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researcher’s lack of control over the quality and consistency of data collection, and — furthermore —
a lessened understanding of the data being analyzed. That said, we assert that these challenges can
be partly mitigated through careful, systematic use of these data in epidemiologic research. This
article presents considerations derived from experiences analyzing administrative health data (e.g.,
healthcare practitioner billings, hospitalizations, and prescription medication data) in the Canadian
province of British Columbia (population of over 5 million in 2024), though we believe the underlying
principles generalize beyond this region. Key considerations were organized around four themes: 1)
Know the data and their primary use (understand their scope and limitations); 2) Understand
classification and coding systems (appreciate the nuances regarding classification systems, versions,

how they are employed in the primary uses of the data, and querying the values); 3) Transform
data into meaningful forms (process data and apply identification algorithms, when necessary); 4)
Recognize the importance of validity when defining analytic variables (make meaningful inferences
based on data/algorithms). Although this article is not an exhaustive list of all considerations, we
believe that it will provide pragmatic insights for those interested in leveraging administrative health
data for epidemiologic research.
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Introduction

Routinely ~collected administrative health data (e.g.,
hospitalization records, prescription medication data) are
produced primarily for administration purposes (e.g., billings
from healthcare practitioners), rather than guided by a priori
research questions. These data, however, can be repurposed to
support endeavours such as epidemiologic research, program
evaluation, and health system performance management [1-3].

Compared to primary sources of health research data,
which are often collected with substantial researcher control
and oversight (e.g., primary data collection directly within
observational studies or clinical trials, through means such
as participant questionnaires/surveys), the secondary use of
administrative data offers several advantages. It is typically
cheaper and more efficient to request to access existing
administrative health data on a group of participants than
it would be to collect primary data on the same number of
participants. This is particularly the case in settings where
longitudinal data are needed on large samples of people,
within various geographic regions. Administrative data can
reflect information from virtually all documented healthcare
interactions by residents of a region, administrative group, or
program — and can do so over many years [1, 2]. By their very
nature, these data are also generally representative of the real
world in terms of healthcare use patterns including challenges
such as untimely follow-up, and other suboptimal health
system realities [1, 4, 5]. The secondary use of administrative
data for research presents a unique scenario — the researcher
knows which data were collected, so must ask themselves:
can my research question, with the appropriate partnerships,
collaborations, and expertise, be validly answered using these
data? This contrasts with primary data collection scenarios,
where a priori research questions are typically posed before the
data are collected (e.g., survey items are included based on a
priori research goals, and the researcher does not know what
the responses will be). In the administrative data scenario,
the data have already been collected. As such, the focus
is on understanding the strengths and limitations of such
information and, after careful consideration, repurposing the
administrative data for addressing suitable research questions.

Administrative health data as a source of information
for research can be more desirable in some contexts than
others. The real-world reality of healthcare — characterized by
factors such as missed appointments, suboptimal continuity
of care, and persons not accessing healthcare care for certain
conditions — can bias inferences based on healthcare data.
For example, if one wanted to document the prevalence
of depression, one could use administrative health data to
measure recorded depression-related healthcare interactions
(e.g., based on International Classifications of Diseases [ICD]
diagnostic coding). However, because depression can go
undiagnosed, it may be under-captured in the healthcare data;
administrative data alone may underestimate the prevalence of
depression in a given sample of people [6]. Thus, a question
that can be more validly addressed with administrative
data would concern the prevalence of depression-related
healthcare interactions, which would implicitly acknowledge
that depression is underdiagnosed (or undiagnosed) in many
settings. Nevertheless, group differences in diagnosis as well
as healthcare access or care seeking behaviours have also been

documented. For instance, lower socio-economic level groups
and some ethno-cultural or immigrant groups may be less
likely to access healthcare for mental health and substance
use for various reasons [7, 8]. Additionally, observed trends
may also be biased by changes over time in the provision of
healthcare services, policy, and data coding standards, such as
in 2011 in the United States where the number of diagnostic
codes permitted in a hospitalization record increased from 9
to 25. This resulted in a higher number of comorbidities being
recorded in the healthcare data [9]. In summary, an overarching
challenge related to repurposing administrative data for
research is the lack of control over the timing, content, and/or
format of data collection [10, 11]: one can solely see the events
that resulted in a recorded healthcare system interaction. This
reality can evoke concerns about data quality, misclassification
(e.g., when defining analytic variables using algorithms), and
the usefulness of these data for research [12-14].

