are AND, OR, XOR, and DELAY. The operator 
and output channel can be selected from the OPERATOR and 
OUPUT drop-down lists, respectively.

A TTL event is sent on the output channel if the events 
received on the input channels satisfy the selected logical 
operator within the specified time Window. The time window 
begins whenever an event is received on the channel defined 
as the gate, which is toggled by the buttons marked ‘o’ next 
to the input channels. If neither or both gate buttons are 
selected, both TTL inputs are used as gates and a new time 
window begins when an event is received on either channel. 
For example, if B serves as gate, AND is the logical operator, 
Window is set to 50 ms, and OUTPUT is channel 1 (as in 
figure 5), when a B event is received, only if an A signal is 
received within 50 ms an output TTL event will be sent on 
channel 1, but not vice versa (when A precedes B).

When AND is selected, as soon as the condition is satis-
fied within the Window a TTL output is generated; when OR 
or XOR are selected, the TTL event is sent at the end of the 
Window time if the logical condition is met (to propagate the 
signals instantaneously, the user can set Window to 0). When 
DELAY is selected, the A TTL is propagated to the output with 
a delay of Window ms.

In figure  5, we show a simple example on how to use 
the Logic Gate to performed closed-loop stimulation 
depending on the animal position and the neural signal 
phase. The Tracking Stimulator and the Phase 
Detector outputs are merged to the Logic Gate, and 
the Phase Detector input (B) serves as gate. When the 
neural signal is at a certain phase, e.g. the peak phase, input 
B is received. For the following 50 ms, if the animal is in a 
selected region of the Tracking Stimulator and A 
inputs are received, then the Logic Gate will output events 
and, in this example, trigger stimulation through the Pulse 
Pal Output.

The combination of the Tracking and the Logic Gate 
plugins extends the possibilities for closed-loop paradigms 
within the Open Ephys environment.

2.5. Parsing the output files

In order to ease the set up of the proposed system and quickly 
access the recorded electropysiology and tracking data, we 
provide the pyopenephys Python package (https://github.
com/CINPLA/py-open-ephys, which can also be accessed 
as a submodule from the main Tracking repository—https://
github.com/CINPLA/tracking-plugin—in the py-open-ephys 
folder) to parse the output files into a Python environment 
with a few lines of code:

import pyopenephys
o e _ f i l e   =   p y o p e n e p h y s .

File(‘path-to-recording-folder’)
experiment1  =  oe_file.experiments[0]
recording1  =  experiment1.recordings[0]
a n a l o g _ s i g n a l s   =  r e c o r d i n g 1 .

analog_signals
events_data  =  recording1.events
tracking_data  =  recording1.tracking

Once the data are loaded, it is straightforward to plot, for 
example, the trajectory of Tracking Source 1:

import matplotlib.pylab as plt
source_1  =  tracking_data[0]
plt.plot(source_1.x, source_1.y)

The pyopenephys package also allows the user to 
easily export the analog signals, tracking data, and events of a 
recording to MATLAB format:

recording1.export_matlab(‘open-ephys.
mat’)

The output file (open-ephys.mat) can be then loaded 
in the MATLAB environment and the Open Ephys tracking 
data can be accessed and plotted as follows:

Figure 5. Open Ephys signal chain for closed-loop stimulation based on combined tracking and electrophysiology. The Logic Gate is 
a Filter module that allows the user to combine multiple TTL inputs and apply logical operators (and delay). In this example, stimulation 
is provided only when the animal is in the region selected with the Tracking Stimulator only after certain phase is detected on the 
neural signals by the Phase Detector (because signal B, corresponding to the Phase Detector, acts as gate).
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% Load data (times, duration, analog, 
tracking, and events variables)

load(‘open-ephys.mat’);
% Plot tracking source 1
source_1  =  squeeze(tracking(1, :, :));
x  =  source_1(1, :);
y  =  source_1(2, :);
plot(x, y);

3. Results

3.1. Reliability benchmark of tracking data transmission

First, we tested the reliability of the OSC transmission from 
the tracking system to the Open Ephys GUI. While positional 
tracking of animals is often limited to one or two tracking 
inputs, parallel processing of more channels opens for more 
detailed tracking information or simultaneous tracking of 
several animals. Therefore, we simulated a set of 10 random 
walks in Python and used the python-osc package to send 
them to the Open Ephys GUI at different frequencies equally 
spaced between 30 Hz to 300 Hz (denoted as low frequency) 
and another set of 10 sources at 1 kHz (denoted as high fre-
quency) (duration  =  60 s). We recorded the received tracking 
data from the GUI and we recovered them using the pyope-
nephys script. Then, we compared the tracking data saved 
from the Python script (before the OSC link) and from the 
Open Ephys GUI (after the OSC link). The tests were run on 
an Ubuntu 16.04, Intel i7-6600U, 2.60 GHz, 16 GB RAM 
machine under normal use with other ethernet traffic.

The data were almost perfectly recovered as all sent 
OSC packets were received and saved by the Open Ephys 

GUI (99 000 OSC messages sent/received for low frequency 
sources, 600 000 for high frequency sources).

In order to control the accuracy of timestamps recorded 
by Open Ephys we calculated the intervals between consecu-
tive timestamps (differential timestamps) and compared the 
differential timestamps between the Python script and Open 
Ephys. In the histograms in figure 6(A) we show the pairwise 
error between the sent and received differential timestamps 
for the 10 different sources at low frequency. The 99% confi-
dence interval is [−2.6, 2.6] μs. Almost all of these errors are 
lower then 0.25 ms. Out of 98 990 errors, only 2 were more 
than 10 ms (0.002%), 4 more than 5 ms (0.004%), 425 above 
1 ms (0.43%), and 1 009 more than 500 μs (1.02%). We found 
no significant differences among frequencies (for each pair of 
frequencies we used the Mann Whithney U test, finding effect 
sizes  <10−4— Cohen’s d coefficients—in all cases).

For the high frequency sources, in figure  6(B), the his-
tograms are slightly wider. In this case the 99% confidence 
interval is [−5.22, 5.22] μs. Only 224 out of 599 990 errors 
were more than 10 ms (0.037%), 3309 more than 5 ms 
(0.55%), 27 363 above 1 ms (4.56%), and 54 200 more than 
500 μs (9.03%). In order to investigate whether errors accu-
mulate over time, we compared the distributions of the first 
half of the received errors with the second half (299 995 obser-
vations each), but no significant difference was found (Mann 
Whitney U test).

