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Background: There is growing interest in using evidence generated from clinical practice data to support regulatory, coverage and
other healthcare decision-making. A graphical framework for depicting longitudinal study designs to mitigate this barrier was
introduced and has found wide acceptance. We sought to enhance the framework to contain information that helps readers assess
the appropriateness of the source data in which the study design was applied.
Methods: For the enhanced graphical framework, we added a simple visualization of data type and observability to capture
differences between electronic health record (EHR) and other registry data that may have limited data continuity and insurance
claims data that have enrollment files.
Results: We illustrate the revised graphical framework with 2 example studies conducted using different data sources, including
administrative claims only, EHR only, linked claims and EHR, as well as specialty community based EHRs with and without external
linkages.
Conclusion: The enhanced visualization framework is important because evaluation of study validity needs to consider the triad of
study question, design, and data together. Any given data source or study design may be appropriate for some questions but not others.
Keywords: study design, real world evidence, real world data, visualization, methods, bias

Introduction
There is growing interest in using evidence generated from routinely collected data contained in administrative claims,
charge master, patient registry, and electronic healthcare record (EHR) databases to support regulatory, coverage and
other healthcare decision-making.1–4 The methods used to conduct studies with these types of longitudinal data streams
can be complex and long narratives make reviewing difficult and error-prone. A graphical framework for depicting
longitudinal study designs to mitigate this barrier was introduced and has found wide acceptance.5,6 The goal was to
make studies conducted with secondary healthcare data more reproducible and facilitate clear communication of long-
itudinal study design decisions to readers. Since publication, this graphical framework has been incorporated into STaRT-
RWE,7 a structured study implementation template that was developed in a public-private collaboration that included
members from international regulatory agencies and was endorsed by two international professional societies.

The original graphical framework introduced general terminology for temporal anchors required for causal study
designs on treatment effectiveness, including base anchors, first-order (primary) and second-order (secondary) anchors
defined in calendar or patient event time.5 Examples of design diagrams for different study designs were provided to
illustrate the flexibility of the framework to address a variety of study questions using different methods. The original
graphical framework did not contain information to help readers assess the appropriateness of the source data in which
the study design was applied. For example, whether data were fully observable during the study period or whether there
was (partially) unobservable information, as is expected for many EHR databases.8–11 This is an important issue because
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when conducting research with secondary data, the investigator is not in control of what, when or how data is captured.
Thus, clear communication of data completeness and quality within the temporal context of a specific study is critically
important to evaluate methodologic validity.

In this paper, we update the original graphical framework for depicting study design to include a simple visualization
of data type and observability. This revision is important because evaluation of study validity needs to consider the triad
of study question, design, and data together.12 Any given data source or study design may be appropriate for some
questions but not others.

There are many aspects involved in evaluating whether a data source is fit-for-purpose, including the ability to
measure key study parameters such as exposure, outcome, inclusion criteria, covariates and follow up.13,14 Other aspects
include how selected versus representative the data are, the amount of missing data or unreliable data (eg implausible lab
values), and the degree of transparency in data provenance or history of data transformations to create the research
database.

Although many aspects of evaluating data fitness cannot be visually summarized in a graphical framework (eg quality
control, data curation practices), some fundamental features can be. The objective of this update to the graphical
framework for study design is to help researchers working with longitudinal secondary data think about data observa-
bility when designing a study. The framework can also be used in reporting, to help reviewers understand with a high-
level, visual summary, whether and how key study parameters can be captured in the data source.

Methods
In this section, we define data observability and propose a framework for visualizing data observability in the context of
study design.

