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Abstract

Coordinated analysis is a powerful form of integrative analysis, and is well suited in its capacity to
promote cumulative scientific knowledge, particularly in subfields of psychology that focus on the
processes of lifespan development and aging. Coordinated analysis uses raw data from individual
studies to create similar hypothesis tests for a given research question across multiple datasets,
thereby making it less vulnerable to common criticisms of meta-analysis such as file drawer
effects or publication bias. Coordinated analysis can sometimes use random effects meta-analysis
to summarize results, which does not assume a single true effect size for a given statistical test.

By fitting parallel models in separate datasets, coordinated analysis preserves the heterogeneity
among studies, and provides a window into the generalizability and external validity of a set of
results. The current paper achieves three goals: First, it describes the phases of a coordinated
analysis so that interested researchers can more easily adopt these methods in their labs. Second, it
discusses the importance of coordinated analysis within the context of the credibility revolution in
psychology. Third, it encourages the use of existing data networks and repositories for conducting
coordinated analysis, in order to enhance accessibility and inclusivity. Subfields of research that
require time- or resource-intensive data collection, such as longitudinal aging research, would
benefit by adopting these methods.

Correspondence concerning this article should be addressed to Eileen K. Graham, 625 N. Michigan Ave, Chicago IL 60611,

eileen.graham@northwestern.edu.
All authors contributed to the conceptualization, preparation, and revision of this manuscript.

The authors have no conflicts of interest to report.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Graham et al. Page 2

Keywords

Coordinated Data Analysis; Open Science; Replicability; Generalizability; Adult Development
and Aging

Introduction

Concerns about replicability, credibility, and cumulative science have impacted nearly all
subfields of the psychological sciences and other related sciences (Nelson, Simmons, &
Simonsohn, 2018; Rodgers & Shrout, 2018). It is clear, however, that the varying needs of
different research areas make it impossible to apply a “one size fits all” approach to these
issues. Lifespan development, health psychology, and aging are cases in point: replication
is a core scientific value, yet, replications are difficult to accomplish where complex
longitudinal or time-intensive data are needed (Hofer & Piccinin, 2009, 2010; Piccinin &
Hofer, 2008; Weston, Graham, & Piccinin, 2019) or where participants are followed for
long periods until a certain event occurs such as onset of a disease, a relationship event
(like divorce), or death. Thus, fields that rely heavily on long-term longitudinal data, such
as aging research, lifespan development, some subareas of health psychology, behavioral
and social epidemiology, and others, face unique challenges when trying to adopt open,
reproducible, and replicable research practices.

This paper discusses coordinated analysis as one approach to addressing some of these
issues. Coordinated analysis (Hofer & Piccinin, 2009) can be a highly useful approach

for replication, synthesis, and evaluation of heterogeneity of results from complex
longitudinal research, as has been demonstrated in the Integrative Analysis of Longitudinal
Studies of Aging and Dementia (IALSA) research network. Coordinated analysis is a
methodological approach in which optimally similar statistical models are estimated on
datasets independently with code designed to maximize measurement similarity across
samples, and there is an individual set of results for each dataset with a possible
accompanying meta-analysis. “Integrative,” in the context of the IALSA network and
approach, refers to three key goals: 1) multivariate integration across domains of study
(e.g., health, cognition, personality; Hofer & Piccinin, 2010), 2) integration of results across
independent studies that differ in country, cohort, variables, and design (Hofer & Piccinin,
2009; Piccinin & Hofer, 2008), and 3) integration across levels of analysis (i.e., across
research designs and statistical methods: between-person vs. within-person results, patterns
of change, mean trends; Hofer & Sliwinski, 2006; Hofer & Piccinin, 2010). Below, we
describe how coordinated analysis, which can be implemented in service of each of these
goals, is a powerful way to meet the challenges of replication in longitudinal research.

The current paper has three objectives: First, to provide a description of the usual phases

of a successful coordinated analysis research project and make specific prescriptions for
optimal approaches, including a worked example of a project currently underway. Second, to
discuss the history and importance of coordinated analysis to the accumulation of knowledge
in lifespan development. Third, to introduce how the use of existing data networks and

Psychol Aging. Author manuscript; available in PMC 2023 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Graham et al. Page 3

repositories to conduct coordinated analysis can be used by all researchers to accelerate the
accumulation of knowledge.

Phases of a Coordinated IDA

The steps to completion of a coordinated analysis closely mirror the phases of a registered
report (Chambers, Dienes, Mclntosh, Rotshtein, & Willmes, 2015), in which the investigator
pre-plans and pre-registers their introduction, approach, method, materials, and analysis plan
(Weston et al., 2019; Willroth et al., in press). This workflow is optimal for any research
endeavor, and the following sections describe how it applies in the context of coordinated
analysis. We also emphasize the importance of pre-registering and time-stamping the
specific questions, hypotheses, and detailed analytic plan prior to data access but note that in
working with multiple teams using a distributed approach, this process becomes a part of the
workflow. Given that many of these specifics follow an idealized scientific method, the basic
process of a coordinated analysis will look familiar.

