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Abstract \
Real-world data (RWD) can be defined as routinely collected clinical or administrative data that might be used for research purposes
and to generate real-world evidence (RWE). Computerized search and data mining methods, large electronic databases, and the
development of novel computational and statistical methods allow for improved access to and analysis of RWD. Although RWD afford
the opportunity to generate RWE with potentially improved efficiency and generalizability over prospective clinical studies, it is important
to understand and apply best practices when analysing RWD, particularly when the goal is to generate RWE of diagnostic, prognostic,
or treatment effectiveness. Real-world evidence can provide evidence complementary to randomized clinical trials (RCTs), especially in
scenarios where RCTs are difficult to conduct. Real-world evidence studies need to be carefully designed, the research question clearly
defined and addressable with the available RWD source, variables (treatment, outcome, covariates) operationalized, and hypotheses
and analyses specified before data access. Sound interpretation of results requires a deep understanding of the benefits and limitations
of RWE studies, including often deficient data quality, confounding, and other potential sources of bias. Registered protocoals,
registered reports as a publishing model, and/or restricted access to data until protocols are in place can be encouraged by journals
and enforced by data guardians and will contribute to the emergence of high-quality RWD studies. Here, we summarize guidance
documents on generating RWE of treatment effectiveness or comparative effectiveness, discuss the strengths and limitations of RWD
and RWE, and provide recommendations for conducting effectiveness RWE studies in the pain field.
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1. Introduction for research (see glossary in Table 1 for key terms). Repurposing

Real-world data (RWD) are commonly defined as “data relating to  medical data collected as part of routine care to support clinical,
patient health status and/or the delivery of health care routinely  policy, and regulatory decision making is a growing interest.
collected from a variety of sources" that were not primarily collected ~ Widespread adoption of electronic health record (EHR) systems
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Glossary of key terms.
Term

Definition

False discovery rate (FDR)  The expected proportion of incorrect findings
compared with all findings claimed (ie, expected

proportion of type | errors)

HARKing Hypothesizing after results are known; formulation
of hypotheses after conducting exploratory data

analyses

Historical control Control group composed of patients who received
standard of care during some select timeframe
preceding availability or assessment of active
treatment group; historical controls can replace or

supplement a control group

Instrumental variable Variable used in analyses of observational data to
control for (unmeasured) confounders in an effort to

construct valid estimates of treatment effects

Propensity score Probability of patient receiving treatment given a set
of baseline characteristics, used to adjust for

confounding factors

In the context of healthcare data, data that are
collected as part of routine care (eg, electronic
health records, administrative databases, patient
registries)

Real-world data

Real-world evidence Evidence (typically related to benefits and potential
harms of a treatment) that is derived from analyses

of RWD

RWD, real-world data.

and electronic administrative databases (eg, insurance claims data),
as well as computational and statistical advances allowing for query
and analysis of “big” data, has enabled secondary research use of
RWD. With a clearly developed and communicated research
question, accessible data source(s), meaningful data, and the
necessary skills to query, clean, and analyse RWD, using RWD to
generate valid real-world evidence (RWE) of treatment effectiveness
and/or comparative effectiveness offer a seemingly efficient
approach to advancing pain research.

Pain as a biopsychosocial entity is complex in presentation and
can be difficult to manage, and existing treatments are typically only
modestly effective and/or have unfavourable adverse effect
profiles.8! Despite the critical need for safe and effective nonopioid
analgesics, successful approval of low-abuse potential or novel
formulations of analgesics is rare.®® Although randomized clinical
trials (RCTs) are considered the gold standard for determining
treatment efficacy, insufficient evidence of efficacy is a commmon
reason for halted development.“® Aside from being expensive and
time- and resource-intensive, RCTs are notoriously challenging
regarding recruitment and retention and, in an effort to minimize
heterogeneity, impose such narrow inclusion criteria that the study
sample rarely adequately reflects the patient population at large or
clinical practice. Limited sample size, treatment duration, and loss-
to follow-up can also limit the ability to detect sustained benefits
and rare or long-term adverse events. In some scenarios, RCTs are
difficult to conduct, often in nonpharmacological interventions such
as surgery, for example, Although pragmatic clinical trials seek to
address some of these challenges, there is growing appreciation
for the role of RWD in evaluating treatment effectiveness as a
complement to or even partial replacement for RCTs.%?