These results show that the Tracking Port module 
is able to robustly handle multiple sources, even at high 
frequencies thanks to multi-threading (each Tracking 
Source is received in its own thread) and the Tracking 
Queue. The robust performance at high frequencies makes 
the system also suitable for tracking behaviors that require 
high-speed cameras, such as whisking or saccading [34].

Figure 6. Histograms of the differential timestamp errors (for clarity we discarded errors above 10 ms—2 observations for the low 
frequency errors and 224 for the high frequency ones). (A) For low frequency sources (10 sources from 30 Hz to 300 Hz), the 99% 
confidence interval is [−2.6, 2.6] μs and there is no worsening in performance as the frequency increases. (B) For high frequency sources 
(10 sources at 1 kHz), the error histograms are wider, with a 99% confidence interval of [−5.22, 5.22] μs.
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3.2. Place and grid cells

We used the system in open-field experiments while recording 
neural activity in hippocampus and medial entorhinal cortex. 
Two adult Long Evans male rats were implanted with wired 
tetrodes (17 µm diameter) with impedance around 200 kΩ 
mounted on Axona (Axona Ltd (UK)—http://www.axona.
com/) micro-drives. All experiments were approved by the 
Norwegian Animal Research Committee (FDU) before ini-
tiation. For more details about the experimental procedures, 
refer to Lensjø et al [23]. A custom-built connector was used 
to interface the Axona to the Omnetics connector that con-
nects to the current system (figure 1). Electrophysiology data 
were processed offline with a 300–3000 Hz bandpass filter 
(Butterworth—3rd order), spike-sorted using KlustaKwik, 
and manually inspected using Phy [30]. Firing maps were then 
computed by splitting the arena in equal sized bins with 1 cm 
bin-size, dividing the number of spikes by the time spent by 
the rat in each bin and convolving with a two dimensional 
Gaussian kernel [14, 16].

Figure 7 displays the running path of the rat, spiking 
activity, and firing map of a place cell in the hippocampus 
CA1 area (A), (B) and of a grid cell in medial entorhinal 
cortex (C), (D). The duration of the experiments was approxi-
mately 10 min.

3.3. Tracking-based closed-loop stimulation

Finally, we tested the tracking-based closed-loop stimulation. 
We simulated one random walk and sent it as an OSC message 

to the Open Ephys GUI. The Tracking Port module 
received the OSC message and sent the tracking data to the 
Tracking Stimulator module, in which we built a place 
field-like stimulation area. The Tracking Stimulator 
was then interfaced with the Pulse Pal Output module 
to send TTL triggers. The Pulse Pal stimulator was physically 
connected to the Open Ephys I/O board, so that the stimu-
lation TTL events were also recorded from the acquisition 
system (figure 1— closed-loop trigger). Combining the simu-
lated path trajectories with the TTL events sent by the Pulse 
Pal and recorded by the Open Ephys system, we constructed 
stimulation trigger maps—as explained in the previous sec-
tion, but using TTL triggers instead of spikes—for the uni-
form and gaussian stimulation modes.

Figures 8(A) and (B) show the path trajectory with the 
stimulation TTL occurrences and the stimulation trigger 
map for the place field-like area using uniform stimulation 
(fmax  =  20 Hz). In figures 8(C) and (D) we used gaussian 
stimulation with fmax  =  20 Hz and sd  =  0.1% (2 Hz at the 
borders). The recorded TTL signals, as expected, are almost 
perfectly uniformly distributed when uniform stimulation is 
applied (the lower rate on the borders is due to smoothing 
in computing the firing map) and gaussian-distributed when 
gaussian stimulation was selected. The duration of recording 
during the uniform stimulation was 1288 s, and for the 
gaussian stimulation it was 1741 s.

We also used the uniform closed-loop stimulation to trigger 
blue laser pulses for selective activation of grid cells in medial 
enthorinal cortex. In figures  8(E) and (F) we show the tra-
jectory and stimulation trigger map of the laser pulses. The 
target grid cell was stimulated in correspondence with its spa-
tial firing fields, and the stimulation fields are fairly uniform, 
as expected from the uniform stimulation mode.

4. Discussions

In this work we presented an open source solution which 
integrates tracking of animal position using Bonsai [25] with 
electrophysiological recording and closed-loop stimulation 
using Open Ephys [33]. We developed plugins for the Open 
Ephys GUI which display the tracking of the animal and has 
the capability of performing closed-loop stimulation based on 
the animal’s position. We showed that the system is capable 
of handling multiple sources of tracking information at dif-
ferent frequencies and presented experimental data of an hip-
pocampal place cell and a grid cell from the medial entorhinal 
cortex. We tested the closed-loop tracking based stimulation 
and showed that the extracted stimulation trigger maps are 
precise and accurate.

Closed-loop experiments involving spatial navigation are 
powerful tools to investigate memory formation and neuro-
plasticity. For example, de Lavilléon et al [8] showed that 
using the spontaneous activity of a hippocampal place cell 
during sleep to trigger rewarding stimulations of the medial 
forebrain bundle (MFB) was able to induce a place prefer-
ence towards the stimulated sites. Our system is not devel-
oped for spike-triggered stimulation, but can instead be used 

Figure 7. Place and grid cells recorded with the described system. 
(A), (B) Place cell recorded from rat hippocampus in CA1 area. (A) 
Trajectory of the animal (grey line) with spikes superimposed as red 
dots on the path. (B) Color-coded firing rate map of the same single 
unit (blue, no firing; red, peak firing, maximum firing rate  =  11.76 
Hz). (C), (D) Grid cell recorded from rat medial entorhinal cortex. 
(C) Trajectory of the rat with spikes superimposed. (D) Firing 
rate map of the unit in (C) that shows firing fields of the grid cell 
(maximum firing rate  =  40.21 Hz).
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to stimulate the MFB during active behavior depending on the 
animal’s position. The approach to closed-loop stimulation 
that we presented here could represent an alternative to spike-
triggered stimulation [8, 9, 12, 18, 26, 29].