We believe that the concerns listed above are valid,
yet we assert that many concerns can be partly mitigated
via the pragmatic use of administrative data for research.
In this article, we present four key considerations derived
from experiences analyzing administrative health data (see
Table 1), chiefly in the context of the Canadian province of
British Columbia (BC). Many of the noted principles, however,
generalize elsewhere and in several instances represent what
are likely to be universal considerations. Although important
discussions on using administrative data for research exist [10,
15, 16], we believe this article provides a novel contribution
by discussing issues from the perspective of a researcher
engaging in epidemiologic research. From the outset, we wish
to emphasize the importance of multidisciplinary, team-based
approaches to applying these considerations, as having various
partners and collaborators with diverse areas of expertise,
research backgrounds, and lived experiences [17] is vital to
ensuring a more informed approach to epidemiologic research.

Consideration 1: Know the data and
their primary use

Given the absence of researcher control over data collection
processes for administrative data, and since research questions
are devised after data are collected, it is valuable to understand
data collection mechanisms and how their relation to the
primary use of the data can introduce challenges when
repurposing for research. Such an understanding also requires
an awareness of common misconceptions surrounding use
of administrative data in research [15]. As administrative
health data are collected for non-research purposes, a better
understanding of how and why they are collected (i.e., their
intended purposes, such as billing, planning, or administrative
aims), as well as which populations are included [15] can help
inform the validity, limitations, and generalizability of their
use for research. To help further such understanding, one may
consider asking of the data they intend to analyze: Why, when,
how, and for whom were they collected?

To illustrate one example about gaps in knowing one's
data, take the instance of the healthcare practitioner and
laboratory services billings dataset in BC (the Medical
Services Plan [MSP] Payment Information File). Published
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Table 1: Summary of considerations when using administrative health data for epidemiologic research

Consideration

Key points

Know the data and their primary use -

Understand  classification  and

Transform data into meaningful forms -

Recognize the importance of validity when -

defining analytic variables

coding -
systems —

Understand their scope

Appreciate their limitations, and formulate research questions
accordingly

Nuances of diagnostic code systems, versions, and the code values

Consider how version changes over time or between databases may
impact patterns

Value of pre-processing/cleaning

Case-finding and other identification algorithms can help provide
less biased classifications of cases, events, characteristics

Various factors can influence the validity of the approaches used
to identify cases/events/characteristics used in analyses

Useful to quantify the extent to which algorithms yield meaningful,
appropriate inferences for one's intended context

research papers, spanning various domains across many time
periods, occasionally describe this dataset as an “outpatient
physician” billings dataset despite the coverage being broader
— it also contains billings from non-physician healthcare
practitioners (including nurse practitioners) and medical
laboratory staff, and includes interactions from settings beyond
solely outpatient care, such as services provided by certain
practitioners in inpatient, emergency department, and medical
laboratory diagnostic facilities (16). This exemplifies a data
definition/description issue that may not be well publicly
documented but will be known by researchers/analysts familiar
with the data. Accessible, living documentation and metadata
that clearly describe data and related quality issues is thus
vital to support informed research using administrative data.

A better understanding of the overall data lifecycle —
including the systems, technologies, and steps involved from
data entry through to processing and finalizing the records
as they appear in one's research database is also useful to
better understand potential systematic quality issues with
administrative data. For instance, text in fields may be
truncated due to limits in data collection systems, special
characters may appear as implausible values, or decimal
places may be removed from codes that rely on such values
to correctly identify categories. For example, in Canada's
largest province, Ontario, only diagnostic code values of up
to three digits/characters are enterable in the healthcare
practitioner billings database [18]. In BC, decimal points
are stripped from ICD diagnostic codes in common datasets
(e.g., the MSP Payment Information File) and leading zeroes
can sometimes be added (by billing systems), which can
introduce uncertainty in ascertaining the original/intended
value (e.g., ICD-9 values 250: diabetes, and 0250: melioidosis
may be conflated if leading zeroes are introduced) [19].
Awareness of such data infrastructure contexts can thus help
ensure appropriate querying of the datasets representing the
healthcare interactions of large samples of people.

