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ABSTRACT
Within the field of education technology, learning analytics has
increased in popularity over the past decade. Researchers conduct
experiments and develop software, building on each other’s work
to create more intricate systems. In parallel, open science — which
describes a set of practices to make researchmore open, transparent,
and reproducible — has exploded in recent years, resulting in more
open data, code, and materials for researchers to use. However,
without prior knowledge of open science, many researchers do not
make their datasets, code, and materials openly available, and those
that are available are often difficult, if not impossible, to reproduce.
The purpose of the current study was to take a close look at our
field by examining previous papers within the proceedings of the
International Conference on Learning Analytics and Knowledge, and
document the rate of open science adoption (e.g., preregistration,
open data), as well as how well available data and code could be
reproduced. Specifically, we examined 133 research papers, allow-
ing ourselves 15 minutes for each paper to identify open science
practices and attempt to reproduce the results according to their
provided specifications. Our results showed that less than half of
the research adopted standard open science principles, with approx-
imately 5% fully meeting some of the defined principles. Further,
we were unable to reproduce any of the papers successfully in the
given time period. We conclude by providing recommendations
on how to improve the reproducibility of our research as a field
moving forward.

All openly accessible work can be found in an Open Science
Foundation project1.
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1 INTRODUCTION
Research using learning analytics and open science practices has
both increased in popularity over the past decade, with learning
analytics aimed at improving our understanding of learning and ed-
ucation and open science focused on improving scientific practices.
Learning analytics has developed the field of education technol-
ogy through applications and integration in Learning Management
Systems (LMS), collecting student data to produce better models
in a circular development cycle [3, 10]. Open science, which de-
scribes practices to make research more open, transparent, and re-
producible, has been receiving widespread attention and increased
adoption in fields such as Psychology and Statistics[28, 35]. How-
ever, learning analytics and open science tend to run parallel to one
another, occasionally overlapping. Conferences such as the Inter-
national Conference on Learning Analytics and Knowledge do not
actively promote open science within the field, which is disappoint-
ing, as open science practices are designed to improve the rigor and
reproducibility of research. But even when researchers are aware of
open science, they may not have enough knowledge or experience
to properly make their work meet open science principles.

The goal of this study is to take a deep look at our field in
learning analytics and document the rate of open science adoption
and reproducibility of our research. To do this, we examine research
papers from the proceedings of the International Conference on
Learning Analytics and Knowledge (LAK). As this work represents
an initial starting point, we relied only on the information provided
in each paper (and did not reach out to the authors) and limited
our time to only 15 minutes per paper, which was informed by
both logistical constraints of investigating 133 research articles and
the idea that openness and reproducibility should, when done well,
require little time to identify and reproduce. By pointing out the
shortcomings in open science and reproducibility of our work and
others, the authors hope to stimulate the education technology
community to develop and share their practices.

Specifically, this work aims to accomplish the following tasks:

(1) Document and analyze which papers within the proceed-
ings of the International Conference on Learning Analytics
and Knowledge (LAK) meet the open science principles and
subfields defined by this work.

(2) Determine and document whether the results within the
papers are reproducible within a 15-minute timeframe.
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2 BACKGROUND
2.1 Open Science
Open Science is an ‘umbrella’ term used to describe that the
methodologies, datasets, analysis, and results of any piece of re-
search are openly accessible[15, 35]. While each subcategory has
existed for decades, open science itself became prevalent near the
beginning of the 2010s with an explosion in popularity near the
middle of the decade[28]. In the early 2010s, many researchers were
finding issues when peer reviewing others’ work: replication fail-
ures, unclear practices, overused materials, etc. The open science
movement was starting to gain traction as a way to ameliorate these
issues by combining mitigations for each part of the problem into
a collection of practices, standards, and recommendations. Large-
scale studies in the mid-2010’s cast doubt on the reproducibility and
replicability of research, including replication efforts in psychol-
ogy (Open Science Collaboration, 2015)[4] and other fields (Baker,
2016)[2]. As a result, many fields began to actively use and improve
open science standards, elevating research standards to provide
greater clarity. This work will make use of some of the principles of
open science in addition to its reproducibility catalyst to evaluate
the selected papers.