Spike-triggered approaches require a fast online spike 
sorting and stimulation system, and work on the principle of 
inducing neuroplasticity using spike-timing dependent plas-
ticity (STDP) protocols between a pair of coupled neurons. 
Instead, our closed-loop tracking-based stimulation is based 
on a behavior-driven stimulation, the principle of which is to 
induce neuroplasticity throughout the entire neural pathway, 
from behavior to neurons. Recently, for example, Diamantaki 
et al [10] demonstrated the fast remapping of place cells with 

position-based closed-loop juxtacellular stimulation. In light 
of this, constraints on stimulation latency, which has led to the 
development of short-latency closed loop systems [7], have 
become more relaxed. The purpose of behavior-based stimu-
lation, in fact, is to induce an average neural response and 
the frequency of behavioral states (such as foraging, running, 
grooming) is much lower than the STDP window (10–50 ms 
[18, 11]). Moreover, the implemented plugins allow to com-
bine behavior and electrophysiology for closed-loop stimu-
lation. One interesting possibility, given the importance of 
local field potential (LFP) oscillations for memory processing 
[3], is to use real-time position information and LFP phase 
to trigger stimulation (as demonstrated in section 2.4). Such 
an approach could shed light on the role of precise timing in 
spatial navigation and memory formation.

The presented system represents an alternative to com-
mercially available systems for animal tracking and neural 
recording. It comes at a cost of less than 10% of the relevant 
commercial options, with an instrumentation cost just below 
5000 USD. The developed plugins are easy to use and the pro-
vided Python parser makes it very straightforward to access 
the raw data with a few lines of code (section 2.5). Moreover, 
the system is fully open source with the source code available 
on GitHub (https://github.com/CINPLA/tracking-plugin and 
https://github.com/CINPLA/logic-gate-plugin), contributing 
to the commitment of the neuroscience community to provide 
open source data, instrumentation, and analysis tools [15]. 
While commercial solutions offer an integrated package, users 
of this system have to assemble and install hardware and soft-
ware by themselves. A major caveat with open source solu-
tions, in fact, is the support and maintenance of the systems. 
However, we chose to use Open Ephys and Bonsai because 
they represent excellent technical solutions, they are backed 
by renowned institutions, and they provide support from both 
a core group of developers and a growing community.

In the presented approach, we chose a specific vendor for 
the camera (PointGrey) and we picked a specific software 
for image processing (Bonsai). The choice of the camera 
was mainly dictated by the compatibility with Bonsai soft-
ware and for its capability of sending TTL triggers every 
time the shutter closes (the TTL triggers are used for precise 
synchronization of tracking and electrophysiology data). Any 
other USB camera could be easily interfaced with Bonsai (by 
changing the video source in the image processing pipeline 
in figure 2) and some of them would probably further cut the 
cost of the system, but this saving would come at the cost of 
lower resolution and frame rate, in addition to less precision 
in synchronization.

The choice of Bonsai was due to its partnership in the Open 
Ephys project and its proven versatility as a system for many 
different tracking scenarios, including 3D tracking of animal 
behavior. However, the communication between Bonsai and 
the Open Ephys GUI is achieved through the Open Sound 
Control (OSC) protocol and the Tracking plugin would work 
with any tracking data received in the specified format, such 
as the simulated data that we used in sections  3.1 and 3.3. 
Moreover, we use and provide a Bonsai script that assumes 
that red and a green LEDs are mounted on the animal’s 

Figure 8. Closed-loop stimulation. Animal running paths in 
an open field were simulated with random walks and tracking 
information was sent as OSC messages to the Open Ephys GUI. 
A place field-like stimulation area was set in the Tracking 
Stimulator module and connected to the Pulse Pal. (A), 
(B) Uniform stimulation. (A) Path trajectory—grey line—and 
stimulation pulse occurrences—blue dots. (B) Stimulation trigger 
map showing an almost perfectly uniform distribution of the 
stimulation pulses (maximum stimulation rate  =  17.04 Hz). (C), 
(D) Gaussian stimulation. (C) Path trajectory and stimulation pulse 
occurrences. (D) Stimulation trigger map that shows a gaussian 
distribution of the stimulation pulses (maximum stimulation 
rate  =  17.24 Hz). (E), (F) Experimental grid cell stimulation. A grid 
cell was targeted with a grid field-like uniform stimulation pattern. 
(E) Animal path trajectory and stimulation pulse occurrences. (F) 
Stimulation trigger map that shows uniform grid pattern (maximum 
stimulation rate  =  35.67 Hz)
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headstage. The Bonsai program could also be modified to 
extract the position by other means, such as a dark region 
on a light background, as is common in watermaze experi-
ments [13]. Although Bonsai alone would have had the capa-
bility to interface with electrophysiology and tracking data, 
we decided to implement new Open Ephys modules and 
use Bonsai only to extract positional information from the 
video. This choice was made because the Open Ephys GUI 
is tailored for electrophysiology acquisition and a variety of 
plugins are already available for neural data analysis (Spike 
Detector, Phase Detector, Bandpass Filter, 
Spike Sorting, etc) and visualization (Spike Viewer 
and LFP Viewer).

The current setup also presents some limitations. First, 
Bonsai is currently only supported on Windows machines, 
although the developers are planning to port it to Linux and 
macOS [25]. Another possible limitation regards electrophysi-
ology and tracking data synchronization. As described above, 
we use TTL events from the camera shutter to realign the 
tracking data timestamps. However, in the current configura-
tion, the camera in use sends a continuous flow of TTL shutter 
events as soon as it is switched on. Therefore, if the recording 
session starts (and Bonsai processing has started already) 
between the camera shutter time and the time Bonsai sends 
the OSC message, the Open Ephys system may receive an ini-
tial OSC tracking message before a TTL shutter event, due to 
image processing delay. In post processing, this eventuality 
can be corrected for by discarding OSC tracking messages 
received before TTL shutter events, and then pairing each TTL 
shutter event to the following received OSC tracking message. 
Ideally, this small problem would be avoided if the TTL flow 
of the camera could be started when Bonsai is started: in this 
scenario the user would start the Open Ephys recording and 
then the Bonsai pipeline, so that the first TTL event would 
correspond to the first OSC tracking message from Bonsai.

Another caveat is the use of UDP transmission for data 
communication, where the receiver does not send an acknowl-
edge message to the sender and lost packages are not resent. 
Some messages could therefore be dropped. However, UDP is 
suitable for real-time applications due to its higher throughput 
and our results showed a robust communication (no packages 
were dropped) for 10 tracking sources with frequencies up to 
1 kHz (figure 6). For behavioral tracking, usually two tracking 
sources are used, with a sampling frequency around 50 Hz. In 
addition, to ensure that no data are dropped, we recommend 
using the camera shutter events for synchronization: if the 
count of the shutter TTL events and the recorded tracking sam-
ples correspond, then all data have been correctly transmitted.