To improve understanding of the data, one small step can
be creating simple tabulations and visualizations of data fields
over time, as well as stratifications. Doing so can provide
clues of data changes warranting further investigation and
enable cross-referencing with other sources. For example, data
artefacts can occur whereby an apparent finding or change in
some pattern (e.g., a sudden increasing/decreasing trend in
prevalence of a condition) is the product of a data collection or
coverage issue. Examples that can create such false findings,
for example, include changes to the diagnostic classification
system over time (e.g., ICD-9 to ICD-10-CA in Canada's
Discharge Abstract Database [DAD]), the introduction of
newer fields to capture information previously unavailable,
or changes to the categories captured in existing fields. For
instance, the number of service locations in BC's healthcare
practitioner and laboratory services billings database have
expanded markedly over time from initially two categories
("Hospital” or “Physician’s Office”) to numerous settings
including inpatient hospitalization, emergency department,
outpatient office within a hospital, and healthcare practitioner
office (Figure 1) [20]. If unaccounted for, these changes can
pose substantial challenges when repurposing administrative
data for epidemiologic research and introduce artefacts
of spurious changes. Visual and tabular explorations of
administrative data can help broaden one's knowledge and
understanding of potential issues requiring attention.

While such descriptive examination of data over time and
across strata can provide some clues for further examination,
this approach is often, by itself, insufficient; data-driven
explorations and investigations should be complemented by
a deeper understanding of system and contextual factors that
may impact the observed data patterns. Administrative data
are typically linked with other datasets; for example, people’s
demographic information may be linked to prescription
medication data and hospitalizations. People may be missing
from the linkage, such as those whose personal healthcare
number, name, birthdate, and/or sex, are missing or invalid, or
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Figure 1: Longitudinal availability of service location categories for healthcare practitioner and laboratory services billings in British
Columbia, Canada (within the Medical Services Plan [MSP] Payment Information File)

Fiscal year

Service Location

1994] 1995[ 1996] 1997] 1998] 1999] 2000] 2001] 2002] 2003] 2004] 2005] 2006] 2007] 2008] 2009] 2010] 2011] 2012] 2013[ 2014] 2015] 2016] 2017] 2018] 2019] 2020

O - Physician's office

Retired Oct 2006]

A - Practitioner's office - in community
T - Practitioner's office - in publicly administered facility

H - Hospital

Retired Oct 2006

E - Hospital - emergency room (unscheduled patient)

| - Hospital inpatient

P - Hospital - outpatient

G - Hospital - day care (surgery)

R - Patient's private home

S - Community location, e.g. school, hall

Retired Oct 2006 |

Z - Other (i.e., accident side or in an ambulance)

D - Diagnostic facility

F - Private medical/surgical facility

C - Residential care/assisted living residence ‘

M - Mental health centre

Note. In 2006, service location became mandatory in MSP Payment Information Plan billings. In 2021, numerous additional codes
were added (in particular, the ‘A — Practitioner’s office - in community’ category has been split into numerous new codes).

when they do not consent to have their data linked [21]. More
fulsome discussion of linkage/non-linkage and its impacts on
data omissions can be found elsewhere, but is an important
point to consider with respect to who is, and is not, included
in an analytical research dataset [15, 22]. More broadly, one
should remain aware of how social determinants of health
can shape various aspects of the available data — throughout
various stages of the process from linkage through to the
presence and patterns of healthcare use observed. Health
system literacy, structural barriers, discrimination, and group-
based differences in healthcare use and access are all factors
that can shape the data available for a research study [7, 8.
For instance, in BC one indicator of low socio-economic status
is receipt of a subsidy for health insurance. One-quarter of
eligible (low-income) households did not, however, receive this
subsidy, since it had an opt-in policy [23]. This is but one
example of how social determinants of health — in this case
healthcare system knowledge and barriers — could shape the
type of information present in administrative data and thus
impact research findings.

Despite an individual researcher often having to work with
what already exists in the administrative datasets, some pitfalls
can be mitigated by having a data-informed understanding
of the data being used. Diligent consultation of existing
documentation by data providers [24], researchers/analysts
familiar with the data, healthcare practitioners whose services
are populated in the datasets, and publications or concept
dictionary repositories demonstrating application and use of
data [19, 25] are all worthwhile avenues to pursue to improve
understanding of this type of data source. Such knowledge
can help guide which analyses, derivations, and data uses are
appropriate under which circumstances.