Each of the following sections contains a description of the essential steps within a given
phase, followed by a discussion of challenges and considerations that one may encounter
during that phase, along with our recommendations for possible solutions. Lastly, we will
illustrate our description of each phase with a worked example of a coordinated analysis
project currently underway in our research group, as of this writing (Willroth et al., in prep).
The pre-registration, R scripts, and instructions sent to analysts for this coordinated analysis
can be found on the Open Science Framework at https://osf.io/kwcd7/. See also Figure 1 for
a flow chart outlining the basic phases and products yielded from each phase.

Phase 1: Define the Research Question and Conduct a Literature Search

The first phase in a coordinated analysis, as in other research endeavors, is to define the
research question and conduct a thorough literature search. As the research questions are
fine-tuned and the literature search is completed, be sure to include papers published using
the specific datasets that are under consideration for use in the current project. In addition,
findings from datasets that are not available for the proposed project are important to
review, to ensure as comprehensive a summary as possible. The investigator should become
familiar with key publications, including datasets, models, constructs, covariates, and data
transformations used. The goal is to define simple and foundational research questions to
be answered, while also preparing to replicate other aspects of the questions addressed by
the established literature. When approached in this way, a precise set of research questions
will ultimately be posed, with corresponding hypotheses and predictions. This process of
searching the literature and developing research questions/hypotheses will be iterative, as the
researcher develops a deeper knowledge of past findings and fine tunes the details of the
project questions.

A key consideration during this phase is the complexity of the research question being
posed. As we suggest in Weston, Graham, and Piccinin (2019) it is often best to

choose a simple yet foundational question. With complex questions and models that

are increasingly common in aging research, many datasets are unlikely to fulfill highly
specialized variable, design, or data requirements required to test them (Kelly et al., 2016).
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A single dataset project may involve quite complicated analyses that are fairly common

in the aging literature, perhaps testing multiple mediational pathways, or longitudinal
models testing several alternative time metrics (e.g., time-in-study, time-to-death, age). As
analysis complexities increase, however, so do concerns regarding both replicability and
generalizability. Models with many parameter estimates or complex structure will invariably
encounter convergence issues when tested on a variety of datasets. For example, an auto-
regressive latent trajectory model has very heavy and specific data demands and is typically
quite arduous to compute even in a single dataset. We urge caution when posing questions
requiring highly complex models, and suggest focusing on simpler models. A trade-off
between answering a simple question with many datasets and answering a complex question
with only a few may be necessary, with the balance of the decision depending on the specific
topic. However, if the data specifications are so complex that most datasets do not meet

the requirements, then it can become more difficult to draw conclusions from a coordinated
analysis. For example, if only two studies with comparable study designs are included, and
the analyses yield conflicting results, then interpreting these results and drawing a confident
conclusion becomes difficult.

In short, using the most parsimonious model possible to answer your question is particularly
important for coordinated analysis for two key reasons, one practical and the other
philosophical. Practically speaking, it is much easier to harmonize, estimate, interpret,

and compare results from a simpler model than a more complex model. Philosophically
speaking, the credibility revolution is relying on researchers to confirm the reliability of

the broader findings in our field (Vazire, 2018). In order to effectively do this, the first
generation of coordinated analyses in aging research would do well to first address the
simple associations and patterns.

Another challenge that may arise is the discovery that one or more datasets being considered
for analysis has already been used to address a similar question. Some may consider
dropping these datasets from the coordinated analysis, and include the results from those
studies in the introduction and study justification only. On the contrary, we contend that

the inclusion of these datasets is important for the following reasons: First, the reanalysis

of those datasets provides information about the reproducibility of the findings (Condon,
Graham, & Mroczek, 2017), and addresses whether the effects found in the original paper
are robust to differences in modeling approach, covariates, or data transformations. Second,
if the data are part of an ongoing data collection project (e.g., large-scale longitudinal studies
typical in aging research), it is likely that more data have been added since the original
paper was published. This provides researchers the opportunity to conduct a within study
replication. That is, within the same study but with additional data (e.g., additional mortality
data, additional disease event occurrences, new measurement occasions of a key variable),
do the previously reported findings replicate when these new data are analyzed? Third, by
including these studies in the coordinated analysis with the harmonized modeling approach,
a more precise meta-analysis, if implemented, can be conducted. Relatedly, excluding

those datasets is in itself a form of systematic exclusion, since non-null findings are more
likely to have been published. By including these datasets in the coordinated analysis

and harmonizing the analytic decisions, these questions are examined and articulated,
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and comparisons across studies (or results from a meta-analysis) can be interpreted more
confidently.

Example Application of Phase 1: Define the Research Question and Conduct
a Literature Search—In an ongoing coordinated analysis that we are using here as
illustration, we defined our research question: How is change in personality associated with
mortality risk? This question follows two coordinated analyses previously conducted by our
research group: Graham et al., (2017) examined the effects of personality levels on mortality
risk and Graham et al., (2020a) examined average change in personality across the adult
lifespan. We compiled an initial list of samples that met the data requirements for addressing
this question, that would be further fine tuned in phase 3 (below). The initial iteration of

this list included 13 samples. This list was compiled based on searching the data dictionaries
of studies affiliated with the Integrative Analysis of Longitudinal Studies of Aging and
Dementia (IALSA) research network and by cross-referencing prior coordinated analyses
conducted by our research group (Graham et al., 2017, 2020a).