The Tracking Stimulator module also presents 
some limitations that will be addressed in future updates. 
First, the user is limited in selecting stimulation regions 
of circular shape, but we plan to extend to polygons and 
ellipses. Second, only one TTL output channel can be 
selected at the moment, preventing the user from triggering 
different stimulation regimes for different regions. In future 
releases, we will permit pairing of single regions with TTL 
outputs, which will allow the possibility, for example, 
of stimulating two place cells at different frequencies. 

However, this functionality can be achieved with the cur-
rent version by using multiple Tracking Stimulator 
nodes at the same time.

In conclusion, we have presented an affordable solution for 
animal tracking and closed-loop stimulation using open source 
tools that could contribute to interrogation of neural activity, 
and the closed-loop investigation of complex behaviors.
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Abstract
Educational software (apps) can improve science education by providing an interactive way of learning about
complicated topics that are hard to explain with text and static illustrations. However, few educational apps are
available for simulation of neural networks. Here, we describe an educational app, Neuronify, allowing the user to
easily create and explore neural networks in a plug-and-play simulation environment. The user can pick network
elements with adjustable parameters from a menu, i.e., synaptically connected neurons modelled as integrate-
and-fire neurons and various stimulators (current sources, spike generators, visual, and touch) and recording
devices (voltmeter, spike detector, and loudspeaker). We aim to provide a low entry point to simulation-based
neuroscience by allowing students with no programming experience to create and simulate neural networks. To
facilitate the use of Neuronify in teaching, a set of premade common network motifs is provided, performing
functions such as input summation, gain control by inhibition, and detection of direction of stimulus movement.
Neuronify is developed in C�� and QML using the cross-platform application framework Qt and runs on smart
phones (Android, iOS) and tablet computers as well personal computers (Windows, Mac, Linux).

Key words: app; modeling; neural networks; software; teaching

Introduction
Over the past decades, simulation and modeling of

neurons have become essential tools in neuroscience.

Although modern software continues to make modeling
more accessible (Gleeson et al., 2007), some program-
ming experience is often required. This makes it difficult
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Significance Statement

Neuronify, a new educational software application (app) providing an interactive way of learning about
neural networks, is described. Neuronify allows students with no programming experience to easily build
and explore networks in a plug-and-play manner picking network elements (neurons, stimulators, recording
devices) from a menu. The app is based on the commonly used integrate-and-fire type model neuron and
has adjustable neuronal and synaptic parameters. To facilitate teaching, Neuronify comes with premade
network motifs performing functions such as input summation, gain control by inhibition, and detection of
direction of stimulus movement. Neuronify is available from http://ovilab.net/neuronify for smart phones
(Android, iOS), tablet computers, and personal computers (Windows, Mac, Linux).
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for students to explore computational models early in their
education. However, educational software applications
(apps) allow interaction with computational models with-
out knowledge of programming.

Educational apps have become more common in science,
and while such apps exist in many fields, few intuitive and
accessible apps have been made for simulating neural net-
works both on smart phones, tablet computers, and personal
computers. Previous efforts have, however, made computa-
tional models more accessible. Neurons in Action (Stuart, 2008;
Moore and Stuart, 2017) and Neuromembrane (Ali et al., 2017)
are examples of interactive tutorials for exploring properties of
excitable membranes and neurons, while Emergent (Aisa et al.,
2008), SimBrain (Tosi and Yoshimi, 2016), and SpineCreator
(Cope et al., 2017) are examples of graphical applications
where students can design and analyze neural networks on
personal desktop computers.

We have developed an educational app, Neuronify, that
goes beyond previous educational tools in that it enables
students to easily create neural networks in a plug-and-
play manner and is available also on smart phones and
tablet computers. It thus provides a new low-threshold
entry point to simulation-based neuroscience for students
with no programming experience.

With Neuronify, we aim to improve teaching of neural net-
works and circuits to neuroscience students, by a combination
of demonstrating existing circuits, challenging the user with
exercises and allowing the user to explore the environment
freely. The app makes it easy to teach about complicated
network behavior such as direction selectivity based on lateral
inhibition (Barlow and Levick, 1965; Fried et al., 2005), where
stimuli moving in the non-preferred direction is prevented from
inducing firing in the output neuron by a strong, temporally
coordinated, inhibitory input volley set up by a tailor-made
neural circuit. In the teaching of neuroscience courses, lateral
inhibition is one of many examples of networks that are hard to
explain with static illustrations. By live visualization of the net-
work, it is possible to explain the process thoroughly by show-
ing how the process works in slow motion. We show how this
example is implemented in Neuronify in the Results section
(Direction-selective network).

To build and explore neural networks in the app, you
drag and drop neurons onto the app’s workspace. The
neurons are connected by pulling synapses between
them. Once connected, the neurons send a signal to each
other whenever they spike. Neurons can also be driven by
current sources, spikes generator, and touch and visual
input provided via the smart phone, tablet, or computer
peripherals. The neurons can be probed by various type
of sensors such as voltmeters and spike detectors, and

the latter can be forwarded to the loudspeaker. A step-
by-step illustration on building a simple circuit is shown in
Figure 1. The user can explore how changing the proper-
ties of a single cell leads to changes in entire networks.
Additionally, the app comes with several premade simu-
lations of common neural network motifs performing func-
tions such as input summation, gain control by inhibition,
and detection of direction of stimulus movement. Neu-
ronify runs on smart phones (Android, iOS), tablet com-
puters, and personal computers (Windows, Mac, Linux).

The article is structured as follows. We describe the circuit
elements, the integrate-and-fire model, and go into detail on
how the app is implemented in Materials and Methods.
Then, we show some examples on how Neuronify can be
used in Results. Lastly, we make some concluding remarks
and discuss future prospects in Discussion.

Materials and Methods
In this section, we present the Neuronify workspace,

the available circuit elements, and technical aspects.

Workspace
The workspace acts as a canvas and is where we

expect the user to spend the most time in Neuronify. A
simple example network is shown in Figure 2. The circuit
elements can be dragged into the workspace and con-
nected to each other.

The workspace is overlaid by a toolbar that contains
buttons that activates the (from top to bottom) main
menu, the creation menu, the playback controls, and the
properties panel. All these menus are seen in Figure 3.

