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The Structured Process to Identify Fit-For-
Purpose Data: A Data Feasibility Assessment

Framework

Nicolle M. Gatto>>*, Ulka B. Campbellz’4, Emily Rubinstein’, Ashley]aksal, Pattra Mattox, Jingping Mo*

and Robert F. Reynolds™

To complement real-world evidence (RWE) guidelines, the 2019 Structured Preapproval and Postapproval
Comparative study design framework to generate valid and transparent real-world Evidence (SPACE) framework
elucidated a process for designing valid and transparent real-world studies. As an extension to SPACE, here, we
provide a structured framework for conducting feasibility assessments—a step-by-step guide to identify decision
grade, fit-for-purpose data, which complements the United States Food and Drug Administration (FDA)'s framework
for a RWE program. The process was informed by our collective experience conducting systematic feasibility
assessments of existing data sources for pharmacoepidemiology studies to support regulatory decisions. Used with
the SPACE framework, the Structured Process to Identify Fit-For-Purpose Data (SPIFD) provides a systematic process
for conducting feasibility assessments to determine if a data source is fit for decision making, helping ensure
justification and transparency throughout study development, from articulation of a specific and meaningful research
question to identification of fit-for-purpose data and study design.

BACKGROUND

Access to extensive and diverse real-world data (RWD) sources has
grown exponentially over the past decade.'™ Receptivity to using
RWD in real-world evidence (RWE) to complement clinical trial
evidence has simultancously increased, leading to more frequent
inclusion of RWD studies in regulatory and payer submission
packages,”” but with mixed success. Whereas particular thera-
peutic areas, such as oncology and rare diseases, have historically
utilized RWE, advances are being made to understand the optimal
settings for producing RWE fit for decision making by regulators,
payers, and health technology assessment agencies.'” Standards—
such as guidance documents, step-by-step processes, and templates,
developed to guide researchers on the design and conduct of RWD
studies—support validity and transparency, and ultimately bolster
confidence in RWE. These good practices cover the continuum'!
from articulating a clear rescarch question'” to transparency in

study conduct and reporting of results,"> "¢ and include consider-
ation of the hypothetical target trial,""” identifying confounders

121819 dentifyinga fit-for-purpose
21-27

by constructing causal diagrams,
design,'**” protocol development, and visualizing the study
design.”® A Structured Preapproval and Postapproval Comparative
study design framework to generate valid and transparent RWE

(SPACE) framework clucidated a step-by-step process for design-
ing valid and transparent real-world studies and provides templates
to capture decision making and justification at each stcp.12 The
structured template for planning and reporting on the implemen-
tation of RWE studies (STaRT-RWE) picks up where SPACE
leaves off, providing detailed templates to capture the final design
and implementation details (e.g., specific algorithms for each study
variable). Taken together, these peer-reviewed published good
practices provide structured processes and templates for fit-for-
purpose and justified study design, and transparent implementa-
tion. However, they exclude systematic processes for identifying
fit-for-purpose data. As an extension to SPACE, we developed a
step-by-step decision tool with templates to facilitate the identi-
fication, selection, and rationalization of fit-for-purpose RWD
sources. The Structured Process to Identify Fit-For-Purpose Data
(SPIED) tool was developed based on our experience conducting
systematic feasibility assessments to identify data fit to address
regulatory-related research questions using epidemiologic data
and methods in more than 100 studies (spanning all major ther-
apeutic areas and both pre- and postapproval studies), and reflect
the processes the authors (N.M.G., UB.C., E.R., .M., and R.ER.)
use in practice. To further illustrate the application of the SPIFD
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framework, we included two examples drawing from our research
experience in examining the effectiveness of inpatient treatments
for coronavirus disease 2019 (COVID-19) and postapproval preg-
nancy safety studies. We hope that sharing these tools will lead to
further improvement as they are applied more broadly.

WHY DO WE NEED SPIFD?

Although the published literature has expounded on the im-
portance of data selection and provided foundational “building
blocks” for fitfor-purpose data sources, recommendations are
often broadly worded and lack comprehensive operational pro-
cesses or decision aids to support systematic data selection.”®
SPIFD fills this gap by operationalizing the principle of data
relevancy articulated within frameworks from the FDA and the
Duke Margolis Center for Health Policy. The Framework for
the FDA’s Real-World Evidence Program—and the recently re-
leased draft FDA guidance document on “Assessing Electronic
Health Records and Medical Claims Data To Support Regulatory
Decision-Making for Drug and Biological Products”—emphasize
two “fitness for use” characteristics for data: reliability and rele-
Vancy.s’29 Generally, data are considered “reliable” if they represent
the intended underlying medical concepts and thus are considered
trustworthy and credible; data are “relevant” if they represent the
population of interest and can answer the research question in the
clinical context of interest (Figure 1).”~!

The assessment of data source reliability and relevance is an im-
portant activity underlying study-level feasibility assessment. The
Duke Margolis Center for Health Policy provides a high-level
framework for evaluating these aspects (Figure 1), and proposes
a minimum set of verification checks to ensure RWD reliabil-
ity.30 Data reliability is demonstrated through quality control and

“Should | use this data?”

Fit-for-use RWD

Is this data
high quality?

Can this data answer
my research question?

