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Abstract. As the NeurolS field expands its scope to address more complex
research questions with electroencephalography (EEG), there is greater need for
EEG analysis capabilities that are relatively easy to implement and adapt to
different protocols, while at the same time providing an open and standardized
approach. We present a series of open source tools, based on the Python
programming language, which are designed to facilitate the development of
open and collaborative EEG reserach. As supplementary material, we
demonstrate the implementation of these tools in a NeurolS case study and
provide files that can be adapted by others for NeurolS EEG research.
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1 Introduction

There has been considerable interest recently in the information systems community
concerning tools for conducting interdisciplinary experiments. The motivation for this
interest is rooted in the growing acceptance that explicit measures of emotional and
cognitive states can capture dimensions of technology use and human computer inter-
action that users would not be able to self-report [1,2]. To address this concern, Neu-
rolS researchers have called for tools that integrate disparate physiological and ques-
tionnaire measures [3]. This has led to efforts in the NeurolS community to develop
tools as either proprietary platforms [4] or open source libraries [5]. While these ef-
forts have considerable potential for streamlining NeurolS research processes in the
long run, there has so far been relatively little discussion about existing tools devel-
oped in other research communities that might provide validated building blocks that
accelerate progress in NeurolS without reduplication of effort, and at the same time
allowing NeurolS to more fully integrate with related research enterprises such as
cognitive neuroscience. Beyond simply being able to implement NeurolS research in
as efficient and validated a manner as possible, there is growing recognition across
scientific disciplines that research processes and results be open, transparent, and fully
reproducible [6-8]. Our goal is to describe a software pipeline that enables this.


mailto:%7D@dal.ca

In this paper, we introduce and demonstrate the utility of a set of open source tools
that are relevant to many NeurolS research projects—particularly those which use
EEG to validate elements of user experience, but extending to other physiological
measures including eye tracking, heart rate, skin conductance, MEG, and near-
infrared brain imaging (fNIRI). All of the tools discussed are written in the Python
programming language, are readily inter-operable, are freely available under the Py-
thon Software Foundation’s open source license. The result is a set of tools that are
both powerful and flexible, that can also be adapted to extend beyond traditional EEG
analysis. We illustrate the use these tools, which we will henceforth refer to as the
“Python stack”, through a brief case study provided online as a supplement to this
paper. The case study uses the Python stack to build elements of a P3 speller brain
computer interface (BCI) [9,10] and includes data collected in this paradigm as part of
a neurotechnology hackathon at Dalhousie University, Halifax, Canada in 2019. This
application was chosen because of its applicability to attention-related IS constructs
that have been described in the IS literature [11-14]. The source files for this case and
the related tutorial are provided publicly and can be retrieved from GitHub at
https://github.com/cdconrad/py-bci.

2 Python tools for experiment design and EEG processing

Table 1 lists the Python packages that comprise the stack we use in our experimental
protocols. The base of this is Anaconda [15], a collection of Python packages de-
signed for scientific computing, which come bunded with a “package manager”: a
tool for installing and updating packages that ensures that all are compatible and inter-
operable with each other. The value of Anaconda is that by downloading and in-
stalling this single package, the user is readily equipped with a wide variety of Python
packages that will work together, without the overhead of identifying the necessary
set of packages for a task and resolving compatibility issues.

The second tool highlighted in Table 1 is Jupyter [16]. This is a scientific “note-
book” application which allows the user to write and execute code, view and save the
results, and write rich-text documentation using Markdown formatting, all in a single
file that is accessed via a Web browser. This has significant advantages over other
approaches to using Python or other programming languages, such as interacting with
a command line or using an integrated development environment; because all ele-
ments of the process are encapsulated in a single file, it is very easy to share and re-
produce analysis pipelines across experiments and between labs.

Another advantage of Jupyter notebooks is that, once a pipeline has been imple-
mented in a notebook, e.g., for the processing of EEG data from an individual partici-
pant, notebooks can simply be copied and re-run for each additional participant,
and/or easily adapted to new experiments. This means that while proficiency in the
Python language is necessary to build the pipelines in the first place, users little to no
programming expertise can readily adapt and run these notebooks for new participants
or groups of participants. This makes these an excellent entry point for new research-
ers who wish to engage in NeurolS research without first learning Python program-
ming—not only because the learning curve is less steep, but because the notebook



format makes it easy for senior lab members to audit others’ work to ensure quality
control. In this regard it is notable that our lab moved to this pipeline several years
ago from the Matlab-based EEGIab platform, which is also widely used in cognitive
neuroscience research [17]. While EEGIlab offers a menu-driven graphical user inter-
face (GUI), users have to choose the appropriate menu items and manually enter the
appropriate parameters each time, and these settings are not all recorded in the out-
put—making the process both more error-prone and more difficult to audit.

Table 1. Description of the recommended stack of Python tools for EEG analysis

Tool Name Developers Description

Anaconda Anaconda Inc. [15] A distribution of the Python programming
language for scientific computing.

Jupyter Pérez et al. [16] A notebook format for sharing code and
computational narratives.

Matplotlib Hunter et al. [18] A 2D graphics package for the creation of
publication-quality images.

NumPy van der Walt etal. [19] A library for scientific computing and
analysis.

Pandas McWinney et al. [20] A data library optimized for manipulating
large and time series data.

