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Abstract 
Reproducibility is a key aspect of the scientific method as it provides evidence 
for research claims. It is essential to promote openness, accessibility, and col-
laboration within the scientific community. This article aims to provide an 
introduction to best practices in reproducibility that are relevant to the trans-
portation research community, to discuss issues and barriers to reproducibil-
ity, and to describe methods for addressing these issues. This article starts by 
discussing openness and transparency, then discusses several key best prac-
tices for reproducibility in transportation engineering, highlighting common 
methods and techniques, as well as the associated benefits. The paper con-
cludes with a discussion of the key barriers to implementing reproducibility 
practices in transportation research and potential solutions. The barriers in-
clude existing culture and attitudes, data sensitivity, insufficient methodolog-
ical detail, lack of code sharing, limited validation, additional time and research 
burden, and skill and knowledge gaps. Discussing each of these items provides 
an opportunity for the transportation research community to evolve to become 
one that embraces the openness and transparency of reproducibility. 
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1. Introduction 

Scientific evidence is a cornerstone of engineering progression and improvement. 
As a standardized approach for establishing facts, the scientific method fails when 
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supporting evidence is not provided or fully transparent. While interpretation of 
the supporting evidence does not guarantee that the scientific claims are correct, 
the scientific method fails without complete and transparent supporting evidence. 
Weak and opaque evidence provides little to no support for scientific claims, while 
strong reproducible and replicated evidence is required for strong claims. Fur-
thermore, when new evidence that conflicts with earlier evidence is found, it is 
important that the previous evidence be available for scrutiny alongside the new 
evidence to enhance scientific knowledge and allow for direct comparison. With-
out this, evidence that has been widely accepted may be difficult to challenge (re-
gardless of the accuracy of the accepted claims), creating barriers to growth in 
related scientific knowledge and progress [1]. 

Reproducibility is a fundamental scientific principle [2] that asserts the ability 
to consistently obtain the same results and interpretation using the original raw 
data and an identical process [3]. Its counterpart, replicability, also crucial to es-
tablishing scientific knowledge, involves achieving consistent results using a dif-
ferent dataset—and potentially different analysis methods—to address the same 
research question or hypothesis. 

Replicability is vital as it helps minimize the likelihood of bias in results and 
establish whether independent research provides consistent evidence. Reproduc-
ibility, however, is key to building trust in the evidence generated by research 
studies and for establishing evidence that can be compared with future research 
findings and evidence (and thus, essential for true replication). Without the orig-
inal evidence for comparison, it may be more difficult to publish conflicting re-
search in the future and gain acceptance of the results by the scientific community 
since the conflicting results cannot be directly compared to the original evidence 
providing strong evidence for opposing findings more difficult (and providing 
strong evidence against what is considered to have scientific consensus difficult) 
[1]. This also makes published replication efforts suspect as it is not clear if the pub-
lications are systematically biased by being more publishable due to consistency 
with earlier publications [1] [4]. 

Several scientific fields have pushed for reproducibility as a standard [5]-[8] 
with one author referring to it as a “credibility revolution” [9]. Additionally, many 
initiatives by the National Academies [10] have been the focus of many initiatives 
to ensure that science and engineering advance as quickly as possible. Reproduc-
ibility implements the idea that the average researcher in the same field could rea-
sonably use the same data source, apply the same data processing and analysis, 
and obtain the same results. When the raw data are not from readily available 
sources, part of reproducibility is providing the raw data. Reproducibility also re-
quires full details on data processing and cleaning, analysis methods (including 
annotated code, when appropriate), and full disclosure of assumptions made. Re-
sults from the research itself are greatly influenced by decisions made during the 
processing, cleaning, linkage, and analysis of the data. 

Although reproducibility does not guarantee that the research and evidence are 
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correct (or unbiased), it provides transparency, improves trust, and allows other 
researchers and interested parties to evaluate and validate the evidence and results 
claimed [10] [11]. This is essential in the progression of science and for ethical 
dissemination of research [12]. Some have even opined that evidence must be re-
producible to qualify as scientific evidence [13]. Others have argued that, before 
publication, the reviewers should be provided with adequate information and data 
to reproduce the results (in what is termed reproducibility)—or they shouldn’t be 
asked to provide the reviews [14]. 

Reproducibility is starting to become a requirement for some transportation 
research funding and was included in the request for proposals for some projects 
(e.g., NCHRP 22-49: The Effect of Vehicle Mix on Crash Frequency and Crash 
Severity). Reproducibility in transportation research was the focus of a paper, 
which focused on computational analysis and computing technologies, and noted 
several benefits to reproducibility [15]. Some of the benefits listed include greater 
impacts of the research, increased reputations for the researchers, minimizing the 
chance of errors in the research, increased trust, productivity improvements, im-
proved ease of other researchers performing extended work that is related, and 
improved stewardship of public resources [15]. 

Given the impacts of transportation engineering on people’s lives, reproduci-
bility has ethical implications. When misconduct occurs in research, it under-
mines the integrity and trust of the entire research community. Following best 
practices for reproducibility provides transparency that reduces the possibility of 
data fabrication and falsification. It also creates a research environment that pro-
motes integrity and the responsible conduct of research [16]. Thus, the importance 
of reproducibility and reproducibility practices in transportation research cannot 
be understated. 