Data
reliability

Data
relevancy

Quality conftrol
and assurance

Duke Margolis

assurance checks of its validity, plausibility, consistency, confor-
mance, and completeness and through an evaluation of how the
data was collected.*® For example, patient weight data is considered
plausible if it contains a believable range of values and is consistent
if these values do not show abnormal variability over time. Data
collection must also conform with predefined rules of the data-
base (e.g., weight is entered in kilograms). When using SPIFD,
we recommend researchers document the purpose and origin of
data; have access to data dictionaries and counts and proportions
of completeness for key variables in the raw data; understand the
chronological record of data flows, including adjudication proce-
dures; and confirm data extracted for analytic purposes is archived
and accessible for additional analyses and replication. This infor-
mation will be available through peer-reviewed publications or
from data owners as standard operating procedures for data and
quality management. For studies of the effectiveness or safety of
medical products intended to support a regulatory decision in the
United States, researchers should also consult the new FDA draft
guidancc.29

W anticipate that most commonly used commercially available
real-world datasets, established national registers, and disease or
condition registries meet data reliability standards. However, there
may be cases—as during the COVID-19 pandemic—where data
sources with unknown or imperfect reliability might need to be
considered for use; the reliability of such new or novel data sources
should be scrutinized based on existing recommendations.””°
Establishing data reliability is a necessary first step to identify can-
didate data sources that are then vetted within SPIFD.

Data relevancy is demonstrated if the data captures key data
elements of the research question (e.g., exposure, outcome, and
covariates), and has sufficient patients and follow-up time to

“Can | access this data?”

Data access

Can |l access
this data in time?

Are the contracting
terms feasible?

Contracting

logistics

SPIFD

Fit-for-use RWD figure from: Duke Margolis Characterizing RWD Quality and Relevancy for Regulatory Purposes
and Duke Margolis Determining Real-World Data’s Fitness for Use and the Role of Reliability

Figure 1 RWE decision support: data questions. RWD, real-world data; RWE, real-world evidence; SPIFD, Structured Process to Identify Fit-For-

Purpose Data.

CLINICAL PHARMACOLOGY & THERAPEUTICS | VOLUME 111 NUMBER 1 | January 2022

123



REVIEW

. . . . .31
demonstrate the impact of the intervention under 1nvc:st1gat10n.3

Unlike data reliability, which focuses on the trustworthiness and
credibility of the data, data relevancy is more research question
specific and requires in-depth, systematic assessment of data
sources against the needs of the study. A previously published re-
view of RWE recommendations and guidance documents noted
the need for a step-by-step process that operationalizes assessment
of data fitness—for—purpose.28 Whereas a more recent article,”” re-
flects a similar approach (e.g., provides a step-by-step process), it
focuses on oncology data assessments (and can be used in parallel
to SPIFD for oncology-related assessments), and does not provide
templates or a decision process. Furthermore, the existing litera-
ture on data feasibility assessment often omits logistical data ac-
cess issues confronting researchers and decision makers.>* For
questions about medicine effectiveness and/or safety intended
to inform regulatory or payer decisions, researchers must often
work within timeline constraints; thus, assessing contracting lo-
gistics, time to data access, and time to complete the analysis are
important considerations when selecting a data source to provide

RWE to decision makers. The SPIFD framework to identify fit-
for-purpose data builds on the Duke-Margolis Framework by
providing a step-by-step process to assess both data relevancy and
operational data issues (Figure 1), complementing the SPACE
framework and transparently completing the full process of study
design and documentation (Figure 2). SPIFD fills an identified
gap by articulating a step-by-step process and providing a decision
tool for researchers to justify data selection to decision makers.?
SPIFD allows consideration of all types of (structured and un-
structured) secondary data collected for insurance claims, elec-
tronic health records, population or disease registries, as well as
hybrid data sources that merge secondary data with primary data
collection. By specifying key variables and their operational defi-
nitions prior to initiating research, SPIFD also enables sensitiv-
ity analyses for treatment, confounder, and outcome definitions
to be prespecified and rationalized. Data access is included to
ensure that the answer to the research question can be achieved
in a timely manner that meets clinical, public health, or decision
maker needs.

SPACE STEPS 1-3 SPIFD STEP 1

Research question Operationalize
and rank minimum

criteria variables

Causal diagram
Minimum criteria

sources

SPIFD STEP 2

Identify and
narrow data

\

SPIFD STEP 3 SPACE STEP 4

Conduct detailed
feasibility
assessment

Answer questions
in SPACE flowchart

Use the SPACE
framework to
arficulate research
question and
design elements
(considering
hypothetical fargef
trial), draw a causal
diagram, and specify
the requirements
or minimal criteria
to validly capture
design elements.

SPACE TABLES 1+ 2

Using the SPACE
minimal criteria list,
operafionalize the
requirements

(I/E criteria for target
population, cohort
size, etc.).

Identify the most
important and/or
difficult to achieve
requirements;
rank remaining
requirements.

SPIFD TABLE 1

Determine if at least
one database exists
that encompasses
requirements; if noft,
consider loosening
or refining the
minimum criteria.

Narrow data source
options based on
your ranked
requirements. This
step is iterative.