After defining the research question and identifying an initial list of samples, we conducted
a literature search. This search yielded papers using some of the specific samples that we
planned to include in our coordinated analysis (Mroczek & Spiro, 2007; Sharp, Beam,
Reynolds, & Gatz, 2019). This is one example of why it is important to conduct a thorough
literature search prior to pre-registering and conducting the coordinated analysis. In our
search, we did not identify any papers that directly addressed our specific research question
using samples outside of those we planned to include. However, if we had found such
papers, we would have investigated whether we could add those samples to our coordinated
analysis.

Phase 2: Develop an Analysis Plan

The goal of the second phase is to develop an analysis plan to appropriately answer the
research questions and test all hypotheses. Given that prior papers will have estimated
models that vary a great deal from one another (even if intending to answer the same
question), this phase is critical. Investigators have the opportunity to build upon prior

work and develop an optimal set of models that will test their hypotheses and answer

their questions. For any analysis, the details and decision points will be unique to the
specific research questions and content area, but the key to a successful coordinated
analysis is the harmonization of models across all datasets. This means that each dataset
uses (to the extent possible) identical code to fit all models. Using scripts that can be
automated and deployed in a parallel manner across many datasets will help streamline this
process. During this phase, researchers will need to specify every detail of the analysis,
including cleaning, participant-level exclusions, variable transforming, restructuring, and
modeling. The modeling plan should include the models that will test each hypothesis,

as well as sensitivity analyses and robustness checks, such as adjusted and unadjusted
models, accounts for attrition, a plan for handling outliers and other supplemental analyses
that are relevant to aging research. By pre-registering as much of both the primary and
sensitivity analyses as possible in advance (acknowledging that some methods [e.g., factor
and mixture models] require iterative, data-dependent, decisions) and transparently reporting
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any decisions that were made after pre-registration, researchers increase confidence in the
credibility of their work by demonstrating that any supplemental analyses were not planned
after the results were known (Weston et al., 2019; Willroth et al., in press). The analysis
plan should also include blueprints for summarizing the individual study results, including
visualizations and possible meta-analyses.

In addition to a narrative comparison of individual study results (e.g., Bendayan et al.,
2017; Brown et al., 2012, Cadar et al., 2016; Lindwall et al., 2012; Mitchell et al., 2012;
Scott, et al., 2020; Stawski et al., 2019; Yoneda et al., 2020a), meta-analysis can be easily
applied to the planned results synthesis, and can be done so appropriately as a part of

the planned comparisons of the individual study results when the studies are sufficiently
comparable. Average effects can be estimated using a prescribed weighting convention,

as well as heterogeneity statistics (e.g. 12 and Cochran’s Q (Patsopoulos, Evangelou, &
loannidis, 2008)). The random effects meta-analytic model does not assume that one true
effect size underlies all available studies, assuming instead that there may be many different
true effect sizes corresponding to different populations (Borenstein, Hedges, Higgins, &
Rothstein, 2010; Hedges & Vevea, 1998). Thus, any observed heterogeneity at this stage

of the coordinated analysis should be viewed in light of this assumption for the group

of studies being analyzed. Study level factors identified during the analysis planning and
pre-registration phase may account for some of the between-study variation in effects. Some
examples of between-study differences that may give rise to variations in effect sizes and
are relevant to psychological aging questions are: country of origin, scale or measures used,
language of measure, sample age/cohort (or age at entry into study), baseline year, and
variation in spacing of measurement occasions. Additionally, these factors themselves may
vary in importance depending on the nature of the research questions being addressed. The
scripts to summarize results across studies can include both basic meta-analysis as well

as meta-regression models that include these moderators. The meta-analytic plan should

be pre-registered along with the individual study analytic plan, and should specify which
estimates from each model will be meta-analyzed (e.g. the linear slope estimate, specific
interaction terms), which heterogeneity statistics will be interpreted, and which study-level
variables will be entered into these models to account for heterogeneity.

When creating an analysis plan for a coordinated analysis, three main levels of
harmonization need careful consideration: variable harmonization, model harmonization,
and study-design harmonization. Variable harmonization begins with identifying operational
definitions of key constructs. This includes identifying the specification, within each dataset,
of the predictor and outcome variables, as well as moderators (or mediators), time metrics,
and possible covariates. When selecting constructs for the analysis, specifying the degree of
flexibility allowable in these operational definitions is essential. Researchers will inevitably
encounter measurement differences in constructs across studies (e.g., Bendayan, et al.,
2020; Brown et al., 2012; Duggan et al., 2019; Griffith et al., 2015; Griffith et al.,

2013; Hoogendijk et al., 2020; Lindwall et al., 2012; Mitchell et al., 2012; Yoneda et

al., 2020b; Zammit et al., 2019), even when the instrument used was the same across
studies (Piccinin et al., 2013a). Measurement harmonization is a common challenge when
coordinating across multiple longitudinal studies, because measures are often modified

in order to reduce participant burden. For example, several studies may appear to have
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used the same instrument to measure a construct, but some studies used an ordinal or
continuous scale, while others used a binary indicator. One solution would be to transform
the continuous scale into a simple binary indicator, but this is clearly not optimal as it masks
the rich variability from the continuous measure. If only a small number of datasets use the
binary measure, one option is to test multiple models across a subset of your studies and
compare them. Considering existing harmonization tools, such as the ISCED for education
classification, is recommended, though these may not always be helpful (Piccinin et al.,
2013a). Conceptual variable harmonization challenges are not unsurmountable, but need to
be resolved in order to ensure optimal comparability. Many of these decisions will be made
on a case by case basis, and the most important piece is to make these decisions prior to
analyzing any of the datasets.

