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ARTICLE INFO ABSTRACT

Keywords: Data interoperability is crucial for effectively combining data for scientific inquiry. To facilitate interoperability,
Data sharing data standards such as a common definition of variables are often developed. The Open Data Commons for Spinal
8DC'SCI ity based d ) c Cord Injury (odc-sci.org) has established an initial set of community-based data elements (CoDEs)—a minimal set
S;‘:;Z‘:g;ty_ ased data elements (CoDEs) of variables for sharing—to promote data interoperability in SCI research, aligning with FAIR (Findable,

Spinal cord injury Accessible, Interoperable, and Reusable) data principles. We sought to understand the use of CoDEs by the SCI

FAIR community to inform current standards adherence and future standards development. We systematically
analyzed 39 public datasets in relation to 17 required CoDEs and found variations between reported data and the
structure specified by the CoDEs. Overall, we found that the enforcement of data standards improved reporting
rates of CoDEs variables. Notably, different variables were found to require different levels of curation to ensure
semantic equivalence among datasets. We also uncovered specific reporting habits of researchers such as
formatting and naming patterns. A need for different data standards based on the nature of the study (e.g.,
human study, derivative study) was realized alongside a detailed list of issues that should be addressed when
implementing such standards. Among the various approaches to developing data standards, ODC-SCI adopted a
semi-formal approach by creating standards that are easy to adopt by the user. Our data-driven evaluation of
actual reporting behavior shows that this flexibility can lead to subsequent problems in harmonization. This
study serves as a baseline analysis of reporting behaviors for shaping and facilitating data standards.

1. Introduction dependent on individual researchers actively sharing their data—holds
major implications for biomedical science including increased trans-
The realization of the full value of biomedical data—which is parency and credibility, meta-analysis based on individual subject data,
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informed experimental design (e.g., sample size estimation from shared
data), and the integration of big data assets for knowledge discovery and
hypothesis generation (Bandrowski and Martone, 2016; Begley and
Ioannidis, 2015; Chan et al., 2014; Collins and Tabak, 2014; Ferguson
et al., 2014; Levesque, 2017; Nielson et al., 2015). This belief that data
sharing will benefit scientific research has gained prevalence in recent
years, resulting in many regulatory organizations requiring data man-
agement best practices and mandating the sharing of research data. In
the US, the NIH (National Institutes of Health) recently issued the Data
Management and Sharing (DMS) policy (effective January 25, 2023) in
which researchers submitting for funding must develop a DMS plan,
including data sharing strategies (National Institutes of Health, 2023).
As efforts of data sharing increase, new challenges have presented
themselves, such as the need for establishing data standards across
members of a research community to facilitate the sharing and inte-
gration of data.

In 2014, the FAIR data-sharing principles (Findable, Accessible,
Interoperable, and Reusable) were developed as a framework to facili-
tate the development of efficient and effective data-sharing strategies
(Wilkinson et al., 2016). One of the core recommendations of FAIR is
following certain data standards which can be defined as a set of rules on
various dataset characteristics, such as format, structure, metadata, and
definitions (e.g., data elements) that have been agreed upon by a group
of experts in the field. Notably, even if the data is shared using the same
file formats and structures, the semantic interoperability of shared
variables, i.e. that variables have the same meaning and refer to the
same concept, is a primary choke point for data integration and
harmonization. The FAIR principle of interoperability discusses the use
of controlled and recognized vocabulary to ensure clear semantics
during data integration.

The Open Data Commons for Spinal Cord Injury (ODC-SCI) is a
community-governed data repository for the management and sharing
of SCI data built following FAIR principles (Callahan et al., 2017; Fouad
et al., 2020; Torres-Espin et al., 2022). The ultimate goal of the ODC-SCI
is not just the sharing of single data sets, but the ability to compare and
aggregate data across studies to facilitate data reuse for different sci-
entific purposes (Nielson et al., 2015; Almeida et al., 2022; Chou et al.,
2022a; Torres-Espin et al., 2021). To move toward interoperability and
reusability, the ODC-SCI community board developed a list of minimal
data elements that should be included in all animal SCI studies shared
through the ODC-SCI. We refer to these data elements as Community-
based Data Elements (CoDEs), since their definitions have been agreed
upon by representatives of the ODC-SCI community. We view CoDEs as a
precursor to the development of more formal Common Data Elements
through the process being developed by the NIH and hope our work
informs that process.

