
Journal of Clinical Epidemiology 145 (2022) 29–38 

REVIEW 

Systematic Review Reveals Lack of Causal Methodology Applied to 

Pooled Longitudinal Observational Infectious Disease Studies 

Heather Hufstedler a , ∗, Sabahat Rahman 

b , Alexander M. Danzer c , d , e , Hannah Goymann 

a , 
Valentijn M.T. de Jong 

f , g , Harlan Campbell h , Paul Gustafson 

h , Thomas P.A. Debray 

f , g , 
Thomas Jaenisch 

a , i , j , Lauren Maxwell a , Ellicott C. Matthay 

k , Till Bärnighausen 

a , l 

a Heidelberg Institute of Global Health, Heidelberg Medical School, Heidelberg University, Germany 
b University of Massachusetts Medical School, University of Massachusetts, Worcester, Massachusetts, USA 

c KU Eichstätt-Ingolstadt, Ingolstadt School of Management and Economics (WFI), Germany 
d IZA Bonn, Germany 

e CESifo Munich, Germany 
f Julius Center for Health Sciences and Primary Care, University Medical Center Utrecht, Utrecht University, Utrecht, The Netherlands 

g Cochrane Netherlands, University Medical Center Utrecht, Utrecht University, Utrecht, The Netherlands 
h Department of Statistics, University of British Columbia, Vancouver, British Columbia, Canada 

i Center for Global Health, Colorado School of Public Health, Aurora, Colorado, USA 

j Department of Epidemiology, Colorado School of Public Health, Aurora, USA 

k Department of Epidemiology and Biostatistics, University of California, San Francisco, California, USA 

l Harvard T H Chan School of Public Health, Harvard University, Boston, Massachusetts, USA 

Accepted 13 January 2022; Available online 16 January 2022 

ABSTRACT 

Objectives: Among ID studies seeking to make causal inferences and pooling individual-level longitudinal data from multiple 
infectious disease cohorts, we sought to assess what methods are being used, how those methods are being reported, and whether these 
factors have changed over time. 

Study Design and Setting: Systematic review of longitudinal observational infectious disease studies pooling individual-level patient 
data from 2 + studies published in English in 2009, 2014, or 2019. This systematic review protocol is registered with PROSPERO 

(CRD42020204104). 
Results: Our search yielded 1,462 unique articles. Of these, 16 were included in the final review. Our analysis showed a lack of 

causal inference methods and of clear reporting on methods and the required assumptions. 
Conclusion: There are many approaches to causal inference which may help facilitate accurate inference in the presence of un- 

measured and time-varying confounding. In observational ID studies leveraging pooled, longitudinal IPD, the absence of these causal 
inference methods and gaps in the reporting of key methodological considerations suggests there is ample opportunity to enhance the 
rigor and reporting of research in this field. Interdisciplinary collaborations between substantive and methodological experts would 
strengthen future work. © 2022 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY license 
( http:// creativecommons.org/ licenses/ by/ 4.0/ ) 
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What is new? 

Key findings 
• A growing number of studies focusing on infec- 

tious disease (ID) outcomes involve pooling indi- 
vidual participant data (IPD) across multiple studies 
or cohorts. 
• ID-focused studies that used IPD did not apply 

causal methods or adhere to best practices for re- 
porting study design and findings. 

What this adds to what is known? 

• This is the first review of the application of causal 
methods to IPD from 2 + ID cohorts. 

What is the implication and what should change 
now? 

• We propose the development and implementation of 
guidelines for transparent comprehensive reporting 

of harmonization and statistical methods applied to 

ID focused studies that pool IPD from two or more 
studies, including a) harmonization efforts, b) ap- 
proaches to account for clustering and heterogene- 
ity, c) approaches to account for missing data, d) 
approaches to account for data quality, e) justifica- 
tion of methods used, and f) explicit discussion of 
assessment of testable assumptions and evaluation 

of untestable assumptions. 
• With no evidence of causal methods implemented 

in longitudinal, ID-focused studies that pool IPD 

from two or more studies, we recommend that re- 
searchers develop practical guidelines to facilitate 
the application of causal methods to ID-focused 

studies that pool and analyse IPD. 

1. Introduction 

Randomized control trials (RCTs) have long been con-
sidered the gold standard over observational designs when
endeavouring to infer a causal relationship in medicine.
However, observational studies have inherent benefits over
RCTs, including the potential for improved external va-
lidity [ 1 , 2 ], the possibility of incorporating a vast amount
of data more quickly, and the increased number of poten-
tial hypotheses that can be tested [3] . In certain instances,
RCTs may not be feasible or ethical, as in public health
emergencies or when considering adverse exposures, mak-
ing observational designs not only beneficial but also nec-
essary. 

