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Abstract

Collaborative study designs (CSDs) that combine individual-level data from multiple
independent contributing studies (ICSs) are becoming much more common due to their
many advantages: increased statistical power through large sample sizes; increased abil-
ity to investigate effect heterogeneity due to diversity of participants; cost-efficiency
through capitalizing on existing data; and ability to foster cooperative research and train-
ing of junior investigators. CSDs also present surmountable political, logistical and meth-
odological challenges. Data harmonization may result in a reduced set of common data
elements, but opportunities exist to leverage heterogeneous data across ICSs to investi-
gate measurement error and residual confounding. Combining data from different study
designs is an art, which motivates methods development. Diverse study samples, both
across and within ICSs, prompt questions about the generalizability of results from
CSDs. However, CSDs present unique opportunities to describe population health across
person, place and time in a consistent fashion, and to explicitly generalize results to tar-
get populations of public health interest. Additional analytic challenges exist when analy-
sing CSD data, because mechanisms by which systematic biases (e.g. information bias,
confounding bias) arise may vary across ICSs, but multidisciplinary research teams are
ready to tackle these challenges. CSDs are a powerful tool that, when properly har-
nessed, permits research that was not previously possible.
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Key Messages

¢ Collaborative study designs (CSDs), in which independent contributing studies (ICSs) linked by a scientific commonal-
ity, perhaps with heterogeneous study designs and data-collection protocols, agree to share data, can become fertile
environments for scientific productivity.

* Data harmonization across CSDs is often both retrospective and prospective; combining these approaches may lever-
age information across ICSs to quantify, and perhaps correct, measurement error and residual confounding.

* |t is not a simple task to identify the target population to whom results from an analysis nested in a CSD can trivially
generalize. However, the increased participant diversity in a CSD may allow investigators to describe heterogeneity in
outcomes of interest across person, place and time; may lead to increased precision in estimating subgroup effects
of treatments/exposures; and may permit results to be quantitatively generalized to key target populations of public
health interest.

* Analytic approaches for CSDs will vary based on the research question and logistics, such as privacy concerns, data
availability and characteristics of the ICSs included in the study sample.

* In addition to acknowledged strengths, CSDs present political, logistical and methodological challenges that are ser-
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ious, but not insurmountable.

Introduction

The term ‘collaborative study design’ (CSD) may encom-
pass a wide variety of models, from a multi-site random-
ized trial with standardized protocols, to a network of
observational studies, perhaps with heterogeneous designs.
Herein, we focus on collaborations between multiple inde-
pendent contributing studies (ICSs), established with the
intent of addressing multiple scientific questions, where re-
search protocols are not standardized across ICSs, but har-
monization of core data elements is feasible. CSDs present
many strengths and opportunities, as well as surmountable
methodological, political and logistical challenges. As
CSDs become more common, identifying and addressing
common challenges may help guide future collaborative
initiatives. Herein, we: (i) discuss methodological chal-
lenges and opportunities when analysing data from mul-
tiple ICSs, (ii) review the state of the science for addressing
these challenges and (iii) very briefly describe the political
and logistical considerations when establishing the scaf-
folding for collaborative research.

Defining CSD

A sufficient set of conditions for a CSD includes: (i) a scien-
tific commonality that unites the various studies, which
may be a common population (e.g. children'), common
outcome (e.g. HIV?* or childhood cancer®) or a common
exposure (e.g. genetics’), (i) overlapping data elements,
termed the ‘core’ data elements for the CSD and (iii) buy-
in from leaders of the ICSs. Typically, ICSs agree to share
individual-level data, which are then harmonized and
pooled into a single dataset. However, CSDs may also

undertake ‘collective analyses’ in which individual sites fol-
low the same analysis plan and then site-specific results are
meta-analysed. We distinguish this collective approach
from a traditional meta-analysis in that: included studies
are those that agree to collaborate, rather than those who
have previously published results relevant to the question
under investigation; the development of the analysis plan is
generally preceded by harmonizing needed variables
including outcome, exposures and covariates; and all sites
agree to execute the same analysis plan (limiting heterogen-
eity due to different covariate adjustment sets or inclusion/
exclusion criteria).” Some examples of existing CSDs of
ICSs appear in Table 1. We also provide links to public
websites, which include examples of governance processes
for successful collaboration, and published research that il-
lustrates many of the analytic challenges and opportunities
outlined below.

