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As real-world evidence (RWE) is increasingly used to inform decision making, the importance of stakeholder
guidance on the quality of RWE is growing. While, to date, much of the focus has been on RWE data quality,
transparency and replicability [1–7], less attention has been paid to the importance of RWE algorithms. This paper
provides a deeper dive into RWE algorithms, a fundamental part of creating and interpreting RWE. An algorithm
is a set of rules to be followed in calculations or problem-solving operations. RWE algorithms provide the rules
for defining or deriving variables for observational research and are comprised of real-world data (RWD), coding
schemes, metadata and logic.

The criteria for selecting RWE algorithms are important because the credibility and value of RWE are either
supported or undermined by the algorithms used. An algorithm with undesirable properties may have a detrimental
effect on the study (e.g., leading to uninterpretable results or a wrong decision based on faulty evidence). Studies
addressing the same research question using the same data and analysis methods may arrive at different results and
conclusions simply due to differences in the algorithms used [8,9]. Differences in algorithms used or variability in
the practice of selecting and reporting the algorithms, may introduce or mask bias and can also make it impossible
to validate or replicate results [9,10].

Transparent algorithms are necessary but not sufficient. An evaluation of the relevance and quality of algorithms
to support the intended use is also necessary. However, while many publications describe the algorithms used, it is
often unclear what, if any, appraisal of the algorithm’s operating characteristics and suitability for the study (or fit
for purpose) was performed. Evaluation of the algorithm’s fit-for-purpose properties is essential for producing high
quality and relevant RWE.

The aim of our review was to synthesize and describe the existing stakeholder-recommended criteria and operating
characteristics to judge the suitability of an algorithm and identify gaps still to be addressed. Our basic premise is
the credibility and value of RWE are directly affected by the fit-for-purpose properties of the algorithms used.
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Box 1. Definitions

These are the working definitions of the four algorithm types addressed:
Cohorts
A cohort is a group of people who share a defining characteristic (e.g., period of birth) or a group followed or
traced over time [15]. It is often defined by people who experienced a common diagnosis, procedure or treatment in
a selected time period. The cohort is defined by inclusion and exclusion criteria and may require confirming the
presence or absence of a key factor such as a treatment or a diagnosis. The cohort definition also includes the
duration of time between an individual’s entrance and exit of the study (i.e., entry date and end of the observation
period) [60].
Exposures
An exposure is a known or potential variable of interest assumed to affect an outcome of interest. In a clinical
outcome model, exposure is the primary independent variable of interest. Often this variable has a known or
hypothesized causal relationship with the outcome of interest. An exposure is usually an exogenous agent
(e.g., medication or procedures) but it may also be environmental factors (e.g., socioeconomic factors), endogenous
factors (e.g., individual demographics) or other factors (e.g., the intensity, frequency or temporality of medication
exposure) [12,15,61,62].
Covariates
A covariate is a known or potentially influential variable related to the outcome under study. In a clinical outcome
model, covariates are other independent variables including effective modifiers or confounders that may be
assumed to affect (influence) an outcome and/or exposure. A covariate may be exogenous, endogenous or other
factors.
Outcomes
An outcome defines the result (e.g., the health status) of exposure (e.g., a treatment) and covariates. An outcome
can be a benefit (i.e., increase in a desired outcome) or a harm (e.g., an adverse event) [15,63,64]. There are diverse
types of outcomes based on their characteristics:
• Clinical outcome. Examples include disease occurrence, death, symptoms and/or health status.
• Humanistic outcome. Examples include the quality of life and functional status.
• Economic outcome. Examples include resource utilization, medical cost, cost of treatment, cost of reduced

morbidity and cost of years of life saved.
Outcomes can be either a surrogate end point or a final end point. In some cases, related outcomes are integrated
into a single ‘composite outcome’.