Data Observability
Healthcare databases are largely comprised of longitudinal data streams that are generated by the routine operation of
a healthcare system that tracks encounters including medical, billing, and other information.15 Administrative claims
databases capture longitudinal data on patient encounters that are covered by insurances across providers and have
a defined start and end of the data stream, the enrollment period. However, they lack the richness of clinical detail that
can be found in EHR, which may be useful for enhanced confounding adjustment and identifying select endpoints. In
contrast, EHR-based data sources have greater depth of clinical information, but particularly troublesome for researchers
in countries with fragmented healthcare systems like the US, information is lost to researchers when patient seek care by
physicians who operate outside of the index EHR system.16 Integrated healthcare systems or linked claims-EHR data
sources benefit from both longitudinal capture of all healthcare encounters and the ability to leverage detailed clinical
measurements such as vital signs, laboratory, imaging, and other test results as well as physician notes.16

Hence, as has been previously outlined,8,9 a key difference between claims and EHR data sources is the concept of
patient data observability. We define observable time as time windows during which patient healthcare events are
routinely captured and stored in the database accessible by the researcher. This is related to but not the same as a classical
definition of missing data, which occurs when there a measurement was taken but no value recorded for a variable that is
part of the routinely captured data.

In claims data, this characteristic of observable time can be measured through enrollment periods, the start and end
dates of which are assiduously captured by insurers because this information is critical to their business function. When
measuring baseline characteristics or determining follow up, these enrollment windows can be used to ensure that the
ascertainment windows in the study design are restricted to time during which patient healthcare data is observable. That
said, for some claims-based data sources, there may be windows of only partially observable data for structural reasons.
For example, medication administration data for patients during time spent in hospital or other institutions is often not
available for claims-based research databases as they are included in bundled payments.

In EHR or specialty registry data, the issue of data observability can be more complicated. These types of data often
do not have clear windows defining when a patient is actively engaged with a provider within the system. Furthermore, it
can be difficult to ascertain how much of the patient’s healthcare activity is captured within the network as opposed to
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other systems. Linkage to claims or other data sources that track all encounters across the care delivery continuum can
help elucidate the degree to which patients are seeking healthcare in other systems. Alternatively, researchers can make
assumptions about when patient healthcare events are observable or use algorithms to identify and restrict study
populations to patients who continuously use a single healthcare system.8–10 For some EHR-based research databases,
periods of structurally unobservable patient time may be clear. For example, some databases contain only inpatient
hospitalization data, meaning anything outside of hospital is unobservable.17 Others may focus on primary care only or
specialty clinics only. Any of these types of EHR data sources may be fit-for-purpose, depending on the study question
and design.

Visual Vocabulary for Data Observability and Type
The original design visualization framework was logically centered around a primary anchor that denoted time zero for
entry to the study population, and secondary time anchors defined relative to the primary anchor.5 The primary anchor
was visually represented by a vertical gray arrow with horizontal boxes representing secondary time anchors such as
inclusion-exclusion assessment windows, covariate assessment windows, washout windows for defining incident expo-
sure or outcome, an exposure assessment window, and follow up. The length and placement of the horizontal boxes were
used to visually represent the timing of the secondary temporal anchors relative to time zero, with bracketed numbers
explicitly denoting the exact timing.5

To bring in the concept of data observability to the design visualization framework, we propose overlaying
a continuous or dotted line on each horizontal box using a simple 2 color palette to denote windows of observable
patient data (continuous and dark color), partial observability (dashed and dark color), and no observability (continuous
and light color). These three categories can only provide crude directions about data observability and may need
additional explanations in foot notes. Underneath the design diagram, we therefore use the same palette to break down
the observability of common data types as well as data that may be idiosyncratic for the research database.

To illustrate this addition to the design diagram framework, we walk through 2 examples of comparative effectiveness
studies using secondary data sources.

Results
Example 1: Comparative Effectiveness of Famotidine versus Non-Use on Risk of Death
for Hospitalized COVID-19 Patients
In this hypothetical design of a study of the risk of death for patients initiating famotidine versus non-use on the day of
admission to a hospital for COVID (based on a real study18) Day 0 was defined as a hospital admission date. The
exposure assessment window for famotidine exposure versus non-exposure was the date of admission. Patients were
included if they had lab confirmed COVID-19 from 2 weeks prior up through 3 days after hospital admission. Patients
were excluded if there was evidence of exposure to famotidine within 90 days prior to day 0, or if there was evidence of
intensive service use within 90 days prior to and including day 0. Baseline covariates to adjust for confounding were
assessed over the 90 days prior to and including day 0. Follow up for the outcome of death began the day after admission
and continued for up to 30 days, with censoring upon outcome, discharge, or end of study period.