A particularly problematic reproducibility-related issue with both scientific and 
ethical implications is the traditional “trust us” attitude that is sometimes encoun-
tered in scientific research. This attitude, where researchers may resist providing 
their data or code under the assumption that their results and interpretations should 
be trusted as is, or should be trusted because of their credentials or experience, fun-
damentally contradicts the principles of transparency and reproducibility central to 
scientific integrity. The “trust us” attitude hinders the ability of other researchers to 
validate and build upon the work and can also lead to the proliferation of erroneous 
findings [17]. This attitude can be viewed as unscientific, as it avoids the critical step 
of peer scrutiny that is a cornerstone of the scientific process [18], turning it instead 
into an act of faith. From an ethical perspective, this attitude is troubling for many 
reasons particularly if the research was supported with public funds (i.e., an invest-
ment of public resources). Withholding crucial details of that research effectively 
prevents the public from fully benefiting or scrutinizing the investment [19]. With-
out transparency, the credibility of the evidence and claims is lost. Thus, one paper 
discussing the importance of reproducibility and open science stated that “transpar-
ency is superior to trust” [20]. 
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In the context of transportation research, where research outcomes can have 
direct, tangible impacts on public safety, infrastructure planning, policy, and pro-
ject budgets, the “trust us” attitude1 is concerning. Inaccurate or unfounded re-
search results could lead to incorrect design, policy, and regulatory decisions with 
far-reaching consequences [21]—underlining the necessity for reproducibility 
and transparency in research. Transportation research includes areas such as traf-
fic safety, environmental sustainability, urban planning, and economic develop-
ment. Misleading results in these areas can lead to inefficient use of resources, 
ineffective policies, and even endanger public safety. For instance, incorrect as-
sumptions about traffic patterns may lead to inadequate infrastructure develop-
ment, while unreliable environmental impact assessments can result in policies 
that fail to adequately protect ecosystems or mitigate pollution. 

The role of reproducibility and transparency in transportation research is also 
critical in the context of emerging technologies and trends. For example, with the 
advent of autonomous vehicles, smart cities, and increasingly interconnected 
transportation networks, the complexity of transportation systems is escalating. 
Research in these areas requires rigorous validation to ensure that the systems are 
safe, reliable, and effective. Reproducibility ensures that the findings are robust 
and reliable, forming a sound basis for the development and implementation of 
these technologies. 

Given the importance of reproducibility in transportation research, the objec-
tive of this article is to provide an introduction to best practices in reproducibility 
that are relevant to the transportation engineering research community, to discuss 
issues and barriers to reproducibility, and to describe methods for addressing the 
issues and barriers. While the best practices represent an ideal and something that 
should be a goal, it is recognized that the current culture in transportation re-
search is significantly different from other scientific fields that developed these 
best practices. It will take time to evolve the transportation research culture in-
cluding changes in attitudes toward openness and transparency, willingness to 
share raw data, and full methodological details; new skill sets will need to be de-
veloped; new infrastructure for storing and disseminating reproducibility data 
and other materials; changes in the roles and responsibilities of research panels 
and organizations funding research; and changes in resources provided to support 
the research (which should result in greater returns on the research investments) 
this paper serves as a starting point to develop a long-term vision and plan, as well 
as start discussions aimed at creating a credibility revolution in transportation re-
search. 

2. Best Practices for Reproducibility 

Science is progressing towards a culture that embraces transparency and open-
ness, fueled partly by technological advancements that facilitate data sharing [22]. 
To establish effective reproducibility practices in transportation research, it is es-

 

 

1This is a form of a logical fallacy similar to “Appeal to Authority”. 
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sential to follow established best practices that promote transparency, accessibility, 
and collaboration. This section starts by discussing openness and transparency 
(key concepts for reproducibility practices), then discusses several key best prac-
tices for reproducibility in transportation engineering research, highlighting com-
mon methods and techniques, as well as the associated benefits. Although many 
of these practices are often considered an added demand in terms of time and 
resources, they are essential for the progression of science and research. The need 
for additional resources is discussed later as one of the potential barriers to repro-
ducibility, and potential solutions are provided. 

Each of the best practices discussed in this and the following sections fits into 
an overall framework for reproducibility. A general process for a reproducibility 
framework is shown in Figure 1. As shown, there are considerations for data shar-
ing (including the collection, cleaning, and processing of the data), the methods, 
and the papers and reports that are published on the research. Each of the topics 
and considerations in this flowchart is discussed in this paper starting with the 
discussion on openness and transparency (which is one of the fundamental goals 
of reproducibility). 

The general concept for the overall framework shown in Figure 1 recognizes 
that not all data or projects can share the raw data (or in some cases, any data) 
publicly. It also recognizes other potential barriers to full openness and transpar-
ency. The overall framework provides suggestions for providing the maximum 
amount of transparency possible while balancing potential limitations and legal 
requirements. This includes potentially providing modified data, using the project 
panel or other external researchers to validate the data, data processing, and re-
sults, providing full documentation and details of code and methods (including 
assumptions made, models estimated, etc.), publishing open access whenever pos-
sible, providing supplementary materials and appendices, publishing on perma-
nent servers, etc. 