Methods
A targeted evidence review was conducted to identify the stakeholder-recommended criteria for judging the
suitability of RWE algorithms. We identified regulatory and payer organizations representing key decision makers:
US FDA, European Medicines Agency (EMA), International Conference on Harmonisation (ICH), National
Quality Forum (NQF), National Committee for Quality Assurance, Agency for Healthcare Research and Quality
(AHRQ), and Patient-Centered Outcomes Research Institute. Stakeholder web sites were searched through April
2021. Documents providing recommendations or criteria for evaluating RWE algorithms were included. Given the
paucity of recommendations specific to RWE algorithms, we included documents describing recommendations for
evaluating RWD or clinical outcomes assessments (COA) measurement; we assumed many of the same measurement
recommendations that apply to RWD and other drug development tools like COA would apply to RWE algorithms.
The source documents identified and reviewed are shown in Appendix 1. Specifically, we address four types of
algorithms: cohorts (including subgroups), exposures, covariates and outcomes. Our working definitions are given
in Box 1. There are situations when an algorithm may be used for multiple types; for example, a cohort algorithm
may be used to identify an exposure, a covariate, and/or an outcome (e.g., algorithm identifying cardiovascular
disease in a diabetic patient). For each of the four algorithm types (cohorts, exposures, covariates and outcomes)
we reviewed the source documentation to extract and collate the criteria.

Results
General criteria for real-world algorithms
Table 1 describes the general criteria that apply to all four algorithm types identified from the review. The criteria
include relevance, validity, reliability, responsiveness, transparency and replicability, safety, feasibility and quality
process. We noted that a definition of the concept is not always provided in the stakeholders’ publications even
though the concept is included in their recommendations. Therefore, we have provided a working definition derived
from a synthesis of the definitions and criteria we found in our review (Table 1).
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Table 1. The General Criteria for Assessing the Suitability of Real-world Evidence.
Criteria Definitions Ref.

Relevance Degree to which the algorithm provides important and necessary information to the conclusions drawn
from the algorithm in either a decision or its application. For example, are the needed data for defining
the concept present, and do the codes adequately represent the underlying medical concepts they are
intended to represent?

[11,13,14,16–23,28]

– Clinical relevance Consistency with current clinical guidelines or clinical expert judgment. There should be evidence
documenting a link between clinical processes and outcomes. For example, establishing a clinically
appropriate outcome definition is critical for selecting a fit-for-purpose outcomes algorithm

[11,13,16,19–22]

– Generalizability and
representativeness

Ability of the algorithm to produce findings that address the question posed for a specific decision or
application, including the target population and target data source

[11–14,17–23,28]

– Potential for improvement Ability for healthcare systems or patients to improve their performance or outcomes. Examples of
improvement include demonstration of quality problems and improvement, data variation across
systems, performance across organizations and disparities in care across population groups

[11,19,20]

Validity Evidence that algorithms measure what they are intended to measure. The relevant measures of validity
depend on the specific characteristics of the algorithm (e.g., content validity, construct validity and
criterion validity)

[11–23,28]

Reliability Extent to which the results produced by the algorithm and/or the algorithm’s performance are
consistent and reproducible over time, in different datasets or in multiple uses/scenarios. The relevant
measures of reliability depend on specific characteristics of the algorithm (e.g., test–retest or intra-rater
reliability, inter-rater reliability and internal consistency)

[11–14,16,18–22,28]

Responsiveness The ability to detect change and identify differences in results over time in individuals or groups who
have changed with respect to the algorithm concept

[11,12,14,16,21,22]

Transparency and replicability Degree to which the algorithm is communicated clearly so others can understand and replicate it.
Transparency has been defined as openness and honesty about study variables, end points and other
aspects of real-world data study development and conduct. This includes the concept of clear
specifications of the algorithm

[11–14,18,20–23,28,58]

Safety considerations Ensuring any measure or algorithm has no potential for individual harm during its collection or its
application to a decision

[16]

Feasibility Specifically, the constructs below define the concept of feasibility [11–14,19–22,28]