Real-world evidence is increasingly recognised as a relevant
evidence source to regulators,® including the European Medi-
cines Agency’’ and the United States Food & Drug
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Administration.®? Correspondingly, the private sector recognizes
the value and opportunity of leveraging RWE for decision-
making.'® Understanding the potential utility of RWD in generat-
ing RWE of treatment effectiveness, professional societies such
as the International Society for Pharmacoeconomics and
Qutcomes Research and the International Society for Pharma-
coepidemiology have published a series of position papers and
guidelines to improve transparency in the conduct and reporting
of “hypothesis evaluating treatment effectiveness” RWE stud-
ies.®%392 However, existing guidance documents often focus on
pharmacological questions or surgical procedures, while pain
and many related symptoms are likely less clearly and consis-
tently recorded in databases.

To understand current practices for studies using RWD to
advance pain research, we previously conducted a review,®* in
which we documented frequent use of RWD, but highlighted the
need for improvement in methods and reporting. Pain provides
unique challenges for RWD studies: a lack of standard
instruments may lead to heterogenous recording, and perhaps
more likely, that many—if not most—sources may not contain
any measure of pain intensity.

Although the use of RWD affords a potentially powerful
opportunity to evaluate real-world effectiveness or comparative
effectiveness of pain treatments, there are important considerations
to address to generate valid and informative RWE.*® Therefore, the
objective of the current review was to provide an overview of existing
guidance on the conduct, analysis, and reporting of RWE studies,
and to provide recommendations tailored to the field of pain
research, with a focus on effectiveness studies.

2. Methods

To identify guidance, best-practice, and methodological docu-
ments on RWE, we conducted a PubMed search using the
search string:

(“Real world” [Title]) AND ((booksdocs [Filter] OR comment
[Filter] OR governmentpublication [Filter] OR guideline [Filter] OR
introductoryjournalarticle [Filter] OR review [Filter] OR scientifi-
cintegrityreview [Filter]) AND (humans [Filter])).

Additional articles were included by searching the reference list of
the included articles. Consensus articles, systematic reviews of
methods, narrative reviews, and topical reviews were included, while
commentaries on single studies were excluded. A total of 41 articles
were included.3'5'7’1 1,15,17,19,20,22,25,30,31,33,38,39,37,39,46,47,52,50,47
-55,62,564,61,568,67,65,73-75,88,90-92,96-98 A detailed description of the
search strategy, including PRISMA flowchart, inclusion and
exclusion criteria, and included studies are provided in the
supplementary material, http://links.lww.com/PAIN/C377.

Considerations and recommendations were formulated based
on: (1) our previous scoping review on the use of RWD in pain
research studies; (2) the current review of best practices and
guidelines for RWE studies; (3) discussion among a diverse
multidisciplinary group with expertise in data science, RWE study
methodology, clinical trial methodology, and pain research; and
(4) input from members of ACTTION’s Consortium on Pain
Efficacy, Effectiveness, and Safety Studies (COPESS).

3. Search findings

A synopsis of the reviewed studies is provided in the Supplement
(Table S1, http://links.lww.com/PAIN/C377). Below, we provide
an overview of important considerations—including Definitions,
Limitations, and Recommendations—for the conduct of RWE
studies in the setting of pain, drawn from the reviewed studies
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and the sources described above (ie, previous scoping review,
discussion with content experts across multiple disciplines, input
from ACTTION’s pain consortium).

3.1. Definitions of real-world evidence and real-world data

Although definitions of RWD and RWE can vary,®” in this article,
we use the US Food and Drug Administration’s RWD definition
and focus on the reuse of existing “data relating to patient health
status and/or the delivery of health care routinely collected from a
variety of sources.”* However, an alternative use of “real-world” is
often to distance what we call prospective “pragmatic trials”—
trials conducted in routine practice outside of typical research
settings, which still may be randomized or controlled—from
RCTs, a field and distinction we have covered before
(Table 2).**** Ultimately, explanatory RCTs, pragmatic trials,
and RWD studies can complement each other?® and contribute
to a constantly refining model of evidence®®®' and postapproval
monitoring.’”"* Real-world evidence is usually considered as
evidence generated from RWD.

3.2. Real-world data for (comparative) effectiveness

Here, we focus on the use of RWD to create RWE of
effectiveness. Studying effectiveness of pain treatments is
challenging given the inherent variability of pain ratings and
observed low-to-moderate effect sizes of treatments that can
result in a low signal-to-noise ratio. This affects RCT and RWD
studies similarly as well as in specific ways: RCTs cannot increase
sample sizes beyond a certain limit to detect smaller signals due
to spiraling cost. However, we can only model what we expect to
be relevant: Unlike randomization, which is used to reduce known
and unknown biases, modelling can only account for known or
suspected influential factors.