Open science practices are designed to improve the rigor and
reproducibility of our research. Beyond serving a larger goal of
cumulative science, where access and openness are no longer a
barrier, and materials and data are widely shared, open science
aims to makes our work better. The inspiration behind this project
came one afternoon, when during a lab meeting we realized that we
could not figure out how a previous lab member obtained certain
published results. It was unclear which variables they used, what
the variable names meant, what code they used, and what packages
/ libraries they had used on their computer to run the analyses. After
lengthy email exchanges, we got to the bottom of it and were able
to successfully reproduce the work, but not before asking ourselves
an important question: why don’t we do a better job of making
our published work more reproducible? Admitting our own lack of
reproducibility first and foremost, our goal of the current paper is to
take a snapshot of the current practices of our field, and document
the rate of reproducibility. Our hope is that through this work, we
can better understand our field and how to improve our openness
and reproducibility in future years.

2.2 Education Technology and Learning
Analytics

Education Technology is a field of study investigating the de-
velopment and evaluation of a learner, their process, and their
materials[6, 9]. Progress within the field is cyclical: researchers de-
velop new technology or processes for teachers and learners to use,
teachers and learners provide data and feedback, and researchers
use the data to better improve their technology or process to begin
the cycle over again. With a broad definition, education technology
covers a wide variety of topics, most of which create or integrate
with Learning Management Systems (LMS)[5]. One such subfield
that focuses more on the data collection, modeling, and analysis
side is learning analytics.

Learning Analytics is the process by which data collected
from learners is investigated to improve learning[3, 10, 34]. The
definition and research associatedwith the topic have receivedmore
exposure since the early 2010s, as its integration within education
has become more pronounced. Additionally, with the creation of
the International Conference on Learning Analytics and Knowledge
(LAK) in 2011, a common definition was adapted along with a
platform for this subfield of research to become independent[29].
As the subfield focuses more on topics that are in line with the open
science principles, papers relating to learning analytics submitted
to the LAK conference will be used as the dataset for this work.

3 METHODOLOGY: OPEN SCIENCE PEER
REVIEW

To answer RQ1, we evaluated every research article, short paper,
and poster recorded in LAK proceedings of the last two years: the
12th International Learning Analytics and Knowledge Conference[31]
and the 11th International Learning Analytics and Knowledge Con-
ference[32]. This work only looks at these two conferences for two
reasons. First, open science has slowly expanded since the early
2010s, which is around the time of the first LAK conference[28]. As
such, it is impractical to assume that papers submitted to earlier
LAK conferences would meet all defined open science principles
from this work when they were not originally present. Second,
the older a paper, the greater likelihood that the work would face
challenges to reproducibility: old packages and libraries, lost data,
etc. Thus, for the first look, we examined only the previous two
years.

As the LAK conference publishes papers to the Association for
Computing Machinery Digital Library (ACMDL), this work uses a
Hypertext Transfer Protocol (HTTP) request to query the papers
specifically sent to the LAK conference2. The documentation for
each paper was collected using a Qualtrics3 survey, which contained
the open science principles defined for each paper. In addition to
those fields, the survey captures additional metadata: the paper’s
Digital Object Identifier (DOI) to use as a unique identifier for
each row, the proceedings the paper is a part of, and the ACMDL
paper classification (Research Article, Short Paper, or Poster). We
took 15 minutes to complete the survey for each paper. This 15-
minute timeframe was chosen due to logistical constraints (e.g.
not spending hours searching for data), as well as the underlying
notation that open and reproducible work should be easy to locate
and execute. A supplemental document was additionally provided
to defend the choices made within the survey (e.g. whether the
study was preregistered, had links to open data, had documentation
for open materials, etc.). If the links observed in the paper no longer
reference their associated resources, a mark will be reported in the
survey along with a summary in the documentation about which
link has degraded.