– Logistical feasibility Are the required data available? Are the data reasonably accessible? [11,12,14,17,19–22,28]

– Reasonable cost Does the measure impose an undue burden on scarce resources (i.e., time or money)? A measure should
not impose an inappropriate burden on healthcare systems (e.g., expensive primary data collection) or
patients (e.g., time)

[11–14,17,19–22]

– Privacy and confidentiality Does data collection meet accepted standards of privacy and confidentiality? [11–14,17,19–22,28]

Quality process Applying processes or procedures designed to support quality assurance and confidence that the
algorithm is suitable. For example, early consultation with decision makers, pre-specification, expert
involvement, sensitivity analyses and compliance with privacy, ethical, regulatory requirements

[11–14,16–23,28]

Specific criteria for each type of real-world algorithm
The following criteria identified from the literature review are more directly applicable to each of the four algorithm
types.

Specific criteria for cohort algorithms

The key consideration for cohorts is how well the population identified by the algorithm reflects the actual
population of interest. A relevant case or cohort definition (e.g., incident vs prevalent cases) is a prerequisite
for obtaining meaningful measurement of accuracy. Some accuracy measures used to help understand this are:
sensitivity, specificity, positive predictive value (PPV) and negative predictive value (NPV). Note that although
these measures are foundational for describing cohorts, the stakeholders’ recommendations include these accuracy
measures for all four algorithm types [11–14]:

• Sensitivity measures the ability of a test or algorithm to correctly identify individuals with the target condition.
Sensitivity is the probability a person with the target condition (case) in the population will be identified as such
by the algorithm [15];

• Specificity measures the ability to correctly identify individuals who do not have the target condition. Specificity is
the probability a person without the condition (non-case) will be correctly identified as such by the algorithm [15];

• Positive predictive value (PPV), also known as precision, measures the proportion of the cohort (after applying
the algorithm) with the target condition. PPV is the probability a person identified as a case by the algorithm is
truly a case (e.g., does have the target condition) [15];
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Table 2. Calculation of sensitivity, specificity and positive and negative predictive values.
Test Actual positive (e.g., disease present) Actual negative (e.g., disease absent)

Test positive True positive (a) False positive (b) PPV = a/a + b

Test negative False negative (c) True negative (d) NPV = d/c + d

Sensitivity = a/a + c Specificity = d/b + d

NPV: Negative predictive value; PPV: Positive predictive value.

• Negative predictive value (NPV) measures the proportion of the patients not identified in the cohort who do
not have the target condition. NPV is the probability a person not identified as a case by the algorithms is truly
a non-case (e.g., does not have the target condition) [15].

The accuracy measures are represented in Table 2.
Finally, an assessment of algorithm performance by subgroups, or patient characteristics likely to affect algorithm

performance, is generally recommended [11–14,16–21]. These include but are not limited to age, gender, race, disease
severity and comorbidities.

Specific criteria for exposure & covariate algorithms

While exposures and covariates are fundamentally different variables, they share criteria for assessing their suit-
ability, with exposures having additional considerations. The AHRQ user guide for developing an observational
comparative effectiveness research protocol [12] provides extensive recommendations or considerations for exposures
and covariates measures, although many of these concepts are covered in other stakeholder recommendations as
well [11,13,14,17–23]. The guide recommendations are largely focused on medication exposures, but these considera-
tions could also be applied to other types of exposures. We have summarized the AHRQ considerations as questions
and categorized them as shown in Box 2.

Specific criteria for outcome algorithms

Of the four algorithm types, outcomes are the predominant focus of the criteria we identified. Among stakeholders,
regulators are generally viewed as setting the highest bar for measuring outcomes. For example, in the USA,
outcome assessment methods to support FDA drug approvals must be well defined and reliable by law [24].
The regulatory guidance reviewed on RWE algorithms for outcome measures was limited to a single use case:
pharmacoepidemiologic safety studies in electronic healthcare datasets [13]. We expect regulatory guidance will
continue to evolve on the use of RWD and RWE, including outcome algorithms (i.e., acceptable real-world end
points).

