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Abstract 
This study explores different techniques for managing overlaps in second-order systematic reviews to highlight 
promising practices for open, distance, and digital education (ODDE) research. Second-order reviews, also 
known as overviews, provide unique evidence to better describe mean effects and assess their variability, but 
they also introduce new methodological challenges for quality control due to overlapping primary studies. 
Recent efforts to categorize and evaluate best practices for managing overlaps in other disciplines highlight 
significant inconsistencies in practice. As the frequency of ODDE systematic reviews and meta-analyses 
grows, there is a need to produce high-quality second-order studies to ensure policy makers can properly 
translate evidence into practice. Several leading overlap management methods are examined, including 
visualization tools such as citation matrices, bipartite citation networks, stacked bar charts, and intersection 
heatmaps; quantification tools such as corrected covered area (CCA), adjusted CCA and weighted CCA; 
decision-based and researcher-based approaches for resolving overlap. These approaches, largely developed in 
healthcare contexts, are illustrated using an existing dataset from a recent overview (Sun et al., 2025). CCA 
quantifies the degree of overlap among primary studies, while adjusted CCA further accounts for structural 
missingness arising when particular primary studies could not have been included in certain reviews because of 
differences in eligibility or timing. Although wCCA incorporates primary-study sample size into the 
assessment of overlap, it may be difficult to apply when information is unavailable. Existing thresholds for 
managing overlaps are largely based on practical guidance, lacking empirical evidence supporting specific cut-
offs as decision thresholds. 
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Introduction 
Research syntheses are a critical form of evidence used to shape research agendas. As this 

body of literature continues to expand, second-order reviews have emerged as an important 
approach for integrating findings across multiple systematic reviews. Various names have been 
used to describe this form of research: reviews of reviews, meta-syntheses, overview studies, 
umbrella-reviews or second-order meta-analyses (Cooper & Koenka, 2012; Polanin et al., 2017). 
Second-order reviews help researchers assess related problems with different interventions or 
examine studies with the same intervention but different outcomes (Becker & Oxman, 2008). 
While these reviews are not required to be purely quantitative, one form that is, a second-order 
meta-analysis, provides several distinct benefits like improving the estimation of true mean 
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effects and enabling assessment of the extent to which any true variance across the mean effect 
sizes exists (Schmidt & Oh, 2013). 

Open, Distance, and Digital Education (ODDE) broadly encompasses teaching and learning 
processes in which educational technologies, digital media, and digital tools are used to deliver 
educational content and to support communication, interaction, collaboration, assessment, and 
evaluation (Zawacki-Richter & Jung, 2023). As research in this field expands across educational 
contexts, populations, delivery modes, and technologies, quantitative synthesis has become 
increasingly important for building cumulative evidence. For example, in distance education, 
Shachar (2008) noted that the abundant comparative literature remained inconclusive and often 
contradictory because studies varied in treatments, settings, measurement instruments, and 
research methods, and therefore advocated the use of meta-analysis. As meta-analytic evidence 
accumulates, returning to large bodies of primary studies becomes resource-intensive. 
Furthermore, within the fast-developing field of ODDE, interventions and contextual use can 
change quickly with new innovations and evolving uses across a variety of settings contributing 
to a literature base with imprecise definitions and descriptions of practice as well as 
contradictory evidence. This makes ODDE a natural context for growing second-order studies.  

Second-order meta-analyses offer a more efficient means of synthesizing existing meta-
analytic evidence and deriving cumulative conclusions (Young, 2017), as well as examining 
factors that lead to conflicting findings. Thus far, only a small but growing number of second-
order meta-analyses have emerged across specific ODDE research areas (e.g., Sun et al., 2025; 
Borokhovski et al., 2022; Martin et al., 2022; Tamim et al., 2011; Yang & Xiang, 2024). 
However, as the volume and quality of systematic reviews and meta-analyses grows 
(Gnanasanjevi et al., 2025; Zawacki‐Richter et al., 2025), more will be produced. Empirical 
trends documenting the emergence and importance of second-order reviews in other disciplines 
(Steenbergen-Hu et al., 2016) reinforce the important role that second-order studies will play in 
dictating practice within ODDE. 

Although many second-order methods have been adapted from first-order studies, second-
order studies do present unique challenges given the nested structure of the data across multiple 
levels. One unique challenge is overlapping primary studies, resulting in double counting of 
effects. In anticipation of a growing demand for second-order studies within ODDE, our efforts 
aim to describe and demonstrate several existing methods for identifying, examining, and 
removing overlaps. In doing this we hope to promote the efficient creation of high-quality 
second-order reviews and start a dialog to help researchers construct best practices within the 
ODDE context to ensure these comprehensive syntheses are most effective.  

The Challenge of Overlaps 
Given the nature of review studies as a form of synthesis, one challenge of any review study 

is addressing the influence of overlapping observations (Borenstein et al., 2009). Overlap occurs 
when the same participant effects appear in more than one included study. In a second order 
study, this can occur in a variety of ways and across more than one level (Polanin et al., 2017; 
Schmidt & Oh, 2013). This underscores the importance for researchers to clearly describe any 
identified overlaps and manage them in a transparent way. 