In this study we conducted a systematic analysis of data elements
reported in public datasets before and after CoDEs were required for
public data release in the ODC-SCI to answer two major questions: 1)
How are researchers implementing and interpreting the CoDEs? 2) What
is the impact of soft-enforcing CoDEs in the data reporting behaviors?
Both lenses provide insight into the feasibility of building a more har-
monizable data repository based on the semantic interoperability of the
CoDEs. Better harmonizability across datasets is an important step to-
ward more transparent and repeatable research, and to enable auto-
matic, faster, and more accurate data integration for secondary data use
by researchers within the laboratory and beyond. All of these benefits
will ultimately accelerate research and translation. Furthermore,
implementing CoDEs encourages standardization among lab members
and can also streamline collaboration efforts.

2. Methods
2.1. CoDEs development and implementation

The initial draft of the minimal set of variables or CoDEs was

Experimental Neurology 385 (2025) 115100

extracted from common elements from the Minimum Information about
a Spinal Cord Injury Experiment (MIASCI) model (Lemmon et al., 2014)
by the ODC-SCI team, including some of the authors of this work. The
draft was submitted for internal evaluation by additional experts within
the ODC-SCI team, resulting in a list of 17 elements. This list was pro-
vided to the ODC-SCI Community Board, an independent group of
stakeholders from the SCI community (i.e., researchers, clinicians, fun-
ders, and people with lived experience) for review and endorsement.
The Community Board approved the minimal set of variables, deemed
the standard necessary for publicly releasing data from animal studies
through the ODC-SCI. The resulting elements were branded CoDEs, to
distinguish them from officially recognized Common Data Elements
listed by the NIH. Starting in 2021, the CoDEs were introduced in the
ODC-SCI documentation and tutorials describing the publication pro-
cess, the information was provided to users submitting for publication,
the template data dictionary was updated with the CoDEs, and incor-
porated in the procedures on data checks that all datasets must undergo
for publication (ODC-SCI documentation link: https://fdilab.gitbook.
io/open-data-commons/guides/odc-standards/common-terminolo

gy/odc-sci-codes). To facilitate the data curation team reviewing data-
sets for publication, an automatic validation check for the presence of
these CoDEs was also developed. To facilitate user uptake and compli-
ance, the implementation was progressive; initially made as a recom-
mendation, followed by a soft requirement guided by the ODC-SCI
curation team. Prior to the implementation of the CoDEs, the curational
data primarily helped researchers structure their data to comply with
ODC-SCI formatting. Once this minimal set of variables had been
established, the curatorial team further helped researchers navigate and
curate their data in alignment with the CoDEs. The definition of these
variables are provided in Table 1, and the template data dictionary can
be found in the protocol adopted in this analysis (dx.doi.org/10.17504/
protocols.io.5qpvo3wodv4o/v1) or directly on ODC-SCI documentation.

2.2. Analyzed data

All datasets and accompanying data dictionaries up to May 2022 -
the time at which this work was conducted- that were publicly available
in the ODC-SCI (https://odc-sci.org, RRID:SCR_016673) (n = 39)
(Ferguson et al., 2018; Liu et al., 2019; Torres Espin et al., 2021a; Torres
Espin et al., 2021b; Schmidt et al., n.d.; Kyritsis et al., 2021; Puko and
McTigue, 2020; Aceves et al., 2020; Schmidt et al., 2020a; Schmidt et al.,
2020b; Batty et al., 2020; Schmidt et al., 2021a; Keller et al., 2021a;
Ehsanian et al., 2020; Fenrich et al., 2021; Brennan et al., 2021; Batty
et al., 2021; Nielson et al., 2021; Schmidt et al., 2021b; Almeida et al.,
2021; Parhizi et al., 2021; Mah et al., 2022a; Stehlik et al., 2021; Keller
et al., 2021b; Stewart et al., 2021; Mah et al., 2022b; Brennan et al.,
2022; Cerqueira et al., 2022; Mirkiani et al., 2022; Chou et al., 2022b;
Stewart et al., 2022; Madalena et al., 2022; Mifflin et al., 2022; Raposo
et al., 2022; FRAUSSEN et al., 2022; Sydney-Smith et al., 2022; Metz
et al., 2022; Liu et al., 2022; Metz et al., 2023) were downloaded and
used for analysis. The link and reference citation for all datasets are
found in Table S1. Although CoDEs were designed for standardizing
reporting in data from animal studies, datasets from human studies were
also analyzed with the secondary goal of understanding how we can
serve those studies better in the future. Of all analyzed datasets, 18
datasets were published before the CoDEs implementation in April 2021,
and 21 datasets after. Table 2 shows key characteristics between data-
sets in the pre and post CoDEs implementation groups.