2The query used is here: https://dl.acm.org/action/doSearch?ConceptID=118647&
expand=all&rel=nofollow&sortBy=Ppub_desc&pageSize=50
3https://www.qualtrics.com/

157

https://dl.acm.org/action/doSearch?ConceptID=118647&expand=all&rel=nofollow&sortBy=Ppub_desc&pageSize=50
https://dl.acm.org/action/doSearch?ConceptID=118647&expand=all&rel=nofollow&sortBy=Ppub_desc&pageSize=50


How to Open Science: LAK LAK 2023, March 13–17, 2023, Arlington, TX, USA

3.1 Open Methodology
OpenMethodology is an uncommonly used ‘umbrella’ term under
open science, which represents the details of the methods and eval-
uation used by the authors, including but not limited to the setup,
logic flow, aggregations of results, etc. [15]. The methodologies
provide additional information that goes beyond the original paper,
such that reviewing researchers are able to replicate or reproduce
the study themselves.

Papers submitted to the LAK conference tend to follow a simi-
lar structure and almost always contain a section dedicated to the
methodology–data collection and analysis performed–within the
paper. As such, documentation will mark a paper as open methodol-
ogy if the paper is available on ACMDL4. This is considered a naive
approach as papers typically do not contain all the information in
some structured process to reproduce a given result [13, 16]. The
naivete is a limitation of the 15-minute timeframe assigned to each
paper, as it would be impossible and impractical to conduct a full
review of each paper without the necessary background on the
topic covered.

Each paper in ACMDL can be marked with additional metadata
tags to define the access provided to each paper. The two metadata
tags this work will focus on are the ‘Open Access’ and ‘Public
Access’ tags. ‘Open Access’ is used to define a paper that is made
freely available online to anyone [1]. Most researchers are required
to pay a premium to make a work openly accessible on ACMDL5.
‘Public Access’ meanwhile is a requirement assigned to a paper that
must be made freely available within one year of its publication (e.g.
publications from the United States National Institutes of Health
(NIH)6. In both cases, the paper is accessible by anyone on ACMDL.
For observational purposes, the documentation will mark whether
the paper has an associated access tag in addition to whether it is
available on ACMDL.

The scope of this field excludes whether the paper itself has an
associated content license. Each paper contains a usage policy that
allows a researcher to use the paper for references or analysis pur-
poses, provided that the user does not break ACMDL’s policy (e.g.
making the paper openly available without paying an appropriate
feed).

3.2 Open Data
Open Data is used to define a single or multiple datasets which
can be used and made openly accessible without restriction, or with
restrictions that do not prevent its use by the recipient [17, 18].
These datasets are provided with a permissive license, terms of use,
or released into the public domain, such that the assigned rights are
available and automatically hold for the user. This documentation
will mark a paper as containing open data if the paper contains
a link, or a link to another paper with a link, to the dataset. If a

4Typically, all research articles, short papers, and posters as defined by ACMDL would
meet this requirement. However, some papers from previous conferences, such as the
Proceedings of the 2nd International Conference on Learning Analytics and Knowledge,
are classified as research articles[30]. To address this issue, a misclassified field is added
to mark whether the paper type provided by ACMDL is incorrect
5Learn more about open access through ACMDL on their website:
https://www.acm.org/publications/openaccess
6Learn more about NIH public access here: https://publicaccess.nih.gov/

paper does not use or collect data, then this field will be marked as
non-applicable.

Not all data can be openly released, however. Some data may
contain personally identifiable information that could not be
anonymized or made openly available in its entirety. In these cases,
an additional option was added for data that can be obtained on
request from the author. Our requirement was that this must be
explicitly stated within the paper; otherwise, the documentation
marks the field as containing no open data.

In addition to the open data field, a separate field was added
to determine whether there was data documentation available for
the dataset. Data documentation contains a one-to-one mapping
of the field name in the dataset to a description of what the field
is and what values it may contain (e.g., a ‘data dictionary’, table,
specification, etc.). The documentation will mark a paper as having
data documentation if the paper or a separate document contains
all fields in the dataset. If a paper does not use or collect data, then
this field will also be marked as non-applicable.