2.1. Emphasis on Openness and Transparency 

Openness and transparency in research activities lay the groundwork for improv-
ing reproducibility. Openness refers to the willingness to share all details and ev-
idence. Transparency primarily refers to disclosing all elements involved in the 
research process [23]. Transparency aids in ensuring that all processes and deci-
sions involved in the research are made evident, allowing others to scrutinize and 
validate the research work undertaken [24] and make inferences about the likeli-
hood of applicability of research results to local conditions or contexts. For in-
stance, the openness of methodology is an essential aspect of transparency that 
can significantly contribute to reproducibility. The complete disclosure of meth-
ods, including all preprocessing and analytical steps, is necessary for any re-
searcher attempting to replicate the original study [25]. The disclosure should not 
be limited to mere descriptions but should include the minutiae of all experi-
mental settings, analytical assumptions, operational definitions, control variables, 
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etc. The algorithms and software used in the research process should also be fully 
detailed, specifying the software packages, versions, and even the parameters used 
[26]. Therefore, the exhaustive description of these elements can enable the repro-
duction of the results under similar conditions, augmenting the scientific integrity 
of the research. 

 

 
Figure 1. Overall process for reproducibility best practices. 

2.2. Ensuring Access to Raw Data and Related Information 

Making the raw data freely accessible to the wider research community, as appro-
priate, based on data ownership and other restrictions, serves as a cornerstone of 
reproducible research. This includes all raw data whenever possible, including 
data obtained from public agencies, data collected by the research team, and other 
data sources used. The data should be easily accessible and stored in a permanent 
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location. Simply mentioning where or how the raw data were obtained is inade-
quate in all cases, except the rare case. However, some research may be able to 
reference the original source, provided that it is easily obtained by other research-
ers and the public, and the specific queries and specifications used to process the 
data obtained are stored and easily reapplied to obtain the same original dataset 
to the researchers, and doing so does not create a barrier to reasonable access of 
the raw data. Additionally, stating that the authors are willing to share the data 
with anyone who requests them directly is also an inadequate practice. As com-
puters are replaced, data files are moved, jobs are changed, students and research-
ers leave, or any number of potential events occur, data are lost, corrupted, and 
forgotten. 

Anyone who works in research learns quickly that it is not always possible to 
provide all raw data. While sharing the raw data should be considered standard 
practice, there are specific reasons that the raw data should not or cannot be 
shared. Thus, the practice of open sharing of the raw data should only be deviated 
from when ethically, contractually (e.g., some proprietary data) sources, or legally 
required. When any of these is the case, alternative approaches for providing data 
may be used. Relevant methods and approaches for this will be discussed later. If 
the researchers do not own the data (e.g., the data collected and processed is often 
owned by the funding agency), the researchers should work with the funding 
agency to ensure that the data are accessible to the broader research community. 
In cases where this is not possible, an alternative is to provide the data and code 
to an independent research group which then reviews, processes, and validates 
that the study was reproduced and the evidence supports the claims. 

Accessibility of the raw data allows other researchers to validate the original 
results, reducing the potential for biases or errors [27]. Data sharing has the added 
benefit of promoting novel investigations and can provide opportunities for re-
searchers to derive new insights through reanalysis [28]. It also supports the de-
velopment of future researchers in that it can serve as a baseline or reference for 
typical approaches to dataset development and linkage. 

However, data accessibility should be accompanied by appropriate metadata 
and data dictionaries to enable accurate interpretation. This includes comprehen-
sive descriptions of how the data was collected, what each data point represents, 
and the measurement units [29]. It is also important to provide metadata, data 
models (which show how various datasets and tables are related and linked, as 
well as other potential information), annotated processing code, and summaries 
of the data. These aspects can significantly reduce ambiguity, increase compre-
hension, and enhance the ease of both reproducibility and replicability. In addi-
tion, it enables and facilitates the implementation of the research in that it pro-
vides the necessary technical details for data elements to be collected or derived 
by the implementing agency. 

It should be noted that these best practices go beyond simply providing the final 
dataset used in the reported results or in a publication such as the Data in Brief 
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journal, although this would often be more open and transparent than is currently 
common practice within the transportation research community. 

One of the key requirements for ensuring reproducibility is the safe storage, 
wide dissemination, and long-term preservation of raw data, along with associated 
metadata, data models, processing codes, and data summaries. Central to this prac-
tice is using data repositories—dedicated storage locations where data is maintained 
and made accessible to other researchers, as appropriate. 

There are several public repositories available to researchers across different dis-
ciplines. For instance, there are numerous existing options such as figshare [30], 
Mendeley Data [31], Dryad Digital Repository [32], Harvard Dataverse [33], Open 
Science Framework [34], Zenodo [35], and Science Data Bank [36]. McMaster 
University has an extensive list of open data repositories on their webpage [37]. 
When choosing a repository, researchers should consider factors like the reputa-
tion and longevity of the repository, whether it provides a digital object identifier 
(DOI) for datasets, and its data licensing policies [38]. An established institutional 
database that meets the standards of longevity, providing a DOI, data licensing, 
and security could also be used. 

Data repositories typically employ redundancy measures to prevent data loss 
and corruption over time, such as multiple copies stored in different geographical 
locations. In addition, many repositories follow the FAIR principles (Findability, 
Accessibility, Interoperability, and Reusability), ensuring that datasets are safely 
stored and easily discoverable and accessible for reuse [39]. 