Factors contributing to the proliferation of
CSDs

Over the last two decades, several factors have contributed

*%7 and the explosion of

to the advent of the ‘mega-cohort
CSDs for epidemiologic research. Increased scientific inter-
est in precision (or personalized) medicine, subgroup-
specific effects, very broad arrays of risk factors such as
genome-wide association studies and other ‘-omics’, and
clinically important rare exposures (e.g. multidrug resistant
HIV) and rare events (e.g. HIV treatment failure)® have
necessitated larger study samples than are available in typ-
ical, single-site epidemiological studies. Furthermore, fund-

ing agencies have also promoted collaboration in an effort
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to maximize return on existing research infrastructure and
data.” Finally, increased computing power and cheaper
electronic storage have lowered technological barriers to
curating and analysing large datasets.

The factors driving the proliferation of CSDs reflect their
obvious advantages. Foremost is the large combined cohort
size and the associated increased precision of estimates that
address research questions that could not be answered in a
single study. Additionally, increased diversity of partici-
pants in CSDs allows more extensive descriptive analyses
by person, place and time, as well as the investigation of po-
tentially meaningful effect heterogeneity. This strength is
especially evident in the case when subgroups at highest
risk for the outcome of interest are traditionally under-
represented in ICSs. Geographical diversity allows for map-
ping of indicators. Trends over time are distinguishable
when ICSs with overlapping but extending time frames are
united. Some of the most informative papers from CSDs
carefully describe key disease indicators across important
subgroups, a wide geographical-spread or over the course
of time.'®"" Collaboration is also cost-efficient, maximiz-
ing the usefulness of existing data by encouraging second-
ary data analysis. Finally, collaborations have the potential
to become fertile environments for scientific productivity
and for training of new investigators due to the availability
and accessibility of secondary data,'* coupled with scien-
tific guidance and input from senior experts in the field,
who often serve as principal investigators of ICSs.

Methodological considerations for CSDs

CSDs often form to address multiple research questions
related to a common theme, yet each specific question ad-
dressed in a CSD may require a slightly different methodo-
logical approach. Aspects of study design that may vary
with the structure of the CSD and the research question in-
clude: defining the target population and inclusion/exclu-
sion criteria for creating the study sample; defining key
covariates, including the exposure and/or outcome of inter-
est; and determining an analysis plan. Some steps of this
process—e.g. defining key covariates—may be standar-
dized across analyses nested in the CSD as part of the data-
harmonization process.

Target populations and study samples

Generalizability

Generalizability is not a feature of a particular study sam-
ple, but rather describes a relationship between a study
sample and a well-defined target population."*™"* There
may be a different target population for every unique

research question nested in a CSD. In theory, to answer a
research question, we would enrol a probability sample
from the target population of interest to ensure generaliz-
ability of results to that target population. In practice,
CSDs leverage data from existing independent studies that
may or may not have study samples drawn from the target
population that is truly of interest, and then determine to
whom results can be generalized. Because defining the study
sample is a multi-step, complicated process (described
below), additional effort, often beyond that required for a
single study, is required to posit generalizability of results
to a particular target population. Despite this challenge, the
heterogeneity of participants in CSDs beyond that usually
seen in single studies often means the study sample in a
CSD may be more representative of key target populations
of interest'” or that results can be formally reweighted to
target populations of interest to present results explicitly
generalized to that target population'® under a well-defined
set of sufficient assumptions and with information on the
distribution of key covariates in the target population.'®!*
Whereas explicitly addressing the generalizability of results
to a particular target population arguably increases their
utility, there may be instances in which representativeness
and generalizability are not of primary concern, e.g. when
first evaluating a hypothesis, exploring heterogeneity or

s - 17,18
when specific interest is in subgroups.”

Selection processes leading to the study sample

Study sample: describing the participant pool in a CSD
The following selection processes and criteria determine
the participant pool in a CSD from which more restricted
study samples can be chosen to answer a specific nested re-
search question: (i) the ICSs that were invited or eligible to
join the CSD, (ii) the eligible ICSs that chose or were se-
lected to participate in the CSD, (iii) ICSs’ original sam-
pling mechanisms (informed by inclusion/exclusion criteria
and the source populations from which participants were
recruited) and (iv) additional selection criteria applied to
ICS study samples when determining eligibility for inclu-
sion in the CSD (obtaining additional participant consent
for data sharing, requiring participants be alive and still
under follow-up, etc.) (Figure 1).