The scope of this field is broadened from the original defini-
tion in a few instances. First, the dataset is not required to have
a permissive license, terms of use, or be released into the public
domain to be considered open data. This assumes that researchers
are not familiar with copyright law in their country, or that there
exists dataset licenses. Dataset licenses also tend to be complex and
generally ambiguous, making it even more difficult to determine
whether the dataset can be openly used [12, 25]. Second, the data
documentation can be marked as partial, indicating that there ex-
ists some documentation on at least one field that may show up
in the dataset. This assumes that even if a dataset is provided, the
researcher may not provide any documentation for the fields or
briefly glance over it in a table or subsection within the paper itself.

3.3 Open Materials
Open Materials is another ‘umbrella’ term used to define tech-
nologies that can be used and made openly accessible without
restriction, or with restrictions that do not prevent its use by the
recipient. Within the literature, open materials tend to be synony-
mous with Open Source as it is defined within the context of
software development [11, 24]. Open materials define a slightly
broader scope: not only containing open source software, but also
technologies that are free-to-use (e.g. Google Sheets7). This docu-
mentation will mark a paper as containing open materials if the
paper contains a link, or a link to another paper with a link, all of
the materials and source used. If a paper does not use a material
(e.g. theoretical or argumentative papers), then this field will be
marked as non-applicable.

In addition to the open materials field, three more subfields are
added. First, a materials documentation field is added, which deter-
mines whether the materials and source provided contain documen-
tation for their usage. Documentation is necessary to understand
how to use material without having to perform an individual analy-
sis of the source, especially if the source is not present [7]. Second,
a README field is added, which determines whether a README is
present within the source. READMEs usually contain an introduc-
tion to the source in addition to information on the documentation

7https://docs.google.com/spreadsheets
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or setup necessary to use the provided source [14]. Finally, a license
field is added, which determines whether the source has a permis-
sible software license, such that the source can be used openly by
any user [8, 24, 27]. These fields will be marked as non-applicable
only if the open materials field is marked as non-applicable.

The scope of this field has also been broadened from its origi-
nal definition. The open materials and materials documentation
fields can be marked as partial, indicating that at least one of the
materials or materials documentation provided is openly accessible.
This assumes that a researcher may not use only openly accessible
materials in favor of in-house or organization provided tools. In
addition, paid commercial products are excluded from the materials
determinant. There is no prior literature on whether commercial
products are considered open materials, and the discussion on such
a topic is highly complex, so this paper would like to avoid any
claims until some established standard has been determined.

3.4 Preregistration
Preregistration is a term used to define the steps conducted for
the paper without knowledge of the research outcomes [20, 21, 33].
These are typically made prior to the initial starting point of an ex-
periment, such that any prediction or result obtained is unbiased by
any observations made by the researcher. Additionally, if the exper-
iment needs to be altered, an update or additional preregistration
can be made to preserve the initial methodologies. This registration
is made openly accessible and is held on some independent reg-
istry (e.g., the Open Science Foundation8). Standard preregistration
practices involve citing the preregistration within the body of the
paper and identifying which analyses/aspects of the research were
preregistered. This documentation will mark a paper as containing
a preregistration if the paper contains a link to the preregistration
or a project containing the preregistration. If a paper does not need
to use a preregistration (e.g. theoretical or argumentative papers),
then this field will be marked as non-applicable.

4 METHODOLOGY: REPRODUCIBILITY
Reproducibility is a term used to define performing the exact same
experiment with the exact same method to see if the reviewer can
achieve the exact results reported in the paper[19, 22, 23]. However,
in context, reproducibility can have different levels of completeness.
As such, this work will define reproducibility as the ability to take
the dataset collected and the analysis method used and return the
exact same results and figures given in the paper. It is impractical
to collect the data from scratch or write a similar implementation
based on pseudocode in the paper, so if the dataset or the source is
not provided, then the paper will be marked as non-reproducible.
The reproducibility field will only be marked as non-applicable if ei-
ther the dataset or materials fields is also marked as non-applicable.