Adherence to open data formats (such as comma-separated values (CSV) or 
tab-separated values (TSV) files for tabular data), and avoidance of proprietary 
data formats, is a common practice to ensure data remains interpretable and usa-
ble in the long term as these formats are less likely to become obsolete. Researchers 
should strive to provide comprehensive metadata with the data, which enables a 
clear understanding of the data by others and increases the chances of its reuse 
[40]. 

2.3. Detailed Disclosure of Research Methodologies 

Reproducibility in transportation research is heavily reliant on detailed and com-
prehensive disclosure of research methodologies. A thoroughly elucidated meth-
odology goes beyond a cursory overview or summary; it should serve as a blue-
print that guides other researchers, enabling them to follow the exact steps taken 
and thus replicate the study [41]. 

This entails providing exhaustive descriptions and justifications of the experi-
mental designs and statistical methodologies employed, step-by-step narratives of 
data collection protocols, and clear instructions on how the collected data were 
processed and cleaned. Methodological transparency is indispensable, especially 
in cases where sophisticated or complex analyses were carried out. Often, without 
proper disclosure of these intricate methods, the risk of introducing errors or bias 
significantly increases, thus undermining the reliability of the study results [42]. 
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Furthermore, the importance of disclosing “failed” experiments, unexpected re-
sults, and negative findings cannot be overstated. Such transparency provides a 
more holistic picture of the research process, aids in identifying potential pitfalls, 
and ensures that the same mistakes are not perpetuated in future research endeav-
ors [43]. 

For enhancing comprehension, using flow diagrams, pseudocode, graphical 
tools, or detailed algorithmic descriptions can be particularly beneficial. These vis-
ual representations are instrumental in elucidating complex procedures or data 
flows and make it easier for other researchers to understand, reproduce, and ex-
tend the study methodologies [44]. 

When computation or scripting plays a role in the research process, it’s crucial 
to provide not only the raw scripts but also detailed annotations for the code. An-
notated code is a key element of reproducible computational research as it allows 
other researchers to understand, replicate, and extend the computational meth-
ods. This can be achieved through effective commenting within the code, docu-
menting changes and rationales, and explaining the role and function of each step 
and variable [45]. While some may argue that annotating code will add to research 
project costs, it is widely recognized in the programming industry that annotating 
code is the best practice and expectation for any coder. Often, when writing a pa-
per for publication, providing fully detailed methodology processes, assumptions, 
flow diagrams, etc., distracts from the key messages and story that the paper is 
attempting to convey. Thus, the full and detailed disclosure of the research meth-
odologies will often need to be provided as supplementary material, appendices, 
links to repositories, or other methods that provide the full details in a reasonably 
accessible manner. This may also be the case for research reports submitted to 
funding agencies. However, this should never be used as an excuse for not provid-
ing full and detailed disclosure of the methodologies. This is even more important 
when using public funding as this information forms part of the basic research 
product because it is key to understanding potential implementation strategies 
and the limitations of the research. 

2.4. Utilization of Open-Source Software 

Utilizing open-source software is a fundamental practice in reproducibility ef-
forts. Open-source software, due to its transparent nature, fosters a culture of col-
laboration, innovation, and reproducibility. The open-source ecosystem is char-
acterized by a unique blend of attributes, such as cost-free availability, extensive 
user-driven documentation, dynamic communities, and frequent updates that ad-
dress security and performance issues, making it an ideal choice for researchers 
seeking reproducible and robust results [46]. 

Open-source software platforms like R and Python have been widely adopted 
across scientific communities, including transportation research, due to their ex-
tensive libraries, powerful analytical capabilities, and the reproducibility they fos-
ter. These platforms allow researchers to share their code freely, encouraging re-

https://doi.org/10.4236/jtts.2025.151010


J. S. Wood, I. van Schalkwyk 
 

 

DOI: 10.4236/jtts.2025.151010 188 Journal of Transportation Technologies 
 

view, validation, and improvement [47]. 
Although proprietary software might sometimes be necessary for specific tasks, 

it introduces challenges to reproducibility due to associated costs, accessibility is-
sues, and closed-source nature. In these cases, researchers are recommended to 
share detailed algorithms or pseudocodes that delineate the proprietary software’s 
procedures. This would help other researchers recreate the same procedures using 
open-source alternatives [48]. 

Sometimes, open-source software access to public agencies may be restricted 
due to security concerns or protocols. In those instances, investments in proprie-
tary software products that are widely used and supported in academia and re-
search should be considered as it increases the likelihood of usability for repro-
ducibility. 

2.5. Version Control and Documentation 

Employing version control systems (VCS) is critical to ensure reproducibility. 
VCS, like Git, offers a mechanism to track and record changes to a project’s data, 
scripts, and documentation. This allows researchers to compare and contrast dif-
ferent project versions, isolate the impact of specific changes, and revert to previ-
ous versions if necessary. This systematic recording of changes enhances the reli-
ability and reproducibility of the research [49]. 

Documentation plays a pivotal role in VCS. Every change, addition, or deletion 
to the project should be accompanied by thorough documentation clearly stating 
what was modified, why the change was necessary, and who was responsible for 
it. This improves transparency, promotes a greater understanding of the evolution 
of the project, and facilitates collaboration between team members [50]. 

The use of platforms like GitHub and Bitbucket is highly recommended as these 
can integrate VCS with cloud-based storage, which further enhances the accessi-
bility of the project’s files and facilitates collaboration, both internally and exter-
nally. Detailed documentation combined with version control enables other re-
searchers to follow the entire research process, ensuring a seamless replication of 
the study [51]. 