Overlaps produce dependency, which in a statistical context can inflate Type 1 error and 
produce biased estimates. Dependency also manifests in several other related ways. For example, 
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some studies may report multiple outcomes on the same participants. Additionally, specialization 
can result in several similar studies being published by the same researcher. These other types of 
dependencies do not reflect the same double-counting of studies that occurs with overlap, and as 
a result can often be accounted for with statistical modeling. Various analysis techniques have 
been proposed and developed to model and account for dependency (e.g., robust variance meta-
regression, and multivariate meta-regression, and multi-level modeling). These options offer 
valuable contributions to account for dependency when sample sizes are sufficiently large, but 
must be integrated with strategies to remove overlap stemming from double-counting.  

Moreover, the amount of overlap that is present in a review study can be viewed as an 
evaluative criterion that has different levels of value depending on the study aims and 
researcher’s epistemology. For example, as noted above, in a meta-analysis, where quantitative 
effects are weighted by study size, overlaps indicate double counting, a violation of statistical 
independence that is interpreted as undesirable. However, in qualitative reviews, overlaps may 
not be viewed as problematic because findings are not weighted by the study participants. 
Instead, overlaps may constitute an interesting study opportunity to characterize and explore.  

We examine overlaps as they pertain to second-order meta-analyses where statistical 
independence is viewed as important and therefore minimizing the influence of overlap is 
paramount. We highlight and examine recent methodological advances from other fields to help 
streamline the process for ODDE researchers. By describing and demonstrating methods from 
this literature-base and reflecting on the process of our own experiences conducting second-order 
reviews we seek to provide greater transparency to both the practice and the root causes of the 
challenges associated with conceptualizing and resolving overlaps in second-order reviews 
within ODDE. 

Overlaps in Second-Order Studies 
As noted above, overlaps in second-order studies can occur in several ways. Just like in a 

meta-analysis, study participants may be the same in more than one primary study. This can 
occur in medical fields, where a specific diagnosis may be a driver of study inclusion and 
therefore increase the likelihood of the same participants appearing in multiple primary studies. 
Additionally, these patients may seek treatment for long periods of time and therefore be 
included in multiple research studies. Similarly, in education, overlaps might occur in the field of 
Special Education, where the presence of a specific (or uncommon) disability may induce greater 
likelihood of study inclusion. In ODDE, this type of overlap is less plausible. This is because in 
education the leveled and time-bound learning structure limits the opportunity and value of 
repeated interventions involving the same outcomes from the same participants. While cases 
certainly exist, they tend to be the exception. For example, researchers could conduct and publish 
multiple related (e.g., stacked treatment) studies that involve a variety of comparisons involving 
a common set of participants. However, in our own experience, these types of studies are 
uncommon. 

More commonly, overlaps in second-order studies occur because there are primary studies 
that are included across multiple meta-analyses, and this should be expected in ODDE given the 
need for updating meta-analyses in response to innovations. This type of overlap can be wholly 
encompassing of study (such as what can occur longitudinally when one meta-analysis study 
successively builds off another) it can also vary depending on the inclusion criteria and search 



4 

Online Learning Journal · 30(SI2) · e5895 

strategies (e.g., one meta-analysis might include a few primary studies that are also included in 
only meta-analysis).  

Theoretically, a single primary study might appear in one or up to all included meta-
analyses. In a second-order meta-analysis because the primary studies are not the unit of 
analysis, they cannot easily be individually removed through deduplication. To reduce the 
amount of overlap to none or at least to an acceptably minimal level, whole meta-analyses must 
be discarded, potentially limiting the coverage of the second-order study.  

Over the years, several strategies for managing overlapping primary studies have been 
employed. However, recent efforts to categorize practices for managing overlaps in other fields 
highlight significant reporting inconsistencies (Lunny et al., 2020; Pieper et al., 2014) and 
inaccuracies in the labeling of pairwise versus total dependencies (Bracchiglione et al., 2023). 
Even when overlaps are identified, techniques for resolving dependencies vary (Gutierrez-Arias 
et al., 2024), and remain largely untested. Additionally, nearly all strategies are based on reviews 
within the healthcare fields where managing overlaps necessarily differs given the size of 
reviews and the vast number that adhere to quality standards (e.g., Cochrane). The limited 
empirical evidence comparing the different strategies leaves researchers with unclear guidance 
(Lunny et al., 2021) 

Different conceptualizations of overlaps can theoretically impact decisions on which studies 
to remove. Researchers must carefully examine and then communicate the nature of overlaps 
through visualization and calculation techniques to inform and defend any decisions on how best 
to resolve any issues with overlaps (Gutierrez-Arias et al., 2024). 

To better position ODDE researchers to meet these needs, in the next section we will 
examine existing and emerging overlap management (quantification, visualization, and removal) 
approaches for second-order systematic reviews. We will also draw on our own experiences 
conducting second-order studies in ODDE to illustrate valuable process and provide 
methodological guidance to support the creation of second-order reviews in ODDE research. 

Existing Examples of Managing Overlap from ODDE 
Second-order meta-analyses in ODDE constitute an emerging research trend with only a few 

recent examples. We have identified only a few examples within the ODDE literature. As a 
result, limited guidance is available on how to handle overlaps in second order reviews within 
the field. To address this, we examine several approaches found in healthcare to the ODDE 
context. In this study, we describe and illustrate three categories of overlap management methods 
using Sun et al. (2025) as a running case. In the Sun et al. study, 15 relevant meta-analyses on 
multimedia were identified, but three studies did not provide enough details about the included 
primary studies to code for overlaps. Overlaps among the remaining 12 articles were examined, 
and one article was removed due to significant overlaps. By illustrating several leading methods 
for managing overlaps we aim to reflect on existing practices from healthcare and address the 
applicability of certain methods for use in ODDE. In doing so, we aim to help ODDE researchers 
more efficiently, effectively, and transparently manage overlaps in their second-order meta-
analyses. 