To answer RQ2, a reproducibility test was conducted across all
papers in which open data and open materials were available. While
the requirement could contain additional fields, such as whether a
README is present for necessary setup or if a license is provided
to legally use the source, this work assumes that the minimum
required to reproduce a paper is the dataset and source which
consumes it. Each reproducibility test will run for a maximum of
8https://osf.io/registries

15 minutes in addition to the 15 minutes assigned for the open
science principles assessment. This timeframe is arbitrarily chosen
as a reasonable length to run a provided command or script as this
work assumes that, at most, only a few setups, preprocessings, and
analyses need to be run. The 15-minute timeframe only applies
to a sequence of non-author actions to perform. This means that
if the author has laid out the necessary actions to perform, then
even if the 15-minute timeframe is exceeded, if the exact results are
produced, then it will be marked as reproducible. Additionally, the
15-minute timeframe will only be exceeded once the last running
action of a sequence has finished executing.

As the reproducibility of a work should not be tied to any specific
platform, the authors’ personal machine will be used as a testing
site. The authors’ machine runs Windows 109 with a PowerShell10
shell. If the machine is not powerful enough, then the same attempt
will be performed using a machine built for large quantities of
data and computationally heavy processing. The big data machine
runs Ubuntu11 with a Bash12 shell. As there is great variability
in the tools needed to reproduce a paper, the machine will start
with a clean instance of whatever software is used (e.g. the base
software with no addons or packages). From there, the test will
follow any setup instructions provided by the author, if present,
and then attempt to run the source using the associated method.

As there are particular nuances and problems that are specific
to a piece of software, this work will also define some common
problems in popular software and the steps taken towards providing
a reproducibility test.

4.1 Python
Python13 is a programming language used commonly by re-
searchers for integration to read data, conduct analyses, and gen-
erate results in a consumable format. The language itself is under
an open source license and contains thousands of libraries, known
as packages, tailored to most needs. Although a highly useful tool,
there are a number of reproducibility issues if no steps are taken to
freeze the author’s current environment.

4.1.1 Python 2 vs Python 3. Python has two major versions which
are used by researchers: Python 2, which has been discontinued
as of January 1st, 2020, and Python 3, which is the recommended
version to use. Although Python 2 is no longer supported, there
are numerous repositories that contain sources written for that
language. This is especially true in the research field, where many
sources are never updated after publication. Additionally, unless up-
dated explicitly, the author would not have the most recent release
of a Python version, meaning that authors using the same machine
would likely be using the same outdated version. Furthermore, if an
author is not familiar with Python and has both versions installed,
it may not be clear to them which version they are using. The com-
mand python may refer to Python 2 or Python 3 depending on the
installation and operating system. Therefore, it is likely that a paper
may be using Python 2 compared to Python 3.

9Windows 10: Version 10.0.19044 Build 19044
10PowerShell: Version 5.1.19041.1682
11Ubuntu: Version 20.04.5 LTS
12Bash: Version 5.0.17(1)-release
13https://www.python.org/
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4.1.2 Within Python 3.x. The same issue between Python 2 and
Python 3 can be seen with the minor versions of Python 3 as well.
If a feature in a later minor version is used within a Python script, if
the end user contains an earlier version of Python 3, then an error
will be thrown. This is even more likely than the Python 2 issue
above as versions 3.7-3.10 are still maintained in 2022. Therefore,
the survey will mark a paper as not reproducible if an explicit
Python version is not provided.

4.1.3 Beta Packages. Many of the commonly used packages within
Python for researchers do not currently or did not have a stable
release during the prior two conferences. While stable versions are
likely to contain the method used within the author’s source, beta
versions make no guarantee the method would still be present in the
exact same place in a later version. Additionally, some environment
setup tools use beta packages because of the fragility of certain
packages. Therefore, the documentation will mark a paper as not
reproducible if a package is missing or if a package is not given an
explicit version.