2.6. Institutional Support for Reproducibility Standards 

Institutional support is crucial in encouraging and facilitating adherence to repro-
ducibility standards. The institutions can assist in providing researchers with ac-
cess to tools and resources essential for reproducible research, including data re-
positories, open-source software, and version control systems. Moreover, institu-
tions can also help by providing training and workshops to foster a culture of re-
producibility. The institutional endorsement, expectation, and promotion of re-
producibility standards underscore the importance of these practices, encourag-
ing researchers to abide by them [23]. 

In addition to resources and training, institutions can play an active role in pro-
moting open science policies and advocating for the wide dissemination and ac-
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cessibility of research findings. They can also establish clear guidelines and proto-
cols to ensure the integrity and reliability of research, thus fostering a research 
environment that is conducive to reproducibility. Encouraging researchers to 
publish their data, methodology, and code in public repositories can be part of 
such guidelines [20]. In supporting open science, institutions may also choose to 
create open repositories that meet established open data standards and the insti-
tution’s needs as a whole. 

The institutional policies and practices can also incorporate measures to recog-
nize and reward researchers who follow reproducibility practices. This can take 
the form of incentives, awards, or even consideration in promotion and tenure 
decisions, which can motivate researchers to adopt reproducibility standards in 
their work [52]. 

2.7. Building Collaborations and Partnerships 

Collaborations and partnerships significantly bolster the culture of reproducibil-
ity. Engaging with diverse teams of researchers facilitates a broader range of skills 
and perspectives and introduces an additional layer of review and verification of 
the research process. Collaborations can occur at various levels—within a depart-
ment, across departments, between institutions, or even internationally. These 
collaborative relationships provide an ideal platform for knowledge exchange, in-
novation, and mutual learning, thus enhancing the reliability and reproducibility 
of the research [53]. 

Such partnerships also extend to collaborations with the wider community, in-
cluding stakeholders, policymakers, industry partners, and the public. These part-
nerships can provide valuable input into the research process, foster a sense of 
ownership and engagement, and contribute to the practical applicability and so-
cietal impact of the research. Engaging with non-academic partners can also help 
establish data-sharing agreements or access proprietary data while still adhering 
to reproducibility standards [54]. 

When collaborations involve data sharing or co-creation, it is crucial to estab-
lish clear agreements regarding data management, ownership, and access. These 
agreements, often formalized as data management plans, ensure that all parties 
clearly understand the responsibilities and expectations related to the data, which 
is critical for maintaining the integrity and reproducibility of the research [55]. 

3. Barriers to Reproducibility in Transportation Research  
and Relevant Solutions 

The previous section provided an overview of best practices for reproducibility 
from other scientific fields that are appropriate for transportation research. How-
ever, it is well recognized that numerous barriers exist to the widespread adoption 
and implementation of these practices. This section discussed some of these key 
issues and barriers as well as potential solutions. Many, if not all, of these barriers 
have been faced by other scientific fields. While the solutions were not derived 
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and accepted overnight, if fields including medical, public health, psychology, etc., 
can find approaches to overcome their barriers to reproducibility, then barriers to 
reproducibility in transportation research should be considered solvable. 

3.1. Cultural and Attitudinal Barriers 

A key barrier to accepting and implementing reproducibility best practices is 
based on the existing research culture, attitudes surrounding open science and 
transparency, and misperceptions related to reproducibility, data sharing, etc. 
While the “trust us” attitude is one of these problematic attitudes, there are several 
other attitudes and misperceptions that can lead to significant barriers to repro-
ducibility. Some of these are simply a lack of understanding of reproducibility, 
reproducibility methods, and the benefits of openness and transparency. Some 
best practices and benefits related to them have already been discussed. However, 
some researchers may raise concerns that providing full details, code, and data 
could potentially act as evidence against their particular research and claims. 

The potential that providing full methodological details, raw data, annotated 
code for data processing and analysis, and any other relevant details for reproduc-
ibility provides opportunities for others to find errors or other mistakes, as well as 
opportunities to challenge the results and claims, is a key concern for many re-
searchers. Thus, this is a concern that openness and transparency may act as a 
form of self-incrimination. It is important to remember and accept that no one is 
perfect and that everyone makes mistakes. Thus, when someone finds an error, 
alternative result, or interpretation, this is not a negative reflection on the original 
researchers. Instead, this should be expected to occur and be accepted (although 
it may take time for the research culture to accept and adapt to this paradigm). 
The openness and sharing are evidence that the original researchers were not hid-
ing anything and were not involved in academic misconduct. It could be argued 
that following reproducibility best practices, such as utilizing established methods 
to overcome practical, legal, and ethical barriers, is a form of academic miscon-
duct. This is based on failing to provide supporting evidence for the scientific 
claims. This failure is, in essence, a refusal to follow scientific standards based on 
fear or the “trust us” attitude. 

Institutional and policy reforms might be required to address the “trust us” at-
titude and promote reproducibility. Researchers should be encouraged and incen-
tivized to share their raw data, analysis code, and detailed methodologies. Journals 
and funding agencies can play a crucial role by making data sharing and openness 
a requirement for publication or funding [20]. Moreover, education and training 
in data management and reproducible research practices should be incorporated 
into the curriculum of researchers at all levels [45]. 