The main menu (Fig. 3A) is where the user can choose
between a new simulation, existing simulations, or save
and load own simulations. The creation menu (Fig. 3B) is
where all the items are found. To add the items to the
workspace, the user drags them from the creation menu
and drops them onto the workspace. The different items
are described in the subsections below.

The playback menu (Fig. 3C) allows the user to change
the playback speed of the simulation. It ranges from �5
ms simulated per 1 s in real time to 50 ms simulated per
1 s in real time. No matter which playback speed is
chosen, the temporal resolution of the simulation, how-
ever, remains the same. This means that an increase in
the playback speed results in a higher computational load
for the device running the app.

The properties panel (Fig. 3D) is used to modify the proper-
ties of items and connections. This includes properties such as
cell membrane resistance, current-source output, and synaptic
delay, to name a few. Neurons can also be assigned labels that
are used to identify them in other contexts, such as in the
voltmeter plot labels (see below, Voltmeter).

Neurons
In the current version of Neuronify, two types of integrate-

and-fire neurons are available: leaky and adaptive. Further,
both types can be either excitatory or inhibitory.

Leaky integrate-and-fire neurons
The integrate-and-fire model (see, e.g., Sterratt et al.,

2011) is the most commonly used spiking neuron model
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and is a standard part of the curriculum in neuroscience
courses with a computational component. It has been
demonstrated to be very useful for understanding how
neurons process information (Burkitt, 2006). Each neuron
is modeled as a point neuron, i.e., the soma and dendrites
are assumed to be equipotential. The membrane potential
describes the state of the neuron. Without any external
input, the membrane potential decays like an RC electric
circuit toward the resting membrane potential Vr, which is
why the neuron is called “leaky.”

A spike (action potential) is generated when the mem-
brane potential reaches the threshold potential Vthres.
When the neuron generates a spike, the membrane po-
tential is reset to its initial potential Vreset, which is often
defined to be equal to the resting potential Vr. After the
spike, the membrane potential is fixed to Vreset for an
absolute refractory period �r. Otherwise, the dynamics of
the neuron’s membrane potential is described as (Burkitt,
2006):

Cm
dV
dt

� Ileak � Isyn � Iinj . (1)

Here, Cm is the membrane capacitance, Ileak is the
current that drives the decay toward the resting potential,

Isyn is the sum of synaptic input currents, and Iinj is the
sum of injected currents.

With no synaptic inputs or injected currents, Equation 1
is defined to be equivalent to the equation for an electrical
circuit with a resistor and capacitor in parallel (RC circuit).
The leak current is therefore defined as:

Ileak � �
1

Rm
(V � Vr) . (2)

Here, Vr is the resting potential and Rm is the resistance
of the membrane. The membrane time constant is given
by �m � RmCm. Note that both Rm and Cm are assumed to
be constant.

In Neuronify, the membrane resistance (Rm), membrane
capacitance (Cm), resting potential (Vr), reset potential
(Vreset), firing threshold (Vthres), refractory period (�r), and
synapse type (excitatory or inhibitory) can be changed in
the properties panel. A figure of the leaky neuron spiking
is shown in Figure 4A.

Adaptive leaky integrate-and-fire neurons
In many neurons, the firing rate decreases when they

receive a sustained input. The standard leaky integrate-
and-fire model is not able to reproduce such behavior

Figure 1. Step-by-step illustration of how to build a simple neural circuit in Neuronify. A, A neuron is added to the canvas by dragging
it from the creation menu. B, A DC current source is added and connected to the neuron by dragging the DC current source
connection handle onto the neuron. C, A voltmeter is added and connected to the neuron by dragging the voltmeter connection
handle onto the neuron. D, The properties of neurons and other items can be changed in the properties panel.
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but can easily be extended to incorporate adaptation
(Brette and Gerstner, 2005). Here, this is done by add-
ing an additional hyperpolarizing current Iadapt to Equa-
tion 1. The adaptive conductance of this current is
incremented by an amount �gadapt, whenever the neuron
spikes (Koch, 1999; Latham et al., 2000). In between
spikes, the adaptive conductance decays with a time
constant �adapt:

dgadapt

dt
� �

gadapt

�adapt
, (3)

Iadapt � gadapt(V � Vr) . (4)

As the activity in a neuron increases, the adaptive cur-
rent will also increase due to the growing adapting con-
ductance, making it harder for the cell to fire.

The adaptation time constant (�adapt), adaptation con-
ductance (gadapt), and the synapse type (excitatory or
inhibitory) can be changed in the properties panel. The
spiking of an adaptive neuron receiving a regular spiking
input is seen in Figure 4B.

Synapses
The synaptic input to an integrate-and-fire neuron can

be modeled in at least two ways: as a conductance-based

synapse or a current-based synapse (Sterratt et al., 2011).
With a conductance-based synapse model where the
current depends on the difference between the mem-
brane potentials and the reversal potential of the synapse,
the maximum current is limited. For current-based syn-
apses, there are no such inherent limitations, and the
neuron’s membrane potential may increase or decrease
without limits. The current-based synapse makes the
model easier to analyze and faster to simulate. In Neu-
ronify, connecting two neurons will create a current-
based synapse. Current-based synapses are also created
when connecting regular spike generators, irregular spike
generators, or visual inputs to neurons.

The time course of a synaptic input current is described
by a decaying exponential function:

Isyn � �Īsynexp��
t � ts

�syn
� for t � ts

0 for t � ts.
(5)

Here, Īsyn is the maximum current (Sterratt et al., 2011).
The maximum current, the synaptic time constant, and

the signal delay can be adjusted in the properties panel.
Since with current based synapses we risk that the mem-
brane potential goes far beyond the reversal potentials of

Figure 2. Neuronify workspace. Here, a simulation has been loaded where two touch input sensors are connected to one excitatory
neuron (A) and one inhibitory neuron (B). Neuron C is connected to a voltmeter that plots the membrane potential as described by
the integrate-and-fire model. This network can be used to illustrate how neuron B can inhibit neuron C so that when neuron A fires
shortly after, A may not be able to excite neuron C beyond its threshold potential. Activating neuron A results in a spike in neuron C
(first spike in the figure). However, if neuron B is activated first and then neuron A shortly after, neuron C is not excited beyond its
threshold potential. To the right we see the toolbar that overlays the workspace and at the bottom we see the playback controls.
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the involved ions, we limit the membrane potential to be
within the range -90 to 60 mV. These are the reversal
potentials for K� and Na�, respectively. These limits can
be modified or disabled by the user.