Template or tool

SPIFD FIGURE 3

Using narrowed list of
datfa sources, conduct
detailed feasibility
assessment.

Complete known
(in-house) or unknown
(solicited from data
vendors) feasibility
information using
table template.

Identify FFP data
source(s).

SPIFD TABLES 2

Use SPACE flowchart
to determine whether
fo conduct a frial or
observational study.

SPACE FIGURE 6

Figure 2 Overview of combined SPACE and SPIFD frameworks with templates and tools for documentation. Note: SPACE tables 1 and 2, and
figure 6 are from Gatto et al.*2 SPACE, Structured Preapproval and Postapproval Comparative study design framework to generate valid and
transparent real-world Evidence; SPIFD, Structured Process to Identify Fit-For-Purpose Data.
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HOW SHOULD SPIFD BE USED?

The SPIFD framework is intended to be used between steps 3
and 4 of the SPACE study design framework (Figure 2). Prior
to the development of a study protocol or analytic plan, we rec-
ommend researchers use the SPACE framework to (i) articulate
the research question and design elements considering a hypo-
thetical target trial,'” and operationalize the design elements for
pragmatic, real-world capture; (ii) draw a causal diagram for each
treatment (vs. comparator)-outcome dyad to identify potential
confounding variables; and (iii) specify the required minimal
criteria needed to validly capture the key design elements (e.g.,
variables need to capture the study population, treatment and
comparison groups, outcomes and confounding variables, the

required sample size, etc.; Table 1). The compiled list of mini-
mum criteria needed to validly capture each study design element
from SPACE step 3 serves as a launching point for the SPIFD
data feasibility assessment, as described below. Note that the
SPIFD framework can be used as a standalone tool with other
study design frameworks if the minimal validity criteria for each
study design element are specified.

Step 1: Operationalize and rank minimal criteria required to
answer the research question

In SPIFD step 1, the user ranks the minimal criteria identified
in SPACE step 3 by importance (and if known to the researcher,
by how difficult that criterion is to achieve). Table 1 provides an

Table 1 SPIFD step 1 (extension to SPACE step 3): Further operationalize and rank minimal criteria for valid capture

ascertainment)

Rank for
. . Lo . Operationalization of minimal criteria for | uniqueness
Row Design element Operationalization of definitionsa .
valid capture? (and
importance)b
1 Study population Inclusion criteria Minimum cohort size
(inclusion and e (riterion 1 Data elements needed for:
exclusion criteria) o . Inclusion criteria
= e Criterionn e Criterion 1
& Exclusion criteria °
2)
‘;_ e Criterion 1 o e Criterionn
9 o % Exclusion criteria
:ﬁ e Criterionn w e Criterion 1
(&) o ° DA
< < . s
o o e Criterion n i)
2 Treatment/Exposure » VE‘ Data elements needed g
group g ° Minimum number L
3 Comparator "_; ; Data elements needed %
group(s) g _g Minimum number
4 Primary outcome s g Data elements needed
efinition inimum baseline ris
(definition & Q Minimum baseline risk
ascertainment)
5 Key secondary Data elements needed
outcome(s)
(definition &

6 Length of follow-up
and data recency

Minimum follow-up
Maximum lag

7 Confounding
variable 1

Data elements needed

Derived from

' ' SPACE Step 2b
N Confounding

variable N

SPACE, Structured Preapproval and Postapproval Comparative study design framework to generate valid and transparent real-world Evidence; SPIFD, Structured

Process to Identify Fit-For-Purpose Data.

@Refine and/or add detail as needed to fully operationalize definitions. PWhere relevant and known to the researchers.
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extension of the SPACE tool to document the operationalization
of each study element and its minimal requirement(s), and the
requirement rankings. At a minimum, clear definitions or algo-
rithms for each study element (Table 1, SPACE steps 1c and 1d)
and cach potential confounding variable (Table 1, SPACE step
2b), should be documented, along with the minimal requirements
needed to capture these (Table 1, SPACE step 3). For example, the
eligibility criteria in an oncology study often require the Eastern
Cooperative Oncology Group (ECOG)**¥ scale of performance
status to define the study population (e.g., for inclusion, patients
must have an ECOG score less than or equal to 2). To evaluate
cach patient against this criterion, ECOG is needed for each pa-
tient under consideration. Thus, in this example, complete cap-
ture of ECOG at treatment initiation is a minimal requirement.
Typically, the minimal criteria include:

o Key data elements (i.c., variables required at the dataset level)
needed to apply the inclusion/exclusion criteria and define
treatment(s), outcomes, and key potential confounders

¢ Geographic region(s) of interest

e Minimum cohort sample size

e Minimum baseline risk (i.c., within the comparator group) of
the outcome of interest

minimum criteria be

e Minimum length of follow-up

Additional considerations when operationalizing the minimal
criteria include maximum thresholds for missingness within the
data (i.c., at the patient level), data recency considerations, and
minimum size of any key subgroups (e.g., those needed for primary
or secondary objectives). For example, if a primary outcome defini-
tion relies on laboratory confirmation of a diagnosis, the researcher
should consider the extent of missing laboratory results allowable
(within the population of interest) to still consider the scudy results
interpretable.