Real-world data can be used to model comparative trials as
described in detail below, or it can be used to enrich explanatory
RCTs or pragmatic trials®®2%6°; for example, using usual care
data in pragmatic trials.®

One of the opportunities of using RWD can be increasing
generalizability of findings beyond strictly defined and often self-
selected populations of RCTs. Targeted approaches can be used
to specifically include underrepresented or minoritized populations
(eg, regarding race or ethnicity). However, given that most
databases used are currently based in Europe and North America,
representation of and generalizability to other populations (eg,
African and South(-East)-Asian populations) may be challenging.

PAIN®

3.3. Limitations of real-world data

There are generally accepted limitations of RWD that should not
necessarily preclude the use of RWD, but need to be taken into
consideration when appraising the value of RWE.%*

3.3.1. Data integrity

For any given data source, it may be challenging to ensure that
data are accurate, reliable, consistent, or complete.?> Even
registries that are prospectively planned and generally ensure
higher data quality®® are not free of the factors that compromise
data integrity in nonregistry data (eg, incomplete data, biased
entry into registry, nonadjudicated outcomes).”®

Data are usually not collected in a systematic way, by a limited
number of self-selected sites, introducing bias in the population
and calling into question the “real-world” external validity that is
generally proposed as one of the greatest strengths of RWD."”
Pain is often incompletely recorded in International Classification
of Disease codes, and assessment of pain intensity is often
absent. The post hoc nature of data assessment means that
study design is guided by the available data rather than vice versa,
limiting the questions that can meaningfully be investigated.
Without commonly accepted frameworks for rigorous analysis
and reporting, data cleaning and analytic methods are not always
following best practices; given the natural constraints of using
existing, nonrandomized data, this can affect the results. The
impossibility to control for all confounding factors can introduce
substantial bias to the results.”” Some of these limitations can be
addressed, or their impact controlled, for example, by using
sensitivity analyses to assess the impact of missing data and
selection bias, and use of inferential statistics to address
confounding factors where possible.”" Other more serious
limitations, however, such as insufficient pain coding or lack of
pain measures, are fundamental and call into question whether
meaningful evidence can be derived from the data.

3.3.2. Patient consent, privacy, and anonymity

Patient consent, privacy, and anonymity can pose a general
limitation of RWD, as, unlike in prospective trials, RWD will often
include data that were not given with specific consent for
research. Real-world evidence will be most powerful if the RWD
used is multifaceted; however, this will almost certainly mean
linking of various data sources or databases, and interoperability
between databases (eg, by using common personalised

Characteristics of randomized clinical trials, pragmatic trials, and real-world data studies using existing databases.

54,59

Randomized controlled clinical trials

Pragmatic trials

Real-world data studies

Strengths Best for studying efficacy of an intervention Best for external validity Large sample, fast, fewer resources required

Weaknesses High cost, questionable external validity Blinding, oversight, unclear internal validity Limited to available data, variable protocol/
treatment procedures, unclear validity

Population Specific inclusion Routine care Usually routine care*

Data integrity High Medium Variable

Data heterogeneity Controlled/Low High Variable

Cost High Medium Usually lowt

Validity Internal External Variable

This is a simplification, and there is significant overlap between these concepts: many pragmatic trials are randomized, and most are controlled, eg, a deep dive into pragmatic trials and the distinction to clinical trials can be

found in References 43 and 44.
* In some cases, registries might be based on specific inclusion criteria, or population-based sampling.

T Using already collected data, cost is low. Maintaining prospective registries, however, has significant associated costs.
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identifiers) will by nature reduce anonymity.”” Even for pro-
spective inclusion, for example, in registries, using informed
consent, special considerations differing from those in RCTs
need to be taken into account.”” Adherence to ethical and legal
privacy frameworks is imperative.

3.3.3. Multiple hypothesis testing

Multiple hypothesis testing, inflation of the probability of a false
positive result, and HARKing (Hypothesising After Results are
Known)“*® affect all research, but the post hoc nature of working
with existing RWD enables quick and low-cost testing of multiple
hypotheses in a quick sequence with subsequent selective
reporting of “significant” results.”” We have shown previously that
most RWD studies in pain research report significant findings,®*
emphasising a need to control for inflation of the probability of
false positive findings that can otherwise destroy confidence in
RWE. For clinical trials, pre-registration of studies with associated
protocols and predetermined primary outcome measures have
proven effective in reducing selective reporting. However, this can
only partly be implemented for RWD.”! Registries, for example,
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can demand such registered protocols before granting data
access, but for hospital or insurance data, there is no guarantee
that the protocol was designed after tentative results were already
known.®

All data sets have inherent biases that cannot be completely
overcome. For example, there may be a bias in patients willing to
permit the use of their data (self-selection bias); in longitudinal
studies, time points at which assessment is obtained are fixed
and cannot be optimized to the study question and real time-to-
event may differ (immortal time bias), or patients might selectively
comply with treatments (compliance bias). As with other aspects,
these biases can affect prospective trials as well; however,
prospective trials can often address such aspects through careful
statistical analysis, while RWD studies will have to work with
collected data and acknowledge bias that cannot be mitigated.