Table 1 highlights several examples and illustrates the various strategies for how overlap has 
been handled in existing second-order studies. Across these studies, approaches to primary-study 



5 

Online Learning Journal · 30(SI2) · e5895 

overlap varied considerably. Some studies reduced overlap through explicit selection rules, such 
as the 25% criterion (Demir et al., 2024; Tamim et al., 2011), whereas others combined overlap 
reduction with validation or robustness analyses to examine whether the overall findings changed 
after overlap was reduced (Yang & Xiang, 2024; Young, 2017). Other studies retained 
overlapping evidence in the main synthesis but conducted a de-duplicated validation analysis, 
chose not to formally quantify overlap based on prior validation evidence, or explicitly decided 
not to apply an overlap-reduction criterion (Bernard et al., 2014; Borokhovski et al., 2022; Hew 
et al., 2021). Ünal et al., (2026) quantified and visualized overlap by using GROOVE and CCA. 
Meanwhile, some studies considered statistical independence or acknowledged dependence as a 
limitation without formally quantifying primary-study overlap across meta-analyses (Sailer et al., 
2024; Yi et al., 2025). Overall, these studies suggest that approaches to identifying, quantifying, 
and managing overlap remain highly study-specific, with no consistent strategy yet established 
across ODDE research. 

Table 1 

Second-Order Meta-Analytic Studies Identified in ODDE field. 

Study Context Handling of overlap 

Tamim et al. 
(2011) 

Educational technology and 
learning 

Assessed primary-study overlap and applied a ≤25% overlap 
criterion to select meta-analyses for inclusion. 

Bernard et al. 
(2014) 

Technology integration in 
higher education 

Acknowledged primary-study overlap and noted Tamim et 
al.’s (2011) ≤25% overlap criterion but chose not to apply it, 
considering dependence from overlapping studies less severe 
in second-order meta-analysis. 

Young (2017) Technology-enhanced 
mathematics instruction 

Assessed primary-study overlap and removed highly 
overlapping meta-analyses (>50%), reducing overall overlap 
from 20.8% to 13.8% and below the recommended 25% 
threshold (Cooper & Koenka’s; 2012); a fully de-duplicated 
validation analysis produced a nearly identical effect (g = 0.38 
vs. 0.39). 

Hew et al. 
(2021) 

Flipped classroom Retained overlapping meta-analyses in the main second-order 
synthesis and conducted a de-duplicated primary-study-level 
analysis as validation. 

Borokhovski 
et al. (2022) 

Technology application in 
teaching and learning 

Did not formally quantify primary-study overlap; excluded 
obvious duplicate/subset meta-analyses and relied on Tamim 
et al.’s (2011) validation indicating little added precision from 
further overlap assessment. 

Demir et al. 
(2024) 

Technology-based 
mathematics instruction 

Retained overlap in the main synthesis and conducted a de-
duplicated primary-study validation; the effect sizes were 
similar (g = 0.45 vs. 0.41), suggesting little impact of overlap 
on the overall estimate. 

Sailer et al. 
(2024) 

Technology-enhanced 
learning in higher education 

Acknowledged overlap as a limitation, but did not formally 
quantify or adjust for primary-study overlap. 
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Study Context Handling of overlap 

Yang & Xiang 
(2024) 

Mobile learning and 
academic achievement 

Assessed primary-study overlap and recursively removed the 
most overlapping meta-analyses to achieve <50% and <25% 
overlap thresholds (Sipe & Curlette, 1997; Tamim et al., 2011; 
Wilson & Lipsey, 2001); effect estimates remained similar 
across the full sample and reduced-overlap analyses (g = .652, 
.673, and .580). 

Yi et al. 
(2025) 

Technology-assisted foreign 
language learning 

Considered data independence within individual meta-
analyses but did not formally assess primary-study overlap 
across meta-analyses. 

Ünal et al. 
(2026) 

Artificial intelligence 
applications in education 

Used GROOVE and CCA to quantify overlap; when overlap 
exceeded 10% (Bracchiglione et al., 2022), the narrower or 
less current meta-analysis was excluded. 

Strategies for Managing (Quantifying, Visualizing, and Resolving) 
Overlaps 

The potential problem of having overlaps typically arises early in the research process when 
screening for eligibility but is ultimately examined more fully as the final sample of studies to be 
used becomes more crystalized. To begin to address the overlaps, specific data preparation 
actions need to be taken to enable quantifying and visualizing the overlaps, before ultimately 
resolving the overlaps by removing select studies. As a first step, researchers must understand 
the nature of any overlaps that exist within their study. This requires deciding on an appropriate 
method for quantifying overlaps as well as describing through visualization, any overlaps that do 
exist.  