A useful tool to create while harmonizing variables is a detailed combined data dictionary
for the specific variables from each study that will be used. This data dictionary can include
exact variable names and variable types (e.g. ordinal, continuous, count, binary), response
options, and variable labels for each study, as well as a clear harmonization/transformation
plan to ensure that each construct is coded as comparably as possible (Fortier et al., 2016).
Once these decisions have been made, it is time to write the code, script out the desired data
structure (e.g. long vs. wide form), determine variable coding and transformation, which
items should be included in composites, determine exact model specifications, and develop
a clear and executable plan for summarizing, plotting/visualizing, tabling, and synthesizing
the results.

Model harmonization is essential in coordinated analysis because it gives researchers
greater confidence that differences in individual study results are not due to differences

in parameterization of the models themselves. The best way to ensure that the models are
harmonized across studies is to create a script that streamlines all analytic decisions and can
be used across datasets with minimal input from the data analysts. Model harmonization
can be particularly challenging within the context of aging research, especially when the
research topic requires a complex longitudinal data structure such as a measurement burst
design. Certain aging research questions involve the disentangling of age-, history-, and
cohort-effects, and require complex models (e.g., bi-directional or auto-regressive models,
testing of competing models with alternative time metrics). As discussed previously, a
coordinated analysis of complex designs and models will usually lead to a smaller number
of available datasets, but can ultimately be the necessary solution when the only way to
appropriately test the corresponding hypotheses is with these more complex models.

Study design harmonization is the least plausible of these three types of harmonization in
the context of secondary analysis, but considering differences in study designs is of equal
importance for understanding and accounting for variations in results. While it is possible
to develop a harmonized modeling plan, it is impractical to expect true harmonization at
the study design level. Most questions about aging processes inquire about the impact of
within-person status and change in various factors (e.g. health, cognition), and all studies
vary on design features such as measurement spacing, developmental period of the sample,
or simply the year that the study was initiated, and these may influence the construction
and interpretation of the models. That said, it might sometimes be possible for specific
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analytic and model selection decisions to at least partially account for these cross-study
variations. For example, if a coordinated analysis project is using continuous time modeling
for panel data, one could plan a comparison of parameter estimates for models with
different measurement lags. This allows the inherent design differences to remain but allows
for comparison of these differences (e.g., the impact of retest effects at 1 vs. 2+ year
intervals). Whether this occurs at the individual study analysis level, or at the meta-analytic
level, is ultimately up to the investigative team. In a coordinated analysis, we recommend
coding these study level differences and considering them as moderators in a narrative
comparison or meta-analytic phase (meta-regression), to evaluate the extent to which study-
level differences might account for variations in the estimates (or other features of the
model). See also Piccinin et al., (2011) for a detailed discussion of the myriad technical
considerations of the various analytic approaches to the study of age-related change. These
considerations should be tailored to the specific research questions, and all of them can

be used within the context of coordinated analysis. The variety of design characteristics in
each study should be leveraged in order to examine sources of heterogeneity in the results.
When the models themselves are harmonized to the extent possible, the results will be more
directly comparable, and differences in study-level design features (e.g., number and spacing
of measurement occasions, age range of the sample, baseline year) can be included at the
meta-analytic level. In this way, variations in study design can be a potential asset rather
than a liability.

Example of Application of Phase 2: Develop an Analysis Plan—After refining our
research question (are changes in personality traits associated with mortality?), conducting a
thorough literature search, and identifying a preliminary list of datasets, we moved to phase
2. Our analysis plan was informed in part by the methods used in the single-sample papers
identified in our literature search in Phase 1. We amended those methods to address current
best-practices and to flexibly accommodate the characteristics of our samples. The first step
of our analysis plan was to operationalize our key predictor (personality change) and our
key outcome (mortality), and to develop a variable harmonization plan. We operationalized
personality as Big Five personality traits assessed using any multi-item published Big Five
measure. We could have chosen a narrower operationalization of personality traits, but this
would have dramatically reduced the number of samples that we could include. Likewise,
we could have chosen a broader operationalization of personality (e.g., any personality facet
or trait-like measure, such as hostility); however, this approach would have resulted in a
large, unwieldy analysis with high levels of heterogeneity. We also specified the minimum
number of measurement occasions required to reliably compute longitudinal change in
personality. We operationalized mortality as time from baseline personality measurement to
death, with death status and month and year of death obtained from any reliable source such
as a national mortality database. Given the inherent complexity of our research question and
the large number of included samples, we decided not to include mediators or moderators.