Consideration 2: Understand
classification and coding systems

Related to the first consideration regarding knowing the data,
one specific aspect pertains to standardized classification and
coding systems; due to the complexity and centrality of these
systems, we believe a dedicated consideration is warranted.
These systems assign groupings or labels to characterize events

such as diagnoses, reasons for visits, and surgical interventions.
Hospitalization data typically include information about
healthcare interventions that occur during a person's stay
at a medical facility (e.g., typically, but not exclusive to,
a hospital), including surgical operations. Currently, the
classification system used in Canadian hospitalization data
comprises ~18,000 unique values [26], which demonstrate a
hierarchical format such that the first digit indicates a broad
intervention type (e.g., therapeutic, obstetric), and subsequent
characters delineate greater nuance (e.g., anatomic area,
technique/device used). Another key classification system
pertains to characterizing the reasons for healthcare use.
Classification of diagnoses and factors affecting healthcare
use is often conducted via the World Health Organization
(WHO)'s ICD system [27]. ICD diagnostic codes “form the
backbone structure of disease classification worldwide” [28].
Understanding the structure of this system, its versioning
over time (and country-specific modifications, like the -
CA, Canadian modification), is fundamental when leveraging
any datasets containing ICD codes. The ICD codes form
a nested hierarchical system that thematizes diseases and
events into groupings, and subgroupings (see Figure 2 for an
illustration). For instance, the ICD-10 (tenth revision) code
J45 — Asthma, is nested within the subgrouping: J45-J47 —
Chronic lower respiratory diseases, which is further nested
within the grouping: J — Diseases of the respiratory system.
The ICD system has undergone multiple revisions/updates
since its inception. Currently, ICD-9 (ninth revision) and
ICD-10 (tenth revision), and variants therein (e.g., ICD-10-
CA), appear in many healthcare database systems globally
[27]. Despite much overlap in fundamental goals, important
changes exist between these revisions: ICD-10 codes start with
a letter, whereas most ICD-9 codes are numeric; the former has
approximately 5 times more codes than ICD-9 [29]. The level
of detail has increased with newer versions. For instance, at the
broader, 3-digit level, substance use related ICD-9 codes (292 —
Drug psychoses, 304 — Drug dependence, 305 — Nondependent
abuse of drugs) do not specify the substance involved (except
alcohol: 291 — Alcoholic psychoses, 303 — Alcohol dependence
syndrome), whereas comparable codes in ICD-10 generally
denote the substance involved (e.g., Mental and behavioural
disorders due to use of... alcohol (F10), opioids (F11),
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cocaine (F14), hallucinogens (F16), tobacco (F17)) [30, 31].
As mentioned, modifications also appear, such as ICD-10-CM
(“clinical modification version”) in the United States, Canada’s
-CA (Canadian version), and Australia’'s -AM (Australian
modification) [32]. Such modifications introduce additional
codes, groupings, and complexities to address country-specific
needs [29, 32, 33]. Hence, knowing the classification systems
for core information pieces in the data — and versioning
changes — is becoming ever more important as international
studies (involving administrative health data from multiple
countries) continue to be published.

Appropriately querying ICD diagnostic
codes

There are many factors to consider when analyzing data
that contain ICD codes. First, the researcher should know
which ICD versions exist in a database to ensure queries are
appropriate. It is also important to understand version changes
across time and geography. Some ICD codes may only exist —
at all or to a certain level of detail — in particular regions
[27]. Temporally, version changes can impact the patterns
observed. For instance, BC hospitalization data in the DAD
database used ICD-9 and ICD-9-CM (United States version)
until April 2001 and thereafter switched to ICD-10-CA [33].
Some conditions were absent or specified in less detail prior
to this switch (perhaps because less was known clinically at
the time of the previous version), and it has been shown that
the transition may have introduced some relevant data-related
artefacts at the point of transition [33]. For example, the
transition to ICD-10-CA led to apparent (but likely spurious)
increases in occurrence of secondary diagnoses (those present
at admission) in BC [33], and differences in cause-specific
mortality rates in Canada [34]. Hence, understanding potential
time-varying artefacts introduced as the classification systems
change over time is important to avoid misinterpreting trends.