4.1.4 Minor: Platform-Dependent. There are some instances within
Python where using the os module, the behavior of a script may
change depending on the operating system it is run on. This is a
minor concern, as it is unlikely a researcher would stumble into
such a scenario. However, for brevity, the machine used to test
reproducibility runs Windows 109 through PowerShell10, with a
second machine running Ubuntu11 through Bash12 if the script
failed and used the os module. If the source failed on one platform
but not on the other, it will be mentioned in the documentation.
Otherwise, nothing was mentioned on the platform itself.

4.2 R
R14 is a programming language commonly used by researchers
for statistical computing and graphics. The language is licensed as
free-to-use software and contains numerous packages written by
statisticians and published in peer-reviewed journals. However, like
Python, R can have a number of reproducibility issues, especially as
it does not have a standardized way of managing package versions.

4.2.1 Hidden Language and Tools. One of the most common things
researchers miss when initially setting up an R workspace is that
there might be additional tools and language binaries that need to
be downloaded to properly download the packages within the script
itself. Additionally, as R is provided with some Linux operating sys-
tem distributions, some setups may not even be applicable to some
users. When reproducing R scripts, it is recommended to have a de-
velopment environment setup (e.g., Rtools for Windows machines,
Xcode for MacOS machines). To mitigate this, devtools will be
installed as part of the initial setup process for R environments.

4.2.2 Version Management. As mentioned in the Python version
sections, using different versions of packages or the base language
itself can cause unintended errors for the end user. However, unlike
Python, R does not have a standard method of managing packages
built into the language itself. As such, additional care must be taken
that the package manager used is consistent in addition to the
packages. Therefore, the documentation will mark a paper as not
14https://www.r-project.org/

reproducible if a package is missing, a package is not given an
explicit version, or if the package manager is not provided.

4.3 JavaScript: Node.js
Node.js15 is a JavaScript runtime used to create network applica-
tions using an asynchronous, event-driven model. Node is used by
researchers to create front-end applications to record or collect data
from users within an experiment. Using npm16, Node has access to
a large number of packages that can be version locked and easily
transferable to other machines, almost nullifying the version man-
agement issue in other languages. As long as a version of Node.js
and npm is provided, then it is highly likely that the front end will
be reproducible.

4.3.1 Minor: Local Host Ports. If multiple connections are running
on a local machine, the ports required by the front-end application
or any connections may be mismatched. In these cases, the machine
will make sure that all running applications using ports are closed
and provide an additional configuration in case a mismatch occurs.

5 RESULTS

Figure 1: A breakdown of the open methodologies of papers
submitted to the 11th and 12th conference. Shows the total
(top) and breakdown per conference (bottom)..

For RQ1, as shown in Figure 1, there were 133 papers within
the LAK conference proceedings, 71 submitted to the 11th LAK
conference and 62 to the 12th, which are classified as ‘Research
Article’, ‘Short Paper’, and ‘Poster’.

In Figure 2, out of the submitted papers, 9 are publicly accessible,
38 are openly accessible, and the remaining 86 are available but not
open. None were classified incorrectly by ACMDL.

In Figure 3, we can see that only 5% of all papers make their raw
dataset available with 2% explicitly mentioning that the data can
be requested. For documentation, 2% of all papers fully document
their work, while 38% mention some form of dataset documentation
at least once in their paper. The 2% of works that fully document
their dataset are using publicly available data which already has the
15https://nodejs.org/
16https://www.npmjs.com/
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Figure 2: A breakdown of the open methodologies of papers
submitted to the 11th and 12th conference. Each paper is bro-
ken down into its type (top) and whether it was misclassified
by ACMDL (bottom).

Figure 3: A breakdown of the open data of papers submit-
ted to the 11th and 12th conference by open methodology.
Breaks down the requirements into having the data publicly
available (top) and the documentation for the dataset (bot-
tom).

available documentation. Open and Public Access papers adhere
more to open data principles compared to the other papers, with
Public Access papers adhering slightly better.