4. Recommendations for pain real-world data
study conduct

A brief summary of our recommendations with reference for
further reading is summarized in Table 3.

Short form recommendations and related resources for further reading.

Recommendation

Resource

Define a research question and objectives. Only
with clarity on the research question, ideally
using PICOT, will you be able to assess if your
data set is suitable

75,78,86,98

Define the patient populations. Clear inclusion

and exclusion criteria must be phrased, while as
few restrictions as possible should be made to
maximize the use of routinely collected data

47,64,91,98

Operationalize the variables. While pain or
surrogate variables will be collected in many
data sets, not all will be comparable or
realistically capture pain. Continue only if you
can operationalize a meaningful pain measure
for your data set and question

12,24,37

Use appropriate data sources. The various
possible data sources for RWD have distinct (dis)
advantages, which need to be taken into account
at planning stage, especially regarding
generalizability of findings

7,20,35,39,58

Carefully choose analysis methods. As RWD
studies are not randomized and data collection
usually not prospectively planned, pay special
attention to inferential statistical methods that
can adjust for confounding factors and deal with
unexpected heterogeneity

3,15,33,38,39,52,79,88,90,96,98

Ensure reproducibility and report rigorously.
Comprehensive reporting, starting by publishing
or time-stamping protocols and considering
registered reports, is crucial to demonstrate the
veracity of your work

19,26,62,65,68

Consider added value. It may be tempting to
perform RWD studies just because of the
availability of data, but they still cost resources to
you, editors, reviewers, and readers. Only if your
work will add to evidence rather than noise
should you perform it

17,19,22,36,47,54,61,62,68,71,77,78,97

Resources provide further and in-depth reading on the recommendations.
PICOT, patient population, intervention, comparator, outcome, timeframe; RWD, real-world data.
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4.1. Define a research question and objectives

Before the initiation of an RWD study, the specific research
question should be clearly defined, ideally using the patient
population, intervention, comparator, outcome, timeframe (PI-
COT) approach (ie, describe the Patient population, Intervention,
Comparator, Outcome, and Timeframe).&® Primary (and second-
ary) end points should be clearly stated. Applying PICOT and
main study objectives will afford a roadmap to investigators for
their overall study design, including identification of a fit-for-
purpose data source and developing an appropriate analytic
approach. Protocols should be developed in advance and may
follow standardized templates.&®

4.2. Define the patient populations

As with RCTs, inclusion and exclusion criteria should be clearly
defined. Some criteria may depend on the data source, which
relates both to the queried database and the sources feeding into
the database. Consistent with recommendations for pragmatic
trials, RWE studies should include all patients intended for routine
clinical care relevant to the research question, with as few
restrictions as possible.®®

4.3. Operationalize the variables

As in all research questions, defining relevant and quantifiable
outcomes and outcome measures is crucial, but the importance of
this aspect is heightened in both RWD—where we rely on existing
data—and pain research, where pain assessments may vary
widely. As opposed to standardized biochemical assays, for
example, collection of pain outcomes is likely heterogenous and
may not only include different measurement instruments of pain
(eg, numeric rating scale, visual analogue scale, verbal rating scale)
but may also include patients’ ratings of “current,” “average,” or
“worst” with different recall periods (eg, past 24 hours, past week,
past month). The timing of pain assessment may also vary
regarding exposure to the treatment and may or may not be
reported as site or condition-specific. Moreover, pain may be
reported by the patient directly or through a clinician or significant
other and may not always be documented. Therefore, variables
that serve as proxies for pain outcomes may be necessary, and
investigators should thoughtfully consider whether such proxy
outcomes adequately reflect the outcome of interest.

The challenge does not only pertain to measuring pain but also
to other variables relevant to pain. For any pain study, akin to
IMMPACT recommendations for the conduct of clinical trials of
chronic pain treatments,?*®° investigators should consider other
pertinent outcome domains if available (eg, physical and
emotional functioning, patient-perceived improvement or satis-
faction, adverse events [AEs], treatment adherence). 28 In most
RWD settings, pain-focussed patient-reported outcomes will not
available, especially in claims databases, but also most EHRs will
not provide standardised patient-reported outcomes. Adverse
events may not be easily extracted or clearly attributed to the pain
treatment in question. For treatment adherence, there may be
discrepancy between prescription and consumption, especially
for as-needed pain medications. Other relevant aspects, such as
repeated healthcare utilization or return to work, will not be
stringently coded but can potentially be operationalised to a
degree: number of visits can be quantified using claims data and
in many healthcare systems, insurance claims document
absence of work periods. However, these will not be universal,
depend on the country, healthcare system, and potentially
insurance provider.
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Consideration should also be given to potential confounding
variables, covariates that may be used to improve precision of
treatment effect, and instrumental variables that may serve to control
for unmeasured confounding (discussed below in Analysis Meth-
ods). Availability of specific diagnosis and treatment codes,
measurability of confounds, and using outcome measures that are
likely to be recorded (eg, hospitalization, prescription/dispensing
data) can improve the robustness of the results.?®