At the time of this review, two guidance documents from the FDA provide important insights: Best Practices
for Conducting and Reporting Pharmacoepidemiologic Safety Studies Using Electronic Healthcare Data [13] and
Patient-Reported Outcome Measures: Use in Medical Product Development to Support Labeling Claims [11].
However, there is no comprehensive or single source of regulatory guidance on RWE algorithms at the time of our
review. What we present is a compilation of criteria drawn from several existing sources (See Appendix 3).

The FDA pharmacoepidemiologic safety studies in electronic healthcare data guidance [13] describes the ev-
identiary support needed for outcome measures in safety surveillance in pharmacoepidemiologic safety studies
(e.g., accuracy/internal validity as well as generalizability/external validity). Beyond safety outcomes, there is
limited regulatory guidance on RWE algorithms.

In the absence of more specific regulatory recommendations, we focus on other regulatory precedents on outcomes
and endpoints. Outcome assessment includes these three types: biomarkers, all-cause mortality and COAs [25]. The
FDA guidance on COAs is particularly relevant for RWE algorithms, though thoughtful adaptation to various types
of outcomes is required. We focus on COAs as described in the 21st Century Cures Act (Federal Register 2016) [26].
COAs directly measure a patient’s symptoms, overall mental state, or the effects of a disease or condition on how
the patient functions [26]. Figure 1 illustrates and defines the types of COAs: clinician-reported, observer-reported,
patient-reported and performance outcome [29].

COA outcomes in RWE analyses submitted to the FDA and other regulatory agencies need to document
measurement capability following the guidelines detailed in the FDA’s 2009: guidance for Industry Patient-Reported
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Box 2. Considerations for identifying fit-for-purpose algorithms for exposures and covariates.

Properties of medications
• What is the relationship between the dosage and dose-response?
• What are the pharmacokinetic and pharmacodynamic properties of the medication (e.g., half-life of the

medication)?
• What is the recommended administration (e.g., oral, infused, etc.) of the medication?
• What were the actual versus recommended administration and frequency?
Relationship with outcome
• Is the outcome dependent on single or cumulative exposures?
• What intensity of exposure (e.g., dose, frequency and duration) is needed to observe the outcome?
• Does the outcome vary with different intensity of exposure?
• Is there a relationship (and what is the relationship) between the mode or context of delivery and the outcome?
• Is the relationship between exposure and outcome linear or some other type of relationship?
• Are there other indications or potential reasons for use of the medication other than the one of interest?
• What is the potential for bias between exposures/covariates and outcomes? For example, consider whether

important covariates are present in the data source and the effect on conclusions regarding the
exposure–outcome relationship.

Relevant time window of measurement
• What time window of measurement is relevant (calendar time and etiologic relevant time window)?
• Is a complete picture of the exposure available in the dataset?
• How immediate is the outcome?
• Is there an indication and latent period (e.g., a time period during which additional exposure will have no effect

on outcome)?
• Are there any changes in exposure status? And if so, are ‘spillover’ effects (e.g., effects that persist after

medication is discontinued) possible?
• How rapidly is the exposure’s effect lost?
• Are the exposure data available with the relevant frequency during the relevant time window of measurement?
Measurement error
• Are there any known differences in measurement methods between reporters (e.g., data abstractors, labs, etc.)?
• Are there any changes in the measurement method(s) over time?
• What were the quality control procedures for the measurement method (e.g., inter-observer or intra-observer

reliability)?
• Are there any other aspects of the data (e.g., data provenance, health plan coverage of drug, Healthcare

Common Procedure Coding System code effective date delays, etc.) that might lead to gaps or missing exposure
or covariate data?