Huge advances in aetiology were made with Rubin’s ex-
tension of counterfactuals to include observational studies
[4] , as well as Robins’ extension that demonstrated time-
varying confounding created by time-dependent covariates
which can both be confounders and intermediate vari-
ables [5] , and the introduction of directed acyclic graphs
(DAGs) [6–8] . Of the many ways to establish causality,
conventional regression-based adjustments are, perhaps, the
most well-known and widely implemented. However, re-
gression adjustment may not appropriately account for cer-
tain types of confounding in longitudinal analyses, as with
time-dependent confounders impacted by prior treatment
[9] . In addition to the risks of time-varying confounding,
adjusting for confounders through conventional regression
does not account for unmeasured confounding. Therefore,
for many longitudinal ID cohorts, conventional regression
adjustment may not be the most suitable analytic tool. 

In the last 30 + years, study designs and methods have
been developed to better account for time-varying con-
founding and/or unmeasured confounding, and are here-
after referred to as ‘modern causal methods’. These meth-
ods to account for time-varying confounding include G-
computation, inverse probability treatment weighting and
parametric G-formulas (collectively known as G-methods)
[10] . Methods and study designs to account for varying
levels of unmeasured confounding include difference-in-
differences (DiD) [11] , regression discontinuity designs
(RDD) [12] , interrupted time series (ITS) [13] , and instru-
mental variable (IV) approaches [14] . Prior studies suggest
that modern causal methods are being utilized widely in
the analysis of single ID studies [ 15 , 16 ]. 

The pooling of studies, first documented in 1904 by
Pearson [17] , is often achieved by combining published
aggregate data (AD), though the pooling of individual par-
ticipant data (IPD) has a number of statistical advantages
over AD analyses [ 18 , 19 ]. Implementing modern causal
methodologies with pooled IPD from several different co-
horts differs importantly from multi-center cohort studies,
and can be more challenging, particularly when accounting
for differences in types of variables that are captured and
the ways they are measured, more extreme heterogeneity in
cohort enrolment and follow-up procedures, and data miss-
ing at both the study and the participant levels [20–22] .
Though this is true, pooling IPD across cohorts can offer
important benefits, including greater variability in exposure
and outcome measures, thereby increasing statistical power
to study rare diseases and exposures [ 20 , 23 ]. Access to
IPD allows researchers to adjust for subject-level covariates
and to investigate sources of between-study heterogeneity
[23–25] . The application of modern causal inference meth-
ods to pooled longitudinal (2 + timepoints) observational
data therefore has the potential to offer important insights
into the causes and consequences of IDs [26] . Considering
the COVID-19 pandemic, where the absence of systematic
randomization of exposures or interventions can clearly be
seen on a large scale, the saliency of these methods for
ID-related studies becomes even more apparent. 

Previous reviews of how modern causal methods are
being applied include one study that reviewed the appli-
cation of modern causal inference methods to deal with
time-dependent confounding with non-randomized expo-
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sure data from RCTs [9] , and one study which exam-
ined methods used to adjust for unmeasured confounding
in nonrandomized longitudinal studies [11] . Still, it is not
well understood if modern causal methods are being used
in ID studies pooling IPD: if so, whether they are being
applied rigorously; if there are gaps in reporting or appli-
cation of these methods; and if and/or how these factors
have changed over time. To our knowledge, there exists
no methodological review of the application and report-
ing of modern causal methods to pooled longitudinal (2 +
timepoints), observational ID studies. Among ID studies
seeking to make causal inferences with pooled individual-
level longitudinal data from multiple cohorts, we sought to
assess what methods are being used, how those methods
are being reported, and whether these factors have changed
over time. 

2. Methods 

2.1. Search strategy 

Four researchers (HH, LM, EM, SR) developed a search
strategy in collaboration with librarians from Universität-
sklinikum Heidelberg (UKHD), University of California
San Francisco (UCSF), and Harvard University. The search
strategy combined the terms: ‘cohort’, ‘longitudinal’, and
related terms; ‘pool ∗,’ ‘aggregat ∗,’ and ‘harmoniz ∗’; terms
that refer to IPD; and terms that indicate ID applica-
tions. A list of IDs were compiled from the CDC’s list
of IDs [27] and PubMed’s MeSH terms for communica-
ble diseases. These elements were combined to increase
sensitivity in the search results. We excluded RCTs, ani-
mal studies, and other unrelated publication types, includ-
ing grey literature (conference abstracts and dissertations,
e.g.). The search did not select for specific types of mod-
ern causal methods. We restricted our search to English-
language articles published online over the last decade
(2009-2019) in five-year increments for increased screen-
ing feasibility (2009, 2014, 2019). The search strategy for
each database can be found in Supplementary Material 1.
We applied the search strategy to the following databases
in October, 2020: EBSCO (including Academic Search
Complete, Business Source Premier, CINAHL, EconLit,
and PsycINFO), EMBASE, PubMed, and Web of Science.
The protocol for the systematic review was registered with
PROSPERO (CRD42020204104) and published prior to
initiating the search and subsequently published [28] . 