Once the minimal requirements are fully operationalized and
documented, we recommend ranking the list for importance.
Experienced researchers should also consider the “uniqueness”
of the requirements in the ranking, prioritizing key requirements
that are “atypical” (i.c., not commonly found in existing secondary
datasets) but critical to meet the objectives of the study (Table 1,
SPIFD step 1). We find that assigning a high rank to critical, but
atypical elements (where relevant) allow us to most efficiently
narrow the field of data sources for more detailed assessment (see
step 2 below). ECOG score,® for example, is not readily avail-
able in secondary data sources. Thus, complete ECOG score cap-
ture would be ranked high since it is both critical and difficult

Can you supplement
secondary data
with primary data
collection (conduct
a hybrid study)?

Can any of the

~N—

loosened (without
harming validity)?

Consider full
primary data

collection or revisit
research question

Narrow universe of data sources to those that meet
the next most highest ranking criteria from SPIFD STEP 1.

ITERATE AS NEEDED

Figure 3 SPIFD step 2:

126

STEP 2A
Identif Is there at least
e, y one data source in
UNIVEISE the tfarget population
of data (of sufficient reliability) that
sources meets SPIFD STEP 1 highest
ranking criteria?
4
N
¢
STEP2B e o
N Is there a manageable
GO number of data
datfa sources for detailed NN
sources feasibility assessment,
e.g., < 5 data sources?
STEP3  ireeeeeeeseeessMeri g
Conduct Conduct detailed feasibility assessment on
feasibility candidate data sources & tabulate responses.
Lo E=3 1Y 1] 0 1T ) P

Identify and narrow data source options. SPIFD, Structured Process to Identify Fit-For-Purpose Data.
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to find. The same oncology study may also require the Response
Evaluation Criteria in Solid Tumors (RECIST)38 asa primary out-
come to evaluate a patient’s tumor response to treatment, requiring
aRECIST variable in the dataset (or x-rays, computed tomography
scans, or magnetic resonance imaging scans results to calculate the
score); this attribute would likewise be ranked high. Such ranking
allows us to identify “must-have” characteristics and variables, and
immediately rule out (in SPIFD step 2) data sources without these
key clinical characteristics.

Step 2: Identify and narrow down data source options

The overall aim in SPIFD step 2, is to narrow the universe of po-
tential data sources to a manageable number for full feasibility
assessment. The flow chart in Figure 3 provides a decision aid to
support the researcher’s thinking in identifying candidate data
sources. In step 2a, the researcher answers the question “Is there
at least one data source in the target population (of sufficient reli-
ability) that meets SPIFD step 1 highest ranking criteria?” If the
answer is “no,” the researcher needs to consider whether any of the
definitions of the minimum criteria can be loosened or adapted
without unacceptable sacrifices to validity. Revisiting the ECOG
oncology example, perhaps (hypothetically) ECOG score is avail-
able for 85% of relevant patients in a particular data source, and
the researchers can argue that the 15% of patients with missing
ECOG score are not notably different (in terms of baseline char-
acteristics, on average) from the patients with an ECOG score. In
this case, missing ECOG scores could potentially be added as an
exclusion criterion and prespecified sensitivity analyses testing the
potential impact of this exclusion could be considered (e.g., adding
those patients back into the cohort, making the assumption that
all those with missing EGOC scores would have met the study
inclusion/exclusion criteria). If the operational definitions cannot
be altered, the researcher should consider whether any of the sec-
ondary data sources can be supplemented with targeted data col-
lection as part of a hybrid study design (e.g., chart review to collect
ECOG score for patients missing this measure in their electronic
health record) to meet the highest ranking criteria. If the answer
is still “no,” the researcher should return to SPACE!? step 4 to con-
sider whether there is an analytic approach that might address the
validity concern.

Analytic approaches, such as imputation (e.g., extrapolation
based on prediction), can occasionally be used to meet a critical
requirement. For example, imagine the design of a breast cancer
study needed for regulatory decision making in which hormone
receptor status was a must-have variable needed to define the
population of interest. The researcher may identify a data source
in which most criteria are met except hormone receptor status is
available in only a subset of patients. Using predictive modeling,
it may be possible to impute the hormone receptor status for the
remaining patients. This approach has been successfully used pre-
viously.39 In our experience, use of these analytic methods requires
agreement with the decision makers prior to implementation. In
cases in which no analytic approach can be used to address a key
validity concern, the SPACE framework advises the researcher to
consider a primary data collection-based study or revisit the re-
search question.1
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If the user answers “yes” to any question in SPIFD step 2a, they
can move to step 2b, considering the question “Is there a manage-
able number of data sources for detailed feasibility assessment?”
Because detailed feasibility assessment can be time-consuming
and may have associated costs, we generally suggest narrowing the
list of data sources to no more than 4-5 before moving on to step
3. Thus, SPIED step 2b is intended to be an iterative process, al-
lowing the user to consider the next lower ranked criterion(a) as
needed to further narrow the list of potential data sources. We typ-
ically find that focusing on the top 1-3 ranked criteria is sufficient
to narrow the data sources for further consideration. Once the user
has a manageable number of candidate data sources (e.g., < S data
sources), the user can begin conducting the detailed data feasibility
assessment in SPIFD step 3.