Next, we drafted a pre-registration using the OSF template for secondary data analysis
(Weston et al., 2019; Willroth et al., in press). Our pre-registration included the research
question and hypotheses, operationalizations of study variables (both the general rules
described above and the specific measures used in each sample), details about variable
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transformations, handling of outliers and missing data, and specification of the exact
statistical models, in order to achieve optimal variable and model harmonization. Notably,
the analysis plan included a plan for summarizing meta-analytic results. We decided that
meta-anlaysis would be a useful way to interpret the results for this project, so we planned
to use random-effects meta-analysis to calculate the overall weighted mean effect sizes,
standard errors, and 95% Cls around effects. To address study-level harmonization, we also
detailed a plan for examining heterogeneity in effects and testing three potential study-level
moderators that might explain that heterogeneity (average baseline age, country-of-origin,
measurement differences). Although we drafted the complete pre-registration in Phase 2, we
did not finalize or publicize it until the end of Phase 3, once the list of studies was finalized.

After drafting our analysis plan, we created three R scripts to carry out the planned analyses.
The first script contained code to clean and prepare the datasets. This script included only
the cleaning steps that could not be fully automated. The second script contained code to
carry out the individual study analyses and return an output object. This analysis script was
fully automatized such that it could be applied to any dataset that had been prepared with
the data preparation script, without editing the code. We programmed this script to store
several pieces of information into an output object: (1) characteristics of the sample such

as baseline age, country, sample size, operationalization of personality, operationalization

of mortality; (2) descriptive statistics of the study variables and participant demographics;
and (3) results from all models, including simpler unadjusted versions of our final covariate-
adjusted models. The third and final script contained code to carry out random effects
meta-analyses, visualize hazards plots, forest plots, and create tables. The written analysis
plan (in the form of the pre-registration) and the coded analysis plan (in the form of the three
R scripts) were iterative as making changes to one necessitated making changes to the other.

Phase 3: Final Study Selection

Third, the list of datasets that contain the requisite data to fit the proposed models is

fine tuned, and contact is initiated with study investigators. Along with documenting study
characteristics, it is also necessary to evaluate the limitations and strengths of each dataset in
terms of its ability to address the research question. Many datasets will be publicly available,
some will require data use agreements and an application process, while others will not

be directly accessible and will require coordination with a study-site analyst or server for
remote analysis (e.g., DPUK data portal). During this phase you will confirm which of these
categories each dataset falls into, establish a means of communication with the PI’s and
analysts, and reach an agreement with study sites about authorship expectations.

As researchers proceed through phase 3, it is important to revisit the research question

to continually evaluate feasibility and whether additional questions are warranted. In this
way, the first three phases of a coordinated analysis will be iterative as the questions,
analysis plan, and selected studies are fine-tuned. Some of the issues that were addressed in
Phase 2 will need to be revisited in Phase 3. For example, as part of the check on dataset
and research question compatibility, investigators will need to re-evaluate the potential for
variable, model, and study level harmonization. Differences in variable operationalization
cannot easily be separated from lack of replicability. Similarly, study design features such as
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follow-up time along with number and spacing of waves (e.g., 4 biannual waves versus 10—
15 yearly waves), and sample characteristics such as size, developmental period, age range,
and demographic heterogeneity are essential details to document during study selection.
These longitudinal design differences can be particularly impactful in psychological aging
research, and could be accounted for either within each study (e.g., as dummy codes or
covariates) during the individual study analysis, or as moderators at the meta-analytic stage.

Another important consideration during this phase is statistical power. Publications that
have used coordinated analysis can have very high total sample sizes, but some of the
individual studies can still be relatively small. While many datasets in aging research have
samples of well over 1,000 participants, power can still be an issue depending on the specific
question. For example, if the analytic plan requires multiple measurement occasions of a
single construct both before and after an event, the number of participants within a given
sample that have both experienced the event and have multiple measurements after the
event can be quite low, especially if the event in question lends itself to high attrition. This
can lead to inflated estimates and unreliable models, and should be interpreted cautiously.
Often, this level of information is unknowable until the analytic phase, once the data have
been accessed, so the contingency plans should be strategized during phase two. Ultimately,
the study-level inclusion criteria are at the discretion of the project leader, but the study-
level and participant-level inclusion criteria should be planned in advance. Any deviations
from planned inclusion criteria that are guided by actual results (once known) should be
transparently reported.

As Phase 3 is completed, and prior to data access, pre-registration of the project is strongly
recommended in order to enhance the credibility of the process (Van den Akker et al., 2019),
using the template for secondary data analysis (Weston et al., 2019; Willroth et al., in press).
The more studies included in a coordinated analysis, the more time it will ultimately take

to plan and analyze, but also the more potentially robust set of findings in the end. In sum,
this approach to longitudinal aging research will seem slower in the short term, but can
ultimately be more impactful. A set of 10 to 15 findings with meta-analytic summary (see
(Wood et al., 2018) for an example using 83 studies) will transcend the typical one or two
study manuscript in both authoritativeness and credibility (Vazire, 2018).

Application of Phase 3: Final Study Selection—\We repeated our search for relevant
samples to ensure we had not missed any, and initiated data requests for those that were

not publicly available. Through this process, we were notified of two additional samples
that fit inclusion criteria, highlighting the need to wait until the end of Phase 3 to finalize
and publicize the pre-registration. After adding these new samples to our documentation and
receiving permission to use the other samples, we posted the pre-registration and R scripts
on the Open Science Framework.