For open materials in Figure 4, we can see only 5% of papers
provide the full materials needed to reproduce the paper, while 29%
mention using at least one open material. In combination with the
data fields, only 2% of the papers have the full materials available
along with the raw dataset needed to produce a reproduction. No
papers fully documented their materials. The materials documenta-
tion either could not be located within the 15-minute timeframe or
was not available for every public method in the provided source.
Open access papers tend to be more in line with open materials

Figure 4: A breakdown of the open materials of papers sub-
mitted to the 11th and 12th conference by openmethodology.
Breaks down the requirements into having thematerials pub-
licly available (top) and the documentation for the materials
(bottom).

and documentation by a small margin compared to papers only
available on ACMDL. Public Access papers were noticeably worse
at providing their materials and documentation.

Figure 5: A breakdown of the open materials subfields and
preregistration of papers submitted to the 11th and 12th con-
ference by openmethodology. Breaks down the requirements
into having a README (left), a permissible license (middle),
and a preregistration (right).
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Looking at the open materials subfields and preregistration in
Figure 5, 7% of papers contained a README with 3% of those con-
taining a permissible license to use their source. Only one paper
provided a preregistration, though its materials could not be ac-
cessed. A paper is only marked as non-applicable for these fields
if the materials fields are also non-applicable, so the graphs are
conflated to make a point. If only looking at papers with open
materials, 75% of the papers had a README while 45% contained
a permissible license. Open access papers provided more papers
with READMEs and permissible licenses, followed by Available
papers, and finally none by Public Access papers. This correctly
correlates with the breakdown of the open materials field. The only
preregistration is provided by an Available paper.

Figure 6: A breakdown of the Reproducibility Test of papers
submitted to the 11th and 12th conference.

For RQ2, as shown in Figure 8, not a single paper was repro-
ducible within a 15-minute timeframe. The main cause for non-
reproducibility was du e to a lack of libraries provided or that the
libraries themselves did not have a version number attached to
them. The secondary cause was that some of the sources used some
form of randomness but did not make the randomness deterministic
to accurately reproduce (e.g. fixed seed). One paper additionally
provided a Bash script, which would only work on Linux and older
versions (newer with some work) of MacOS17.

Although none of the work was reproducible in a 15-minute
timeframe, if given a longer time period, we estimated that the 2%
of papers that contain both the raw dataset and source were likely
to be reproducible with enough configuration.

6 LIMITATIONS
We did not investigate all aspects of open science. Some principles
are simply impossible to achieve: open peer review[26] is not pos-
sible as the LAK conference uses a double-blind review method to
determine which papers to accept. Other principles are typically
not documented explicitly in the paper or its resources: open educa-
tional resources[36] are not explicitly mentioned or unclear where
to obtain from and how. It is unlikely that these principles could
ever be easily interpreted from the majority of papers without in-
terference from the original author. Additionally, some principles
such as open data cannot be used with datasets that might identify
participants, making it difficult to discern whether the lack of open
data is due to ethical considerations or simply because the data
were not made open.
17As this script simply ran a Python command, it could be stripped out. However, this
work assumed that a researcher will simply attempt to run things without further
explanation, so it is likely to cause an issue in understanding

This review also did not attempt to contact authors to receive a
better understanding of the context or reasoning behind not meet-
ing these principles. As this paper is conducted as an initial starting
point for open science in education technology, this limitation was
by design. However, it would be useful to replicate this work and
contact the authors so that any previously unclear or uncertain
principles can be specified and provided. This would also clear up
any reproducibility issues without the tedious cycle of repetition
testing. Furthermore, this would allow the authors of the replica-
tion or the original paper to work with each other to meet other
principles and provide an easy method of reproduction.

The selection of the survey itself is subjective from the authors
of this paper. While procedures are put in place to limit the number
of opinions provided by the authors, there are still a number of
instances that had to be defended for why a particular requirement
was or was not met. The supplemental document is provided to
mitigate these concerns by providing clear reasoning by the author
as to any additional explanations not possible in the survey itself.
In addition, the dynamic document itself is provided as a way for
authors of the review papers to provide a rebuttal or provide ad-
ditional links to where their work is currently located to meet the
defined principles while also being reproducible.