Step 3: Conduct detailed data feasibility assessment

The goal in SPIFD step 3 is to gather the necessary details
for each candidate data source in order to make an informed
and justifiable decision for database selection. The template
(Table 2) can be used to document the candidate data sources
(column headers), the specific data needed to assess each com-
ponent of minimal criteria from Table 1 (rows), and the details
about each data source (cells). In addition to the requirements
listed in Table 1, the researcher should add rows to Table 2 to
capture other important logistical information, such as time to
contract execution, time to data availability, and frequency of
data refreshes, and at times, cost to acquire or access the data. In
some cases, these considerations will be critical (e.g., to meet an
imposed regulatory deadline for submission of final results) and,
in other cases, the information may be used as additional consid-
erations when selecting among equally ranked data sources that
meet the needs of the study. The SPIFD process is not intended
to weigh the benefits of each data set in relation to its cost (i.e.,
it is not a cost-benefit analysis). Instead, SPIFD focuses on a pro-
cess to outline how well the dataset meets the needs of the study
question and logistical considerations where cost (which does
not need to be considered if there are no budget constraints) is
only one component.

Data source information can be collected in a variety of ways.
Users may be able to complete some information based on existing
data dictionaries, previous experience, using previously published
studies and other online information, or by soliciting information
from colleagues familiar with the data source. In our experience,
identifying fit-for-purpose data often requires specific estimates
and queries of the data. Note that data dictionaries typically indi-
cate whether the data elements are available in the data, but rarely
include the completeness of that data element or information on
data transformations. For proprictary and unlicensed data sources,
the user will need to request information directly from the data
owner or institution (e.g., university, government body, or non-
governmental organization), which often requires a contract and
payment. Thus, for key data elements, we suggest conducting que-
ries or requesting specific counts, estimates of risk, and/or percent
of missingness from data owners; asking about data transforma-
tions or masking of information; and, for linked data sources (e.g.,
medical claims linked with laboratory results), asking detailed
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Table 2 SPIFD step 3: Conduct detailed feasibility assessment of candidate data sources

Data Data Data source Data
Row Design element Requested information source 1  source 2 3 source 4
1 Study population (inclusion Availability of needed data elements
and exclusion criteria) for each inclusion and exclusion
criteria
Cohort size
2 Treatment/exposure group Availability of needed data elements
Number of newly treated
3 Comparator group(s) § Availability of needed data elements
9 Number in comparator
4 Primary outcome (definition 2 Availability of needed data elements
and ascertainment) .g Risk of outcome in comparator
©
5 Key secondary g Availability of needed data elements
outcome(s) (definition and &2 Risk of outcome in comparator
ascertainment) E
6 Length of follow-up and data '::; Minimum, maximum, median follow-
recency 2 up time
g Data lag time
:‘é Frequency of data refreshes
7 Confounding variable 1 o Availability of needed data elements
©
°
@
N Confounding variable N

Data access considerations

Timeline

Time to data access

Time to analyze data

Contracting logistics Cost

Time to fully execute contract

SPIFD, Structured Process to Identify Fit-For-Purpose Data.

questions about the extent of overlap. For sources held “in-house,”
researchers can conduct their own data queries, allowing for greater
efficiency.

When starting step 3, some of the key information (i.c., the in-
formation ranked highest and used in the narrowing process), will
already be known and all sources under consideration will meet
these requirements. However, we recommend including this infor-
mation in Table 2 to keep all feasibility information in one place
and to allow capture of more nuanced information, such as com-
pleteness of a data type (e.g., a particular laboratory result). When
needed, template Table 2 can be used to facilitate data requests
by providing the data vendor with a truncated version of Table 2
that includes the rows only; other data sources and any other sen-
sitive information can be removed. The researcher can combine
responses for cach data source for a side-by-side evaluation.

The completed Table 2 can be used to evaluate and compare the
data sources, identifying any data source(s) that meets the needs of
the study. For communication with internal and external stakehold-
ers about this decision-making process, we find a heat map to be a
useful illustration tool. Template Figure S3 converts Table 2 into a
heat map to visually identify the fit-for-purpose data source. To do
this, the user ranks each cell of Table 2 from 0 (i.e., does not meet
study requirements) to 5 (i.c., many/nearly all data requirements
met). To aid communication, we also recommend the user provide
a Consolidated Standards of Reporting Trials (CONSORT)-like

diagram showing the total number of data sources considered, how

128

many were included/excluded based on each ranked criterion from
Table 1, and the final list of data sources included in the detailed
feasibility assessment (see Figure 4).

ILLUSTRATIVE EXAMPLE 1. COVID-19 TREATMENT STUDY
The SPIFD framework was (prospectively) applied to identify
fit-for-purpose data for a recently initiated COVID-19 treatment
study (NCT04926571)% developed under a research collabora-
tion between Aetion and the FDA. In June 2020, the RECOVERY
Collaborative Group published preliminary findings based on a
randomized clinical trial conducted in the United Kingdom that
demonstrated a significant reduction in 28-day mortality among
hospitalized patients with COVID-19 treated with dexametha-
sonc41; however, these results have not yet been confirmed in rou-
tine care in the United States.