Another factor to note is inconsistency in diagnostic coding
data in health databases containing ICD codes. In some cases,
unofficial mixing of code versions can occur. For instance,
ICD-9 is the official version for BC's MSP database, but
occasionally some ICD-9-CM codes appear (e.g., ICD-9 lacks
codes specific to asthma exacerbation but ICD-9-CM has
one: 493.02 — Extrinsic asthma with (acute) exacerbation).
Although speculation, this may be why this particular ICD-
9-CM began to appear in what was “officially” an ICD-9-
based database. Hence, it could be useful to query both
possible versions to ensure better capture. Relatedly, due
to data entry errors or structural aspects of the datasets,
unofficial values, simply introduced by typographical errors,
may be included after codes (e.g., “J45" may appear as
“J453") [19]. For these reasons, a useful general rule can be
to query codes beginning with the values of interest, rather
than the exact value; this is occasionally denoted as, for
example, "J45*". Regardless, this should be investigated at
the exploratory analysis stage and the strategy for querying
data (based on diagnostic coding) be clearly articulated in
the methods section of a paper. The exact value may be
queried in cases where solely that exact diagnostic code is
of interest — and one wants to avoid potentially including

subtypes within. This choice is context-specific, indeed some
case-finding algorithms state which codes should be queried
‘exactly’ or ‘starting with" [35]. A further consideration is
that it may more pragmatic to query a higher/broader level
of diagnostic code (sometimes called a ‘parent code’) as it
may be that healthcare practitioners use ICD values at the
3-digit level rather than 4- or 5-digit level, as seen in the
BC context for the healthcare practitioner and laboratory
services billings [19] as well as some Canadian regions where
only 3-digit level ICD codes are entered in similar databases
[18]. Also, inclusion of unofficial, non-ICD values may occur
such as in BC's healthcare practitioner and laboratory services
billings dataset [36, 37]. For example, a case-finding algorithm
in BC for mood and anxiety disorders includes a region-
specific diagnostic code “50B — Anxiety/Depression” not
present in the official WHO ICD system [38]. Similarly, in
Canada a subset of urgent care-related ICD-10-CA codes
are included in the pan-Canadian emergency visit database
— The Canadian Emergency Department Diagnosis Shortlist
(CED-DxS) — with some modifications to the descriptions
and structure of the diagnostic code names [39]. Therefore,
knowing which diagnostic coding systems exist in one's data
is key to performing appropriate queries and transparently
described what was in fact done in the methods section of
a published study.

It is important to carefully select how diagnostic code
fields should be queried. For example multiple diagnostic
codes can be included within a single healthcare record
(e.g., in a hospitalization record) [40]. One should consider
whether all diagnostic code fields warrant being queried (to
ensure a broader/more sensitive capture) or if only certain
codes should be (to ensure consistency with an algorithm or
rationale). For many conditions, established code sets may
be available based on literature reviews, landmark studies,
or other documentation [41, 42]. These may represent useful
starting points for researchers attempting to ascertain which
diagnostic codes are relevant for their goals. Although this
section has focused primarily on ICD diagnostic codes, we
believe the principles of broadening one’s understanding of
the classification/coding systems and diligently considering
how to query such values can generalize to other diagnostic
and coding/classification systems (in other Canadian datasets)
and in other administrative health datasets around the
world.

Consideration 3: Transform data into
meaningful forms

The raw nature of administrative data can pose challenges
for individuals attempting to use these data for a
research project. These pitfalls include data quality issues,
a lack of adequate corroboration (e.g., diagnoses are
sometimes preliminary, pending further confirmation), multiple
billings/services associated with a single unique healthcare
encounter, and mistakes during data entry (including, but
not limited to, typographical errors), all of which can result
in misclassification bias [43]. Hence, raw administrative data
often require processing and cleaning before they are research-
ready [44, 45].
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A - Infectious-Parasitic
B - Infectious-Parasitic
C - Neoplasms!
D - Neoplasms(Q)

D - Blood-Immune
E - Nutritional

F - Mentall

G - Nervoust

H-Eye(D
H-Ear()
| - Circulatory(Q)
J - Respiratory ()
K - Digestive
L - Skind
M- Muscu}cske\elalo
N - Genitourinary Q)