2.3. Systematic annotation of shared variables

To ensure effective organization, management, and a systematic
annotation and analysis of shared variables in all datasets, we estab-
lished a protocol with appropriate documentation, naming conventions,
and clear annotation guidelines. To maintain consistency in data
extraction and annotation decisions, a spreadsheet template was created


https://fdilab.gitbook.io/open-data-commons/guides/odc-standards/common-terminology/odc-sci-codes
https://fdilab.gitbook.io/open-data-commons/guides/odc-standards/common-terminology/odc-sci-codes
https://fdilab.gitbook.io/open-data-commons/guides/odc-standards/common-terminology/odc-sci-codes
https://odc-sci.org
rridsoftware:SCR_016673
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Table 1

List of community-based data elements with their definitions according to the
ODC-SCI documentation.

CoDE Definition

Subject ID Unique identifiers for each subject in the dataset

Species Species of the subject

Strain Strain of the subject

Animal origin Vendor or origin of the animal

Age Age of the subject at start of experiment. If age is
available at different timepoints, age is provided at the
corresponding time in a corresponding time/timepoint
variable

Weight Weight of the subject at start of experiment. If weight is
available at different timepoints, weight is provided at
the corresponding time in a corresponding time/
timepoint variable

Sex Sex of the subject

Group Name or identifier of the experimental group in which
the subject was included, if any

Laboratory Name of laboratory, usually the PI

StudyLeader Name of person responsible for overseeing project

Exclusion_in_origin_study

Exclusion_reason

Cause_of_Death
Injury_type
Injury_device

Injury_level

Injury_details

Whether the subject was included in the study that
originated the data. “Total exclusion” if excluded from
the entire study, otherwise, specify experiment or
measures of which the animal was excluded if any. For
example: animals that were run in behavior but maybe
tissue is loss and excluded from histological analyses.
Reasons for exclusion might be specify in the
exclusion_reason variable.

Reason by which the subject was excluded from the
study that originated the data as specified in the
Exclusion_in_origin_study variable

Cause of death (e.g. perfusion/necropsy, died during
surgery, euthanized for health reasons, etc)

Type or model of injury used in the subject (e.g.
contusion, complete transaction, partial section)
Name of the device used for the injury

Spinal cord level at which the injury was performed
including segment (e.g. cervical; C) and number (e.g.
C5)

Other details referent to the injury that might be
relevant to understand the severity and type of injury
performed
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Table 2
Mean characteristics of included datasets.
Pre CoDEs Post CoDEs  Total
n=18 n=21 n=239
Species
Mouse 4 (22)* 7 (33.3) 11 (28.2)
Rat 11 (61.1) 4(19) 15 (38.4)
Human 3 (16.6) 8 (38.1) 11 (28.2)
Rat and Mouse 0 (0) 1(4.7) 1(2.5)
Minipig 0 (0) 14.7) 1(2.5)
Number of rows 311 140 182
[164.2-945.7]** [54-230] [89-404]
Number of unique subjects 46.5 40 [29-91] 42
[33.7-148.2] [30-115]
Number of variables 80 [48-101] 82 80
[49-134] [48-124]
Injury Type
Contusion 6 (33.3) 9 (42.9) 15 (38.5)
Crush 1(5.6) 0 (0) 1(2.6)
Dorsolateral Quadrant Section 4 (22.2) 0 (0) 4 (10.3)
Hemisection 1(5.6) 0 (0) 1(2.6)
Multiple 2(11.1) 0 (0) 2(5.1)
None 1(5.6) 4 (19) 5(12.8)
Transection 0 (0) 1(4.8) 1(2.6)
Unilateral Pyramidotomy 0 (0) 2(9.5) 2(5.1)
Not applicable 3 (16.7) 5(23.8) 8 (20.5)
Injury level
Cervical 9 (50) 3(14.3) 12 (30.8)
Multiple 3(16.7) 5(23.8) 8(20.5)
Not applicable 1(5.6) 4 (19) 5(12.8)
Pyramid 0 (0) 2(9.5) 2(5.1)
Thoracic 5(27.8) 7 (33.3) 12 (30.8)
Sex
Both 6(33.3) 7 (33.3) 13 (33.3)
Female 10 (55.6) 8(38.1) 18 (46.2)
Male 1(5.6) 0 (0) 1(2.6)
Not applicable 1(5.6) 6 (28.6) 7 (17.9)
Percent of CoDEs reported 43.4 % (30)*** 92.7 % 69.9 %
(7.1) a7
Percent of CoDEs reported 21.8 % (23.7) 83.7 % 55 %
following ODC naming (7.1) (12.8)