Another concern is that some researchers may not collect and use the optimal 
data or approaches for a research project if they know they must share the raw 
data, full methodological details, etc. In some cases, this could be related to pro-
prietary data. In other cases, it may be due to the time it would take to prepare the 
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full reproducibility files and information (i.e., wanting to minimize the time and 
effort required). This may also be due to a lack of comfort with methods for shar-
ing sensitive data. Solutions to these issues will be discussed in the next section. 

A further concern that is rarely stated is hesitancy to share data and fully de-
tailed methods, as that results in not having a competitive advantage in future 
related research. When the data are not shared (or full details/code for new meth-
ods), the original researchers may use the data from the earlier project as an ad-
vantage over other researchers when submitting proposals on the related project 
for funding. In today’s competitive research environment, such an approach for 
research using public funding raises ethical concerns as public funding was used 
to process the data and carry out the analysis. 

When the research culture has evolved to be strongly opposed to openness and 
transparency with reproducibility best practices, this is a symptom that a credibil-
ity revolution is necessary in that field. This is possible through education, incen-
tives, requirements by funding agencies and publishers, etc. Further discussion on 
solutions is provided below. 

3.2. Sensitive Data 

In some research, sensitive data are used. This may include protected data, such 
as experiments or other data collection, that requires Institutional Review Board 
(IRB) approval. It may also involve data that have potentially sensitive or person-
ally identifying information (PII). When sensitive data are used, this presents a 
barrier to data sharing. However, this is not a barrier that is unique to transporta-
tion research. Other fields, such as medicine, psychology, and others, have at least 
as many sensitive data issues and have developed methods and approaches to 
overcome this as a barrier to reproducibility. Some common methods for han-
dling sensitive data include: 

1) Data Masking or Pseudonymization 
2) Data Swapping or Permutation 
3) Noise Addition 
4) K-Anonymity 
5) L-Diversity 
6) Generalization and Suppression 
7) Differential Privacy 
These methods do not provide the complete raw data with the full details, yet 

often provide it in a form as close to the raw data as possible while overcoming 
the issues with the sensitive data elements. Details for each of these methods are 
discussed below. 

3.2.1. Data Masking or Pseudonymization 
Data masking, known as pseudonymization, is a method for handling data with 
PII. In essence, it changes or hides the values of variables in the dataset, replaces 
the values, or masks part or all of the sensitive data to maintain the statistical 
properties of the data while protecting individual identities. It also improves data 
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security on data servers [56]. 
Data masking can be accomplished using many approaches. Some common 

methods include [57] [58]: 
1) Shuffling 
2) Scrambling 
3) Substitution 
4) Variance 
5) Masking Out 
6) Nullifying 
7) Encryption 
Details on these methods and examples of how each is applied are readily avail-

able online. Thus, the details for implementing these methods are not provided here. 

3.2.2. Noise Addition 
Noise addition is a method that adds random noise to the data, which helps ob-
scure individual data points [59]. This method is often used in differential Privacy, 
a mathematical technique that ensures the Privacy of individuals in a dataset while 
allowing for statistical analysis. Multiple methods are available for applying noise 
addition. A discussion on methods for optimal noise addition for data privacy was 
developed in an IEEE paper [60]. A method for using decision trees to ensure data 
privacy while maintaining the ability to apply data mining and analysis is also 
available [61]. 

3.2.3. K-Anonymity 
K-Anonymity is a method that ensures that each person (or other entity, as rele-
vant) in the dataset is indistinguishable from at least k-1 individuals, even if some-
one knows all of the quasi-identifiers. Quasi-identifiers are the pieces of infor-
mation that could potentially identify an individual when linked with other data. 
This is considered the most common method for handling sensitive data for shar-
ing in reproducibility efforts [62]. 

Several established K-Anonymity methods exist, including [62] [63]: microaggre-
gation, bucketization, suppression, and generalization. Within these methods, there 
are multiple approaches each of which has been implemented in various software 
packages, including R [64] and Python [65]. 

3.2.4. L-Diversity 
L-diversity is a privacy principle for protecting sensitive data similar to k-ano-
nymity but with additional security. It was introduced to deal with the shortcom-
ings of k-anonymity, which could still leak information when sensitive attributes 
within the k-anonymous groups are homogeneous [66]. The l-diversity principle 
stipulates that there are at least “l” distinct values for each sensitive attribute in 
each group of records sharing a set of quasi-identifiers. This ensures that even if 
an attacker knows all quasi-identifiers of an individual, they cannot determine the 
individual’s sensitive attributes with certainty [66]. 
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3.2.5. Generalization and Suppression 
The concept for generalization and suppression is to reduce the granularity of data 
to protect individuals’ Privacy. For example, group them into brackets instead of 
providing exact ages (e.g., 20 - 30, 30 - 40). If some data is too identifiable, it may 
be suppressed. This leads to data loss compared to the raw data. However, if other 
methods that do not result in loss of the information that directly impacts the 
statistical properties of the data cannot adequately address the sensitivity of the 
data, this can be used. While this is an accepted method, it limits the data’s open-
ness and transparency. Thus, when researchers apply generalization and suppres-
sion, they should be careful not to aggregate more than is necessary. Additionally, 
they should provide full details for how they determined the aggregation values 
used, how sensitive the results are to different ranges or values used, etc. 