To obtain the most diverse study sample possible in a
CSD, and thus increase the chances of being able to gener-
alize to a particular target population (see below), ideally,
a CSD would invite all studies that share the scientific com-
monality the CSD is attempting to leverage and that have
collected the core data elements of interest.'”” However,
there may be political, logistical or resource limitations to
this ideal, resulting in only a subset of studies being
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Figure 1. Relationship between target population and study sample for answering a research question nested in a collaborative study design.

extended an invitation.” Some CSDs have enrolled only
‘large’ studies,'” presumably because data harmonization
is time- and resource-intensive and coordination across
studies can be complex. For example, ICSs were chosen to
participate in the Environmental influences on Child
Health Outcomes (ECHO) cohort study (http://echochil
dren.org), through a competitive process run by the
National Institutes of Health (https://www.nih.gov/echo).
By design, recruitment was limited to ICSs whose study
participants resided in the USA and its territories.
Interested ICSs were encouraged to assemble cohorts, ei-
ther currently active or inactive but where participants
may be contacted for re-enrolment, in their applications to
yield scientifically justifiable large sample sizes and be will-
ing to prospectively collect data elements consistent with
the aims of the ECHO’s scientific agenda.

In a CSD in which all ICSs were extant prior to forma-
tion of the CSD, ICSs may have employed unique sampling
mechanisms and sampled from varied source populations.
Sometimes, these sampling mechanisms may be similar
enough to be modelled in pooled data to assess generaliz-
ability to a particular target population.'® To our know-
ledge, methods and implications for generalizing results
from a CSD of ICSs with substantially different sampling
mechanisms have not been explored. Stratified sampling
models are likely necessary, if a reweighting approach is to
be undertaken (as has been described for generalizing results
from a single study sample). If study participants in the CSD
cannot be thought of as a biased sample of the target popu-
lation, methods for transportability (rather than generaliz-
ability) should be considered."**%*! If some ICSs sampled

from source populations nested within the target population
and some did not, the simplest solution may be to restrict
the primary analysis to those ICSs that sampled from the
target population and explore the sensitivity of results to
participant characteristics, locale and health systems by con-
ducting separate analyses in those ICSs that did not.

Study sample: identifying eligible ICSs for a specific
research question

After some sets of ICSs are invited to and agree to participate
in the CSD, participating ICSs may be given the opportunity
to opt in or out of specific CSD nested studies. The study
sample for a CSD nested study must be understood as a com-
pilation of study samples of the participating ICSs, which are
defined by their individual source populations and sampling
mechanisms. It is easy to give the false impression that a
study nested in a CSD is based upon a clearly defined study
sample and target population. Pooling of data across diverse
subgroups may add to the strength of the CSD, especially if
heterogeneity of results is explicitly investigated, but investi-
gators must also be aware of any imbalances in the analytic
sample due to the over-influence of an ICS or subgroup.
Subgroup-specific analyses should be routinely undertaken
and reported, either as a primary analysis, as an interim step
in the analytic process or as part of a sensitivity analysis.

Study sample: identifying eligible participants for a specific
research question

The final step in defining the study sample for a CSD
nested study is applying individual-level inclusion/exclu-
sionary criteria to participants in ICSs that have opted into
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the study. Inclusion/exclusion criteria may apply to partici-
pant demographics, clinical characteristics or time. For ex-
ample, if the nested study is longitudinal, study entry and
exit dates are identified for each individual according to an
algorithm that incorporates: the study period or originat-
ing or landmark event specific to the research question,
enrolment date (which itself may be determined by an al-
gorithm based on enrolment into an ICS, date the ICS
began participating in the CSD and individuals’ study visit
attendance), death date, lost-to-follow-up date and out-
come date.

Considerations in selecting the study sample may vary
based on the target population and estimand of interest, as
identified by the research question. For example, if the re-
search question is descriptive or predictive, the goal may
be to obtain a sample in which the research question may
be addressed while minimizing selection bias and maintain-
ing generalizability (applicability) to some target popula-
tion. If the research question asks whether a causal
relationship exists between some exposure and some out-
come, additional consideration must be paid to confound-
ing control. These objectives may sometimes be at odds
with one another. A common strategy for selecting the
study sample is to restrict to individuals with non-missing
data for key variables; this may result in greater internal
validity (under restrictive assumptions about the missing
data mechanism)?*?3 but less power and less external val-
idity; alternatively, this strategy may induce selection
bias.**** Assembling the study sample to answer a re-
search question using a CSD requires subject-matter know-
ledge of the variables affecting the outcome of interest, the

exposure(s) (if applicable) and selection.'**~%”