(Sheoran et al., 2024), and versioning was used to keep track of different
curation runs—defined by their annotation decisions. DOI links to their
respective datasets and data validation options (Ex: dropdown-style for
different columns) were implemented, whenever applicable. The set of
features to be extracted for each CoDE was discussed among members of
the team from a preliminary annotation of the first 5 datasets to finalize
the annotation protocol for the whole set. To ensure consistency, all data
was extracted and annotated by the same researcher. After 50 % of the
datasets were annotated, two independent members of the team spot-
checked the extraction and ensured protocol conformance. The same
two reviewers were consulted to resolve special cases and uncertain
annotations. Data extraction and annotation were periodically reviewed
by researchers on the team for feedback and resolution of ambiguities. A
log file was created and maintained to document, reference, and track
specific annotation decisions made during the process. Qualitative ob-
servations made during the data extraction and annotation process were
also documented in a separate file for each one of the datasets and
CoDEs.

The data extraction and annotation process involved reviewing each
dataset, and the respective data dictionary and metadata published by
the ODC-SCI to extract a set of features that reflected how the data were
acquired and documented. For each of the 17 required CoDEs, some
extracted features—for example, does the variable exist in the data
dictionary—were constant, while other criteria were specific for a given
CoDE, e.g., value sets. In cases where a variable was not included in the
data dictionary or if the content was missing in the dataset, we consulted
the associated paper to determine if more information was available. If

*Count (%), **Median [Q1 — Q3], *** Mean (SD).

the data was not found or referenced in the paper, we assumed that the
data was not recorded during the research process. If a variable was not
present in the data dictionary, the corresponding columns in the analysis
sheet were filled with “n/a” to indicate its absence. All annotated data
can be found in the supplementary documentation (file A). Note that the
datasets have been anonymized for sharing.

2.4. Analysis

The data was analyzed from two perspectives: a standards adoption
analysis and a qualitative usage analysis. In the standards adoption
analysis, we compare how users behaved in reporting variables before
versus after the CoDEs were introduced. A proportion test was con-
ducted in R (RRID:SCR_001905) (R Core Team, 2023) using the prop.test
O function to test whether introducing reporting recommendations or
requirements into the ODC affected the reporting of CoDEs. An adjusted
p value <0.05 using the Benjamini and Hochberg method for controlling
the false discovery rate was considered significant. In addition, the data
was qualitatively analyzed to address the issue of harmonization po-
tential across the 39 datasets. This data was visualized using MS Power
BI software (RRID:SCR_025118).


rridsoftware:SCR_001905
rridsoftware:SCR_025118
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3. Results
3.1. Summary statistics on reporting CoDEs

On average, 70 % of datasets include a given CoDE. However, the
reporting rates varied depending on the specific CoDE. Subject_ID was
reported 100 % of the time because it is the only variable required for
initial data upload to ODC-SCI. Sex was reported in 97 % of the analyzed
ODC-SCI datasets, and Species was reported in 90 % of them.
Conversely, some CoDEs were frequently not included in the datasets,
such as Injury_details, Cause_of Death, and Animal_origin at 43 %, 46 %,
and 54 % of the analyzed datasets, respectively. Specific rates of
reporting for each CoDE can be found in Fig. 1. Further, we found that in
certain cases the variable was mentioned in the supporting documen-
tation of the dataset (e.g., summary metadata abstract) or the accom-
panying manuscripts but not included in the dataset itself. For example,
4 datasets had not reported the species variable in their dataset but all 4
had stated the species in the manuscript. Similarly, 8 of the 10 datasets
that had not reported Injury_level in the dataset stated this variable in
their manuscript. Interestingly, all but one of these 8 cases had induced
injury at the same level for all their subjects. When it comes to variable
naming, scientists within the SCI community predominantly reported
CoDEs using the ODC-SCI naming convention, accounting for 81 % of
the instances (Fig. 1), however, the rates varied before and after the
implementation of the CoDEs as explained below.