3.2.6. Differential Privacy 
Differential Privacy is a mathematical framework that quantifies privacy leakage 
in a dataset. It provides a guaranteed measure of Privacy by injecting noise into 
the results of data queries to protect the Privacy of individuals in the dataset [67]. 
Differential Privacy is particularly relevant in scenarios where multiple queries on 
a dataset may lead to an increased risk of re-identification. This concept has 
gained popularity recently and is used by tech companies like Apple and Google 
for data analysis while preserving user privacy [68]. 

3.3. Lack of Access to Raw Data 

Often the researchers themselves either do not have access to the raw data or are 
required to agree not to share the data provided to them in its raw form. For ex-
ample, the Highway Safety Information System (HSIS) is a source of crash and 
related data funded by the Federal Highway Administration (FHWA) that is used 
in many transportation safety research projects. To track the use of the HSIS data, 
instructions not to share the data are given when requests for HSIS data are ful-
filled. This becomes an easy argument against the practicality of providing raw 
data and data processing information, data models, etc. 

When researchers are not allowed to share the raw data, there are several options 
to ensure openness and transparency. They can provide the detailed request they 
made (so that others can make the same request). Then, using the details for the 
data processing, data models, etc., other researchers could, in theory, reproduce the 
same results. It is worth noting that failure to reproduce the results in these cases 
could be due to differences in the data delivered from the requests, even if they were 
identical. In the case of HSIS, the codes used to process many of the previous re-
quests are stored, so this should not be an issue in the particular case of HSIS data. 

When the raw data are not available, the researchers do not have permission to 
share, and there are no reasonable solutions, the researchers should still provide 
the detailed data models2, full methods, and annotated data processing code as 

 

 

2A good practice, with or without providing the data, is to provide Entity-Relationship Diagrams using 
open-source software, such as R [69]. 
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well as well-defined data as close to the raw form as possible. While this is not 
ideal regarding reproducibility and providing supporting evidence, it shows open-
ness on the part of the researchers and allows for a review of the work in as much 
detail as possible. 

3.4. Data Contracts, Proprietary Data, and Data Ownership 

The issues of data contracts, proprietary data, and data ownership are often inter-
twined. Some datasets used in transportation research may be subject to data con-
tracts or licensing agreements restricting data sharing. This is common with propri-
etary data collected by private entities that consider their data as a competitive asset 
[70]. 

Furthermore, the question of who owns the data may create barriers to reproduc-
ibility. In some cases, the data are collected and owned by public entities; in others, 
the data may be owned by private entities or individuals. Determining who has the 
right to share or restrict access to the data can be a complex legal issue [71] [72]. 

Researchers can address these barriers by using data use agreements and non-dis-
closure agreements, where appropriate, to provide access to data for other research-
ers in a way that complies with contractual and legal obligations [70] [73]. It is also 
critical for researchers to provide a comprehensive description of the datasets used, 
including any restrictions on their use or sharing, to ensure that other researchers 
and the funding agency understand the limitations of reproducing the research. 

Given that limitations and barriers to sharing raw data are an inherent part of re-
search practice, several methods for addressing them have been discussed. Figure 2 
provides a flowchart for determining appropriate methods for data sharing, account-
ing for potential limitations and barriers to data sharing. As shown, the raw data 
should be shared if possible. If this is not possible, there are methods for anonymizing 
the data and dealing with other sensitivity issues. This may sometimes allow the data 
to be shared in a form close to the raw data. If this is the case, the methods used to 
change the data should be clearly specified and discussed. If the raw data can be que-
ried or requested by other researchers or the public, simply providing the details of 
the query may be adequate. For each of these options, data models, methods, and 
processing codes should also be provided. When none of these are possible, having 
the research panel or an independent group review and validate the data and results 
can be used as an approach to providing evidence that the research is reproducible. 

3.5. Insufficient Methodological Detail 

Insufficient methodological detail is a key barrier to reproducibility in many sci-
entific fields, not just transportation research. If researchers do not provide 
enough detail about their methodology, including the design of their experiments, 
the statistical methods used, and the analytical software used. In that case, it can 
be nearly impossible for other researchers to reproduce their work [20]. 

To address this issue, researchers should aim to provide as much detail as pos-
sible about their methods. This includes describing the techniques and algorithms 
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used and providing information about any parameters or settings that could affect 
the results [74]. Researchers should also consider publishing their protocols and 
codes. Suppose in repositories, which can facilitate the sharing of detailed meth-
odological information [74]. In the cases of Machine Learning (ML) and Deep 
Learning (DL), the details of hyperparameters and methods used (e.g. learning 
rate, loss function, etc.), the random seed, software versions, hardware specifica-
tions, and all other relevant values used should also be provided to ensure full 
reproducibility [75] [76]. 

3.6. Lack of Code Sharing and Use of Proprietary Software 

Lack of code sharing is a significant barrier to reproducibility in transportation 
research. When researchers do not share the code they used for their analyses, it 
makes it more difficult for others to reproduce their results [26]. This problem is 
compounded when researchers use proprietary software that may not be accessi-
ble to all other researchers [26]. 

 

 
Figure 2. Flowchart for determining the best methods for data sharing, considering poten-
tial barriers and limitations. 

 
To overcome this barrier, researchers should aim to share their code as much 

as possible. This can be achieved using open-source platforms like GitHub, which 
allows code versioning and collaborative work [77]. Furthermore, to increase the 
accessibility and reproducibility of their work, researchers should consider using 
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open-source software instead of, or in addition to, proprietary software when pos-
sible [78] or software used widely in academia and by research institutions. 