Step 1: Understanding the Overlaps 
Quantifying 

Various strategies for quantifying overlaps exist. A recent systematic review of healthcare 
literature highlighted several prevailing approaches (Gutierrez-Arias et al., 2024). At a most 
basic level, researchers will sometimes calculate the percentage of overlapping primary studies 
among the systematic reviews. This can be reported for pairs of studies or for the total set of 
studies. Alternatively, a range of all pairwise overlaps may be reported among the studies 
included. Although conceptually easy to compute, one problem with simply reporting 
percentages is the amount of double-counting that can occur. For this reason, in the past decade, 
researchers have largely moved beyond simple percentages.  

Calculating the Corrected Coverage Area. In 2014, Pieper et al. characterized the quantity 
of overlap using a corrected coverage area (CCA) to better account for primary studies that 
overlap with different sets of systematic reviews. The CCA removes the double counting of 
overlapping primary studies by considering each primary study once. While a bit more laborious 
to compute, this method is particularly relevant for comparing the amount of statistical 
independence in two different second-order studies. It provides a more consistent 
characterization of the aggregate amount of overlap that exists to allow for better comparison of 
overlaps between several second-order studies of different sizes. Recently, Ying et al. (2025) 
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presented a weighted CCA (wCCA), which expands the CCA calculation by weighting each 
systematic review by the sample sizes of the primary studies in each review. This gives the 
second-order researcher even more standardization in the amount of overlap and further 
improves comparability. 

Missing Data. An important concern with quantifying overlaps is missing data. Missing 
data can occur in a variety of ways. For example, if a meta-analysis does not provide complete 
details on each of the primary studies included, then the extent of overlaps cannot be fully 
evaluated. This can be a major limitation when trying to assess statistical independence. For 
wCCA, the problem is compounded, as sample sizes for each individual primary study need to 
be known to properly weight each study.  

Another type of missing data is structural missing data, for example due to the search ranges 
for systematic reviews not being the same. Primary studies in one systematic review may not be 
included in the timeframe of another study. For this reason, an adjusted CCA which removes 
these out-of-range studies from the calculation can be computed (Bougioukas et al, 2021). 

Recent empirical research has pointed out the varying quality of systematic reviews in 
ODDE. According to Zawacki‐Richter et al. (2025), one-third of articles in ODDE do not strictly 
follow PRISMA. Based on our own experience extracting information from ODDE studies for 
second-order reviews there is plenty of room for improvement in reporting the necessary 
information in primary studies. Complete information for assessing overlaps is not always 
provided, it can be inefficient to track down, or very difficult to extract consistently for each 
review due to a lack of enforcement of standardized reporting. With greater standardization in 
reporting of both primary studies and systematic reviews, the ODDE field will greatly enhance 
the assessment of the impact of overlaps in second-order studies.  

Visualizing 
Visualizing the overlaps between studies goes together with quantifying the amount of 

overlap. Multiple studies have introduced visual techniques to help describe overlaps that exist. 
Pieper et al. (2014) popularized the process of visualizing overlaps using a matrix. Gutierrez-
Arias et al. (2024) found this was the most presented visualization. However, other techniques 
have been demonstrated as well. For example, Bougioukas et al. (2021) presented several other 
examples using traditional visualizations like Venn and Euler diagrams and network plots. Later, 
Bougioukas et al (2023) generated a tool to facilitate the efficient creation of a citation matrix 
and CCA heat maps, and Bracchiglione et al (2023) combined several visualization techniques to 
innovate how overlaps are presented using bar graphs. 

Instructional Application Using Examples from ODDE - Resolving 
Overlaps 

In this section we utilize data from a previous study by Sun et al. (2025) to demonstrate 
methods for understanding and describing the overlaps that are present in a study. We illustrate 
the process and reflect on several approaches for quantifying and visualizing the data. 

The research team must first extract the necessary data from the articles. This means 
compiling a list of every primary study used in each systematic review to be included in the 
second-order systematic review. If there are overlaps, the same citations will be on the list two or 
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more times. Ideally all systematic reviews will include a full list of articles. If not, the researcher 
will need to proceed with only the subset of available articles, noting the limitation. For Sun et 
al. (2025), three studies did not have usable primary study lists, and needed to be removed from 
the overlaps analysis. 

Citation Matrix Construction 

The Citation Matrix is the foundation for calculating the CCA. It is a binary study-by-
review table that documents the inclusion of primary studies across multiple systematic reviews. 
The leftmost column lists unique primary studies, and the subsequent columns represent 
individual systematic reviews and cells are coded to indicate inclusion or non-inclusion (See 
Figure 1). To create a citation matrix, researchers need to extract all primary studies from each 
review, identify unique studies after removing duplicates, and code their presence (1) or absence 
(0) across reviews. This structure enables identification and quantification of citation overlap 
across reviews.  
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Figure 1 

Citation Matrix 
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Corrected Coverage Area 

The Corrected Coverage Area (CCA) is a quantitative measure used to assess the degree 
of overlap among primary studies included in the systematic reviews (Pieper et al., 2014; 
Bougioukas et al., 2021). The CCA can be calculated using the following formula: 

𝐶𝐶𝐶𝐶𝐶𝐶 =
(𝑁𝑁 − 𝑟𝑟)