Finally, reproducibility was limited to the machines owned by
the authors of this paper. Due to the number of different setups on
machines, there is likely at least one other machine from which a
paper can be reproduced on. In order to provide a more general
view, a clean machine was used to set up, while unclear or incom-
plete instructions were immediate grounds for non-reproducibility.
However, a second replication should be performed to try to find a
working solution and provide a clear setup procedure for reproduc-
tion on other machines.

7 FUTUREWORK
As learning analytics is one subfield of the education technology
field, future work could replicate this metareview for other con-
ference proceedings, such as for the International Conference on
Artificial Intelligence in Education and the International Conference
on Educational Data Mining. Future work with conference papers
should contain an additional step on the previous replication to
more closely entwine and promote open science in the Educational
Technology field.

Future work should also include contacting authors after the
survey to get any missing information, instructions, or nuances for
the available principles and reproducibility. In addition, a separate
question can be asked as to whether the author-held data can be
made openly accessible.

Another direction for future work will be to improve upon our
reproduction setup. This will consist of documenting the required
materials and versions used to test the software in addition to
providing simple setups to run the reproduction. Each of these
steps will then be sourced to the required repository or hosted
ourselves if not possible. In addition, a DOI will be assigned to
any dynamic resources to provide a permanent identifier in case of
reference degradation.

As a supplement for those who want to learn more about open
science and reproducibility best practices, workshops will be sub-
mitted to the conferences. The first workshop of each conference
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will cover the concepts of open science and how to make work
reproducible. Additional workshops from then on will promote
concepts that were not previously reported and papers that provide
methodologies, datasets, or materials that are openly accessible.
It is not reasonable that every researcher will be able to attend a
workshop. Therefore, any resources shown in a workshop will be
made openly available afterward for non-attending researchers to
consume. Additional backups of the resources will be attached to a
DOI link in case the dynamic reference ever degrades.

Finally, the authors will attempt to have conferences promote
open science and reproducibility designs within their Call for Pa-
pers and submission portals such that their resources can be easily
accessed by other researchers looking to use the associated method-
ologies, dataset, or materials. Work has already begun for having
the International Conference on Educational Data Mining promote
open science and reproducibility designs within their conferences
as their papers are self-published and openly accessible.

8 CONCLUSION
Although about 30% of the papers meet some of the very broad par-
tial definitions for the principles of open science, approximately 5%
of the papers meet most of the full definitions. Most of the provided
subcategories are simply neglected, which could be due to negli-
gence, but most likely is due to inexperience and unclear resources.
An average researcher cannot be expected to know anything about
the open science principles, much less understand the subcategories
required within them. Additionally, most reproducibility metrics
tend to occur within networks of people who are familiar with each
other, so as long as the researcher understands how to reproduce
their own work, they will almost never run into this issue.

In general, a paper does not need to meet all the open science
requirements or the reproducibility metric, depending on circum-
stances. For example, datasets with personally identifiable informa-
tion may not be released openly. In other cases, works or grants may
restrict making any raw datasets or analysis open access, especially
if the sponsor is having the researcher develop for a commercial
product. Some work may not even be completed by the time the
paper is released. In most cases, some commercial tools may provide
ease of use while the author may not have distribution access to
the raw data. This work actually fails to fully meet the open data
and open materials requirements. The raw dataset is papers from
the ACMDL site, which may or may not be openly accessible. Addi-
tionally, while the survey portion of a Qualtrics survey falls under
open materials, the graph reporting tools fall under the commercial
product, which, as stated, is ambiguous as to whether it meets the
open science requirements.

This work is meant as a way to point out some of the complexi-
ties when reviewing, reproducing, or even replicating an author’s
work. The authors of this paper want to promote the sharing of
resources and provide a better understanding of research in the
past, present, and future. We hope that through a close look at our
own work and other researchers, we can encourage the education
technology community to develop and share their practices. Using
open science principles and reproducibility metrics is one method

to preserve the environment of the line of research such that ad-
ditional branches can build off without having to rediscover the
previous understanding.
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