Citations were exported to EndNote, deduplicated, and
uploaded to Covidence systematic review software [29] .
Two reviewers (HH, SR) screened articles using Covi-
dence’s double-blind screening tool, and a third reviewer
(EM) resolved discrepancies using the following inclusion
criteria: 1) used individual-level data, 2) pooled data from
at least two studies with at least two timepoints; 3) ob-
servational studies focused on ID health outcomes, 4) re-
ported estimates referring to a pre-stated causal question,
and 5) had a full-text version accessible through open ac-
cess, university license, another collaborator on the project,
or sent to us by the authors. We also included studies that
incorporated data from RCTs if at least one data source
included in the analysis was drawn from an observational
study or if the study included only RCTs but at least one
exposure/treatment variable analysed was not randomized.

2.2. Causal inference survey with study authors 

In order to see how our team’s assessment aligned with
the study authors’ intention to infer causality regarding
their research question and results, we sent a short sur-
vey to each study’s authors. Survey questions included: 1)
When you began your research, did you set out to infer a
causal relationship?; 2) When you submitted your paper,
did you intend to imply a causal relationship?; and 3) Do
you expect any source of bias in your effect sizes?. 

2.3. Data extraction 

Two reviewers (HH, HG) extracted data, and one re-
viewer (AD) reviewed the extracted data for completeness.
For each relevant paper, we assessed the following four
criteria related to reporting of methods and assumptions. 

Reporting of Methods 
i if they discussed issues related to variable definitions,

data quality, and missing data, and how they accounted
for them 

ii reporting of methods to account for clustering and het-
erogeneity 

iii reporting of methods implemented to causally analyse
the data, and 

Discussion of Assumptions 
i discussion of assumptions related to the esti-

mation methods, selected modern causal methods
(confounding-specific methods, e.g., ignorability, posi-
tivity; or model-specific assumptions) (see Data Extrac-
tion Form in Supplementary Materials 2) 
To communicate the quality of the reporting within and

across studies, we developed a point system with three val-
ues for each of the aforementioned criteria: if the item in
question was clearly discussed, 1 point; if the description
did not entirely address the item but touched on the topic,
0.5 points; if the topic was not mentioned, 0 points. When
two reviewers disagreed on the criterion quality, we se-
lected the higher score. Since we analysed 16 studies, the
maximum score across all studies for each item was 16
points. 

3. Results 

3.1. Search results 

The search retrieved 2,073 studies, 611 of which were
duplicates. Of the 1,462 unique records, 1,433 were ex-
cluded during the title and/or abstract screening. At the
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Fig. 1. Flow chart 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

full-text review stage, 13 were excluded: nine were ex-
cluded based on previously stated selection criteria; two
were excluded because we could not access the articles;
and two were duplicates. The final sample included 16
relevant studies [30–45] (see the Flow Chart in Fig. 1 ).
The publication of pooled cohort analyses appears to be
rapidly trending upwards, with two studies in 2009, four
in 2014, and ten in 2019. 

3.2. Study characteristics 

Of the studies included, the IDs of interest were
HIV (4/16), Influenza (3/16), Malaria (3/16), Tuberculo-
sis (3/16), H. pylori Infection (1/16), HPV-2 (1/16), and
Varicella Zoster (1/16). The number of studies included in
each pooled analysis ranged from 2 to 81, with a median
22.4. The number of included countries that contributed
data to the pooled analyses ranged from 1 to 39, with a
median 12.6. 

Study populations included adolescents, patients with
multidrug-resistant (MDR) and/or extensively drug-
resistant (XDR) tuberculosis, patients with uncomplicated
P.vivax infection, and HIV-negative men who have sex with
men (MSM), to name a few. Pooled studies predominantly
included cohort studies (96), followed by case control (21),
RCT (5), nested case control (2), and surveillance (2).
Three studies did not report the breakdown of contribut-
ing study designs. See Supplementary Material 3 for a full
characteristics table. 