In addition to the presence or absence of CoDEs, we also examined
the data type and value sets of the reported variables. We found that the
content for any given CoDE was not provided 21 % of the time, i.e. the
variable was either left blank or a null indicator such as “not applicable”
was provided (Fig. 2). Datasets utilized three primary data types for the
17 CoDEs: string, integer, and decimal. On average, 91 % of all reported
data was in string format, 8 % in integer format, and 1 % in decimal
format. Even for variables that could be considered numerical, the string
format was predominantly used. This situation was observed when
presenting numerical data as a range or including the unit in the content
of the variable itself. For example, the “Weight” variable was

How Often CoDEs are Reported Across 39 Datasets
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represented in string format 61 % of the time, integer format 21 % of the
time, and decimal format 18 % of the time. A breakdown of all CoDEs
can be found in Fig. 2.

3.2. Pre and post CoDEs implementation

Of the total 39 datasets that were analyzed, 18 datasets were pub-
lished prior to the implementation of CoDEs as a requirement for public
release, and 21 datasets were published after their implementation.
Prior implementation of CoDEs, the average reporting rate for these data
elements was 43 % (Fig. 3). The implementation of CoDEs led to a sig-
nificant improvement in data reporting behavior to an average of 93 %
of datasets across all CoDEs (Table 3). The increased reporting rate was
accompanied by a decrease in the rate of reporting the actual contents of
the CoDEs. Prior to the implementation of data CoDEs, the content filling
rate for the CoDEs was 99 %; which means while there were often very
few datasets reporting a given CoDE, the content was usually filled if the
CoDE was there. After implementation of the CoDEs, the average rate of
filling the content of a variable dropped to 71 %. This drop was mainly
produced by studies for which specific CoDEs were not applicable, but
still included in the dataset for consistency with the standards. Prior to
the implementation, on average, only 56 % of the datasets used the exact
CoDEs naming convention, while after implementation, this percentage
increased to 90 % (Fig. 3). For example, while Subject_ID was reported
in 100 % of the cases due to being the only variable required for
uploading to the ODC-SCI, the naming of such variable changed from
only 12 % of the dataset following the convention prior to imple-
mentation of the CoDEs to 100 % after.

3.3. Qualitative description of reporting

Throughout the 39 datasets, the data was reported in different forms,
carrying different semantic meanings. Data was often riddled with data
quality issues, each of which required different types and complexity
levels of computations in order to achieve harmonized data. Moreover,
two types of datasets were notable for their lack of or variable use of

Frequency of ODC-SCI Variable Naming
@ ODC-SCI Naming @Other Naming @ Not Reported
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Fig. 1. The reporting rates chart (left-side) shows how often each of the CoDEs was included on average across 39 datasets; shown in decreasing order. The frequency
of ODC-SCI variable naming shows how often the reported CoDEs were assigned the same name as detailed by the ODC-SCI, along with a inclusion of datasets that did

not report the CoDE (in orange).
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How Often is the Content Filled for Each CoDE
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Frequency of Different CoDE Types across 39 Datasets
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Fig. 2. The two charts together describe the content of data submitted for each CoDE. The left-most chart portrays how often the content of a variable was filled
when the variable is reported. The right chart demonstrates the occurrence of data reported as strings, integers, or decimals, while also indicating the percentage of
datasets that did not report the variable or have blank columns for that variable (while still including it in their data dictionary/dataset).