Phase 4: Analysis and Model Summarizing

The fourth phase is where all analyses will take place: send the code, receive data, and
begin completing analyses. This phase often takes the longest, as studies will vary on
response time, both initially and throughout the life of the project, and issues (e.g., code
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errors, convergence issues, assumption violations) will come up. For the datasets that
cannot be shared, send detailed instructions describing the exact data requirements, and
well-annotated and automated syntax so the analyst can run the cleaning scripts and models
with minimal input, issues, errors, or divergence from the other studies. In cases where
modelling decisions require knowledge of the data itself (e.g., in multi-state models), the
project leader can still automate the scripts to the extent possible and pre-register the
decision criteria, but the analytic process will proceed in multiple stages and subsequent
scripts tailored based on the results of the first stages. Although as much of the analysis
will be automated as possible, each output still requires careful human attention and quality
checking for errors or other unforeseen problems.

During this phase, to the extent that all possible data decisions haven’t been effectively
planned for and scripted, variations in analyst decisions could leak into the project, and the
project leader can lose control of the researcher degrees of freedom. This will impact the
comparability and credibility of results (Silberzahn et al., 2018). The project leader should
know exactly what data are available in a given dataset, and give specific instructions to

the data analysts tailored to their specific study, thereby reducing the risk of unintended
deviations on the part of the data manager/analyst. We urge the use of a statistical program
that has the flexibility to streamline and automate this process as much as possible, by
allowing researchers to update models automatically based on available variables, and output
specific parts of an analysis without violating data sharing agreements.

This process of planning for contingencies in advance reduces the number of researcher
degrees of freedom once results are known. There is added complexity when planning a
coordinated analysis: the problems that arise when steps are taken out of order are amplified,
as re-coding, re-transforming, re-analyzing anything will not only affect the project leader,
but will require new data requests or new analyses from the individual study sites. While
correcting small errors in an analysis may take a short time in a single study project, these
corrections can take weeks when collaborating across multiple study sites, especially when
they cross international time zones. Once the analyses are finalized and compiled from the
various data sources, the researcher will summarize the results according to the prescribed
plan.

Example Application of Phase 4: Analysis and Model Summarizing—Of the 15
samples included in this coordinated analysis, six chose to conduct analyses internally rather
than to share data. We shared three files with the analysts for each of these six samples:

a document describing how to prepare a wide-format .csv file with all of the relevant
variables, the standardized data preparation script, and the standardized analysis script. The
analysts were carefully guided through the data preparation script and were instructed not

to make any changes to the analysis script, to alert us if they encountered problems, and to
carefully review their output before sending. We conducted analyses for the remaining nine
samples using the same standardized procedure and scripts.

Once we received output files for all of the samples, we used the estimates generated from
the output files as input for the meta-analysis script. Because the code was prepared during
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Phase 2, this step was fully automated. The script produced a folder containing all of the
tables and figures for the manuscript and a complete set of results.

Phase 5: Manuscript Preparation

Finally, when the above phases are mostly complete, the investigative team proceeds with
writing up the manuscript for publication. As is the case with registered reports, most of
the introduction and methods sections can be written in advance, so this phase will focus

on the results and discussion. There will likely be more authors than usual, so researchers
should anticipate extra time for the revision process. Using a document sharing platform
(e.g. Google Docs) can help with version control, but use a method that works best for all
authors. We suggest making a priori decisions about authorship, perhaps using the CREDIT
system (VandenBos, 2010).

Application of Phase 5: Manuscript Preparation—Fifth, once the meta-analyzed
results are final, we will prepare the manuscript (as of this writing, the example coordinated
analysis has not yet reached Phase 5). We drafted the introduction during Phase 1, the
method during phases Phase 2 and 3, and the results and discussion will be written in Phase
4. Given the large number of authors involved in this coordinated analysis, we use Google
Docs to easily share the manuscript with co-authors and to allow for simultaneous editing.

The Importance of Coordinated Analysis.

Lifespan researchers have long been aware of the need for better replicability and credibility
of accumulating knowledge. Major strides have been made ideologically, methodologically,
and quantitatively, to improve the quality of the published literature. Coordinated analysis
was pioneered and applied in the IALSA research network for advancing replicable
longitudinal research and integrative analysis of longitudinal studies of aging (as described
in Hofer & Piccinin, 2009). Decades of data collection of numerous high quality
independent longitudinal data sets of aging have become a rich resource for studying
within person changes across a multitude of domains, and this power needs to be harnessed
systematically in order to put forth robust and authoritative findings about developmental
processes across adulthood (see also: Hofer & Alwin, 2008; Hofer & Sliwinski, 2006;
Piccinin & Hofer, 2008). As a result of these developments, integrative analysis has gained
in popularity over the last decade in the psychological sciences.

This approach is particularly important for research areas that rely on difficult to obtain
data, such as adult development and aging, which face a unique challenge when approaching
replicability and open research practices. On the one hand, longitudinal research suffers

less from certain issues. For example, most longitudinal studies have large samples and
multiple waves of measurement allowing for reliable estimates of change. On the other
hand, investigations that use these studies are not immune to questionable research practices
such as capitalizing on chance, flexible data analysis, unplanned data-dependent analytic
decisions, overfitting models, and selection bias (Nelson et al., 2018; Simmons, Nelson,

& Simonsohn, 2011). Coordinated analysis can help reduce the chances of reporting

false positives by creating a set of analyses using multiple datasets that are planned and
pre-registered in advance, and using, where possible, the same code and models across
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all datasets. Results from any one individual sample could be a false positive, false
negative, true positive or true negative but when coordinated, consistency across the bulk
of the samples will point to both the most probable “true” association as well to possible
exceptions due to characteristics of the sample or to Type | or Type Il errors. It is also
always possible that any consistency is due to an alternative explanation either data or model
dependent. Coordinated analysis allows researchers to shift focus from only null hypothesis
significance testing (NHST), to deeper examinations of effect sizes, and the consistency of
the magnitude and direction of effects across studies. Evaluation of heterogeneity is both a
first and a last step in coordinated analysis, with consideration of study-level characteristics
to expect and to explain potential variation in effect sizes. In this way, coordinated analysis
can help bring longitudinal research into the modern open science and transparency culture.
At minimum, it can enhance the rigor and accountability of longitudinal work.

