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Abstract

Data transparency lays the groundwork for the ethical use of administrative data. This
is particularly true for linked administrative data within integrated data systems (IDS). Data
dictionaries, resources that maintain the metadata of the information housed in an IDS, offer a
tool to ensure transparency throughout the data life cycle. The FAIR Principles, which assert that
data be Findable, Accessible, Interoperable, and Reusable provide a useful framework by which
to measure the effectiveness of data dictionaries in the IDS context. This paper uses the FAIR
Principles to discuss the ways in which data dictionaries serve as tools in the ethical and transparent
use of integrated data as well as the challenges that remain. Linked administrative data is a valuable
source of information for programmatic and academic research. Data dictionaries facilitate the ethical
handling of this sensitive information and maintain a commitment to transparency in data inquiry
and research.
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Introduction

Administrative data are the information collected when
government agencies perform routine provision of services and
programming [1, 2]. Integrated data systems (IDS) link this
individual-level data by a unique identifier or combination
of identifiers, to produce a composite record that illustrates
how people navigate social services over time [1, 3, 4].
This information can be repurposed to facilitate research and
evaluation [1, 2, 5], but at a time when trust in the government
is near historic lows [6], particular care must be taken to ensure
this work is done ethically and for the good of the individuals
represented in the data [5, 7].

Transparency in data collection and use is foundational to
the ethical handling of integrated data [8, 9]. Data dictionaries
maintain metadata on the information housed in an IDS and
hold promise as agents of transparency and ethical data use
[1, 10, 11]. Specifically, the FAIR Data Principles, which
advocate that data be Findable, Accessible, Interoperable,
and Reusable, provide a useful framework to understand how
data dictionaries serve the goal of data transparency and the
obstacles in realising their potential [12]. These principles set
guideposts for good data management and stewardship which
is a pre-condition to advancing innovation in social service
research and programming [12, 13]. The current paper seeks
to describe the benefits and challenges of data dictionaries as a
tool to advance transparency in administrative data collection,
integration, and use.

Benefits

The creation and maintenance of IDS data dictionaries foster
transparency in data collection and use. Embodying the first
FAIR principle of Findability [12], data dictionaries serve as
a menu of potential data elements from which government
staff and external researchers, with the proper permissions
and authorisations, can make selections for use in analytic
inquiries. Like the sections of a restaurant menu, findability is
improved with a well-organised dictionary. Even while the data
elements remain secure and subject to request procedures,
publishing the resource on a website or open data portal
further advances findability. Clear, richly defined metadata
that is broadly accessible democratises who can request data
for analysis. The tool levels the playing field, ensuring that all
parties have equitable access to information held by the IDS.

Furthering the FAIR principle of Accessibility [12], data
dictionaries foster the ability to discern exactly what
information is available and facilitate specificity in data
requests. Knowing which data elements exist in a file or
database and the identifiers of those data elements allows
the researcher to request just those data elements. Data from
governmental agencies are often stored in several linked files.
While a natural tendency may be for researchers to request
the entire file (e.g., the demographics file), the provision of a
data dictionary allows the researcher to specify exactly which
components are required (e.g., race, gender), preventing the
unnecessary disclosure of additional information (e.g., date of
birth, country of origin).

For systems that house data covered by the Health
Insurance Portability and Accountability Act (HIPAA),

narrowing requests to the exact elements necessary for
a specific inquiry allows the IDS to maintain HIPAA’s
minimum necessary Privacy Rule which requires a covered
entity to “make reasonable efforts to limit use, disclosure
of, and requests for protected health information to the
minimum necessary to accomplish the intended purpose” [14].
This guideline offers a useful rule of thumb for integrated
administrative data in general, regardless of whether its data is
governed by HIPAA as it maximises protections for sensitive,
identifiable data [15, 16].

Metadata can prevent unnecessary data requests. For
instance, location data may be available in three forms:
address, XY coordinates, and census tract. Providing
researchers with this information at the outset allows them
to identify which level of specificity is necessary for their
analysis. If the more anonymised census tract is sufficient,
sharing the exact address or XY coordinates can be avoided.
When government and research oversight bodies are confident
that researchers are only requesting the data elements
essential for their authorised purpose, it becomes easier
to approve data requests. With improved specificity and
resultant efficiency, more data requests can be reviewed and
authorised.

This type of transparency also serves to ensure data
quality and assurance. The development and maintenance of
IDS data dictionaries necessitate cross-discipline discussion
of what data are being collected and how they are being
translated into the IDS. Their updating and maintenance offer
a mechanism by which agencies can revisit decisions about
data sharing and access. Data elements of low quality, limited
capture, or high sensitivity may be considered for editing
or removal. This allows for the investigation of why data
capture is suboptimal and creates opportunities to update
coding schemas about programs and services that may change
over time. For example, a social service agency may have
a legacy intake form that asks clients a question that most
staff find inappropriate and outdated. As a result, most staff
encourage clients to skip the question. The data dictionary
might then note a 10% completion rate for that data element.
By examining the metadata, the agency could become aware
of the issue and consider revising the legacy form to address
staff concerns about the inappropriate question. Researchers
will also know not to request data elements like these because
of their insurmountable missing data problems.

Having a data dictionary improves the efficiency and
accuracy of data requests and analytic projects. Because they
offer research teams a guide to what information is available,
data dictionaries facilitate the early discussion of construct
operationalisation, use of proxies, and data quality prior to
project initiation. They provide standardised definitions of data
elements that support well conceptualised inquiries with a high
probability of successful execution. In addition to documenting
the format of raw data (i.e., data as collected), some data
dictionaries also include frequently requested transformations
of data elements. For example, an infant’s expected due date
and date of birth might be transformed into a prematurity
indicator. By documenting the method of transformation in
the data dictionary and offering the resulting transformed data
to all researchers, the IDS can promote scientific replicability
and the Reusability tenet of the FAIR Principles. Reusing data
extraction code instead of creating custom variations of similar
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indicators for each researcher has the added benefit of creating
efficiency in governmental analytic offices.