Neuron activators
Neuronify comes with several neuron activators that

can be used to drive neural circuits, including DC and AC
current generators, regular spike generators, and irregular
(random) spike generators. Input from the user can be
used in the form of touch or visual input.

DC and AC current sources
The DC current source is an item that, when connected

to a neuron, injects constant current into the neuron. The
AC current source injects an alternating current with the
form of a sine wave. The amount of injected current can
be adjusted by the user. The frequency of the sine-wave
current can also be adjusted for the AC source.

Regular spike generators
The regular spike generator produces spikes with a

constant firing rate. Connected neurons will experience
these spikes as if they were received as synaptic input
from a regularly firing neuron. Connecting a regular spike
generator to a neuron creates a current-based synapse,
with properties that can be modified as described above
in Synapses. The generator can produce both excitatory

and inhibitory output, i.e., mimicking afferent inputs both
from excitatory and inhibitory neurons.

Irregular spike generators
The irregular spike generator produces a train of ran-

domly timed spikes with an average firing rate specified
by the user. The spikes follow a homogeneous Poisson
process (Dayan and Abbott, 2005). For every time step of
the simulator, there is a constant probability that the
generator will produce a spike. As for the regular spike
generator, the generator can produce excitatory or inhib-
itory spikes, i.e., mimicking afferent inputs both from ex-
citatory and inhibitory neurons. The synaptic connection
is the same as for the regular spike generator.

Touch activator
A touch activator makes connected neurons fire when

activated. On mobile devices with a touch screen, the
sensor is activated by touching it. On desktop versions of
the app, the sensor is activated by left-clicking on it with
the mouse.

Visual input
Visual input is a spike generator based on visual input

from a camera connected to the user’s device. This mim-
ics a neuron with a visual receptive field (Dayan and
Abbott, 2005; Mallot, 2013). There are three types of
receptive fields implemented in Neuronify. (1) Rectangular

Figure 3. Menus in Neuronify. A, Main menu. B, Creation menu. C, Playback controls. D, Properties panel.
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edge-detecting. This edge-detecting receptive field con-
sists of two adjacent rectangular ON and OFF regions of
the same size. The orientation of the ON and OFF region
can be adjusted. This field is shown in Figure 5A. (2)
Circular center-surround. The field is defined as the dif-
ference of two Gaussian functions, a type of receptive
field found in the retina and lateral geniculate nucleus
(Rodieck and Stone, 1965; Hoffmann et al., 1972). The
center type (ON-center or OFF-center) can be set in the
setting menu. This field is shown in Figure 5B. (3)
Orientation-selective. The field is defined as a Gabor func-
tion, a type of receptive field found in the primary visual
cortex (Hubel and Wiesel, 1962). The orientation of the

field can be adjusted in the setting menu. This field is
shown in Figure 5C.

In reality, receptive field neurons have a temporal com-
ponent such that the response depends not only on the
present visual stimulus, but also the stimulus in the recent
past (Dayan and Abbott, 2005). In Neuronify, however, the
visual input item currently depends only on the instanta-
neous input.

Sensors
To measure the activity of neurons, Neuronify provides

several measurement items: a voltmeter, a spike detector,
a firing-rate plot, and a loudspeaker.

Figure 4. A, Leaky integrate-and-fire neuron. The membrane potential of a leaky neuron is shown as plotted by the voltmeter item.
As can be seen, the membrane potential increases until it reaches its threshold value and is immediately reset to the initial potential.
The spike itself is overlayed as a vertical line for illustrative purposes and is not explicitly included in the dynamics of the membrane
potential. B, Adaptive leaky integrate-and-fire neuron. The membrane potential of an adaptive neuron as plotted by the voltmeter item.
This neuron receives input from the same DC current source. The interval between each spike of the adaptive neuron increases due
to the an additional hyperpolarizing current, which grows for each spike and decays between the spikes.

Figure 5. Illustration of receptive fields implemented in the visual input item in Neuronify. The user may choose between these and
use them in combination with input from the camera on their device to simulate a neuron with a visual receptive field. A, Rectangular
edge-detecting receptive field. B, Circular center-surround receptive field. C, Orientation-selective receptive field.
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Voltmeter
This item can be used to record the membrane potential

from one or more neurons. The plot range can be adjusted
by the user. When the voltmeter is connected to more
than one neuron, it will be shown as rows of voltage
traces, where the traces are identified by the labels of the
neurons.

Spike detector
This item shows spikes from one or more neurons.

When the spike detector is connected to more than one
neuron, the spike times are shown in rows, where each
row corresponds to one neuron. If a neuron has a label, it
will be shown in the spike detector. The time range (win-
dow) can be adjusted by the user.

Firing rate
This item shows the firing rate measured in spikes per

second of one or more neurons. When connected to more
than one neuron, the mean population firing rate is shown
(averaged over connected neurons). The rate is calculated
on-the-fly using a Gaussian window, where the window
width can be adjusted by the user. The minimum and
maximum firing rate shown in the plot can also be ad-
justed.

Loudspeaker
This item plays a sound when a connected neuron fires.

The loudspeaker is able to play different sounds that can
be chosen by the user. A loudspeaker can be connected
to multiple neurons. In this case, the loudspeaker plays
the sound every time any of the connected neurons fire.

Technical aspects
Neuronify is developed using the cross-platform frame-

work Qt (Qt developers, 2016) and is written in a combina-
tion of C��, QML, and Javascript. C�� is a programming
language suitable for high-performance computations, while
QML is a programming language for defining visual items in
a graphical user interface.

In the following section, we will briefly discuss how to
install Neuronify and the implementation details of the
app. While this is a brief introduction, detailed information
can be found online.

Installation
Neuronify is available to download for multiple plat-

forms. The app can be found in the app stores for Android
and iOS. For Ubuntu, Neuronify is available as a download
in Ubuntu Software. For Windows and Mac, Neuronify is
available as a zip file and a dmg image, respectively. While
the app is only supported on the above platforms, it
should compile and run on any platform supported by the
Qt framework. This includes a number of desktop and
mobile platforms, in addition to embedded devices. For
installation on other platforms or if you intend to make
modifications to the source code, please see the next
section about building from source.