Measurement scale
• What is the method of measurement (e.g., script fills, patient report, recall, etc.)?
• What is the quantitative representation of the exposure (e.g., continuous, categorical, dichotomous)?
• What was the frequency of measurement?

Above information taken from [12].

ClinRO

ObsRO

COAs

PerfO

PRO
A measurement based on a report 
that comes from a trained health care
professional after observation 
of a patient’s health condition.

A measurement based on a report of
observable signs, events or behaviors
related to a patient’s health condition by
someone other than the patient or a
health care professional.

A measurement based on a report that
comes directly from the patient about

the status of the patient’s health
condition without interpretation of the

patient’s response by a clinician or
anyone else.

A measurement based on a
standardized task(s) performed by a

patient that is administered and
evaluated by an appropriately trained

individual or is independently completed.

Figure 1. Overview of clinical outcome assessment
types. This illustrates and defines the types of COAs:
clinician-reported, observer-reported, patient-reported
and performance outcome [29]. There are certain types of
COAs derived from mobile health technologies
(e.g., activity monitors, sleep monitors) that do not fall
into one of the other types of COAs.
ClinRO: Clinician-reported outcome; COA: Clinical
outcome assessment; ObsRO: Observer-reported
outcome; PRO: Patient-reported outcome; PerfO:
Performance outcome.

Outcome Measures: Use in Medical Product Development to Support Labeling Claims [11]; this Guidance was
extended in 2014 to cover not only PROs but all COAs [27].

The properties considered in a COA’s measurement review are content validity, construct validity, criterion
validity, reliability (or reproducibility), responsiveness (also referred to as the ability to detect change), and score
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Table 3. Summary of evidentiary requirements and measurement properties considered in the review of COA outcome
instruments.
Measurement property Type What is assessed? FDA review considerations

Reliability Test–retest or
intra-rater
reliability

• Stability of scores over time when no change is expected in the concept
of interest

• ICC coefficient
• Time period of assessment

Internal consistency • Extent to which items comprising a scale measure the same concept
• Inter-correlation of items that contribute to a scale score
• Internal consistency of the items comprising a scale score

• Cronbach’s � for summary scores
• Item–total correlations

Inter-rater
reliability

• Agreement among responses when the COA is administered by ≥2
different raters

• ICC coefficient

Validity Content validity • Evidence that the instrument measures the concept of interest including
evidence from qualitative studies that the items and domains of an
instrument are appropriate and comprehensive relative to its intended
measurement concept, population and use. Testing other measurement
properties will not replace or rectify problems with content validity.

• Derivation of all items
• Qualitative interview schedule
• Interview or focus group transcripts
• Items derived from the transcripts
• Composition of patients used to
develop content
• Cognitive interview transcripts to
evaluate patient understanding

Construct validity • Evidence that relationships among items, domains and concepts
conform to a priori hypotheses concerning logical relationships that
should exist with measures of related concepts or scores produced in
similar or diverse patient groups

• Strength of correlation testing a priori
hypotheses (discriminant and
convergent validity)
• Degree to which the COA instrument
can distinguish among groups
hypothesized a priori to be different
(known groups validity)

Responsiveness or ability
to detect change

N/A • Evidence that a COA instrument can identify differences in scores over
time in individuals or groups (similar to those in the clinical trials) who
have changed with respect to the measurement concept

• Within person change over time
• Effect size statistic

Interpretation of scores N/A • Regardless of whether the primary end point for the clinical trial is
based on individual responses to treatment or the group response, it is
usually useful to display individual responses, often using an a priori
responder definition (i.e., the individual patient COA score change over a
predetermined time period that should be interpreted as a treatment
benefit). The responder definition is determined empirically and may vary
by target population or other clinical trial design characteristics

• Summary of the logic and methods
used to interpret the clinical
meaningfulness of clinical trial results at
the individual patient level
• Responder definition (i.e., definition
of meaningful within-person changes
specific to the clinical trial population)

COA: Clinical outcome assessment; ICC: Inter-class correlation; N/A: Not applicable.

interpretation (not considered a measurement property) [11]. Table 3 provides the FDA’s definition of each of these
measurement topics as well as example methods or measurement properties for demonstrating a well-defined and
reliable COA [11].