4.4. Use appropriate data sources

Data in real-world studies can originate from various sources, each
with its own advantages and disadvantages. These data sources
are not strictly separate, and increasingly, data are combined from
multiple sources to overcome the limitations of single sources. A
comprehensive review of current data sources is outside the scope
of this review, but has been performed by Bellows et al.” for pain
and Hak et al.®® for orthopaedic research. None of these data
sources are generally preferable to the other: a data set ideally
suited to answer one specific question might be incompatible to
another—the importance is to identify a fit-for-purpose data
source. Below, we provide some considerations for the most
common sources of RWD: EHRSs, prescription/health insurance
claims, and registries.?° Table 4 summarizes how treatment, pain
(or proxy) outcome, covariates, and instrumental variables
(discussed further in the Analysis Methods section) might be
operationalized by data source as well as strengths and limitations.

4.4.1. Electronic health records

Electronic health records, as an umbrella term, includes single-site
settings as well as multisite data warehouses.”” Single-site data wil
potentially include in-depth case data that cannot be retrieved from
the other sources.?° In case of missing data, there is the potential of
follow-up and retrieval, which is principally not possible for the other
sources.?° Electronic health records therefore have the theoretical
advantage of high data integrity and depth, although not
guaranteed. Single-site EHR data may reduce generalisability of
findings to other patient cohorts, and lack of external data integrity
control may reduce confidence.?° Single-site studies will also be
more likely to be affected by underlying bias or confounding
factors, such as single surgeon or physician performing a
procedure or treatmentand the included population being affected
by selection bias through geography. In the form of EHR
warehouses, which collate and consolidate data across multiple
sites can provide large, multisite data sets with potentially high
depth and high generalisability.®?> Access can be through hospital
information systems such as Epic®®™* (eg, Epic Cosmos that
combines Epic data from participating institutions) or multiple sites
within a large healthcare system (eg, Kaiser Permanente Research
Bank). With continued advancements in analytic approaches such
as natural language processing, clinical notes can provide an
unprecedented amount of rich and nuanced patient-level data.’*®"
Despite the potential of multidimensional, high-depth large-scale
patient-level data, investigators must still consider the availability of
operational, clearly defined variables, as described above.

4.4.2. Claims data

Claims data, or health insurance records, provide “big” data,
across multiple clinical sites, with potentially high patient and case
heterogeneity. If retrieved from insurance databases, they can
include multilevel data, such as diagnoses, prescriptions, and
procedures®® across inpatient and outpatient settings (eg,
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Possible operationalization of data sources along with strengths and weaknesses.

Data source

Potential treatment
variables

Pain or pain proxy
outcome variables

Covariates and
instrumental variables

Strengths

Limitations

Electronic health
records

Visit type(s); procedure
code(s); prescription(s)

Patient-reported pain ratings;
routinely collected PROMS;
pain-related care utilization;
engagement in PT; rescue
analgesic use

Sociodemographic
characteristics (age, sex,
gender, race, ethnicity, living
situation, partner status,
insurance type); comorbid
conditions; concomitant pain
treatment(s); provider or
prescriber; pre-post
insurance change or
implementation of new
treatment guidelines

Rich patient-level data
Patient-reported pain

Potential for missing/
fragmented data, loss to
follow-up; typically specific to
health system (may not
capture outside care);
decreased generalizability if
single site

Administrative/
claims database

Visit type; procedure code(s);
Prescription(s)

Pain-related diagnostic code;
# of pain-related procedures,
analgesic prescriptions/refills

Basic sociodemographic data
(age, sex); comorbid
conditions; concomitant pain
treatments; treatment
adherence; prescriber; pre-
post new treatment guideline

Large amount of data;
captures data across health
systems; typically complete
data for all billable
encounters

Limited patient-level data;
loss to follow-up with
insurance changes;
decreased generalizability
(given all insured)

Registries

Depends on captured data;
documented treatment(s)

Depends on captured data;
pain ratings, pain-related
patient-reported outcome

Depends on captured data

Prospectively planned, well-
defined data; data quality/
validation procedures likely in

Registry entry criteria may
introduce bias; may be
limited predefined data

measures

place (although may be possible to

link with EHR)

EHR, electronic health record, PROM, patient-reported outcome measure, PT, physical therapy.