Challenges

This level of transparency is not without challenges. One
challenge in the development of data dictionaries is the reliance
on collaboration among cross-disciplinary staff. It requires
program staff who are familiar with the services offered by
municipalities and can explain how and why data are captured
at the front line. Technical staff on the other hand, are tasked
with determining how data are loaded, stored, and maintained
in the IDS. Then, analytic staff must navigate which data
elements to use to conceptualise and answer research inquiries.
While each of these roles are essential to the success of IDS
and associated data projects, they each have unique training,
points of view, and terminology. This is further nuanced by the
variation in their subject matter expertise (e.g., health, child
welfare, justice). Collaborators often occupy different levels
and sit in different areas of the organisation, adding complexity
to the FAIR goal of Interoperability [12]. For data to be
Interoperable, as defined by the FAIR Principles, it is critical
that the metadata of data dictionaries utilise shared, accessible
language. One technique that can attenuate this challenge
is to include multiple data element names in the resource.
Specifically, data dictionaries should include the names of data
elements that are intuitive to program staff as well as technical
staff. The inclusion of a crosswalk of both what the data
element is called in the IDS as well as how it would be known
to a data requester, ensures that all parties have a shared
understanding of what information is being referenced.

A second challenge to ensuring interoperability in the
development of data dictionaries is defining who its audience
will be. A resource created for program staff seeking answers
to research questions about the services their organisation
offers will differ from one made for technical staff to inform
the building and maintenance of the IDS. Similarly, there
is a tension between a desire to create a resource that
is comprehensive in its scope versus one that prioritises
readability and ease of use. There is a natural tendency to
want to include every detail about each data element, but
this often comes at the cost of a dynamic resource that will
be actively utilised. The FAIR principle of Reusability can
be helpful here [12]. When determining whether to maintain
additional information about an IDS, one should ask whether
it is necessary to replicate previous empirical work. One may
consider whether it is critical to capture how a data element
changes over time. For example, gender may have historically
been captured as a binary indicator but is now a categorical
variable with several possible responses. For researchers to
measure gender trends over time, it is critical to capture
these modifications as they occur. However, the challenge
remains that this information is often revealed iteratively
through the process of resource development and updating.
It can be difficult to anticipate what information will be
critical to maintain and to develop a comprehensive system
of documentation at the outset. One helpful approach to this
challenge is to maintain supplementary lists of details to be
documented or decisions to be revisited when reconciling data
and finalising the resource.

A large body of work advocates the integral role of
community voice in data collection and use [10, 17, 18]. Those
individuals who are represented in the data should have a
say in how their data is captured, shared, and used [10, 18].
While there is public support of government data used to
identify services and supports for clients [10], there is little
evidence of support for the sharing of municipal data across
agencies which is required for these improved processes to
take place. This challenging duality underscores the need to
engage with communities to lead decision-making efforts in
how data is collected by source agencies and used through the
IDS. Data dictionaries offer a tool to inform this conversation
and facilitate data sovereignty.

Examples

In their 2020 work “Data Feminism,” Catherine D’Ignazio
and Lauren F. Klein underscore the importance of metadata,
explaining that the data in a government dictionary “do not
look very technically complicated. The complicated part is
figuring out how the business process behind them works” [19].
They explain that the consequence of insufficient metadata is
analysis void of context and thus prone to misinterpretation.

This risk intensifies when adding the complexity of
integrated data from numerous distinct sources. If available
at all, it can be common to receive a data dictionary like
the sample in Figure 1. While this can appear sufficient at
face value, integrating the FAIR principles produces a data
dictionary more like Figure 2. From this view we understand
what data is available for extraction, where the data is coming
from, how it is defined, and how the definitions have changed
over time. The same data element (e.g., date of birth) could
come from any number of sources. The source used by a
researcher can have implications for data quality and accuracy.
Further, an integrated data system will typically offer a version
of that data element created from all sources. This form is
preferred for most applications because it prioritises the most
common or reliable sources when available (see row 7 of Figure
2). By understanding the different versions available for a
specific data element, data requestors and data stewards are
better equipped to discuss the best element for a particular
application.

Figure 1: Sample data dictionary with limited documentation
of data elements.
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Figure 2: Sample data dictionary with comprehensive documentation of IDS data elements.

In practice, this information can be displayed in a variety
of ways. Technical manuals and tables are two common
formats. Some jurisdictions have developed more dynamic and
interactive ways to share similar information. For example,
in the Allegheny County Data Warehouse’s publicly available
QuickCount data, the Department of Human Services has
created a series of metadata pop-ups that appear when the
user hovers their cursor over data elements [20]. Individuals
can click on these pop-ups to navigate to a “Program
Definitions” page with even more detail. The Program
Definitions page includes sections such as “explanation of
results” and “what else should I know about this data,”
which detail data availability, reporting lags, and other
relevant information [21]. The clear, intuitive, and up-to-date
information provided in systems like these prevent the data
from “idl(ing) on their portals, awaiting users to undertake
the intensive work of deciphering the bureaucratic arcana that
obscures their significance” [19].

Conclusion

Data dictionaries are critical tools that ensure transparency
in data collection and use. It is through these resources that
IDS can promote equity, quality, and good data governances
via FAIR Principles. As seen throughout the field of integrated
population data, the challenges that persist demonstrate that
the work is not only technical but also relational. Data

dictionaries offer just one tool to support these conversations
and efforts to build public trust in the use of administrative
data to better serve clients and advance the field of social
welfare research.
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