(𝑟𝑟 ∗ 𝑐𝑐 − 𝑟𝑟)
 

where N represents the total number of primary study occurrences across the systematic 
reviews (i.e., the sum of primary studies included within each review, including duplicates), r 
represents the number of unique primary studies included, and c indicates the number of 
systematic reviews. Pieper et al (2014) also provide guidance on interpreting the CCA 
percentages: 0-5% - slight, 6-10% - moderate, 11-15% - high, and >15% - very high. In Figure 1, 
N is identified as the sum of the values in the rightmost column (No. of times included, which 
has been augmented with visual bars for clarity), r is the number of individual study rows, and c 
is the number of study columns. For illustration purposes, Figure 1 only includes five of the 12 
studies included in the overlap analysis. The CCA value can also be calculated using the ccaR() 
function in R once the full citation matrix has been prepared. Below, in Table 2, is the R output 
using the full set of data from Sun et al. (2025): 

Table 2 

R Output for CCA Calculation 

reviews N r c CCA_Proportion CCA_Percentage 
12 326 285 12 0.01307815 1.3 

This output indicates 326 total study occurrences (N) and 285 unique primary studies (r) 
across 12 reviews (c). The calculated CCA proportion is 0.013 (1.3%), indicating a very low 
level of overlap among reviews.  

Adjusted Corrected Coverage Area 

The adjusted CCA accounts for structural missingness, which occurs when primary 
studies were published after a given systematic review and therefore could not have been 
included (Bougioukas et al., 2021). In the overlap matrix, these structurally unavailable studies 
were coded as NA rather than as absent (i.e., coded as 0). This approach prevents 
underestimation of overlap due to temporal sequencing and provides a more accurate 
representation of redundancy across reviews (Bougioukas et al., 2021). The adjusted CCA is 
calculated as: 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐶𝐶𝐶𝐶𝐶𝐶 =
(𝑁𝑁 − 𝑟𝑟)

(𝑟𝑟 ∗ 𝑐𝑐 − 𝑟𝑟 − 𝑋𝑋)
 

where N, r, and c are the same as in the CCA calculation, and X is the total number of 
structural missingness in the citation matrix. The adjusted CCA can also be calculated in R using 
the ccaR() function after updating the citation matrix to account for structural missingness. 
Below, in Table 3, is the R output for the full set of data from Sun et al. (2025): 
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Table 3 

R Output for Adjusted CCA Calculation 

reviews N r c Structural_missingness CCA_Proportion CCA_Percentage 
12 326 285 12 674 0.01665989 1.7 

The ccaR() output for the adjusted CCA suggests that there are 674 structurally missing cells 
in the citation matrix. After accounting for the structural missingness, the adjusted CCA 
proportion is 0.017 (1.7%), which is slightly higher than unadjusted CCA. The results indicate 
that overlap across the reviews remains low even after adjusting for sparsity in the citation 
matrix.  

Weighted Corrected Coverage Areas 

The wCCA is a newly proposed extension of the traditional CCA, which incorporates 
sample-size–based weights (Ying et al., 2025). The wCCA can be calculated as: 

𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤 =
(𝑁𝑁𝑤𝑤 − 𝑟𝑟𝑤𝑤)

(𝑟𝑟𝑤𝑤 ∗ 𝑐𝑐 − 𝑟𝑟𝑤𝑤)
 

where 𝑁𝑁𝑤𝑤 is the weighted sample size which consists of the sum of the square roots of the 
sample sizes of all primary studies, aggregated across all SRs and 𝑟𝑟𝑤𝑤 represents the sum of the 
square roots of sample sizes for unique primary studies, where each primary study is counted 
only once. To manually compute the wCCA, the citation matrix needs to be appended to include 
an additional column which includes the sample size for each primary study listed in the first 
column. Compared with the CCA, wCCA provides a more precise assessment of the overlap by 
accounting for differential contributions across reviews. A similar extension to account for 
structural missingness could also be applied to create an adjusted wCCA. 

Some practical challenges emerged when calculating the wCCA using ODDE articles from 
Sun et al. (2025). As Zawacki-Richter et al. (2025) pointed out, many systematic reviews lack 
transparent reporting, which can hinder the retrieval of key primary characteristics, including 
sample size. Pollock et al. (2017) also found similar data could be presented differently across 
reviews. Both were evident in our experience. 

To illustrate the wCCA, we consider the same subset of five systematic reviews as above. 
However, only three systematic reviews reported the sample size for each primary study. 
Moreover, even when these sample sizes were reported, the identification of multiple related 
within-subjects comparisons required decision-making and interpretation of reported sample 
sizes to address the double-counting participants across conditions, which also affects statistical 
independence. Among the 87 primary studies included, this occurred in five articles. In addition, 
one primary study could not be retrieved. 

To explore how different decisions might affect the wCCA, we applied three calculation 
strategies although differences in study focus and design could introduce bias. First, we used the 
sample sizes reported in the primary studies. Second, we relied on the sample sizes reported in 
the systematic reviews and supplemented missing values with those from primary studies. Third, 
we again used the review-reported sample sizes, but for missing cases we estimated values based 
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on the total reported sample and the average of the unknown portion. The resulting wCCA values 
for just these three studies were 0.1289, 0.1140, and 0.1146, respectively. 