3.3. Study author survey results 

Authors from nine of the sixteen articles responded to
the survey. Most respondents indicated that they initially
set out to infer a causal relationship (7/9) and intended to
imply causality in their results (6/9). The only respondent
whose intent changed after analysis stated that the shift
was due to a negative result. All respondents said that they
expected some level of bias to affect their effect sizes, with
the most reported bias concerns potentially deriving from
selection bias and unknown (unmeasured) factors. 
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Fig. 2. Causality survey 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.4. Reporting of methods: variable definitions, data 

quality, missing data, account for clustering and 

heterogeneity, and causal analysis 

In reviewing the methods that authors used in their anal-
ysis to produce what we identified as causal claims, none
of the studies used the modern causal methods we were
looking for; 15 implemented traditional regression-based
adjustment, and one used bivariate statistical tests. For de-
scribing the methods implemented to account for varia-
tions in variable definitions, 12 studies were awarded a
full point and one study received a half point (for a to-
tal of 12.5 across studies). Four studies received a full-
point for addressing their approaches to dealing with data
quality (methods included cross-tabulation; intercepts and
slopes which were allowed to vary; efforts to decrease mis-
categorisation, and a sensitivity analysis to test data quality
while extreme values were either translated to missing or
accepted as they were). 

In evaluating methods reporting across studies, 8 points
were given to studies for describing how they dealt with
missing data across studies: excluding cases (6/16), single
imputation (2/16), multiple imputation (1/16); of these, one
study described a combination of methods: single imputa-
tion and excluding studies. The majority (13/16) of studies
discussed their approaches to account for clustering or het-
erogeneity, utilizing either random effects models (7/16) or
stratification (5/16). Three studies provided justification for
the study design and statistical methods chosen to analyze
their pooled data, with nearly all studies opting for co-
variate adjustment over weighting or matching. Only half
(8/16) of the studies discussed the impact of heterogeneity
on the generalizability of results, and one study was given
one half point for very loosely touching on the subject, for
a total of 8.5 points. 

3.5. Reporting of assumptions for methods and 

justification of methods 

Four studies received full points for describing the test-
ing of assumptions related to the estimation methods— all
used Schoenfeld residuals (to test for the proportional haz-
ards assumption). Only one full point was awarded to one
study that clearly discussed the assumptions required for
the methods they chose to analyse the data—no uncon-
trolled confounding. 

Two studies received a full point for reporting that they
tested any testable assumption(s) required for the analysis
methods they selected; one of the studies receiving this
point did not receive a point for the item in the previ-
ous sentence ‘clearly discussing assumptions for analysis
methods’ because they did not state or discuss the assump-
tion but only the test they used. We surmised they meant
to test this assumption and therefore awarded them a full-
point here based on the generosity of the rating system. 

Six and a half points were awarded to studies for
discussing the plausibility of untestable assumptions: full
points were awarded to 5 studies, and three studies were
given 0.5 points for loosely discussing the issue. See
Fig. 4 for Reporting of Assumptions analysis. 

3.6. Summary of reporting 

Despite the generosity of the rating system, only four
of 10 items were reported in at least 70% of the 16 studies
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Fig. 3. Extent of reporting on methods and generalizability, according to point system 

Fig. 4. Reporting of assumptions 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

( Figs. 3 and 4 ). If broken down by year, the average points
awarded to studies for reporting these items were 4.5 of
10 for 2009, 6.3 of 10 for 2014, and 4.0 of 10 for 2019,
indicating no consistent improvement over time. It is also
worth noting that not a single study received a full 10
points. See Fig. 5 for a listing of reported methods and
assumptions by year. 

4. Discussion 

4.1. Increased pooled analyses, transparent 
harmonization, and clustering and/or heterogeneity 

Results of this systematic review show that the con-
ducting of ID studies where data are pooled at the
participant level have increased over time, and that in-
cluded studies scored high on their reporting of harmoniza-
tion/standardization methods (78%) and their approaches
to account for clustering/heterogeneity (81%). With the re-
cent publication of guidelines to retrospective harmoniza-
tion [46] and the many guidance documents on best prac-
tices in accounting for clustering/heterogeneity [ 47 , 48 ], it
is our hope that all future studies will implement rigorous
harmonization efforts, and wisely select and describe their
approaches to control for clustering and heterogeneity in
pooled cohort data. Transparent reporting of methods for
harmonization and accounting for cross-study heterogene-
ity methods will assist the reader to assess the rigor with
which the analysis was conducted. 
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Fig. 5. Average reporting by publication year 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.2. Lack of causal methodology 

The primary goal of this review was to examine the
recent trends of the application of causal methods to ID-
related analyses that pooled IPD across studies. Despite
a rigorously-developed search strategy, the results of the
review were unvaried, as no study identified in this re-
view implemented modern causal methods. Yet, survey re-
spondents frequently indicated concerns about unmeasured
confounding. Because the results did not reveal any pooled
study utilizing causal methods, no comparison was possi-
ble. 