Comparison of CoDE Reporting Rates Pre and Post Implementation of Data
Standards
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Comparison of Percent Datasets that Use ODC-SCI Naming Convention Prior
and After Implementation of Data Standards, by CoDE

@ Pre-ODC-SCI Naming @ Post-ODC-SCI Naming

Sex

Species

Strain

Group
Injury_type

Age
Studyleader
Injury_device
Subject_ID
Weight
Animal_origin
Cause_of_Death
Exclusion_in_origin_study
Exclusion_reason
Injury_details
Injury_level

Laboratory

o
2

50%
Percent of Datasets

=)
=}
ES

Fig. 3. These charts portray the shift in reporting behaviors pre and post standards implementation. The left-hand chart shows a dramatic increase in reporting rates
after the standardization (purple). The right hand chart shows of all the datasets that had named their CoDEs in alignment with ODC-SCI, the percent that had been
published prior in comparison to after the data standards had been implemented (showing a much larger percent of after/dark-blue). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

CoDE:s studies; these are derivatives from previous datasets and human
studies. It was found that on average, 39 % of datasets included a given
CoDE in secondary studies which is significantly lower than the 70 %

cautious generalizing that secondary studies exhibit lower CoDE
reporting rates. However, one of the datasets included two different
subject ID’s, one from the current study and one mapping it to the
original dataset. These kinds of variations may amplify when harmo-
nizing a higher number of derivative studies. Human studies presented
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Table 3

This table shows the results of a proportion test before and after CoDEs implementation.
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Variable Exist

Variable follows naming convention

CoDEs Pre Post Adj P value Pre Post Adj P value
Subject_ID 1 1 1 0.11 1 <0.001

Species 0.77 1 0.09 0.66 0.85 0.3

Strain 0.72 0.952 0.13 0.61 0.85 0.18
Animal origin 0.22 0.81 0.001 0.05 0.71 <0.001
Age 0.5 0.952 <0.01 0.22 0.76 <0.01
Weight 0.61 0.904 0.09 0.11 0.76 <0.001

Sex 0.94 1 0.93 0.77 0.85 0.82
Group 0.38 1 <0.001 0.27 0.85 <0.001
Laboratory 0.27 0.952 <0.001 0.05 0.85 <0.001
StudyLeader 0.16 0.952 <0.001 0.16 0.85 <0.001
Exclusion_in_origin_study 0.16 0.904 <0.001 0.05 0.80 <0.001
Exclusion_reason 0.16 0.904 <0.001 0.05 0.85 <0.001
Cause_of Death 0.05 0.809 <0.001 0.05 0.80 <0.001
Injury_type 0.66 0.952 0.076 0.27 0.90 <0.001
Injury_device 0.16 0.952 <0.001 0.11 0.90 <0.001
Injury_level 0.5 0.952 <0.01 0.05 0.85 <0.001
Injury_details 0.05 0.762 <0.001 0.05 0.71 <0.001

data differently due to compliance with HIPAA regulations and the
inapplicability of certain CoDEs, which were originally designed for
animal studies (e.g., ‘Strain’ and ‘Animal_Origin’). In such cases, vari-
ables were either not reported or filled with synonyms of ‘not available.’
Of all human studies, 64 % of the time, the studies either did not have a
CoDE reported or the content filled out. In the case of Strain, Animal -
Origin, Weight, Cause_of Death, Injury Device and Injury_level, all
human studies either did not report the variable or did not fill out the
content of the CoDE. 74 % of cases where the content was not filled, and
34 % of cases where the CoDE was not reported, were human studies
(Fig. 4). Along with these special cases, there were three key types of
data issues that were discovered in the qualitative analysis of these
datasets: coding differences, data quality issues, and semantic differ-
ences (Table 4).

Number of Human Studies Not Reported, Content Missing, and Filled

@ Not Reported @ Content Not Filled @ Filled

Subject_ID

>
@
®
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x
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StudyLeader
Cause_of_Death
Exclusion_in_origin_study
Exclusion_reason
Injury_details
Injury_device
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Animal_origin

(=

5
Number of Human Studies

o

Fig. 4. This figure shows the number of datasets (out of the total number of
human studies, n = 11) that had the CoDEs not reported, their content not filled
out even when the CoDE was present (content missing), or the CoDE was pre-
sent and with content.