Supplemental Visualization Techniques to Gain Additional Clarity 

While CCA-type values provide an overall summary measure, they do not indicate which 
specific reviews overlap most or where the overlap occurs. This can be gleaned from the citation 
matrix with careful inspection, though additional visualization strategies could be informative. 
Several visualization methods and illustrative examples were reviewed by Bougioukas et al. 
(2021). Figures and tables can be useful for depicting overlaps in terms of density and spectrum; 
however, most visualization techniques become difficult to interpret when the number of studies 
exceeds approximately five. For example, Venn diagrams, Euler diagrams, UpSet diagrams, and 
network-based approaches such as bipartite graphs have been used to illustrate study overlap. 
Although these methods can serve as helpful intermediate tools for exploring patterns of overlap, 
they are less suitable for reporting purposes because the visualizations often become overly 
crowded and difficult to interpret. 

This limitation is illustrated in Figure 2, which presents a bipartite “cloud-like” citation 
network based on five first-order meta-analyses selected from Sun et al. (2025) as a 
demonstration. In the figure, grey nodes represent first-order meta-analyses, and yellow nodes 
represent primary studies. The visualization shows that Takacs (2014) and Takacs (2015) share a 
substantial number of primary studies, which is unsurprising given that they were authored by 
the same research team. These two meta-analyses also share numerous primary studies with 
Anguiano (2020). A separate cluster on the right side of the figure indicates that Ramezanili 
(2021) and Yun (2011) share a smaller number of primary studies. However, even with only five 
meta-analyses included, the primary study nodes appear densely clustered, limiting the clarity 
and interpretability of the visualization. 
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Figure 2 

Bipartite citation network 

 

 
Stacked Bar Chart 

It is not uncommon for second-order studies to include many first-order meta-analyses, each 
of which may synthesize multiple primary studies (Lunny et al., 2020). Contrasted with the 
citation matrix (shown in Figure 1), which summarizes the number of times each primary study 
appears in the systematic reviews, it is necessary to also convey the percentage and nature of 
overlaps occurring within each systematic review. In this context, stacked bar plots are a useful 
visualization method for providing a relatively straightforward, high-level summary of overlap 
patterns, particularly in terms of the frequency of shared versus unique primary studies. 
However, bar plots cannot represent the specific structure of overlap (i.e., which primary studies 
are shared by first-order meta-analyses). 

As shown in Figure 3 using the subset of articles from Sun et al. (2025), we labeled each bar 
segment using three categories, single, multiple, and not included, following Bougioukas et al. 
(2021). The blue segments (single) indicate primary studies that are exclusively included in each 
first-order meta-analysis. The red segments (multiple) represent primary studies that are included 
in the corresponding first-order meta-analysis as well as in one or more other first-order meta-
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analyses. The yellow segments (not included) indicate primary studies that are not included in 
the corresponding first-order meta-analysis. 

Figure 3 

Stacked Bar Chart of Primary Study Inclusion Status 

 

Pairwise Intersection Heatmap 

The pairwise intersection heatmap illustrates both the absolute number of overlapping 
primary studies between each pair of systematic reviews and the corresponding pairwise CCA 
percentages. These visualizations can be produced using the ccaR() package (Bougioukas et al., 
2023) or with an Excel based GROOVE tool from Bracchiglione et al (2022). The map provides 
not only an overall summary of overlap but also a detailed pairwise comparison.  

In Figure 4, Panel A displays the number of shared primary studies between each pair of 
systematic reviews and Panel B presents the percentage CCA for each pair of reviews. The most 
notable overlap occurs between Takacs (2015) and Takacs (2014), which share 26 primary 
studies, corresponding to a high pairwise CCA of 56.5% in Panel B. Additional overlap is 
observed between Yun (2011) and Ramezanali (2021) (6 shared studies; 23.1%), Takacs (2015) 
and Anguiano (2020) (9 shared studies; 14.5%), and Takacs (2014) and Anguiano (2020) (7 
shared studies; 14.0%). However, most cells in the matrix are zero, indicating no shared primary 
studies between most review pairs and reinforcing the overall finding of small redundancy. 
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Figure 4 

Pairwise Intersection Heatmap 

 

In the adjusted pairwise intersection heatmap (Figure 5), Panel A remains unchanged, as it 
presents the absolute number of overlapping primary studies between each pair of systematic 
reviews. Because the percentage CCA values are recalculated to account for structural 
missingness, Panel B changes after adjustment. The adjusted values are slightly higher and 
provide a more accurate estimate of overlap. 
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Figure 5 

Adjusted Pairwise Intersection Heatmap 

 

Bougioukas et al. (2021) provide a comprehensive overview of several available 
visualization methods, including detailed descriptions as well as a discussion of their respective 
advantages and limitations. Readers interested in a more in-depth examination of overlap 
visualization techniques are referred to in that paper. 

Step 2: Resolving the Overlaps 
Once a clear understanding of the extent of overlaps is developed, a strategy for 

resolving/removing overlaps needs to be deployed to minimize the impact of the validity threat. 
While there have been recent strides in developing strategies and tools to measure and visualize 
overlaps, there is far less understanding of how to resolve overlaps. Recent research suggests that 
the lack of attention to overlaps is problematic and persistent. It is often reported that at least half 
of published overview studies fail to address overlap, and many other studies only acknowledge 
it as a threat or quantify it (Gutierrez-Arias et al., 2024; Lunny et al. 2020; Pieper et al., 2014b; 
Polanin et al., 2017; Pollock et al., 2017;). In this section we describe several prevailing methods 
for resolving overlaps.  