Data harmonization

Data harmonization may be retrospective (for extant data)
or prospective (for data collected after the CSD is formed)
and stringent or flexible.”® Most CSDs are based on exist-
ing studies with established protocols and extant data, and
thus most data harmonization is retrospective, although,
after the formation of a CSD, ICSs may agree to also har-
monize data collection prospectively. By necessity, because
most data harmonization is retrospective, it is also most
commonly flexible. The degree of flexibility may have in-
ferential implications for studies nested in CSDs. Data har-
monization is complex and a full treatment of the process

and tools*%-3°

is beyond the scope of this paper; instead,
we highlight several implications of data-harmonization
decisions on analyses conducted in CSDs.

Typically, aspects of extant core data elements will vary
across ICSs. Variables may be recorded differently, meas-

ured differently or may measure slightly different

constructs.”’ For example, one ICS may measure smoking
history as ever/never at baseline, collected via audio
computer-assisted self-interview, whereas another may
measure pack-years of smoking, collected via face-to-face
interview. Data harmonization of extant data across ICSs
often defaults to the lowest common denominator for a
variable (in the example above, collapsing pack-years of
smoking at baseline into ever/never). However, this ap-
proach may result in loss of information. For variables that
are deemed confounders for a particular study question,
this approach may result in residual confounding. If in-
stead, the original variables were modelled within each ICS
and results meta-analysed, the degree of confounding con-
trol would differ across cohorts and the importance of
tight confounding control may be evident in heterogeneity
in site-specific estimates of effect.’” Sensitivity analyses,
validation studies and methods for correcting for measure-
ment error that results from the data-harmonization pro-
cess are appropriate in these settings.*>™>° A third option is
to treat the more detailed data (e.g. pack-years of smoking)
as missing for studies that collected less detailed data (e.g.
ever/never smoking) and use other studies with complete
data as validation subsamples for correcting for missing
data and measurement error.****3” A fourth option is to
restrict the study sample to ICSs with comparable data
elements to answer the research question at hand. This is
common practice for CSDs: almost every research question
relies on a subset of ICSs that have similar data on expos-
ure, outcome and key covariates of interest. The first three
approaches to data harmonization are more often con-
sidered for covariates that are of secondary interest, al-
though their use is not restricted to these settings. If data
harmonization is undertaken at the inception of a CSD,
meta-data can be helpful for investigators not involved in
the data-harmonization process to understand the data
elements available to them in the harmonized dataset.

It is not uncommon for CSDs to undertake collection of
new data elements to augment existing data as important
gaps in the common dataset are realized. Typically, the
protocol for new data collection is developed through a co-
operative process that balances individual ICS resources
and objectives with common CSD goals. For example, the
Center for AIDS Research Network of Integrated Clinical
Systems (CNICS) includes eight HIV clinical cohorts that
initially relied on retrospective data harmonization to
merge common data elements related to HIV medical care
(e.g. laboratory data, antiretroviral therapy use data,
demographics).*® Since its establishment, many CNICS
sites have started collecting patient-reported outcomes
(PROs)***” guided by a commonly-agreed-upon set of
data elements; however, each ICS retains ultimate discre-
tion over the actual questions asked and assessment tools



662

International Journal of Epidemiology, 2018, Vol. 47, No. 2

used at their site. For questions that are not of primary
interest to the CSD, the PRO platform allows ICSs to pur-
sue their own research agendas. Frequently, questions
piloted by individual sites end up as part of the set of com-
mon data elements. More stringent approaches to pro-
spective data collection are possible.

Harmonizing extant data and implementation of new
prospective data-collection protocols approaches have their
unique strengths and limitations.”® The retrospective data
harmonization may be a strength of CSDs in that more de-
tailed information from some ICSs may be leveraged to com-
plement data from ICSs that collect less detailed information
and variations in results due to different data-collection
methods can be explored. One strength of prospective data
collection is that newly collected data elements could be
leveraged to better quantify relationships between different
data-collection mechanisms by serving as an internal valid-
ation study, if e.g. the two different measurements were col-
lected on the same sample. A challenge to prospective data
collection is the resource requirements both of ICS investiga-
tors and participants. Furthermore, if data elements change
over time, assessing temporal trends or isolating associations
with those variables over time may be more challenging. The
combination of retrospective and prospective data collection
presents an opportunity for methods development to ensure
the accuracy of studies nested in CSDs.*!