By keeping all datasets separate, coordinated analysis relaxes the strict measurement
equivalence that is needed for other forms of IDA such as pooled analysis (Curran &
Hussong, 2009), and embraces the idea that there may be a range of true effects, and

this is addressed by the random effects meta-analytic model (Borenstein et al., 2010).

Since it is likely that the true effect differs from sample to sample, the random effects

model is most appropriate for coordinated analysis because RMA explicitly addresses the
uncertainty introduced when studies are not identical (Hedges et al., 1998). Alignment

of constructs is required, but constructs may be measured differently and have different
psychometric properties across studies. Coordinated analysis relies on the assumption that,
however coded, the underlying construct is the same across studies. This accommodates the
reality of psychological research, and many other kinds of research, in which studies started
at different times or in different countries, or may have used different instruments to measure
a construct. This of course will introduce noise around the signal, and increase heterogeneity
of effects across studies, but all of this can be addressed within the context of coordinated
analysis. While harmonization at the construct level in a coordinated analysis may introduce
error due to measurement variability into the model, it also begins to take steps toward the
issue of generalizability. Coordinated analysis preserves the heterogeneity of studies. Such
variation, under the random effects model (Borenstein et al., 2010) is presumed to be due

to two main sources: within sample estimation error variance and between study variance.
The latter may be caused by variation in all manner of study characteristic differences, such
as sampling method, selection effects, cohort differences, start year of study studies (e.g.,
period effects), country of origin, and of course differences in construct measurement.

If a finding is consistent across the myriad differences in sampling and measurement, then
we can say something stronger than “this finding replicates.” We can begin to say “this
finding generalizes.” Obtaining similar results in spite of different sample and measurement
characteristics begins to move across the spectrum from replicability to generalizability
(for a more detailed discussion of this, see (Condon et al., 2017). The inherent risk in a
coordination effort involving variations in design, samples, and measurement is that it can
be difficult to identify the source of differences when results are not similar across studies.
Is the heterogeneity due to sampling variance or to substantive differences across studies?
In the latter case, this means a given effect may be stronger or weaker or even non-existent
as one moves across different cultures, historical years of a study, number of waves of
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measurement, specific measures of a construct, modes of measurement (e.g., self-report vs,
other-report), and age ranges of participants, among many other factors. When coordinated
analyses include samples that vary widely on many characteristics, meta-analytic summaries
may help evaluate the extent of heterogeneity and permit some accounting, though this is
limited by the number of studies available with particular characteristics. When few studies
share a particular characteristic in a given coordinated analysis, the study-level power will be
low and the meta-analytic summaries should therefore be interpreted with caution and paired
with narrative descriptives of the similarities or differences across studies in the magnitude
and direction of effects.

While traditional meta-analysis relies on the published literature, attempts are often made

to identify file drawer studies so as to minimize publication bias. Coordinated analysis

can minimize publication bias because it does not rely on previously published work,

which historically has prioritized statistically significant results. However, depending on

the breadth of the datasets available for a coordinated analysis, we cannot assume such
analyses are free of bias. That said, the fact that 1) multiple datasets are brought to bear

on a research question, 2) non-statistically significant effect sizes are included, and 3) an
attempt is made to both evaluate the heterogeneity of results and summarize them (often
meta-analytically), makes coordinated analysis a form of IDA that is unique in its capacity to
promote cumulative scientific knowledge.

Limitations of Coordinated Analysis

There will inevitably be circumstances under which even conceptual harmonization is not
possible, for example if the questions require highly specialized data structures, sensitive
data, or constructs that are not commonly measured. In some of these cases, coordinated
analysis may not be appropriate or even possible. Additionally, even when using the same
scale across many datasets, interpretations will be different depending on the context in
which it was used, for example across different cultures, cohorts, or historical periods.
These issues are not always insurmountable, and indeed can be an asset when handled
appropriately, but do require mindful decision making and transparency. It is also important
to keep in mind that, with any analysis, including coordinated analysis, differences in
modelling decisions will have potential impacts on the output obtained and the conclusions
drawn (Marroig et al., 2019).