MarketScan, Truven). However, pain-related outcomes are
usually not systematically collected and recorded and only
measured indirectly (eg, prescription of pain medication is used
as a proxy for pain). International Classification of Disease codes
(up to and including version 10) covered few pain diagnoses,
many codes and terms are used interchangeably, and pain may
not be coded directly. For example, a patient with low back pain
due to spinal stenosis may only get a diagnosis code for billing
purposes by the spine surgeon at the time of a laminectomy as
“spinal stenosis.” Adherence is unclear, as is off-label use of
prescription medications (eg, antidepressants or anticonvulsants
that may be used to treat pain), and anything not claimed or
prescribed, such as self-paid medications or treatments.
Moreover, by their nature, insurance claims databases do not
include uninsured patients, thus introducing selection bias and
limiting generalisability to a vulnerable patient group. Nonethe-
less, the sheer volume of data can provide unique insights,
particularly for rare or understudied populations, such as people
living with rare pain conditions or vulnerable populations (eg,
pediatric patients). Large, national administrative databases, can
also be leveraged to conduct population-based studies; for
example, the French nationwide healthcare database has been
used to provide insights into the prevalence of chronic pain in
special populations. '6:23:48

4.4.3. Registries

Registries are usually prospectively designed to collect and
collate data pertaining to general or specific questions,?° and may
include data collected outside of routine care, but can also
automatically siphon data from EHRs for registries focused on a
particular population of interest. Regardless, registries are
typically actively managed and often require specific research
proposals to share relevant data with investigators. Registries
designed for narrow fields or specific questions will include most

data relevant to the respective field, while broader registries can
aim to be representative for certain populations.®® Associated
data dictionaries can provide insights into the availability and type
of pain-related variables, and as above, the registry must be fit-
for-purpose (ie, provide the necessary information to answer
relevant research questions). Given the effort and cost to
maintain, registries can be limited by funding, and access may
be restricted or fee-based. Entry of data into registries that collect
data outside of routine clinical care may require informed consent
of patients, thereby limiting the patient inclusion.®®

Two examples of registries with a specific focus on pain are
PAIN OUT and CHOIR.

4.4.4. PAIN OUT

PAIN OUT captures detailed pre-, intra-, and acute postoperative
clinical data, as well as patient-reported outcomes (based on the
International Pain Outcomes questionnaire), with a focus on
acute postoperative pain.®® Since 2019, more than 300 hospitals
have contributed data worldwide, with data on more than
500,000 patients currently included. Approximately 100 peer-
reviewed publications have been published based on data
generated from PAIN OUT, having led to clinically relevant
improvements in pain management.33-50-94

4.4.5. CHOIR

CHOIR is an example of a clinically embedded, open-source,
flexible, registry-based learning health system; developed to
provide high-quality, point-of-care data for optimizing care and
facilitating real-world research.'®”® CHOIR has also served as a
platform for pragmatic clinical trials involving real-world pa-
tients.2""%” Although initially designed for adult chronic pain
clinics, CHOIR has been adapted for other medical specialties,
including  pediatric  pain,’® interventional  radiology,*?
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gastrointestinal medicine,®® and primary care/family medicine.*°
A notable advantage of a clinically embedded system such as
CHOIRisits low data entry cost, as no additional staff are required
for data collection. However, a potential limitation is that most
data are collected in association with clinical appointments,
resulting in temporal asynchrony between data collection points.
Two examples of comparative effectiveness studies produced by
CHOIR focussed on embedded mental health services vs
standard of care®* and medical cannabis vs prescription drugs.&®
Currently, itis being used to conduct a comparative effectiveness
study investigating 3 methods for reduction of opioids as
treatment for chronic pain (cognitive behavioural therapy, group
self-management, and taper only).?

4.5. Carefully choose analysis methods

All populations skew in unique ways—database populations may be
especially affected by unexpected distributions because of differing
inclusion criteria in multiple sites, eg, it is important to report and
analyse data in a way that appropriately captures their heterogeneity
instead of overly relying on mean-centered approaches.