3.7. Limited Validation 

Limited validation refers to the inadequacy of data or model validation in a study. 
Researchers might focus heavily on developing their model or analysis but may 
not spend enough time validating the results. This is a significant issue because, 
without adequate validation, it’s impossible to know whether the results are relia-
ble or if they merely represent a spurious correlation [79]. 

To ensure reproducibility, researchers should always include rigorous valida-
tion as part of their research process. This might include cross-validation, out-of-
sample testing, or other validation techniques. The validation process and its re-
sults should be thoroughly documented and reported in the research output [23]. 

3.8. Added Time and Resource Burdens 

Ensuring that research is reproducible may add significant time and resource bur-
dens to the research process. Preparing data and code for sharing, writing detailed 
methodological descriptions, and performing extensive validation can all take 
considerable time and effort [20]. It is, however, debatable whether this step is 
optional because staff overturn is accelerating and because it is unreasonable to 
expect any researcher to remember all the details associated with a research pro-
ject after the fact. 

While this added burden may seem daunting, it’s important to remember that 
reproducibility is a fundamental aspect of scientific research. To manage this chal-
lenge, researchers should consider reproducibility as an integral part of the re-
search process rather than an added task. They could also use tools and services 
that facilitate reproducible research, such as open-source software, code reposito-
ries, and data-sharing platforms [23]. Implementing best practices for document-
ing the full research process, including annotated code, data models, etc., also im-
proves the ability to quickly and easily check the work of graduate students and 
junior engineers/researchers. Thus, in some cases, it may require some initial 
training to be provided, but it can potentially reduce the time requirements for 
the senior researchers to check and review the work. 

Funding agencies can address this concern of added time and resource require-
ments by considering the added time and resources required for proper reproduc-
ibility practices when allocating funding for research—which may require a shift 
in expectations based on past experiences. However, this can and should be tied 
to requirements for reproducibility, ownership of data, and data sharing, which 
should be explicitly agreed on in the contract. Independent validation of the data 
and analysis should be included in the project when the data or other portions of 
the project cannot or will not be made fully available. Additionally, the panel 
members supervising the research should be trained on the minimum standards 
expected for reproducibility and should work as partners with the research team 
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to ensure that reproducibility best practices are followed. 

3.9. Skill and Knowledge Gap 

Finally, a significant barrier to reproducibility is the skill and knowledge gap in 
both data analysis and reproducible research practices. Not all researchers have 
the skills to perform sophisticated data analyses, prepare data and code for shar-
ing, or understand the intricacies of validation [80]. 

Addressing this gap requires both training and cultural change within the re-
search community. This could include formal training in data analysis and repro-
ducibility and promoting a culture that values and rewards reproducible research. 
Furthermore, senior researchers and supervisors should lead in implementing and 
promoting good practices in data management, analysis, and sharing [81]. 

4. Conclusions and Recommendations 

The issues affecting reproducibility in transportation research are multifaceted 
but not impossible. Other scientific fields have shown that, while perceived and 
real barriers to reproducibility may be daunting, they can be overcome. To en-
hance reproducibility in transportation research, it is crucial to address existing 
culture and attitudes as well as data sensitivity, lack of access to raw data, con-
tracts, and data ownership issues, insufficient methodological detail, lack of code 
sharing, limited validation, additional time and research burden, and skill and 
knowledge gaps. 

Promoting a culture of openness and transparency in transportation research 
is key to addressing many of these issues. This includes sharing datasets, method-
ologies, and code, with necessary safeguards for sensitive data. Encouraging inde-
pendent validation of research findings, maintaining detailed documentation of 
research processes, and investing in reproducibility from the beginning of the re-
search process can also enhance reproducibility. 

Addressing the skill and knowledge gap requires concerted efforts from educa-
tional and research institutions. Introducing training programs and courses on 
reproducible research can equip researchers with the necessary skills. Training for 
researchers and faculty may also be necessary. Training for oversight panels and 
funding agencies may also be required. 

Furthermore, funding agencies, institutions, and academic journals must sup-
port and promote reproducibility. They can do this by introducing policies that 
encourage or require data and code sharing, providing guidelines for detailed 
methodological reporting, creating repositories and other resources that support 
reproducibility best practices, and acknowledging the value of replication studies. 
Reproducibility could be a criterion for new awards; journals could encourage ar-
ticles specifically devoted to the reproducibility of other studies; funding agencies 
could use a record of reproducibility or follow reproducibility best practices as 
proposal evaluation criteria and ratings of research quality (such as the star quality 
ratings for Crash Modification Factors [82]) could include reproducibility criteria. 
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Overall, while the path toward a research community that fully embraces and 
practices reproducibility may be challenging, advancing the science of transpor-
tation research is necessary. The change will not be immediate, nor should it be 
expected to be. The evolution towards this goal will be challenging and will un-
doubtedly face many challenges, yet the many brilliant minds in the transporta-
tion research community have the potential to solve these issues as they arise. By 
working towards this goal, researchers can enhance the reliability and credibility 
of their findings, fostering trust and collaboration within the scientific commu-
nity. This will benefit funding agencies while supporting and, perhaps, accelerat-
ing the implementation of research findings. 
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