The original design visualization framework does not provide information about data observability. A generic design
diagram might appear as panel A in Figure 1. If we were to layer in information about data observability, we would see
different issues highlighted for different types of data sources.

If this hypothetical study was conducted with a United States commercial claims database, the design would typically
also include an inclusion requirement of having a minimum amount of enrollment prior to day 0. This would serve to
ensure a window of observability for measured baseline characteristics. Similarly, follow up would be censored when the
enrollment window ends (Figure 1B). The lines indicating data observability given this data source and this design would
indicate that patient healthcare events are observable for all assessment windows except for in-hospital medication
administration and lab test results. The latter are partially observable in the outpatient setting and unobservable in the
inpatient setting. The critical piece of unobservable information on inpatient exposure status makes this combination of
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data and design not fit-for-purpose. The clarity of the visualization brings this particular study limitation to the forefront
for a reviewer.

If the design were to be implemented in a hospital EHR based research database, then there would be a clear
window of time during which patient events were observable - during the hospitalization. However, depending on the
data source, while prior hospitalizations in the same system may be observable for each patient, capture of patient
events from outpatient healthcare contacts or from other hospital systems may not be linkable to the index hospitaliza-
tion that allowed patients to enter the analytic study cohort. This is reflected by the data observability lines in Figure 1C
where patient information before the index hospitalization is only observable if the index hospitalization reflects
a rehospitalization within the same system. The inability to observe outpatient drug exposure prior to hospitalization
makes it difficult to exclude patients who had prior exposure to the drugs of interest. Similarly, data on intensive
service use or baseline characteristics is only partially observable prior to the index admission (observable only

A

C

B

D

Figure 1 Comparative effectiveness of famotidine versus non-use on risk of death for hospitalized COVID-19 patients. (A) Original design visualization framework, (B)
design applied in a commercial claims database with data observability lines, (C) Design applied in a hospital EHR-based research database, (D) design applied in linked EHR-
claims data.
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through prior hospitalization records). Without the data observability lines overlaid on the design diagram, use of
extended baseline assessment windows prior to the index may give the false impression that health events prior to the
index admission are measurable and contributing to the definition of incident use or other inclusion-exclusion criteria.
To tailor the design to the data, assessment windows could be modified to focus measurement on admitting diagnoses
or procedures occurring on the date of admission, thus recognizing limited observability outside of the index
hospitalization. Decision rules may be needed to define whether conditions were likely present on admission as
opposed to new conditions that developed during hospitalization and ended up on the discharge record. For example,
inpatient hypertension diagnoses likely reflect pre-existing conditions whereas inpatient myocardial infarction codes
might be considered either pre-existing or indicative of a new event if they were an admission diagnosis or the primary
discharge diagnosis.

If the design were to be implemented using a linked claims-EHR database, then the study could benefit from use of
clear enrollment windows to capture observable time in the study design inclusion criteria, with data observability lines
reflecting that patient health events before hospital admission are measurable, as is drug exposure status upon hospita-
lization (Figure 1D). Depending on the linked data sources, EHR based patient data may be fully, partially or not
observable outside of the index hospitalization (eg fully integrated healthcare system, hospital-based system with some
outpatient clinics, hospital only EHR).