Combining data from different study designs

CSDs often combine data from different study designs,
including clinical and interval cohorts,” or from cohort
and case—control studies.** There are underlying character-
istics of the study samples captured by such study designs
that may be important, unmeasured sources of participant
heterogeneity.***** Interval and population-based cohorts
typically include volunteers on whom standardized data
are collected at regular intervals and for whom retention is
typically high due to purposeful follow-up and participant
tracking.** In contrast, clinical or administrative cohorts
may include individuals with greater need for and access to
care, on whom data are not standardized or collected at
regular intervals and for whom retention is typically
lower.** Finally, case—control data are often collected
retrospectively based on self-report or administrative re-
cords, and rarely include a longitudinal component unless
the study is nested within a cohort study. Depending on
how cases and controls are ascertained, case—control stud-
ies may come from a less clearly defined target population,
which could be a source of bias, particularly if cases come
from a tertiary care setting.*>** However, for rare out-
comes or exposures that are expensive or invasive to col-

lect, case—control studies are efficient.*”>*®

The study design of the ICSs and its relationship to the
research question may influence whether data from an ICS
can be used in a study nested in the CSD. Part of the art of
a CSD is combining data in smart and thoughtful ways.
When the research question at hand calls for a cross-
sectional analysis, this could be as simple as combining
cross-sectional study data with cohort study data, reduced
to the cross-sectional subset at baseline or other meaning-
ful time point. When the research question requires a longi-
tudinal analysis, more sophisticated approaches are
possible, such as combining cross-sectional data on current
duration from the time origin to the event of interest and
cohort data on time to the event, using a current duration
analysis*” and survival analysis, respectively. If the re-
search question can be answered with a case—control study
or if the majority of ICSs that might be able to contribute
used a case—control design, extant case—control studies
may be combined with cohort studies by nesting a case—
control study within the cohort study.**°%*! The drive to
include as many ICSs as possible in a given analysis motiv-
ates much methods development in CSDs.

Analytical considerations

After data have been harmonized, a research question clearly
articulated and a study sample clearly defined, there are
sometimes multiple options for how to analyse data in a CSD
(i.e. across ICSs). In a ‘collective’ or ‘disseminated analysis’,
data are analysed within each ICS and then summary results
are analysed using meta-analysis techniques. Alternatively, in
a ‘pooled analysis’, individual-level data from each ICS may
be combined into a single dataset and then analysed as if it
were one cohort (accounting for within-ICS correlation).
Technological advances have also made it possible to conduct
pooled analyses without physically transferring and pooling
data.’® Importantly, from a statistical standpoint, all else
being equal, collective analyses and pooled analyses produce
the same or similar results.’*»>* Thus, typically, logistics,
including the ease or state of data sharing and concerns about
data privacy, security and ownership,’® may drive investiga-
tors to analyse data using a collective, rather than a pooled,
approach. Alternatively, some research questions may not
lend themselves to collective analyses and a pooled analysis
will be preferred or required, e.g. when the outcome is so rare
that individual ICSs will not have enough events to conduct
independent analyses for meta-analysis or they will have too
few events to support confounder control.

Collective analyses

In collective analyses, site-specific analyses are combined
using a meta-analytic approach. Site-specific analyses may be
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conducted centrally or locally at each site (‘disseminated ana-
lysis’). In a disseminated approach, the primary investigator
or data-analysis centre typically supplies code to each site to
ensure analyses are uniform across sites. One possible chal-
lenge for disseminated analyses is that all analyses must be
agreed upon a priori and exploratory analyses are logistically
infeasible; in addition to summary results, ICSs should also
submit interim descriptive statistics so that any potential
problems combining final results can be identified. If site-
specific analyses are to be conducted centrally, individual-
level data are required. Once data-sharing arrangements are
in place, most commonly this individual-level data will in-
clude all variables necessary for analysis (since often the CSD
will have created a central, harmonized dataset from which
analytic datasets may be generated for research questions as
they arise). However, if participant privacy is a concern, sites
can share individual-level data on only outcome, exposure
and propensity scores, with all other identifying information
stripped from the data. A propensity score is an individual
probability of exposure, conditional on a set of covariates
thought sufficient to control confounding. Adjusting for,
standardizing on, stratifying on or matching on propensity
score are all methods for confounder control. The benefits of
sharing propensity scores include: if any confounding vari-
ables are personally identifying, they do not need to be
shared; the data-analysis centre can explore the impact of
different analytic decisions (e.g. different calipers for match-
ing) without requiring additional effort from ICSs; and pro-
pensity scores can be estimated locally at each site so that
sites retain ownership of their data.>>=% If ICSs submit
individual-level data with propensity scores, analyses should
still be stratified by ICS because a propensity score at one site

may not represent the same propensity at another site.>>>”