J00-JO8 Acute upper respiratory infedionso
J09-J18 Influenza and pneumonia
J20-J22 Other acute lower respiratory infections
J30-J39 Cther diseases of upper respiratory tract
J40-J47 Chronic lower respiratory diseases(_)
J60-J70 Lung diseases due to external agents(Q)

J80-J84 Other respiratory diseases principally affecting the interstitium
J85-J86 Suppurative and necrotic conditions of lower respiratory Iract

J90-J94 Other dissases of pleura
J85-J99 Other diseases of the respiratory system

(C)J40 Bronchitis, not specified as acute or chronic

(1441 simple and mucopurulent chronic branchitis

()42 Unspecified chronic bronchitis

()443 Emphysema

OJ44 Other chronic obstructive pulmonary disease
(0445 Asthma

()46 Status asthmaticus

(C)J47 Bronchiectasis

Q- Childbirth

P - Perinatal

Q - Unclassified
R - Malformation

S=Injuy(Q
T - Injury
V - External-Causes
W - External-Causes
X - External-Causes
Y - External-Causes
Z - Factor-influencingQ)
U - SpedialQ

Based on ICD data from: https://github.com/holtzy/Visualizing-the-ICD10-Classification/ [73].

Effective data management and cleaning methods can
allow more meaningful use of data for epidemiologic
research. As an example, one method is processing data to
ensure redundant data are not included in analysis (e.g.,
cancelation/no-show encounters, or healthcare practitioner
encounters without direct patient contact). Depending on the
analytic use of these data, one may desire to retain these data
(as no-shows may incur billing or penalty fees) or one may
opt to omit them (as they do not reflect patient-practitioner
encounters) [46]. Other data processing considerations include
how to handle apparently erroneous, ambiguous, or impossible
events. Values that should follow a certain schema such as
fixed categories or approved diagnostic codes but do not follow
such systems should also be accounted for. As an example,
the Canadian Primary Care Sentinel Surveillance Network
applies various coding algorithms to healthcare practitioner
billing records including the diagnostic codes, transforming
the data into a standardized ‘coded’ version [18]. Another
instance is discordant indication of a person's status (e.g., one
source indicating a person had a death date, other sources
indicating healthcare contact therafter). This information
can be examined that can be examined and reconciled
appropriately as part of the data processing stage (e.g.,
discordance may indicate linkage errors). Some frameworks,
examples, and recommendations for reporting data quality,
cleaning data, and quality assurance exist [18, 47-49]. One
example is the Manitoba Centre for Health Policy Data Quality
Framework, containing five dimensions: accuracy, internal
validity, external validity, timeliness, and interpretability [48].
Appropriately cleaning and processing data can therefore be an
important step in ensuring administrative datasets are better
prepared for analysis.

In addition to processing/cleaning administrative data,
the dataset structure itself can also be a challenge
needing addressing in order to appropriately identify events
or characteristics. One example is the enumeration of
hospitalization readmissions based on raw data from the
standardized hospitalization database in Canada, which
captures interhospital transfers in separate records. This
could lead to misclassification of interhospital transfers as

readmissions, thus inflating this number [50]. An algorithm
can be applied that combines planned transfers into a
hospitalization episode of care, thus avoiding misclassification
of planned transfers as unplanned readmissions (see Figure 3)
50, 51].

A related example of benefits conferred by transforming
data is ascertainment of emergency department (ED) visits in
BC, where they are captured in multiple partially-overlapping
databases [52]. One can leverage ED-specific indications from
three databases — remaining mindful of duplication across
these sources [52]. These examples indicate scenarios where
it is more appropriate to apply algorithms or some criteria to
use a converted/transformed format of the data, rather than
the raw format of the data. Thus, processing, cleaning, and
applying algorithms/transformations to one's administrative
data can provide a more effective, research-ready database
and help mitigate potential information biases.