ILLUSTRATIVE EXAMPLE 1. SPACE STEPS 1-3: RESEARCH
QUESTION AND MINIMUM CRITERIA

The specific research question of interest (SPACE step la) is
whether treatment with dexamethasone among US patients hos-
pitalized with COVID-19 diagnosis or severe acute respiratory
syndrome-coronavirus 2 (SARS-CoV-2) infection reduces the
risk of inpatient mortality within 28 days, overall and stratified
by COVID-19 severity subgroups.40 This study secks to emulate
a hypothetical target trial (SPACE step 1b) of US hospitalized pa-
tients with COVID-19, with randomization to dexamethasone (+
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All potential data sources for
target population
N=14

[

e No inpatient/hospitalized data (n=6)
e N < 5,000 COVID-19 patients (n=4)

|
At least 5,000 hospitalized
COVID-19 patients required
(Inpatient / hospitalization data)
N=8
[

[not mutually exclusive, removed 6 in
total]

[

[

Data sources with mortality data
N=5

[

‘ No mortality data (n= 3)

No inpatient / hospitalization data linked

I

Data sources with day-level
information
N=3

Candidates for detailed
feasibility analysis
1. Data source #1
2. Data source #2
3. Datasource #13

with outpatient data (n=2)

Figure 4 Case Example 1: SPIFD step 2 prospectively applied to COVID-19 treatment study. COVID-19, coronavirus disease 2019; SPIFD,

Structured Process to Identify Fit-For-Purpose Data.

routine care) or non-corticosteroid routine care, to compare the
risk of 28-day inpatient mortality. Initial definitions were devel-
oped and documented for all study design elements (SPACE steps
Ic + 2b; Table 3). The minimal criteria (SPACE step 3; Table 3)
included inpatient data (inclusion criterion to identify the cohort
of interest), with at least N = 5,000 hospitalized patients (to en-
sure adequate sample size to meet the study objectives after apply-
ing all inclusion/exclusion criteria), laboratory results (to identify
patients missing a diagnostic code but tested positive or presumed
positive for COVID-19), inpatient hospitalization data linked
with outpatient data (to apply a look back period for applying ex-
clusions and defining confounding variables), near complete age,
sex, and region (needed for risk-set sample matching comparator
with treated patients), day-level (i.e., the associated date includes
the day, month, and year), inpatient prescription data (to define
the treatment and comparison groups), inpatient mortality data
(to define the outcome variable), day-level outpatient and inpa-
tient diagnosis codes (to define confounding variables), and day-
level inpatient procedure codes (to define the key subgroup).

ILLUSTRATIVE EXAMPLE 1. SPIFD STEP 1:
OPERATIONALIZE AND RANK REQUIREMENTS

After refining the study design clements (to ensure cach cle-
ment was operational) and the minimal criteria from SPACE
step 3 (Table 3), we identified criteria that were critical and/
or not readily available in RWD. We then ranked these criteria
from 1-7 (Table 3). We ranked the criterion needed to identify
the study population highest to ensure we could capture a suf-
ficient number of hospitalized patients to meet the study objec-
tives. Inpatient mortality data was ranked second because these
data are needed to define the primary outcome. We ranked linked
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inpatient-outpatient data third because the outpatient data were
needed to apply exclusion criteria and for confounding control.
Although the exact order of these rankings is subjective, consid-
eration of these three criteria allowed us to sufficiently narrow the
data sources for detailed feasibility assessment.

ILLUSTRATIVE EXAMPLE 1. SPIFD STEP 2: IDENTIFY AND
NARROW DATA SOURCES

In step 2a, we started with identifying 14 data sources that in-
cluded our US-based confirmed COVID-19 target study popula-
tion and could be accessed in a timely fashion (Figure 4). Then, to
narrow this list, we sequentially applied the highest ranking min-
imal criteria (e.g., study cohort of at least 5,000 hospitalized pa-
tients with COVID-19, mortality data, and inpatient data linked
with outpatient data) (Figure 4). This left us with three candidate
data sources that appeared to contain the highest-ranking criteria.

ILLUSTRATIVE EXAMPLE 1. SPIFD STEP 3: CONDUCT
DETAILED FEASIBILITY ASSESSMENT OF CANDIDATE DATA
SOURCES

For the remaining three data sources, we then conducted a de-
tailed feasibility assessment (completing the Table 2 template)
by consulting with the data vendors and reviewing detailed data
dictionaries. Gathering detailed information, such as the counts
of hospitalized patients with COVID-19 and baseline risk of mor-
tality, for each data source was an iterative process. Due to the rap-
idly evolving clinical and epidemiologic landscape of COVID-19
at the time, this process was challenging. In order to proceed in a
timely manner, we captured the available information at the time,
but with the understanding that key estimates (c.g., baseline risk
of mortality) would likely change over the course of study design,
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Table 3 Case example 1: SPIFD step 1 applied to COVID-19 treatment study