PsychoPy Peirce et al. [21] An application and library used to run
psychology and neuroscience experi-
ments.

MNE-Python Gramfort et al. [22] A library for preparing, analyzing and
visualizing MEG, EEG and other related
data.

scikit-learn Pedregosa et al. [23] A machine learning library.

The other packages listed in Table 1 include a set of very widely-used tools for
scientific computing (Matplotlib, NumPy, and Pandas), PsychoPy for experimental
programming and data collection, MNE-Python (hereafter referred to as MNE) for
EEG data preprocessing and analysis, and scikit-learn for machine learning. In what
follows we describe the steps involved in running and analyzing the results of an EEG
experiment using these packages. Note that the Matplotlib, NumPy, and Pandas pack-
ages are not explicitly described but are used by the tools that are described.



2.1 Experimental Protocol and Data Collection

An EEG experiment begins with presentation of stimuli to a participant, time-locked
with collection of behavioral, EEG, and possibly other physiological measures. Soft-
ware capable of precise time-locking is essential here, because measures such as EEG
have temporal precision on the order of milliseconds. Some mode of inter-device
communication is also required, because physiological data such as EEG is typically
recorded on a separate device from that controlling stimulus presentation. The Psy-
choPy library [20] provides an environment for the presentation of a wide range of
stimuli such as images, sounds, and movies, as well as collection of behavioral and
vocal responses, and the ability to send precisely time-locked “trigger codes” to other
hardware such as EEG data collection systems. These trigger codes are essential for
later data analysis as they store, in the EEG data file, both the precise timing of events
of experimental interest (e.g., stimulus onset, response times), and the identity of
these events (e.g., stimulus type, correct vs. incorrect response). PsychoPy offers the
ability to build experiments using either a GUI, which translates the user’s design into
Python code, or writing Python code directly. This again allows users with varying
levels of expertise to participate fruitfully in the research enterprise. In addition to
output sent to other devices, PsychoPy will save the precise timing of all events in the
experiment to a text file for later analysis in any package the user desires.

2.2 Preprocessing EEG data in Python

Following data collection, EEG data must be preprocessed and analyzed. Prepro-
cessing involves a number of steps designed to improve the signal-to-noise ratio of
the data and increase the ability to detect experimental effects, if they are present. In
our pipeline, EEG preprocessing and analysis are performed using MNE. MNE pro-
vides a collection of data reading and conversion utilities which can be used to import
and prepare data from a variety of hardware systems, including most common EEG
and MEG systems. MNE converts data into a mne . raw object which includes the
raw timecourse data, time-locked trigger codes, and metadata such as participant 1D,
date and time of data collection, the labels for each data channel, etc.

Common preprocessing steps for EEG data [24,25] include: band-pass filtering;
removal of data channels (electrodes) and trials contaminated with excessive noise;
correction of other well-defined artifacts such as eye blinks, eye movements, and
muscle noise; and re-referencing EEG data to an electrode(s) appropriate to the exper-
iment. MNE provides functions dedicated to each of these tasks, which have been
designed to implement best practices in EEG/MEG research (e.g., the choice of filter
type). This relieves the user of the need to extensively research all of their prepro-
cessing parameter choices yet allows—through the use of command-line options—
control over common parameter choices (e.g., filter bandwidth). As data are pro-
cessed, the data are converted from raw format (continuous EEG data) to MNE’s
epochs format (segments of data time-locked to experimental events of interest) and
finally to MNE’s evoked format (averages across all epochs of a given category).



While MNE is under active development, at this time it has a wide variety of
tools implementing common functions in EEG preprocessing, such as independent
components analysis (ICA) for artifact removal. The supplementary material for this
paper includes Jupyter notebooks demonstrating our EEG preprocessing pipeline,
including the specific MNE functions and associated parameters used, and documen-
tation elaborating on usage and choice of parameters.

2.3 Analysis and classification

Finally, after preprocessing the data, users can visualize data at the individual or
group level, perform analyses to determine if hypothesized effects are present, and/or
attempt classification of data based on machine learning. MNE provides tools for the
visualization of EEG/MEG data in the time and frequency domains, as both waveform
plots at individual or clusters of channels, and as scalp topographic maps. It also in-
cludes algorithms for source localization, allowing visualization of data on the corti-
cal surface. MNE also provides some tools for statistical analysis—including para-
metric (t-tests, linear regression) and non-parametric (t-test, clustering) approaches
and methods for multiple comparison correction—and machine learning decoders.
However, perhaps one of the most powerful features of the Python stack is the com-
patibility between the data formats and machine learning libraries; because MNE is
built on the NumPy and Pandas packages, it is easy to convert MNE data to these
packages’ data objects. This allows the use of a wide variety of other packages in
Python, such as scikit-learn, a widely-used package implementing a wide variety of
machine learning tools. As well, MNE data objects can be readily exported for use in
other statistical packages such as R.

3 Conclusion

As the NeurolS discipline develops, there will be a greater need for knowledge trans-
fer and open science. Python tools provide an open source alternative for NeurolS
researchers, which has the added benefit of being curated by the Psychology and
Neuroscience community. We hope that this technology can be leveraged to benefit
the NeurolS discipline and advance the community’s capabilities for EEG research.
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