Criteria for real-world data
The suitability of RWE algorithms is directly affected by the quality of the underlying RWD. The generation
and selection of an RWD source affects and informs the selection of RWE algorithms. Although an evaluation of
RWD was not within scope of this review, the critical importance of understanding the nature and source of RWD
and ensuring the data are sufficient to generate RWE for the decision or intended purpose is emphasized in the
stakeholder recommendations [11–14,16–23,28]. The main criteria identified in these sources are as follows:

• Relevance. The extent to which the existing RWD source is adequate for evaluating the question, including the
availability of the necessary data elements [12–14,16,21–23,28];

• Reliability. The extent to which the data results are the same across different measurements over time [11–

14,16,18,19,21,22,28]. Data accrual (or data collection) is the process of overseeing the collection and storage of the
data to include sufficient documentation to understand the process, including data provenance [12–14,16,17,21–

23,28]. Data quality assurance and control is the process of assuring that data errors are minimized, quality
standards are met, and data are reproducible [11,13,14,16,17,19,21–23,28];

• Validity. Whether the data accurately and faithfully represent what they are intended to represent [11–14,16,17,20–

22,28].
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Discussion
This review attempted to synthesize the published stakeholder recommendations on RWE algorithms through April
2021. While stakeholder recommendations largely reflect the ‘relevant and reliable’ RWE framework [23], they also
include related concepts like transparency and replicability, safety considerations, feasibility and quality process that
should continue to be addressed in future regulator guidance. Stakeholder recommendations for evaluating RWE
algorithms include both quantitative assessments (such as measures of accuracy) and qualitative assessments (such
as clinical relevance).

We identified several important gaps in the current stakeholder recommendations on RWE algorithms. One
important gap is the lack of comprehensive guidance on RWE algorithms, which represents a risk with growing
impact as the stakes for RWE for a decision-making increase. For example, regulatory recommendations are absent
regarding the relevant validation approach or types of evidence for different contexts of use. Context of use is
increasingly recognized as a key factor for determining the adequacy of measurement tools [12,29]. The existing
RWE algorithm recommendations from stakeholders focus on only a few specific contexts of use, including
pharmacoepidemiologic safety study outcomes [13,17] and quality of care measures [19,20]. For other algorithm use
cases (e.g., real-world outcome measures contributing evidence about the effectiveness of a medical product), future
recommendations should describe suitable validation approaches and types of evidence. Guidance on other types
of validation approaches besides criterion validity would be valuable. For some routinely collected measures of
clinical effectiveness (e.g., tumor response or progression), there is no clear reference standard, and it may not
be apparent what approaches would be acceptable to validate these types of real-world outcome measures. These
outcome measures may need to be assessed in other ways to demonstrate clinical validity, such as considering face
validity with experts, measuring reliability between abstractors, benchmarking with external standards or evaluating
performance in terms of prediction or correlation with other related events (i.e., clinical validation [30]). Example
approaches may include evaluating the correlation of results between related outcome measures [31,32]; correlation or
comparison of results between published trials and corresponding real-world patient cohorts [33,34]; and correlation
of results for the same population, intervention, and outcome across different RWD sources [35–37]. The type of
validation or evidence necessary for evaluating an algorithm’s suitability for a particular context of use may not be
obvious today, as there are examples of different expert interpretations about the relevant validation approach for
different contexts of use, including real-world external control arm scenarios [38,39]. Comprehensive guidance on
the type of validation approach relevant to various contexts of use is needed. Analysis of past guidance along with
the growing number of RWE submissions could provide valuable insights on relevant validation approaches for
different contexts of use.