4. Discussion

We provide evidence of the positive impact of implementing a
minimal set of standard data elements and their potential effect on
increasing the interoperability of shared data. The substantial increase
in the overall reporting of standard variables following their imple-
mentations highlights the effectiveness of such initiatives in promoting
data consistency and enhancing data usability. Nonetheless, we also
highlight that simple inclusion of a CoDE (or by extension, a CDE) in a
dataset does not mean that the data are automatically interoperable. In
particular, we show that there is considerable variation in how a given
CoDE can be interpreted, often deviating to such an extent that the data
cannot be easily combined. Additionally, our results provide estimates
of how implementation of CoDEs reduces unstructured reporting of
variables often manifested through actions like implicit mentions (i.e.
excluding variables in their dataset but including them in your manu-
script). This implicit mentioning makes operations such as cohort se-
lection across multiple datasets much more difficult and increases
downstream tasks such as searching and pooling when attempting to
harmonize across datasets. An example is the benefit of including the
CoDEs even when they might not apply to a given dataset. For example,
the CoDE “Exclusion_reason” might not be meaningful for a dataset that
did not exclude any animal. Yet, the CoDE can be reported and filled
with values pre-specified values such as “No exclusion”, which will be
important for harmonizing across datasets. Although the increase in
standardization is not a surprise as it was the goal for the CoDEs and
these have been required for publishing, having measures of the
magnitude of this impact provides a starting point for benchmarking
future initiatives. Our analysis provides key insights on reporting
behavior and gaps on the CoDEs itself that should be considered for
further development. In addition, we provide lessons learned during the
process of implementing and evaluating the use of these data elements,
which should serve as a starting point for discussing semantic stan-
dardization in SCI. Finally, our study underscores the value of merging
manual CDE creation, rooted in ontological principles, with a data-
driven methodology. We apply this hybrid approach by enforcing
CoDEs semi-formally and evaluating their impact. Our study contributes
to the iterative improvement of CoDEs, while also reflecting the ongoing
evolution of this process (Fig. 5).

4.1. Recommendations on improving ODC-SCI standards

In examining the complexities of data standardization within our
selected datasets, it is apparent that while data standards are relevant to
improving interoperability, there are inherent trade-offs between system
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Table 4
Qualitative reporting behaviors observed throughout the 39 datasets and 17 CoDEs.
Data Issue Explanation Subtype Example cases Quantification
Coding Variations in data formats, Data Formats Split between using “F/M “and “male/female” for ‘Sex’. 11 datasets used ‘F/M’ and 20 datasets used
Differences structures ‘male/female’

Data Quality

Different types of errors affect
data quality

Units

Synonyms/
Naming
Conventions
Missing Data

Human errors

Unit inconsistencies in ‘Age’ and ‘Weight, such as some
datasets using weeks and others using months etc.
‘AnimalID’ and ‘OrigSubNum’ were both utilized to
refer to the ‘Subject_ID’ CoDE

Leaving certain cells or columns blank; definition
different notions of missing data

Apparent copying and pasting mistakes.

1, 13, 4, and 10 datasets used days, weeks,
months and years respectively

22, 2, 6, and 4 datasets used Subject_ID,
SubjectID, Animal_ID and ID; 5 datasets used
other variations

2 datasets where the column header was
included in the datasets, (e.g. ‘organism_sex’)
however, the entire column is left blank

2 cases where the definitions in the data
dictionary shifted down one row to their
respective CoDE

Semantic Deviations were found in the Multiple similar Temporal measurements like weight at different time 6 datasets had multiple temporal
Differences  interpretation of the CoDEs’ Variables points, where different labels such as ‘weight w1, measurements. Specifically, these datasets
meaning, and nuanced ‘weight w2,” ‘weight w3,” and ‘weight w0’ had 5-8 different CoDEs for weight
definitions Vague Injury_type’ CoDE, exhibited variability in reported 6 datasets included the injury level (e.g.
definitions components; some said C5 contusion Spinal Cord Injury;  cervical or C5) in their injury_type value
and others just said contusion. In ‘Group’ CoDE, where despite there being another CoDE called
the values assigned to this CoDE were often unrelated ‘Injury_level’
and lacked standard meaning across different studies.
Granularity Reporting variables like ‘Age’ and ‘Weight’ as ranges (e. ~ Of the 29 datasets that reported ‘Age’, 5
g. 2-11 weeks old). Further there is granularity beyond  datasets reported it as a range as opposed to a
units when some datasets only included the group in single value
‘Injury Level’ (e.g., cervical, thoracic, lumbar, sacrum,
and coccyx); others included the specific number of the
vertebrae (e.g., reporting Cervical versus C2)
Data experts Domain experts
| “Only
¢ i i .
Weonly | i semantics
need data!” Different points of view on what is important i matter!”