Consideration 4: Recognize the
importance of validity when defining
analytic variables

The building blocks of much administrative health data
research are derived analytic variables, used to ascertain
events, disease cases, or characteristics. Identification
algorithms are definitions/criteria used to identify diseases,
events, or characteristics — oftentimes classifying if a person
has a disease/condition based on a pattern of healthcare
use [53-55]. One example for identifying people with asthma
would be requiring one asthma-related hospitalization or two
physician encounters within a 24-month period [56]. This is
typically how one defines variables that can be used to, say,
define a study sample, define exposures, confounders, effect
modifiers, and/or outcomes in a given study [43, 57]. The
validity of inferences therefore depends on the appropriate
use of identification algorithms for a given research question.
Validity is often assumed but not always evidenced. Rather
than being a static property of a measurement (i.e., a piece
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Figure 3: Demonstration of how interhospital transfers can appear in raw hospital data and the concept of a hospitalization episode

of care

An interhospital transfer produces multiple rows

Raw data structure

June 3

X June3 B A

Admit | Discharge Hospital | Hospital
date date FROM TO

2 hospitalization records

Episode concept

Episode | Episode
start end

X Cune 1) Qune5)

1 hospitalization episode of care
(containing 2 records)

Note: This is a fictious example of an interhospital transfer between two hospitals, based on data structure in the standard Canadian

hospitalization record database.

of ‘data’), validity can be more holistically viewed as an
interaction between the measurement, the person, and the
context where the data occur [58]. Indeed, the validity of a
given assumption or inference can vary by characteristics of the
healthcare provider, the person receiving the care, geography,
and many other elements including time [59]. This is but one
hypothetical example that can compound across thousands
of healthcare practitioners, millions of patients, and tens of
millions of healthcare interactions, within administrative health
datasets. Since researchers need to define various concepts
using administrative data, the derivation of these concepts
is based on algorithms using information from healthcare
system interactions (such as diagnostic codes). Hence, the
validity of the inferences based on such algorithms depends
on the underlying data generating mechanism (e.g., healthcare
interactions, quality of data documented therein).

Threats to validity include issues of data quality and
coverage, which may vary depending on the source. For
instance, within most Canadian regions, virtually all acute
inpatient hospitalizations will be captured via a standardized
hospitalization database [60]. By contrast, in BC, healthcare
practitioner billings (which include outpatient interactions)
appear in two broad streams rather than a single source: fee-
for-service (FFS) and alternate payment plan (APP). FFS
billings are those provided in a model whereby there is a
payment associated with each fee item, and each encounter.
Thus, FFS-related healthcare practitioner encounters are,
relative to APP records, well-captured in BC. Conversely, in
the APP model, payment can take various forms including
salaried and capitation. Unlike with FFS where there is
a fee per each service provided, APP can, for example,
reflect a fixed payment amount based on roster size and
complexity. While the APP encounters that do appear in
BC's main healthcare practitioner billings database are entered

for record-keeping purposes rather than for reimbursement
of services (termed ‘shadow billings’) [61], not all APP
practitioners have their encounters captured in this database,
and coverage (of patient-practitioner encounters in the APP
model) can vary by specialty [61]. This scenario exemplifies
how healthcare administration payment models can impact
coverage and quality of data that are generated through
administering healthcare, thus potentially threatening the
validity of inferences based on secondary uses of these
data for epidemiologic research. Relatedly, misclassification
of certain measures may occur if data availability varies
across certain characteristics under comparison. For example,
in Alberta, Canada, unspecified stroke diagnostic codes were
more frequently used in rural hospitals than urban hospitals
(perhaps due to lack of specialty equipment/expertise) — so
ascertainment of an exposure or outcome based on these
codes could result in misclassifying certain types of stroke
[62]. In another example of geographic patterning of diagnosis
and healthcare use data in Alberta, time to breast cancer
diagnosis was found to vary substantially by health region of
residence [63]; it was hypothesized that such regional variation
could be due to lack of specialist healthcare resources such as
radiologists in more rural regions. Therefore, it is important to
understand whether varying healthcare coverage, over time, or
across different geographies, may have an impact on validity
when applying case-finding algorithms to define variables for
health research.