Minimal criteria for valid

Rank for importance

Row Design element Operational definition capture (uniqueness)
1 Study population Inclusion criteria: At least 5,000 hospitalized 1
(inclusion/exclusion Hospitalized patients with confirmed COVID-19 patients with COVID-19
criteria) (ICD-10 diagnosis: UO7.1 or positive or presump- required (inpatient/
tive positive SARS-CoV-2 diagnostic laboratory hospitalization data)
test results) Lab results to identify
additional COVID-19
positive patients
Exclusion criteria: Inpatient data linked with 3
No (healthcare related) activity in the 183 day outpatient data 4
baseline period Near complete age, sex,
Missing age, sex, or region on the hospital region data
admission date
Any record of a COVID-19 vaccine on or any time
prior to the treatment index date
Patients with prior systemic corticosteroid (CSI)
use within the 90-day washout period prior to
the treatment index date
2 Treatment group New use of systemic dexamethasone (DEX+), Day level inpatient 5
defined with procedural codes (CPT, HCPCS, prescription data
hospital charge codes for corresponding text
strings, and NDC codes)
3 Comparator group Non-users of CSls (risk-set sample matched to Day level inpatient 5
treated at treatment initiation) prescription data
4 Primary outcome(s) Inpatient mortality over a 28-day period sourced Inpatient mortality 2
from discharge status field (“expired”)
5 Key secondary Not applicable Not applicable
outcome(s)
6 Length of follow-up and 28 days 28 days minimum
data recency
7 Confounding variables For example: Baseline and pre-treatment Day level outpatient (for 6
comorbidities baseline period) + inpatient
(for pretreatment period)
diagnosis data
8 Key subgroups COVID-19 related severity per modified version of mWHO COVID-19 severity 7

WHO ordinal scale (MWHO), defined as no oxygen,

(procedures on the day level)

any 0,/NIV, IMV, composite of any O,/NIV or IMV

COVID-19, coronavirus disease 2019; CPT, current procedural terminology; CSlI, corticosteroid of interest DEX+, dexamethasone; HCPCS, healthcare common
procedure coding system; ICD-10, International Classification of Disease-10th edition; IMV, invasive mechanical ventilation; MPRED+, methylprednisolone;
mWHO, modified version of WHO ordinal scale; NDC, national drug code; NIV, non-invasive ventilation; O, = oxygen; SARS-CoV-2, severe acute respiratory
syndrome-coronavirus 2; SPIFD, Structured Process to Identify Fit-For-Purpose Data.

requiring updating prior to implementation. High-level summary
of the data feasibility assessment across all three data sources is pre-
sented in Table S1, along with our heat map (Figure 5). Table S1
allowed us to critically weigh both study design and logistical con-
siderations and narrow our final choice to a single fit-for-purpose
data source (data set #1). The heatmap version (Figure 5) was used
to communicate our final data source selection to internal and ex-
ternal stakeholders. One limitation of our chosen data source was
the lack of day-level inpatient diagnosis information; however, we
determined this trade-off was acceptable given the availability of
day-level diagnoses in the outpatient setting, at hospital admission
and discharge, as well as the high ranking of other database at-
tributes, such as day-level prescription data, near-complete demo-
graphic data, and low barriers to timeline and contracting logistics

(Figure 5).
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ILLUSTRATIVE EXAMPLE 2: VARENICLINE PREGNANCY
STUDY

To further illustrate using the SPIFD framework to identify fit-
for-purpose data, we describe the feasibility approach for a safety
study of varenicline exposure during pregnancy. Varenicline is a
prescription aid for smoking cessation treatment. This study was
initiated as a commitment to the FDA shortly after product ap-
proval in 2006 to evaluate adverse pregnancy and birth outcomes
in women exposed to varenicline during pregnancy.42 Although
this study followed an carlier version of the SPIFD data source
feasibility assessment approach, this study (among many others)
informed the subsequent development of the SPIFD templates.
To illustrate the application of the SPIFD framework, we have
retroactively completed SPIFD steps 1-3 (refer to Tables S2, S3,
Figures S1, S2).
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Study characteristics
and considerations

DESIGN ELEMENTS

Data
source #1

Data Data
source #2 source #13

Study population
(inpatient/hospitalization data)

» Lab resulfs to identify additional COVID-19 patients
» Inpatient data linked with outpatient data
* Near complete age, sex, region dafta

Treatment/exposure » Day-level prescription data
and comparator

group(s)

Primary outcomes  Inpatient mortality

Length and frequency - 28 days minimum

of follow-up » Frequency of data refresh

Confounding » Day-level outpatient and inpatient diagnosis data
variables

Key subgroups » Day-level procedure data (mWHO COVID severity)

DATA ACCESS CONSIDERATIONS

« Atleast 5,000 hospitalized COVID-19 patients

Timeline » Time fo fully executed contract
» Time fo data access
« Time fo analyze

Contracting logistics - Time to fully execute contfract

FINAL DATA SOURCE SELECTION

LEGEND
5 = Many/nearly all data requirements met

4 = Several data requirements mef

3 = Likely that several data requirements are mef but requires further investigation

2 = Some data requirements met or unable to assess at this time

1= Data requirements not met

Figure 5 Case Example 1: SPIFD step 3 heatmap prospectively applied to COVID-19 treatment study. COVID-19, coronavirus disease 2019;
mWHO, modified version of WHO ordinal scale; SPIFD, Structured Process to Identify Fit-For-Purpose Data.