Pooled analyses of individual-level data

Pooled, individual-level data may tempt investigators into
treating data as if they arose from a single study; however,
significant heterogeneity may still exist across ICSs.
Furthermore, ICSs are typically based in distinct geo-
graphic regions or clinics, or share some other eligibility
criteria; thus, participants within an ICS will be more simi-
lar to one another than they will be to participants in an-
other ICS. Analysing data as if coming from one study
sample (i.e. ignoring the differences in source populations
and study designs) can lead to single summary effect esti-
mates that are misleading (if there is important heterogen-
eity by ICS), biased (if the ICS is associated with both
exposure and outcome) or overly precise (if observations
are correlated within ICS and the analysis does not account

for that correlation).®°

Confounding

Pooled analyses are often restricted to set of covariates
common to all sites. In contrast, analyses stratified by site
(whether conducted centrally or using a disseminated ap-
proach) might control for a standard set of key covariates
available across all sites or the full set of measured con-
founders available at each site.”>>” Adjusting for all con-
founders available at each site may reduce residual
confounding, but may decrease interpretability of results
(because the adjustment set varies across the study). This
approach also reduces feasibility of sensitivity analyses for
unmeasured confounding (because they would need to be
conducted separately within each ICS depending on the
ICS-specific adjustment set). However, it is possible that
fully adjusted estimates could be leveraged to further ad-
just estimates from other sites that did not measure all
desired confounders.®® The choice of adjustment set did
not make a substantive difference in results in one ex-
ample®® but, to our knowledge, different scenarios have
not been tested with a simulation, and the optimal choice
may vary with the situation.

If heterogeneity across ICSs is not of interest, e.g. when
the factors that may be driving differences can be explicitly
studied or if they are so nebulous as to be uninterpretable,
ICS may confound the analysis and should be in the adjust-
ment. Table 2 demonstrates how confounding by ICS can
be present, even when ICS-specific effect estimates are un-
biased. In Table 2, within each ICS, the distribution of

63 (descriptors of individuals’ potential out-

causal types
comes under both exposure levels) is balanced between
exposed and unexposed persons, i.e. exposed and unex-
posed groups are exchangeable. Yet, because the preva-
lence of exposure varies across ICS (67% in Study A and
33% in Study B), as does the risk of the outcome (15%
among the unexposed in Study A vs 30% in Study B),
naively pooling individuals from the two studies results in
confounding. This confounding is evident in the imbalance
of causal types in the combined sample, as well as the non-
collapsibility of the risk difference and risk ratio (also the
odds ratio, but the odds ratio may not be collapsible even
in the absence of confounding).®® A common source of
confounding by ICS is differences in the observation win-
dow covered by each ICS. If observation windows across
ICSs differ across calendar time, there may be important
cohort effects that could be controlled for by controlling
for ICS. If observation windows across ICSs differ by dis-
ease stage or some other biologically relevant time-scale,
there may be important frailty effects (unmeasured prog-
nostic indicators that may also influence treatment propen-
sity)®® that could be controlled for by controlling for ICS.
Observation windows can be established by reviewing

protocols of the ICSs and using data-visualization



664

International Journal of Epidemiology, 2018, Vol. 47, No. 2

Table 2. Example of how ICS may confound pooled analyses in the absence of confounding within ICS; table entries are N (col-

umn per cent) unless otherwise noted

Study A Study B Combined sample

Exposed Unexposed Exposed Unexposed Exposed Unexposed
Causal response type® 2000 (100) 1000 (100) 1000 (100) 2000 (100) 3000 (100) 3000 (100)
Doomed 200 (10) 100 (10) 300 (30) 600 (30) 500 (17) 700 (23)
Causal 1000 (50) 500 (50) 450 (45) 900 (45) 1450 (48) 1400 (47)
Protective 100 (5) 50 (5) 0(0) 0(0) 100 (3) 50(2)
Immune 700 (35) 350 (35) 250 (25) 500 (25) 950 (32) 850 (28)
Risk? 60% 15% 75% 30% 65% 25%
Risk difference 45% 45% 40%
Risk ratio 4.0 2.5 2.6
Odds ratio 8.5 7.0 5.6

#Causal response types summarizes individuals’ potential outcomes had they been exposed and had they been unexposed. Doomed individuals would have the

outcome regardless of exposure status; immune individuals would not have the outcome regardless of exposure status; causal individuals would only experience

the outcome if they were exposed; and protective individuals would only experience the outcome if they were unexposed.