Example 2: Comparative Effectiveness of Chemotherapy Regimens in Specialty
Oncology Registry Data
In the design of a study based on a previously developed master protocol19,20 of the risk of death for patients initiating
programmed death-ligand 1 inhibitor (PD-(L)1) monotherapy (pembrolizumab, nivolumab, atezolizumab) compared to
patients initiating a PD-(L)1 plus a doublet chemotherapy combination, day 0 was defined as the first observed treatment
episode with either course of treatment (Figure 2A). To identify patients whose healthcare events would likely be
observable, patients were required to have at least 2 visits to the same community clinic at any time prior to day 0.
Patients were restricted to those who had either a recurrence or progression to advanced non-small cell lung cancer
(aNSCLC) within 120 days prior to initiating either course of therapy under investigation. Patients were included if the
community clinic at which they were treated collected and provided records of historical treatment to the research
database.

Baseline covariates were assessed over several different windows. Demographics were assessed on day 0 or using
the most recent value observed considering all available data. Lab testing and results were assessed using all available
time prior to day 0, using only time within 30 days before day 0, or including time within 30 days after day 0. Non-
cancer related comorbid conditions were assessed using all available data prior to and including day 0. Follow up for
the outcome of death began the day after treatment initiation and continued until the end of the study period.

If this study design were applied to a data source comprised primarily of community-based oncology clinics, then
after applying restrictions in the design phase to include patients who are likely to be receiving all of their cancer care in
a clinic that contributes to the research database, the observability lines might indicate that cancer related baseline
measures are largely observable while non-cancer related baseline characteristics are only partially observable (through
non-cancer related clinical codes or notes captured in the cancer clinic EHR – all external healthcare transactions would
be unobservable). If this data source did not have linkage to external sources of information about mortality, then
observability lines during follow up for overall survival might indicate that patient events are only partially observable
(Figure 2B). The observability lines during follow up might look different if the study was either investigating a different
outcome or if the study were investigating overall survival in a similar data source with linkage to additional data. For
example, under the assumption that the restriction to patients who have a history of receiving their cancer care from the
same community clinic is effective at identifying patients with observable data, then if the outcome was treatment
discontinuation instead of survival, the research database would include the necessary information and follow up window
for this outcome would be considered observable. Alternatively, if the research database included not just EHR data from
community-based oncology clinics, but also death information from the social security death index, linked claims, state
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death information, etc., then the window of follow up for overall survival could be classified as largely observable
(Figure 2C).

Discussion
Working with secondary data requires clear communication of data completeness and quality in the temporal context of
a specific study because the investigator is not in control of what to measure, how, or when to measure it. Using

A B

C

Figure 2 Comparative effectiveness of chemotherapy regimens in specialty oncology registry data. (A) Original design visualization framework, (B) design applied in
community cancer clinic based EHR database with no external linkage of death data, (C) design applied in community cancer clinic based EHR database with external linkage
of death data.
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visualizations to help researchers be precise about when and how exposure, baseline characteristics, inclusion-exclusion
criteria, and outcomes are captured in data and design can help readers better interpret the results of a study. In this paper
we introduce terminology and a visual language for data observability that are particularly relevant for electronic health
record and disease registry databases based on routinely collected healthcare data. We provide updated power point
templates with a color palette (that is friendly for the color-impaired) which can be used to create publication quality
figures. The enhancement to the visualization framework can only draw attention to an observability issue in the data; the
accompanying text is needed to explain details of the observability issue and how it may impact the validity of the study.

Limitations
A limitation of the proposed enhancement to the design visualization framework is that it does not capture all aspects of
assessing whether a data source is reliable, relevant, and fit-for-purpose. Additionally, studies with very complex designs
may result in complex diagrams.7,21 Nevertheless, supplementing free text description of the methods for such studies
with a summary visualization may still be a useful aid for planning a study as well as interpreting and evaluating the
methods.

Conclusions
Study design diagrams can be used as a tool for planning a study, reporting on it, and facilitating validity assessment. For
investigators, use of this framework for graphical representation of study design and data observability during the study
planning phase will help them to consider and account for important data features or limitations in their study design.
Sharing this diagram with a publication or report will help communicate these considerations to reviewers. For reviewers,
the presence of a study design and data observability diagram will facilitate effective evaluation of study validity as well
as relevance for decision-making.
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