ILLUSTRATIVE EXAMPLE 2. SPACE STEPS 1-3: RESEARCH
QUESTION AND MINIMUM CRITERIA

The research question for this study (SPACE step 1a) was whether
infants exposed to varenicline iz utero were at increased risk of
major congenital malformations, stillbirth, small for gestational
age, preterm delivery (< 37 gestational weeks), preterm premature
rupture of membranes, and sudden infant death syndrome. Study
design elements were conceptualized following SPACE steps 1c
+ 2b; Table S2. The minimal criteria for candidate data sources
(SPACE step 3; Table S2) included data on in utero exposure to
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maternal smoking status (to identify an appropriate unexposed
comparator cohort; i.c., exposed to smoking but not varenicline
in utero), source population of at least 5 million people (to en-
sure capture of a target of 371 infants with iz utero exposure to
varenicline per sample size estimates), maternal prescription data
linked with birth data and birth data linked to infant inpatient/
outpatient diagnosis data generated during the first year of life (to
ensure capture of study endpoints), and pregnancy data linked to
maternal prescription data and maternal inpatient/outpatient di-
agnosis data (to ensure capture of potential confounders).
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ILLUSTRATIVE EXAMPLE 2. SPIFD STEP 1:
OPERATIONALIZE AND RANK REQUIREMENTS

After operationalizing each study design element and the minimal
criteria from SPACE step 3 (Table S2), we ranked these criteria
from 1-8 in importance for data source selection. The most im-
portant criterion was access to data on iz utero exposure to mater-
nal smoking status to ensure comparability between the exposed
(to varenicline) and unexposed cohorts. Size of the underlying
population was ranked second to help ensure the sample size re-
quirement was met, followed by criteria to ensure valid capture of
the study end points.

ILLUSTRATIVE EXAMPLE 2. SPIFD STEP 2: IDENTIFY AND
NARROW DATA SOURCES

Consideration of the criteria regarding availability of maternal
smoking data and size of source population narrowed our assess-
ment of 12 candidate data sources to 3 (Figure S1).

ILLUSTRATIVE EXAMPLE 2. SPIFD STEP 3: CONDUCT
DETAILED FEASIBILITY ASSESSMENT OF CANDIDATE DATA
SOURCES

The relevant characteristics of the three candidate data sources are
summarized in Table §3. Based on these findings, the candidates
were ranked to indicate capability of meeting the study design
clements (Figure S2). Although data sources #6 and #7 had in-
complete outpatient primary care diagnosis data, the availability
of other diagnostic data needed for end point capture was good
and thus ranked as “nearly complete.” As shown in Figure $2, data
sources #6 and #7 (registry data from 2 different countries) were
selected as fit-for-purpose for this pregnancy safety study.

CONCLUSION

We developed a structured process, called SPIFD, for identify-
ing secondary data sources and conducting feasibility data as-
sessments to ensure data are fit-for-purpose and relevant to the
study’s research question. As an extension of the SPACE frame-
work, SPIFD completes the process from articulation of a specific
and meaningful research question to the identification of fit-for-
purpose data and study design; it may also be used as a standalone
tool with other study design frameworks if the minimal validity
criteria for each study design element are specified. SPIFD ex-
pands upon the “relevancy” evaluation criteria described in the
Duke Margolis Center for Health Policy framework® (adding
consideration of logistics, such as costs and time to data access),
and providing a systematic process and decision support for data
selection. Documenting the evidence and justification for data se-
lection decisions allows decision makers to better understand how
a particular source was chosen, and to determine whether the ra-
tionale underlying the decision was sound.

SPIFD was developed based on our experience designing stud-
ies across many disease/therapeutic areas for regulatory purposes
(to support clinical development, regulatory submissions and for
postapproval commitments) as well as payer and health technol-
ogy assessment purposes. The approach and specific processes have
been refined over time and—we find—are widely applicable. By
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providing two illustrative examples, we hope to reinforce the broad
application of this framework.

The process serves as a guide but is iterative in practice, and can
be adapted to the needs of the particular research question and
study. The provided table templates can be downloaded and ed-
ited as needed (Tables S4, S5, Figure S3 contain fully editable ver-
sions). We hope that broadened use by others will lead to further
refinements or specific versions developed for particular types of
use cases.

The selection of fit-for-purpose data requires due diligence on
the part of the researcher. It is important to allow sufficient time
to scrutinize documentation, ask data owners clarifying questions,
query the data, and/or receive counts and estimates specific to the
cohort of interest. Although the efforts can be time-consuming
and costly, we find this diligence necessary to ensure the selected
data are truly fit-for-purpose. The operationalization of some crit-
ical data elements may be subjective. For instance, experts may not
agree on the most clinically relevant and accurate definition of an
inclusion criterion, exposure, end point, or covariate. When avail-
able, we recommend using validated definitions/algorithms, and,
when needed, performing pilot or validation studies. At a mini-
mum, the impact of varied definitions can be assessed in prespeci-
fied sensitivity analyses.

SPIFD fills a gap in the published literature on best practices
for using RWD for decision making, providing concrete tools to
facilitate this due diligence and rationalize data source selection
prior to study conduct. We anticipate use of this tool, when imple-
mented with real-world study design and best practice frameworks,
will increase confidence in the appropriateness of RWE for deci-
sions, ensuring RWD is justified and the data source(s) selected is
fit-for-purpose.
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