Despite recentimpressive advances in machine learning and Al
approaches, we do not recommend training Als to be used in
effectiveness studies at the moment. Decision making in
effectiveness studies needs to be transparent, a feature contra-
dicted by the inherent “black-box” nature of machine learning.
Machine learning algorithms have worked exceptionally well in
finding hidden patterns, solving complex puzzles, and uncovering
the weakest signal from the noise.* The goal of effectiveness
studies, on the other hand, is to demonstrate a clear and robust
signal, for which machine learning may not provide value over
rigorous traditional statistical approaches. That being said, recent
advancements in machine learning, such as natural language
processing, will improve the depth and scope of RWD available
for analyses (eg, physician notes), and, with an eye toward
personalised medicine, machine learning may be applied to
identify patient subgroups or phenotypes associated with
treatment effect (including perhaps a more sophisticated
multidimensional outcome that encompasses treatment benefit
with adverse events and treatment cost).”®

Toh"® separates issues pertaining to analysis of RWD studies
into 5 domains: study design, exposure type, outcome type,
covariate summarization technique, and covariate adjustment
method. Study designs include both between-individual designs,
such as cohort and case—control designs, as well as intra-
individual designs, such as longitudinal and before—after studies.
Exposure and outcome types affect the choice of analysis
methods, as they can be binary, categorical, ordinal, or
continuous.”® The choice of a statistical model should accurately
reflect the exposure and outcome variables.

As interventions in RWD are not randomized, appropriate
statistical adjustment for covariates, especially unbalanced
confounders of purported treatment effects, is of the highest
importance to yield valid RWE. Inclusion of long lists of covariates
and complicated functional forms into statistical models can
increase the complexity and undermine credibility of such
models. If multiple covariates are relevant, propensity score-
based methods can be used to accomplish valuable covariate
summarization for practical analyses.

4.5.1. Propensity score techniques

Propensity score techniques are a set of statistical methods used
to adjust for confounding factors in comparisons between
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treatment groups.®? They are particularly useful when adjustment
for multiple covariates is necessary and relatively few cases are
included. A propensity score is a “balancing score” that can be
used to correct for uneven covariate patterns in the treatment
groups of an experiment.

Mathematically, the propensity score is derived as the
(estimated) probability of membership of a particular intervention
group given a set of potentially confounding baseline variables. It
reduces the possibly large set of potential confounders (eg, age,
social status, ethnicity, sex) to a single variable (or k — 1 variables
if there are k intervention groups).'® Decision on covariates to be
included in propensity scores can be made based on expert
judgment or be data-driven.®? After constructing the propensity
score(s), they can be used in various ways to adjust for potential
confounding without having to explicitly include each of these
confounders in the statistical model. Methods include propensity
score matching, stratification, and inverse probability weight-
ing.'®52 Loke and Mattishent®? provide a practical recommen-
dations for applying propensity score-based methods.

Propensity score techniques are key methods for addressing
the issue of confounding present in RWD. It should be noted that
these methods can only be used to adjust for known covariates,
and we should assume that there are unknown, and un-
measured, covariates with the potential to bias the results as
well. Sensitivity analyses help determine the potential degree of
influence of unmeasured covariates on the results®® and
assessing consequences of violations of assumptions of statis-
tical models®®; they are critical for appraising the level of evidence
that can be generated from an RWD study.

4.5.2. Instrumental variable analyses

Instrumental variable analyses are methods to construct valid
estimates and inferences on treatment effects in the presence of
confounding factors.®® Notably, some of these confounding
factors may be unmeasured.

Specifically, an instrumental variable Z is an additional variable
used to estimate the causal effect of a variable X on an outcome
Y. The traditional definition qualifies a variable Z as an instrument
(relative to the pair [X, Y]) if (1) Z is independent of all variables
(including error terms) that have an influence on Y that is not
mediated by X and (2) Z is not independent of X.¢ Therefore, the
instrumental variable Z affects Y only through its effect on X.

In the setting of pain research, possible instrumental variables
might include prescriber preference for a particular therapy,
insurance or change in insurance (to account for coverage of
treatments by some payers but not others), or changes in legal
framework or implementation of new treatment guidelines (eg,
Centers for Disease Control and Prevention opioid prescribing
guidelines for chronic pain in 2016). However, in many situations,
readily available instrumental variables may not exist due to
violations of conditions (1) or (2).2 The potential of instrumental
variables methods to address analysis issues connected with
RWD is promising, and perhaps underused. Intriguingly, recent
work of the RCT-DUPLICATE initiative has shown its capacity to
emulate clinical trials.%%8”

To account for multiplicity of hypotheses testing in pro-
spectively planned analyses, the most conservative approach
is to apply Bonferroni correction, adjusting the alpha level
globally by splitting it equally for the number of tests
performed. However, a less conservative and preferable
method that is the standard practice is to control the family-
wise error rate at a prespecified alpha level (eg, 0.05).”2 This
more sensitive method controls the chance of at least one
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false-positive result and applies to RWD-based studies in the
same manner as it does to other studies.*’

4.6. Ensure reproducibility and report rigorously

To generate RWE, studies using RWD must be reported trans-
parently and comprehensively.'® Patorno et al.®® have suggested
reporting guidelines for RWE studies that should be considered in
addition to the standard reporting guidelines for observational
studies, such as The Strengthening the Reporting of Observational
Studies in Epidemiology (STROBE)?® guideline and its extension for
routinely collected data, RECORD (REporting of studies Conducted
using Observational Routinely collected health Data).® To evaluate
the quality of RWD, O’Leary and Cavender® provide criteria in 6
general domains: completeness of data, transparency of data, data
audit, data accuracy, patient rights and privacy, and fithess for
purpose. It will be a task for journals to set minimum quality
requirements for RWE studies to be published.