automation and user workload/burden. Further, data sharing re-
positories like the ODC-SCI operate under limited resources including
the time and effort required to harmonize data and thus resources must
be optimized to critically promote adherence to best sharing practices.
The semantic differences and variations in naming conventions for

Analyze user behavior
in the community and
integrate feedback to
inform the next
development phase

I

Agile co-development
of data standards

Standards such as CDEs should
be drafted between domain
experts and data experts to

balance views and feasibility

/ \ @

——e Analyze

\Use/

0!
Co-design

Recommend e—

Recommend drafted

versions of standards

rather than waiting to
have a finalized
“perfect” version

16

Let the community use

drafted version

Fig. 5. Conceptual framework for the co-development and evaluation of data standards using agile design principles.

CoDEs demonstrate the challenges associated with achieving semantic
interoperability across diverse research contexts and highlight the need
for clearer and more precise definitions of data elements and their
permitted values and structure. Along with clear specifications of the
CoDEs, practical examples should be included to promote consistent
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interpretation across datasets. Examples should also be included for
cases such as missing data. The implementation of these specifications
must be done in creative and effective ways but will depend on the
context of the CoDEs themselves. For instance, when addressing vari-
ables such as age, establishing guidelines that address units while
avoiding reporting discrepancies, such as ranges or strings, requires
solutions like template-driven data collection. This is something ODC-
SCI is potentially going to create. As repositories can enforce certain
validation checks, it is important to provide complementary resources
such as documentation, data dictionaries, protocols, manuscripts, and
even other mentioned/related datasets. Moreover, it is vital to engage
researchers in discussions that define standards, guidelines, ontologies,
or controlled vocabularies to consider their needs and align standards to
their practice.

The type of analysis performed here clearly shows areas where
CoDEs can be improved. ODC-SCI must identify a different set of data
standards for human studies, which could be derived or adopted from
current international standard initiatives (Biering-Sgrensen et al., 2023).
It may also be valuable to consider the guidelines when using derivative
studies which may be missing some variables and thus would not be able
to comply with our CoDEs standards. Furthermore, our analysis indi-
cated that the definition of CoDEs ‘Group’ and ‘Injury_Type’ must be
improved to be more specific, while the inclusion of ‘Injury_details’ and
‘Cause_of _death’ in the required CoDEs must be reconsidered to make it
optional as many datasets had substituted these columns for ‘n/a’. For a
complete set of recommendations, consult Table 5.

Limitations.

This study has several limitations. First, the analysis was based on a
small number of datasets, which does not fully represent the entire range
of SCI research data. Future studies should aim to include a larger and
potentially more diverse sample to capture a more accurate image of
data reporting behaviors. Additionally, the study focused primarily on
analyzing reporting behavior and characteristics without delving into
the underlying reasons behind these behaviors. Future research could
consider conducting surveys or interviews with members of the SCI
community to gain a deeper understanding of their motivations, chal-
lenges, and decision-making processes regarding what data is being re-
ported. While this study focused on the influence of data standards on
reporting rates and patterns, other factors may also contribute to the
observed behaviors. For example, researchers’ workload, time con-
straints, and familiarity with data standards could impact their reporting
practices. Additionally, differences in disciplinary backgrounds,
research objectives, and study designs could contribute to variations in

Table 5
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reporting behaviors. For example, we note that there are differences in
the number of studies per species pre and post CoDEs implementation.
Exploring these alternative explanations can offer valuable insights into
the contextual factors influencing data reporting and addition to stan-
dards, and guide the development of targeted interventions and support
mechanisms.

5. Conclusion

Establishing the most effective data standards involves navigating a
delicate balance. On one hand, if the established/platform standards
deviate too much from the data a researcher naturally produces, the
likelihood of the data not being reported increases. On the other hand, in
the absence of predefined guidelines, the diversity of reported data
makes semantic interoperability and harmonization (and thus the
comparisons between studies) challenging. Our analysis emphasizes the
importance of establishing and requiring data standards in SCI research
to enhance data interoperability. We have also included a set of rec-
ommendations for researchers to produce and report data, which are
available in the supplementary material (Table S2). This study shares
key factors to consider when designing or adopting these data standards.
As the amounts of data produced exponentially increase, it becomes
imperative for the community to collectively collaborate and maximize
the interoperability and reusability of the produced and shared data.
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