In single cohort ID studies, causal analyses of lon-
gitudinal data have been widely adopted (particularly in
HIV research)[ 49 , 50 ] and have helped to rule out specific
threats to internal validity, relaxed the assumptions required
by the analytic approach, and enhanced understanding of
causal effects. Pooled observational studies (i.e., multi-
cohort analyses) also stand to benefit from this diversifi-
cation of methodology. All methods involve tradeoffs and
untestable assumptions [51] Thus, studies with differing
methodologies cover each other’s weaknesses, and a study
applying a novel methodology may yield more scientific
benefit than a study applying an existing method that re-
lies on the same untestable assumptions as prior research.

Barriers to implementation must be evaluated, and may
include: the complexity of implementing modern causal in-
ference methods; the need for analytic tools or implemen-
tation guides specifically tailored to pooled studies [52–
54] ; or a process of methods selection in which multiple re-
search teams must understand and agree upon a single ana-
lytic strategy. Interdisciplinary collaborations between sta-
tistical methodologists and ID-focused researchers through
a coalition or consortium, as seen in ReCoDID ( www.
recodid.eu), could break down these barriers and promote

innovation.  

 

4.3. Reporting applied methods and assumptions 

Any causal claim requires a ‘defense’ of assumptions
and justifications, whether one utilizes regression-based ad-
justment or modern causal methods. However, authors who
responded that they set out to infer a causal relationship
at the beginning of their study were not more likely to
meet the four criteria for reporting methods and assump-
tions than those who did not intend to imply a causal rela-
tionship at the beginning of their study. There was also a
lack of reporting on the rationale for selecting regression-
based adjustment methods over modern causal methodolo-
gies. Furthermore, most key methodological points that we
felt were important for pooled longitudinal (2 + timepoints)
observational studies to report on were lacking, including
methods used to account for missing data or data quality,
justification for methods used, and explicit discussion of
the testing of testable assumptions and the evaluation of
untestable assumptions. 

Large variance in reporting is not a rare finding
[55] Currently, there are no overarching reporting guide-
lines in the field when it comes to pooled IPD across stud-
ies. Even the PRISMA IPD Statement [56] , which is only
concerned with the reporting of IPD-MAs, does not in-
clude specific recommendations for reporting the quantita-
tive assessment of testable model assumptions or concerns
specific to longitudinal, observational studies– ID-related
or otherwise; these include recommended sensitivity or sta-
tistical approaches to addressing measured confounders af-
fected by prior exposure in the context of cross-cohort
analyses, amongst myriad other causal inference-related
concerns. To better enable readers inside and outside the
ID field to determine the rigor of these pooled studies,
we recommend that standards in reporting of analytical
methods be developed, and that future IPD ID studies re-
port on a) harmonization efforts, b) approaches to account
for clustering and heterogeneity, c) approaches to account

http://www.recodid.eu
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for (differences in) data quality (e.g., missing data, mea-
surement error), e) justification for methods used, and f)
explicit discussion of testable assumptions and untestable
assumptions. Given that the average points awarded to ar-
ticles published in 2019 (4 points) were lower than the
average of those published in 2014 (6.3 points), it is our
hope that researchers do not merely increase the quantity
of IPD meta-analyses but consistently improve the quality
of reporting of such studies, as well. 

4.4. Strengths and limitations 

Strengths of this systematic review were the rigor ap-
plied in following best practice for the development and
execution of systematic reviews, including the development
of a comprehensive, tailored search strategy and use of
Covidence’s blinded review. One possible limitation is the
small number of papers we found. Another limitation is
that our study only investigated the quality of reporting,
but could not determine the quality of conduct (including
appropriateness of statistical methods, validity of model
assumptions, etc.). Such an evaluation would ideally re-
quire access to patient-level data from the included pooled
cohort studies, which is rarely straightforward. 

5. Conclusions 

Based on the small number of pooled ID-focused IPD
analyses and the lack of modern causal method imple-
mentation found in this systematic review, we recommend
increased interdisciplinary collaborations between statisti-
cal methodologists and ID-focused researchers. We also
suggest the development of guidance documents related
to the implementation and reporting of causal methods in
the analysis of pooled participant-level data from longi-
tudinal observational ID-focused studies which could be
similar to the guidance produced for a recent series on
quasi-experimental methods in health [57–69] . 
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