4.6.1. Registered reports

Registered reports may be a particularly interesting concept for
RWE studies. Registered reports are written protocol, which are
peer-reviewed like a full article, before the analyses are conducted.
Once peer review is conducted, the protocol is published and, at a
later stage, results and discussion are added.'* This concept is
meant to reduce publication bias, and while not currently being
offered by any specialist pain journal, it has found some uptake in
general biomedical journals; for example, PLoS Biology, Cortex,
and multiple Nature family journals, such as Nature, Nature Human
Behaviour, and Nature Neuroscience.'*® Initial results indicate
that registered reports have higher methodological quality com-
pared with regular publishing concepts.”®

4.6.2. Publishing and registering time-stamped protocols

Publishing and registering time-stamped protocols may be more
easily implemented to improve reporting and mitigate hypothe-
sising after results are known (HARKing).?® Protocols can be
published on the Open Science Framework (osf.io), where they
can be time stamped and either published immediately or remain
private until the related manuscript is submitted. Access to EHR
warehouses and registries can be restricted until protocols are
written and agreed upon to reduce risk of HARKing.

Transparent reporting of RWE studies will not only address
HARKing but will also facilitate reproducibility and aggregation of
data across studies.®

4.7. Consider added value

Ultimately, RWD studies must be conducted to derive meaningful
evidence. This goal can only be achieved if the study is
adequately designed, and the accessible data are appropriately
suited to answer the question. If limitations cannot reasonably be
overcome, and therefore meaningful evidence cannot be derived,
the study should not be conducted. The fact that RWD studies
are low cost does not mean they should be performed regardless
of value gained. We fully endorse the recently published white
paper on Enhancing Trust in Pain Evidence (ENTRUST-PE),®’
which provides guidance to follow before, during, and after
conduct of studies.

Specifically, we would propose that the following questions be
answered with a “yes” to conduct an RWD study focussing on
effectiveness in pain:
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(1) Is there a meaningful pain measure in the data set?

(2) Does the data set extrapolate to wider populations?

(3) Are all relevant known confounding variables captured in the
data set and can be adjusted for?

(4) Can inferential statistical analyses be feasibly performed?

5. Conclusions

Leveraging RWD to study treatment effectiveness or comparative
effectiveness presents an intriguing opportunity to generate RWE
that is broadly generalizable, and that has the ability to study rare
pain conditions and detect rare events, and relatively low cost,
thereby addressing challenges germane to traditional RCTs.

Given increased availability and anticipated use of RWD to
generate RWE, it is critical that investigators apply a responsible
approach and thoughtfully (and proactively) consider potential
pitfalls and sources of bias that can be present among studies
using RWD.®® Some considerations are particularly relevant to
pain given the heterogenous reporting of pain in databases and
the biopsychosocial complexity of reporting pain that may not be
adequately captured by available data. Investigators should aim
to demonstrate that data are of high and uniform quality, and that
biases such as self-selection, self-reporting, measurement are
not a risk to the validity of the conclusions of the study. It is also
incumbent on investigators to demonstrate that best practices
have been used at all stages from conception to design to
analysis of an RWE study to mitigate such biases. All these
challenges will require multidisciplinary teams, including clinical
researchers with content expertise, navigating pitfalls in data
coding, as well as data specialists and statisticians to ensure
rigorous study design.

Despite their limitations, we advocate further efforts to advance
responsible use of RWD for the assessment of treatment effects
in pain research. The quality of evidence derived from well-
executed and well-analyzed RWD-based studies can provide
valuable evidence of treatment effectiveness or comparative
effectiveness, presenting a valuable opportunity for use by key
decision makers, including regulators, to formulate evidence-
based recommendations and to influence treatment practices in
pain.

Best practices in design, rigorous analysis, and careful
attention to potential sources of bias, issues of data quality, and
other threats to the validity of conclusions are essential. In the
future, to ensure rigorous reporting of RWD studies, a focused
extension of the STROBE (The Strengthening the Reporting of
Observational Studies in Epidemiology) guideline,?® clearly
setting standards for reporting RWD studies in pain research,
would be valuable to further increase the usefulness such work.
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