Lastly, and possibly the most important limitation of coordinated analysis given current
incentive structures, is the potential impact on early career researchers (ECRs). While
coordinated analysis is, overall, a way to potentially accelerate scientific progress, individual
projects and manuscripts are much more time intensive than those focused on a single
dataset. The incentive structure of our current academic system requires scholars to publish
at a high rate in order to be successful, so adopting coordinated analysis as a common
practice may not be practical for ECRs. And yet, we believe that young academics are
indeed the best suited for adopting these methods, for a number of reasons. First, these
scholars are typically at the top of their analytic skill set, and have been recently trained

in state of the art quantitative techniques and programming languages. These skills are
essential to scientific advancement and improvement. Second, ECRs aren’t bogged down by
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the pressure to preserve a theoretical legacy, and may approach the planning of a coordinated
analysis with a more open mind and less propensity towards confirmation bias. For these
two reasons, we believe that encouraging ECRs to adopt coordinated analysis in their
research programs is of utmost importance, and we call on senior colleagues to support
these efforts. In general, as a field, we need to become more collaborative, and to normalize
multi-author work. This can be accomplished by deliberately pulling in ECRs to collaborate
on senior-investigator led projects (e.g., Cadar et al., 2017) or by conducting workshops

to complete analyses for coordinated analysis projects (e.g., Duggan et al., 2019; Graham

et al., 2020b; Robitaille et al., 2018; Turiano et al., 2020; Weston et al., 2020; Zammit et
al., 2021). What’s more, our academic institutions would do well to reward the publication
of high impact papers in which an ECR is not the lead or senior author. That said, the
current institutional incentive structures are unlikely to change in the immediate future, and
S0 we encourage researchers to adopt this approach with a collaborative mindset in order to
maximize the number of publications while preserving the integrity and pace of coordinated
analysis.

Data Networks and Repositories

As described above, coordinated analysis can be particularly useful to researchers who

rely on large long-term longitudinal datasets. Quite a few longitudinal studies make their
data publicly available via a variety of platforms (e.g., Inter-University Consortium for
Political and Social Research [ICPSR], and National Archive of Computerized Data on
Aging [NACDA]), but reliance on these public data sources could introduce new bias into
the resulting publications and constrain the generality of findings because many existing
longitudinal datasets are not public. For various reasons (e.g., the laws of specific countries,
the regulations of certain university systems), making some data public is not possible. Yet
some of these data are accessible to qualified researchers even if they cannot be made public.

The Integrative Analysis of Longitudinal Studies of Aging and Dementia (IALSA), is

an aging and lifespan-oriented research network that promotes access to both public and
non-public longitudinal studies from around the world. Many of the participating studies
are not publicly accessible, but the principal investigators have agreed to set up project-
specific data sharing agreements or data analysts to help accelerate the publication of
replicable longitudinal findings. A public metadata repository and variable searching tool is
available through Maelstrom Research (https://www.maelstrom-research.org/network/ialsa)
for anyone to search simultaneously for datasets containing the key variables one might
need to address their research questions (Fortier, Doiron, Wolfson, & Raina, 2012; Fortier
et al., 2016; Hofer & Piccinin, 2009). IALSA demonstrates a collaborative framework and
provides a central resource for researchers to gain information on multiple sources of data
and streamline the planning phases of a coordinated analysis in a way that was previously
much more time consuming.

Data sharing networks help streamline the process of initiating a coordinated analysis,
thereby increasing the rigor, credibility, replicability and cumulative nature of longitudinal
research findings. Wider use of these networks will also foster a culture of inclusivity
as scholars who may not otherwise have collaborated find themselves cooperating and
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authoring manuscripts together. This kind of collaboration improves the trustworthiness

of network products, mainly because the multi-phase, multi-author process is highly
inclusive and reduces the influence of investigator bias, which in single-lab, single-study
investigations can become a serious problem. Another benefit of network data use is that

it can provide an excellent context through which to train early career researchers. For
example, any individual study has limited resources, but the burdens associated with many
data sharing requests can be partially alleviated by identifying early career researchers to
lead-author coordinated analysis projects: they will not only benefit from collaboration and
networking with others in their field, they will also benefit from potentially higher impact
papers than would otherwise be the case.

Conclusion

Coordinated analysis is a potentially powerful approach to accumulating knowledge in
the study of aging that provides a window into generalizability and external validity.
Coordinated analyses are easier to conduct than they have been in the past, due to the
establishment of data networks, and public resources such as searchable data archives
and measurement catalogues. Additionally, coordinated analysis relies on and promotes
central features of efforts to improve open science including, for example, the production
of dataset-independent workflows, the publication of both positive and null results, and
the pre-registration of agreed-upon cross-study coordinated analysis plans in centralized
repositories. Moving forward, greater use of these networks and resources can help
accelerate the accumulation of knowledge in lifespan development and other areas that
use longitudinal data. This will decrease the amount of uncertainty surrounding bodies
of scientific findings in these areas. The possibilities for accelerated, replicable, and
generalizable scientific progress facilitated by coordinated analysis are exciting, and are
bound only by creativity and our ability to collaborate.
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1. Literature Search:
Development of research questions and hypotheses
Preliminary list of datasets

']

2. Analysis Plan:
Variable harmonization and transformation decisions
Covariate selection
Complete scripts for individual study analyses and meta-analytic synthesis
Draft of pre-registration document

|

3. Study Selection:
Final list of of participating datasets
Polished analytic scripts
Data sharing agreements in place
Post pre-registration

:

4. Data Analysis:
Data access
Complete all analyses
Summarize results (tables, plots, meta-analysis)

:

5. Manuscript Preparation & Submission

Figure 1.
Flowchart of the typical phases in a coordinated analysis.
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