Building from source
Neuronify is open-source software, allowing users to

download the source code and make changes to the app.
For details about the open-source license, please see the

LICENSE file that comes with your copy of the source
code. The source code is made available online at http://
ovilab.net/neuronify. To obtain the source code, you may
either clone the repository using git or download the most
recent release as a zip file.

Up-to-date installation instructions can be found in the
README.md file in your copy of the source code. Neu-
ronify requires a recent version of Qt to be installed. As of
writing, the source code is compatible with Qt 5.7. Once
Qt is installed, the file neuronify.pro can be opened in Qt
Creator, from which it can be built and run.

Architecture
Neuronify has a main engine named GraphEngine. This

manages all the items in the simulation and is defined in
the C�� class of the same name. The neurons and other
items are structured within GraphEngine as nodes in a
graph, hence the name. Each connection (or synapse) is
handled as an edge in this graph. The behavior of an item
or edge is defined by its implementation of certain func-
tions. The most notable functions are stepped, fired, and
receivedFire. These functions can be overloaded in either
C�� or QML for new items. This flexibility allows for fast
prototyping of items in QML while the final implementa-
tion can be written in C�� for improved performance.

In addition to fast prototyping, we have made this
choice of architecture to allow for a future collaborative
feature where the user can share custom items and neu-
ron models with each other. This will be a feature in a
future version of Neuronify.

The GraphEngine class is written in C�� and keeps
track of all the nodes and edges in the simulation. The
nodes are items such as cells and current generators,
while the edges are synapses connecting the items. The
GraphEngine class is responsible for moving the simula-
tion forward by calling on all nodes and edges to do a time
step. This stepping solves the coupled ordinary differen-
tial equations for all the cells and synapses. If a cell fires
during the time step, it reports this to the GraphEngine,
which passes on this information to any connected cells in
the next time step.

The visual representation of items is defined in QML, a
programming language made specifically for the Qt ap-
plication framework. QML is declarative, which means
that the programmer defines logical expressions rather
than a sequence of operations. This makes it a good
choice for programming graphical items and prototyping
neuron models. Dynamic items are defined by their en-
gine. They are implemented by defining the onFired,
onStepped, and onReceivedFire signals.

The RegularSpikeGenerator is an example of such a
dynamic item which is implemented in QML. It generates
a spike with a constant interval, much like a metronome.
We defined onStepped to sum up the time since last it
fired. If the time is more than the interval, we call the fire
function. Once it has fired, we set the time since last
firing to zero. Below is a simplified definition of the
RegularSpikeGenerator’s engine in QML:

NodeEngine {
property real rate
property real timeSinceFiring
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//here we have omitted functions and
//properties for initialization and saving
onStepped: {

timeSinceFiring �� dt
if(timeSinceFiring � 1.0/rate) {
fire()
timeSinceFiring � 0.0

}
}

}

While most items are best defined by these functions
directly, Neuron objects share many common properties
and are therefore possible to define using a specialized
engine named NeuronEngine. This engine can have Cur-
rent objects as children. The current property of each
Current object is summed by the engine at each time step.
This sum, together with the synaptic and injected currents,
defines the total current over the neuron’s membrane. The
NeuronEngine automatically controls firing by keeping track
of the neuron’s voltage. Whenever the voltage goes above

Figure 6. Example of how Neuronify can be used to create interactive illustrations for neuroscience courses. This is a reproduction
of figure 8.5 in Sterratt et al., 2011. The example shows how different levels of current injection into a neuron model results in different
firing rates. Note that this example uses an artificial resting potential of 0 mV.
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the firing threshold, the neuron will fire. In addition, the
NeuronEngine adds any synaptic input current to the user-
defined currents. A user that wants to implement a custom
neuron model therefore only needs to define the currents of
this model. Below is an example of a QML implementation of
a NeuronEngine that defines a leak current:

NeuronEngine {
id: engine
Current {

id: leakCurrent
property real resistance: 100.0e6//ohm
onStepped: {
var Em � neuronEngine.restingPotential
var V � neuronEngine.voltage
var R � resistance
var I � -1.0/R � (V - Em)
current � I

}
}

}
Currently, neuron models are added by modifying the

source code of Neuronify. In coming versions of Neuronify,
we will add the possibility to develop new models as plugins.
Finally, with the addition of collaborative features, we will
make it easy to share these models with others.

File format
The saved simulations are stored in the JSON file format.

This allows the use of the Javascript functions
JSON.stringify() and JSON.parse() to serialize and deserial-
ize the items, respectively. Because the JSON.stringify()
function would include all properties of a QML item, al-
though not all are interesting to save, we have included a
custom class called PropertyGroup that contains QML
aliases for all the properties to save. This is stored in a list
named savedProperties on each item. When we iterate all
the items that are to be saved, we find all PropertyGroups in
savedProperties and run JSON.stringify() on these. This
turned out to be a very powerful way to add saved properties
for new items.

To enable the above defined neuron for saving, we need
to add the resistance property. The other properties that
already exist on NeuronEngine are already enabled for sav-
ing by default. We add the resistance property in the follow-
ing way:

NeuronEngine {
id: engine
savedProperties: PropertyGroup {

property alias resistance: leakCurrent.resistance
}
Current {

id: leakCurrent

Figure 7. Example illustrating integration of synaptic inputs. In the upper circuit, the output neuron only receives input from a single presynaptic
neuron. This input alone is not sufficient to make the output neuron spike. In the lower circuit, the output neuron instead receives input from three
presynaptic neurons. This makes the neuron fire, thus illustrating how a neuron effectively integrates the synaptic input it receives to produce
spikes. In the app, this example uses touch sensors instead of a current source for a more interactive illustration of this behavior.
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//definition of leakCurrent as above
}

}
Once saved, all nodes and edges of the GraphEngine

are gathered in the JSON file. In addition, the current
version of the file format is saved to ensure the file is read
back correctly if the file format has changed. The main
structure of a saved file looks like this:

{
�fileFormatVersion�: 3,
�edges�: [

. . .
],
�nodes�: [

. . .
],
�workspace�: {

. . .
}

}
Here, we have omitted the contents of nodes and edges

and the workspace properties for brevity.

Results
Here, we present some examples of neural network

motifs that can be created with Neuronify. The below four
examples can be found in Neuronify together with other
premade simulations.