Strategies for Resolution 

In a recent review of overviews in healthcare three dominant approaches for resolving 
overlaps prevailed: computing a new meta-analysis, following a (typically quality-based) 
algorithm, or author-derived (Gutierrez-Arias et al., 2024). The first of these is extremely 
inefficient, requiring additional data collection and coding to repeat and combine systematic 
reviews. Depending on how extensive the revised meta-analysis is, it also could answer a 
different research question, one that primarily focuses on the summary effect and is therefore not 
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the same as performing a second-order systematic review. Therefore, we explore the other two 
options in more depth.  

Decision-Based Rules and Algorithms. Various forms of decision algorithms have 
emerged over time, drawing on early work of assessing statistical independence violations from 
systematic reviews and meta-analyses. Many early efforts focused on readily available 
quantitative measures and relied on just one or two criteria for judgement, generally involving a 
percentage overlap calculation. For example, Sipe and Curlette (1997) used decision rules based 
on the size of the overlapping studies as well as recency, if sufficient overlap existed, to remove 
a study (and therefore the overlap). Wilson and Lipsey (2001) proposed a recursive elimination 
process that removed the largest overlapping studies one-at-a-time until a sufficiently small 
amount of overlap remained.  

However, several authors have also pointed to the value of qualitative information, such as 
quality indicators, particularly if a systematic review is not exclusively quantitative in focus. The 
Jadad algorithm (Jadad et al., 1997) was designed to help researchers perform systematic reviews 
to remove discordant pairs of related research, by considering several qualitative factors 
including relevance, quality, and selection criteria. Cooper and Koenka (2012) also highlighted 
other qualitative indicators that could be used to help prioritize removal of studies (e.g., 
completeness, recency, size, rigor, and source.) Later, Hennesey and Johhson (2020) proposed a 
decision-tree that incorporates the use of CCA to instigate additional investigation decisions 
about removal of overlaps. 

A few important decisions need to be made when defining a recursive algorithm. The first 
action is to identify the appropriate comparison source. A researcher could compare the extent 
that each individual article contains primary studies that overlap with the aggregate field of 
systematic reviews in the second-order study or individually consider the overlap for all specific 
pairs of systematic reviews. The next action pertains to the chosen comparison, a specific 
measure (e.g., percentage or CCA) or measures (e.g., percentage, size, quality, recency) needs to 
be decided. For comparisons involving just one measure, the decision is determinant. When 
multiple measures are considered, a framework for valuing each criteria needs to be established. 
This is often done with a decision-tree (see Jadad et al [1997] or Hennesey & Johnson [2020] for 
example) or by weighting. Using the chosen measure, an individual study is removed from the 
analysis, and the process is repeated (e.g., the study with the largest percentage of primary 
studies overlapping the aggregate field, or one of the two studies with the largest pairwise 
overlap is removed.) Finally, the last action is to define an appropriate cut-off for the recursive 
process to end. For example, using percentages, Wilson and Lipsey (2001) suggested a 25% 
overlap. Newer measures (e.g., using CCA or Adjusted CCA thresholds) could also be used. 

Researcher-Based Decisions. Despite all the advances to achieve systematic decision-based 
algorithms to guide the removal of overlaps, the fact remains that there is a lack of consensus 
about the proper technique(s) to employ to address overlaps to achieve acceptable levels of 
statistical independence. Furthermore, there is limited empirical guidance for researchers on how 
to navigate removal of overlaps efficiently. Consequently, many researchers still present their 
own methods for resolving overlaps, essentially imposing their own value-judgements into the 
process (Strech & Tilburt, 2008). While it seems reasonable that researchers would be informed 
of important considerations within the literature they are reviewing, inconsistency of methods 
ultimately only limits comparability. 
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Even though some decision-based algorithms exist, there is still plenty of opportunity for a 
researcher to insert their own decision into the process, and many do. Some algorithms rely only 
on an established measure or framework of measures, or defined cut-offs. However, given the 
relative novelty of conducting second-order reviews, guidelines and standards are not well 
established or known.  

Instructional Application Using Examples from ODDE - Understanding Overlaps 

Within ODDE we identified three overview studies that employed a combination of both 
decision-based algorithms and researcher-based decisions. Each is rooted in the Wilson and 
Lipsey (2001) method noting a suggested cut-off level of 25% (Sun et al., 2025; Martin et al., 
2022; Tamim et al., 2011). Martin et al. (2022) describe a sensitivity analysis to compare the 
final analysis with less restrictive cut-off levels (e.g., 50%). Sun et al. (2025) used a 50% cut-off 
given a limited sample size.  

As illustrated in Figure 3, some studies exceed the 50% cut-off level (i.e., there are more 
primary studies appearing in multiple papers than in just one). In this case Takacs et al. (2014) 
has the highest percentage of primary studies overlapping with other reviews, so it is removed. 
As Tamim et al. (2001) points out, the recursive process may take several iterations. Further 
exploration of Figure 1 shows Takacs et al. (2014) and Takacs et al. (2015) are highly aligned. 
The removal of just one of these studies limits the percentage of overlaps in the remaining 
reviews, and no other removal was required. As a result, all estimations of effects would need to 
be recalculated using the smaller dataset. 