Another related gap is the absence of recommendations on thresholds (quantitative or qualitative) for determining
whether an algorithm is fit for purpose. For example, the FDA Mini-Sentinel health outcomes of interest initiative
recommended a quantitative threshold of PPV of 0.7 or greater for acceptable algorithm performance [40]. While
maximizing PPV is important, 0.7 is not an immutable threshold. Algorithm accuracy improves as operating
characteristics (e.g., sensitivity and PPV) increase, but there is a trade-off between algorithm sensitivity and PPV.
The decision regarding whether to use an algorithm with higher sensitivity or PPV can be made only in the
context of use. In the context of rare diseases [41], designs where inclusive study populations are needed [42], or
for observing variation in care in quality-of-care assessments [43], the sensitivity of cohort algorithms will be an
important consideration. In the context of outcome measures, reduced algorithm sensitivity by itself (i.e., provided
that misclassification is non-differential with respect to exposure status and specificity is perfect) will not bias
the relative risk of an outcome but will have a detrimental impact on odds ratios [42]. This is not an exhaustive
list of contexts of use but offers a few examples of considerations for making trade-offs between measures of
algorithm accuracy. In short, the acceptable thresholds are informed by the algorithm’s context of use. The absence
of thresholds in stakeholder recommendations may be attributable to the difficulty of defining relevant thresholds
for all contexts of use. A potentially helpful framework for conceptualizing thresholds is the certainty framework,
which reflects two dimensions: factors that influence the level of certainty about the algorithm’s fit for the use case
versus factors that influence the level of certainty needed to make a decision [44]. The recent FDA draft guidance
on RWD for assessing electronic health records and medical claims data to support regulatory decision-making for
drug and biological products [45] includes these concepts; however, it does not describe the level of certainty needed
for different contexts of use nor does it provide criteria for evaluating whether the validation evidence is sufficient
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to meet the level of certainty needed. A framework that addresses the two dimensions of certainty, and including
both quantitative and qualitative aspects, is needed.

With respect to algorithm accuracy and generalizability, a gap was noted in stakeholder recommendations
regarding adjustment of predictive values (PPV and NPV) for case prevalence. Sensitivity and specificity are
characteristics of the test, while PPV and NPV values are dependent on the prevalence of the condition in the
population; thus, a low prevalence condition may give rise to a low PPV despite high algorithm sensitivity and
specificity. Researchers evaluating and selecting algorithms for their studies need to understand the prevalence of
the concept of interest in the validation study as well as in the data source in which the algorithm will be applied. If
the data in the gold standard data source do not reflect the true prevalence and absence of the cases in the real-world
target population (e.g., the validation dataset is enriched for cases), then the PPV and NPV cannot be accurately
estimated directly from the data. These points are addressed in the new FDA draft guidance [45], although future
guidance could offer potential solutions for handling this limitation. For example, when the true case prevalence is
known, the PPV and NPV can be calibrated using the following formulas based on Bayes’ theorem [46,47]:

PPV =
sensitivity × prevalence

sensitivity × prevalence + (1 − specificity) × (1 − prevalence)

And

NPV =
specificity × (

1 − prevalence
)

(
1 − sensitivity

) × prevalence + specificity × (
1 − prevalence

)

Additionally, emerging COA guidance (e.g., patient-focused drug development) [29], on validation of real-world
patient- or physician-generated data could also be an important future component of stakeholder recommendations
on RWE algorithms; for example, the concept of patient-relevant algorithms could be incorporated. Finally, a
health equity lens could be applied to future algorithm recommendations. Subgroup analyses by race, ethnicity
and language or social determinants of health factors, where available, may support or refute the relevance and
validity of an algorithm from a health equity perspective. For example, subgroup analyses may be conducted to
reveal whether algorithmic bias is present due to disparities in care and could introduce, perpetuate or exacerbate
disparities in health outcomes [48–50].