PRisk is determined based on combinations of the causal response types and actual exposure status. In the subset of the sample that is exposed, individuals who

are doomed and causal would be observed to experience the outcome. In the unexposed subset, individuals who are doomed and protective would experience the

outcome.

techniques such as Lexis diagrams.®® Increases, decreases
and plateaus of effects found in analyses may be artifacts
of ICSs entering and exiting at times other than the study
period start and stop dates.

The following analytical considerations generally apply
to both collective and pooled, individual-level analyses.

Measurement error

The accuracy of variable measurement may vary across
ICSs. For example, some ICSs may link to registries to cap-
ture events (e.g. deaths, cancers) in participants who are
lost to follow-up, whereas others may not. Furthermore,
even if death ascertainment were complete across studies,
some studies may record cause of death from death certifi-
cates whereas other studies may adjudicate cause of death
using death certificates, medical records and interviews
with proxies; sensitivity and specificity of cause-specific
mortality vary with both data source and cause.®” If meas-
urement of a key variable is hypothesized to be a source of
heterogeneity or bias, it may be reasonable to restrict ana-
lyses to data from ICSs that follow a particular protocol
for measuring that variable. However, this approach has
the potential to restrict sample size. The bias reduction
that would result must be balanced against the reduction
in power that would come from excluding cases.®®
Different frequency of variable capture means investiga-
tors must choose between coarsening the data of the co-
horts with more frequent ascertainment or extrapolating
data from the cohorts with less frequent ascertainment.
Either strategy may introduce measurement error. The de-
gree of measurement error may depend on how variable or

stable the covariate is over time.*> When outcomes are not
detectable outside of a clinical encounter (e.g. HIV RNA
viral rebound, onset of diabetes), their documented inci-
dence or prevalence will vary according to study partici-
pants’ visit frequency and differences in study protocol for
detection. For example, if a particular condition was not
the outcome of interest in the original ICS, it may not have
been ascertained at every visit. In clinical cohorts particu-
larly, the visit structure may be informative.®” That is,
sicker patients may be more likely to have outcomes de-
tected because they are more likely to seek care or get
tested. There are several analysis options to control for
variable observation patterns, including joint longitudinal/
survival analysis’® or inverse probability of observation

weighting.®”>"!

Missing data

Variable values may be missing by design (e.g. because a
protocol did not require their collection) or they may be in-
advertently missing (e.g. because a laboratory specimen
was lost or a participant declined to answer a question). In
a complete cohort analysis, researchers must choose be-
tween restricting analysis to a sample on whom all vari-
ables are collected (and potentially introducing selection
bias and reducing power) or neglecting to control for some
confounders (and potentially being left with residual con-
founding bias). If methods (e.g. multiple imputation or in-
verse probability weighting) are used to handle missing
data, the predictors of missingness®® may differ by study.
Even if data are missing at random across all studies, the
variables that inform the missingness may be different and
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attempts to correct for missingness may need to be study-
specific. If multiple imputation is used,”> more research is
needed to provide guidance as to when to pool across all
ICSs before imputing, when ICS should be included as a
predictive variable in the imputation or when imputation
should be completely stratified by ICS. Stratifying by ICS
would allow the missing-data mechanism to vary across
cohorts, and subsequent stratified analysis and meta-
analytic pooling of cohort-specific results. In contrast, if
the missing-data mechanism is the same across cohorts,
pooling the data may maximally leverage all available in-
formation and decrease the variance.

Political and logistical challenges

Complete details on the political and logistical challenges
of CSDs are beyond the scope of this paper, but we would
be remiss if we did not acknowledge the great care that
must be taken to establish a collaborative culture through
the governance structure, internal processes and scientific
partnerships of a CSD.