The process described above utilized percentage of overlap, but one could easily 
conceptualize other rules including the use of pairwise CCAs and Adjusted CCAs; however, 
Pieper et al (2014) and others (e.g., Lunny [2020]) cautioned against using CCA as an absolute 
cutoff and instead have advocated for a more qualitative-based decision. Ultimately, further 
research into the use of CCA-type measures is needed to assess the sensitivity of the measure to 
different overlap scenarios. 

In the Sun et al. (2025) example, the results are the same. Pairwise comparisons would 
highlight the significant overlap between Takacs (2014) and Takacs (2015), and measures of 
recency and size would dictate removal of the 2014 piece. Alternatively compared to the field, 
the most overlap occurs with the 2014 article, and it is therefore first in line for removal. It’s easy 
to hypothesize a scenario where one article overlaps significantly with the field but doesn’t have 
a large pairwise overlap with any other article. 

Discussion 
Second-order meta-analyses are an important tool for combining first-order meta-analyses to 

examine various related interventions, contextual factors, and study populations. They are useful 
for synthesizing and updating evidence as innovations change how interventions are 
conceptualized and used. Yet, they also present new challenges, like managing overlaps, for 
researchers to navigate. Standardizing practice is a necessary step for ensuring findings from 
these studies are useful. In our experience, addressing overlaps in second-order studies is a 
daunting challenge, with much of the research residing in unfamiliar fields.  
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For practitioners working in ODDE, several implications for practice and future research can 
be drawn from this synthesis. The ODDE field evolves quickly with new technologies generating 
widespread use within a short period of time. The recent example of generative artificial 
intelligence is a good example that continues to transform education in all contexts: a small finite 
time frame, but many meta-analyses. Thus, within ODDE many second-order studies are likely 
to encounter considerable overlap given narrow time frames. Encouraging consistent practices is 
important for promoting the great value of these second-order studies. Within ODDE, significant 
challenges of transparency are already apparent (Zawacki‐Richter et al, 2025). In Sun et al. 
(2025), a study of only 15 meta-analyses, 20% of the included meta-analyses did not have 
adequate data to include in the overlaps assessment.  

To adequately address overlaps, researchers need to first thoroughly understand the overlaps 
through calculation and visualization. The researcher’s first goal should be to generate a citation 
matrix and produce a pairwise heat map and stacked bar chart. With these outputs the researcher 
can adequately describe the range, frequency, and distribution of pairwise CCA comparisons as 
well as the overall CCA. However, some important ODDE questions consider impacts across 
generations (Moore & Kearsley, 2011). For ODDE studies that consider questions spanning 
different generations (e.g., Martin et al., 2022), use of adjusted CCA in the overlap quantification 
is an important consideration. However, extending calculations beyond CCA to consider more 
refined calculations including wCCA appears to be difficult within ODDE, given inconsistencies 
in reporting of meta-studies. Promoting greater consistency of reporting practices for meta-
analyses with an aim to also utilize these meta-analyses for second-order studies will enhance 
transparency and enable more refined research.  

The PRIOR guidelines (Gates, 2022) have sought to align researchers in how to characterize 
and report on overlaps (Pollock et al., 2019). However, little prescription is offered to manage 
overlaps beyond “Describe the extent of primary study overlap across the included systematic 
reviews.” (Gates, 2022, data supplement). Given recent advances to efficiently visualize and 
quantify overlaps, the empirical derivation of best practices presents an emerging research need 
(Bracchiglione et al., 2026), with empirical comparisons of resolution strategies remain a 
particularly important avenue for future research. Overall, ODDE researchers should clearly 
assess and report overlaps and transparently justify the decision to retain the overlaps without 
adjustment or removal. 

The present work represents a methodological commentary, helping to import tools and 
strategies from other fields in an effort to advance the ODDE field into better practice and 
encourage more empirical research in this area. Broadly, there has been limited empirical 
research on quantifying, visualizing, and resolving overlaps (Gutierrez-Arias et al., 2024; Lunny, 
2020). Even in healthcare, where much of the research resides, there is a dearth of empirical 
evidence depicting the impact of strategies used to limit violations of statistical independence in 
second-order studies. Such a dearth of guidance limits not only the guidance to move forward, 
but also negatively impacts the validity inferences based upon existing overview studies, as it is 
unclear the extent that failing to address overlap can have on robustness of reported findings. As 
Schmidt and Oh (2013) suggest, more extensive simulation work (akin to Tracz, Elmore, and 
Pohlmann [1992]) is needed to inform decision-making around overlaps in second-order studies. 
In our judgement, the ODDE context presents an important context for providing empirical 
research to help justify and dictate best practices. . As the number of ODDE second-order 
reviews grows, systematic reviews should be conducted to describe and examine how these 
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strategies are applied in wider practice. Additionally, future research should use simulation 
studies to empirically evaluate the performance of different overlap management strategies 
across varying overlap scenarios. 

Limitations 
The illustrative nature of this study introduces several limitations. Our application draws on 

a single ODDE overview in which the overall level of overlap is relatively low, limiting the 
opportunity to examine different approaches under severe overlap conditions. The application of 
wCCA also revealed a practical constraint, as inconsistent reporting of primary-study sample 
sizes made the measure difficult to implement fully. This paper is intended to illustrate and 
discuss available approaches rather than to systematically and empirically compare their 
performance, which is a necessary next step for formulating best-practices. Thus, the running 
example is intended to be demonstrative and should not be interpreted as evidence that one 
resolution strategy or decision rule is better than another.  
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