Textbook example of spike threshold
The large variety of networks that can be built with

Neuronify opens up the possibility to use the app in
neuroscience courses. One possible use is as an interac-
tive alternative or addition to traditional illustrations. To
illustrate this ability of Neuronify, we have reproduced
figure 8.5 from Sterratt et al. (2011).

This example demonstrates how different levels of cur-
rent injected into a neuron produce different behavior and
firing rates. As shown in Figure 6, there are three cases in
this example, one which results in no firing, one with a low
firing rate, and one with a higher firing rate. It is observed
that the level of current injection must be sufficiently high
to bring the membrane potential to the firing threshold,
otherwise the cell will not fire at all. For currents above the

Figure 8. Example of gain control with feedback inhibition. The input neuron receives a constant direct current input and is connected
to neuron A, which in turn is connected to the output neuron. The output neuron is further connected to the inhibitory neuron B.
Neuron B inhibits neuron A, which in total results in feedback inhibition, i.e., reduced activity in the output neuron compared with the
input neuron.
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Figure 9. Example of direction-selective network. This example illustrates a direction-selective feedforward network based on
one-sided lateral inhibitory connections. The upper row of touch inputs are connected to the input neurons. These are both connected
to the relay neurons and the inhibitory neurons. Each inhibitory neuron inhibit the relay neuron positioned immediately to the right in
the network. The relay neurons are connected to the output neuron. The effect of the inhibition is that the network only responds to
input where the touch sensors are pressed sequentially from right to left but not in the opposite direction.
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threshold for firing, increased levels of current injection
will result in higher firing rates.

The benefit of an interactive example when teaching is
that the student, at will, can adjust the level of current
injection and properties of the neuron model to explore
how this changes the dynamics. These changes are pre-
sented in real time to the user, which is better than static
illustrations or even figures produced with computational
tools where the results are only available once the simu-
lation is completed. With Neuronify, the results are instead
immediately accessible to the user.

Integration of synaptic inputs
Most neurons receive synapses from many neurons

and require more than one synaptic input to reach thresh-
old and fire. This summation, i.e., integration, of synaptic
inputs determines the firing of neurons, and the principle
is illustrated by the example in Figure 7.

Feedback inhibition
Feedback inhibition is a key network motif that, for

example, may provide gain control in brain circuits. An
example of a network with feedback inhibition is shown in
Figure 8. Here, a DC current source delivers a constant
current to the excitatory neuron labeled “Input”. This neu-
ron is connected to the excitatory neuron A, which again
is connected to the neuron labeled “Output”. The output
neuron is further connected to the inhibitory neuron B,
which finally inhibits neuron A. The overall result is re-
duced activity both in neuron A and in the output neuron
in comparison to the input neuron.

Direction-selective network
Direction-selective neurons are common in the visual

system (Cruz-Martin et al., 2014; Liu, 2015) and are ex-
pectedly involved in motion detection. One way to create
networks with direction-selective neurons is to use feed-
forward inhibitory connections with lateral connections in
one direction only. An example is shown in Figure 9. Here,
we have a linear array of input neurons that receive inputs
from touch sensors and converge onto a single output
neuron through “one-sided” lateral inhibition. The output
neuron will respond to a sequential set of touch signals
from right to left, but not in the opposite direction. This
stems from the network design where the inhibitory neu-
rons provides feedforward inhibition only to the relay
neuron placed to the right in the network. Thus, if the
sequential touch signal goes from left to right, the relay
neurons will already be inhibited when the excitation ar-
rives from the input layer. Therefore, no relay-neuron
spikes, and consequently, no spikes in the output neuron,
will be generated. However, with a touch sequence from
right to left, the inhibition arrives too late to prevent the
firing of the relay neurons and the output neuron.

Discussion
In this article, we have presented Neuronify, an educa-

tional app that provides an interactive way of learning
about neurons and neural networks. In Neuronify the user
can add neurons, current sources, spike generators, and
sensory input devices to the workspace. This makes it

possible for students to create and explore their own
neural networks without the need for programming. Stu-
dents can build intuition for complicated circuits and be-
havior of neural networks. Neuronify should be a useful
tool in many neuroscience courses because a large num-
ber of phenomena and networks can be demonstrated
with the app. An additional use of Neuronify is as a
proof-of-concept software, where the user easily can test
the behavior of a simple network before implementing a
more complex version in a suitable tool.

We plan to introduce more features in Neuronify in the
future. One obvious candidate is synaptic plasticity. In
short-term synaptic plasticity (Tsodyks and Markram,
1997), the synaptic efficacy is transiently changed, with
typical time constants of less than a second, depending
on the detailed pattern of afferent spike trains. In long-
term plasticity, long-lasting changes in the strength of
synaptic connections are induced, either long-term po-
tentiation (LTP) (Bliss and Lomo, 1973) or long-term de-
pression (LTD) (Ito, 1989). Inclusion of such plasticity into
Neuronify would require detection of specific firing pat-
terns and a modification of the synaptic strengths accord-
ing to specific rules when various spike patterns are
detected (Sterratt et al., 2011). While the inclusion of LTP
and LTD would be particularly exciting as it would allow
the user to create networks that can “learn,” a challenge
would lie in visualising synaptic dynamics intuitively. It
must be easy for the user to see the change in synaptic
strength in addition to the change in network behavior.

New types of neurons can be implemented to explore a
wide class of networks such as Izhikevich neurons
(Izhikevich, 2003), adaptive-exponential integrate-and-fire
neurons (Brette and Gerstner, 2005), or Hodgkin-Huxley
type models (Sterratt et al., 2011).

Note that the list of possible new features to include in
Neuronify is not exhaustive, nor a guarantee that they will
be implemented. Exactly which features will be imple-
mented depends on the feedback we receive.

Online sharing of user-generated networks and items is
planned for a future version of Neuronify to foster a com-
munity of Neuronify users. This could inspire creativity
and allow users to easily search and find networks of
interest. It would also be a place where networks specific
to a neuroscience course could be uploaded and shared
with students.

We are hopeful that Neuronify can be valuable tool in
neuroscience courses around the world and even inspire
the creation of other educational tools in neuroscience.

Note Added in Proof: The text “Neuronify is available
from http://ovilab.net/neuronify” was accidentally left out
of the significance statement in the version of this article
that was published on-line on March 9, 2017, as an Early
Release Article. Further, a link to the source code was
accidentally left out of the “Building from source” section.
This has since been corrected.
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