In order to be scientifically productive, CSDs require
dedication and motivation from the investigators leading
the ICSs, which must be earned by convincing them that
collaboration adds value to and does not threaten the
objectives of the individual ICSs. Common value-added
benefits of collaboration may include: (i) a forum to dis-
cuss gaps in scientific knowledge and often additional ad-
ministrative or technical resources to advance research to
address those gaps, (ii) resources to overcome possible
limitations of individual studies in the CSD (e.g. a lack of
generalizability, an insufficient number of events, etc.)
and/or a larger platform to validate and extend the ICS’s
research and (iii) a rich environment for training junior in-
vestigators that provides access to data and a network of
content-specific experts.

ICSs may hesitate to collaborate if they feel that collabor-
ation will reduce their agency in deciding how their data are
used, or threaten their brand or their ability to achieve their
own scientific aims. This concern can be mitigated through
a strong, fair and explicit governance structure, explicit poli-
cies for use of data and a formal research approval process.
Governance through a scientific steering committee assists
these efforts, particularly when the committee includes at
least one representative from each ICS. When the CSD has
been convened by an agency such as the National Institutes
of Health, including an agency partner on the scientific
steering committee can be an asset by providing ‘big picture’
vision and direction. Furthermore, processes to gain general
approval, use of data, engage in the design, analysis and in-
terpretation of results, and review scientific products from
the CSD, as well as criteria for authorship on CSD products,

should be agreed to in writing at the onset of the collabor-
ation. Particularly when collaborations are multinational,
the processes governing data sharing in a CSD may be re-
stricted by countries’ privacy laws. Authorship would
ideally be decided based on International Committee of
Medical Journal Editors’ (or other specific journal) guide-
lines;”® other members of the CSD (e.g. principal investiga-
tors of ICSs) whose contributions do not justify authorship
may agree to be listed in the ‘Acknowledgements’ section or
as a member of the collaboration. Finally, the most product-
ive culture in CSDs is one of inclusion. Ensuring processes
that welcome investigators of the ICSs to contribute not
only data, but scientific knowledge and opinion, at all steps
in the research, is key to scientifically productive CSDs.

In addition to a culture of inclusivity, the other neces-
sary (and primary) component for successful and sustained
collaboration is the promise of opportunities to ‘do good
science’. The scientific questions asked in CSDs should add
important information above and beyond what any one
ICS could contribute. The value of descriptive studies in
CSDs should not be underestimated, particularly when
there is diversity in the CSD data by person, place and
time. The possibility to engage in rigorous science that ex-
pands upon the work possible in the ICSs is one of the
most appealing benefits of collaboration to participating
investigators. To summarize, these and other political chal-
lenges of CSDs are best overcome with a culture of inclu-
sivity born from a solid governance structure.

Very briefly, logistical processes that must be addressed
for successful collaboration (if applicable) include but are
not limited to: managing Institutional Review Board
approval across ICSs and the CSD; summarizing specifics
of available data within each ICSs (often referred to study-
level ‘meta-data’); managing a biospecimen repository
(physical or virtual) and determining who should have pri-
ority for wusing limited stored samples; prioritizing
approved studies for analyses; ensuring nested studies fol-
low best practices for reproducible research; managing
communication across the CSD components that include
the ICSs; and managing the brand identity of the CSD
while highlighting the ICSs. These and other logistic chal-
lenges of CSDs are overcome with strong, collaborative

and transparent administration.

Conclusions

Aggregating data from multiple cohort studies provides a
powerful tool that, when properly harnessed, allows re-
search that was not previously possible. Methodological
advantages to CSDs include increased power for rare out-
comes, rare exposures and subgroup analyses; more in-
formative epidemiologic descriptions by person, place and
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time; potential for more diverse study samples and detec-
tion of biologically relevant heterogeneity; and the ability
to maximize the potential of data that have already been
collected. Designing nested studies in CSDs has added
layers of complexity, and handling systematic biases result-
ing from measurement error, missing data and residual
confounding also becomes more complicated, because the
mechanisms by which they arise and their relative degree
may vary across the study. Fortunately, multidisciplinary
researchers are primed to tackle these challenges and em-
bark on cutting-edge science. Whereas existing CSDs have
done pioneering work to harmonize data and foster collab-
orative scientific productivity, the complexities and chal-
lenges of CSDs can spur innovation that leads to
development of new and novel methods. The challenges of
CSDs should be embraced as another opportunity for
advancing science.
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