Validity in the context of case-finding
algorithms

A common challenge faced by researchers using administrative
data for epidemiologic research is identifying if a person has
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a condition, without a verified indication/reference standard.
For example, one may be interested in identifying a prevalent
asthma case in the absence of some confirmed indication
(e.g., no confirmatory laboratory result). In this instance, one
could apply a case-finding algorithm — a type of identification
algorithm, with criteria often bound by a time constraint
[64, 65] — to administrative health data to more validly
ascertain a person as having a condition. Multiple events,
such as physician encounters (usually in outpatient settings),
reflect corroboration/confirmation of an initial diagnosis with
subsequent confirmation(s) of that same diagnosis (hence,
in the example, two asthma-related encounters within a
24-month period) [56]. Thus, case-finding algorithms — if
supported by validity evidence and applied appropriately —
can help produce a less biased ascertainment of people with
a condition than using raw data. One caveat to note is
that the types and quantity of diagnostic/intervention codes
applied by service providers may be influenced by financial
incentives, a phenomenon termed “code creep”, or “upcoding”
particularly in the context of hospital care [66]. In particular,
incentives may impact patterning of diagnostic codes evident
in the data [67], and those diagnostic codes are often what
are relied upon when using administrative data for research
purposes.

Another key validation consideration for case-finding
algorithms relates to amount of time to lookback when
querying healthcare records. When applying algorithms to
query a database, one must decide which period of time
will be queried in the data. For instance, for ascertaining
asthma prevalence one may search ‘X' years prior to a given
date. Persons who have lived in a region (e.g., the province
of BC) for a longer time will naturally have more health
data available, and therefore have a longer ‘lookback’ window
than those with fewer years of data to query. Those with a
longer available follow-up time will likely have more healthcare
encounters and hence will be more likely to be ascertained as
a prevalent case than persons with only a minimal follow-up
time [68], a product of surveillance bias [11]. To help mitigate
this bias, a fixed lookback window may be applied when
ascertaining conditions to ensure all persons in an analysis have
an equal level of data to query (e.g., a set window of 5 years).
Further elaboration on impacts of lookback window length on
prevalence and incidence is available elsewhere [68]. Careful
consideration of the length of time to query when defining
variables from administrative data is therefore an important
validity consideration.

Evaluating validity evidence

Where possible, validated and context-relevant approaches
should be implemented, given that diagnostic code versions,
data availability, and healthcare use patterns can vary by region
[19, 32]. Using case-finding algorithms that are applicable
to the population of interest — for example in the same
country, sub-national region, and clinical population, would
be ideal. Validity evidence for case-finding algorithms is
typically determined by agreement between algorithm-based
classification of a case vs non-case and classification from
a reference (“gold”) standard (e.g., confirmatory laboratory
result for a clinical condition) [43, 57]. Two common metrics

yielded by this analysis are sensitivity (the proportion of
‘true’ cases identified by the algorithm) and specificity (the
proportion of ‘true’ non-cases identified by the algorithm) [43].
Several other metrics can also be computed, including positive
predictive values (PPV; the proportion of algorithm-classified
cases that are ‘true’ cases) and negative predictive values
(NPV; the proportion of algorithm-classified non-cases that
are ‘true’ non-cases) [69]. Such predictive values are termed
‘prevalence-dependent’ metrics as they yield biased values
unless the validation sub-sample has a disease prevalence
comparable to the population in which the algorithm is
intended to be applied [69]. Typically, there is a trade-off
in algorithm performance — an inverse relationship between
specificity and sensitivity. The research question should guide
which metric(s) to prioritize. Prioritizing sensitivity is useful
when ensuring a broad capture of a disease is important,
whereas prioritizing specificity may be apt when the goal is
minimizing false positives (see [64] for example). Although in
this section we have focused on validation in the context of
case-finding algorithms, it can be useful to note that validity
extends beyond this specific aspect of research leveraging
administrative health data. It is crucial to ensure valid
approaches are employed throughout all aspects from data
linkage [21, 22, 70], through to data processing [47, 48],
to the statistical analysis of the data (including efforts to
mitigate biases) [71, 72], and to the drafting, publication, and
knowledge translation of the findings.

Conclusion

We have highlighted numerous considerations garnered
through our experiences working with administrative health
data in a Canadian province, considerations which we
believe can help researchers better answer their research
questions. The strengths and limitations of administrative
data render it crucial to formulate research questions
(with appropriate partnerships, collaborations, and expertise)
that are suitable this paper, and beyond, can help guide
such formulations. The set of topics discussed is of
course not an exhaustive list, and readers should examine
the extent to which these considerations may apply (or
not) to their own contexts and datasets. We hope the
information shared herein will be valuable for newcomers
and experienced researchers alike who wish to ask reasonable
questions of administrative health data repurposed for
research.
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