A strength of this review is its unique, current synthesis of stakeholder recommendations for RWE algorithms.
A synthesis of existing stakeholder recommendations is timely given the many and significant multi-stakeholder
efforts underway to evaluate ‘fit for purpose’ of RWD in different contexts of use (e.g., RCT DUPLICATE [51],
OPERAND [52], Friends of Cancer Research pilot programs [53], Duke-Margolis [3–5], other RWE demonstration
projects [54,55] and related frameworks [6,56]) and to increase rigor in transparency and replicability of algorithms
(e.g., STaRT-RWE [57], ISPOR RWE transparency initiative [58]). A limitation of this review is that there are
additional stakeholders we did not consider; for example, the Japan Pharmaceuticals and Medical Devices Agency
has released guidance on RWE algorithms for safety surveillance studies [59] that was not included in our review.
At the time this manuscript was being developed, the FDA published draft guidance on RWD, which included
recommendations on validation of RWE algorithms (referred to as ‘operational definitions’ in the guidance) [45].
We took this new guidance into consideration as we identified gaps for future stakeholder recommendations to
address.

Conclusion
Fit-for-purpose algorithms are essential for generating credible RWE and trustworthy decisions, and the stakes are
growing. This paper collates the recommendations regarding RWE algorithms by diverse stakeholders, including
regulators, payers and other governmental healthcare decision makers. Comprehensive guidance is needed on the
various types of validation approaches relevant for different contexts of use. As noted, there are many criteria to
consider, and trade-offs will be made to find an acceptable balance of all the evidence. Future recommendations can
help clarify criteria and thresholds for deeming an algorithm as fit for purpose (e.g., a framework that describes the
level of certainty needed for different contexts of use versus the level of certainty the available evidence provides).
Future recommendations could also include suggestions for overcoming limitations in algorithm generalizability
(e.g., adjusting PPV for different case prevalence across data sources), cite COA validation standards in the emerging
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regulatory guidance on patient-focused drug development, and apply a health equity lens to algorithm evaluation.
This is not an exhaustive list of gaps to be addressed but highlights the key topics and needs we identified in our
review of the available stakeholder recommendations.

Future perspective
The importance of stakeholder guidance on fit-for-purpose RWE algorithms continues to grow. As regulatory,
payer, and other governmental stakeholders increasingly rely on RWE in their decision making, we anticipate the
evolution of guidance on fit-for-purpose RWE algorithms and related topics (e.g., acceptable real-world end points)
to address known and emerging scientific and policy gaps.

Executive summary

• The importance of and risks associated with real-world evidence (RWE) algorithms are growing as RWE is
increasingly used to inform decision making by regulators, payers and others. A review of stakeholder criteria for
RWE algorithms has not been previously published. We synthesized RWE algorithm recommendations from
the US FDA, European Medicines Agency (EMA), International Conference on Harmonisation (ICH) regulators;
payers: National Quality Forum and National Committee for Quality Assurance (NQF and NCQA); and other
governmental organizations: the Agency for Healthcare Research and Quality and Patient-Centered Outcomes
Research Institute (AHRQ, PCORI). We identified gaps that could be addressed in future stakeholder guidance.

• Key stakeholder considerations comprised qualitative and quantitative measures of relevance, validity, reliability,
responsiveness, transparency and replicability, safety, feasibility and quality process. Stakeholders recommended
accuracy measures (sensitivity, specificity and positive and negative predictive values), subgroups evaluation,
specific considerations when assessing exposures and covariates, and assessment of the underlying RWD quality.

• Gaps include comprehensive guidance on relevant and acceptable validation approaches and the level of
certainty needed for different contexts of use, along with criteria for assessing the level of certainty the
validation evidence provides (i.e., conceptual framework for thresholds). Future guidance could also address
adjustment of positive and negative predictive values (PPV and NPV, respectively) for case prevalence in different
data sources and incorporate clinical outcome assessment validation principles (e.g., patient relevance) and a
health equity lens to algorithm evaluation.
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