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Abstract
Most meta-analytic methods examine effects across a collection of primary studies. We introduce 
an application of meta-analytic techniques to estimate effects and homogeneity within a single, 
primary study consisting of multiple, pretest-intervention-posttest units. This novel assessment 
was used to validate the recently created “Common Cause” (CC) design. In each case, we 
established the CC design by eliminating control groups from randomized studies, thereby 
deconstructing each experiment. This deconstruction enabled us to compare difference-in-
difference results in randomized designs with a control group to pretest-posttest differences in a 
CC design without a control group. Meta-analysis results of multiple OXO effects from the CC 
designs were compared to meta-analytic effects of multiple randomized studies. This within-study-
comparison logic and associated analyses produced consistent similarity between CC and 
validating-study results when directions of findings and patterns of statistical significance were 
considered. We provide plausible explanations for varying CC effect-size estimates, describe 
strengths and limitations, and address future research directions.
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The Common Cause (CC) research design (Yeaton & Thompson, 2016) is a relatively 
new creation. In basic terms, the design is constructed by repeating a given intervention 
across multiple study units. The design is particularly useful when control-group data 

METHODOLOGY

This is an open access article distributed under the terms of the Creative Commons 
Attribution 4.0 International License, CC BY 4.0, which permits unrestricted use, 
distribution, and reproduction, provided the original work is properly cited.

https://crossmark.crossref.org/dialog/?doi=10.5964/meth.10591&domain=pdf&date_stamp=2024-12-23
https://www.psychopen.eu/
https://meth.psychopen.eu/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


are not available or if information on pertinent, between-units confounding variables are 
lacking. The logic of CC relies on the aggregation of effects from multiple OXO units 
wherein pre-intervention and post-intervention measures are represented as “O”s and 
the common intervention as an “X”.

The logical foundation of the CC design was introduced more than a century and a 
half ago by the philosopher John Stuart Mill (Mill, 1843). While the social and medical 
sciences commonly use the “Method of difference” principle (where an intervention 
group differs from a control group in only one way – the presence of the intervention), 
the CC design applies Mill’s “Method of agreement.” This philosophical canon argues for 
cause via a pattern of consistent benefit (or harm) across multiple OXO units. In Xs and 
Os notation (Yeaton, 2019), we can write the design as

OXO (Unit 1)

•

•

•

OXO (Unit k).

If potential confounding variables and explanations of cause within individual OXO units 
are held constant across units or vary in a sufficiently random way, causal inference is 
enhanced.

From a conceptual perspective, the OXO design has a long history in biology, phys
iological psychology, chemistry, and physics. In these contexts, researchers often apply 
the design within well-controlled environments. Inorganic materials are often stable, 
and hypotheses are made regarding rates of change that are well known and for which 
magnitudes of change are predictable. Here, an intervention may be presented to a single 
or small number of units, then withdrawn and re-introduced. In the absence of such 
conditions, causal inference is less sound. These “conditions of use” represent invaluable 
surrogates for the application of CC.

Contemporary examples of CC logic are common. Large decreases in air pollution 
co-occurred in many large cities around the world when residents stayed at home due 
to the coronavirus pandemic (Chauhan & Singh, 2020). Similarly, reduced travel was 
accompanied by a decrease in Covid-19 cases and that pattern was repeated across 
U.S. states. When stay-at-home orders were lifted, recurring spikes in the prevalence of 
coronavirus were common.

An early example of the CC design in the New England Journal of Medicine (Phillips & 
Carstensen, 1986) demonstrated that after 38 television news programs or documentaries 
on the topic of suicide were introduced on different days, actual teenage suicides exhibi
ted pre-to-post increases consistent with those staggered introductions. Kazdin (1981) 
applied the CC design in a psychotherapy context where therapists aimed to make causal 

Thompson, Yeaton, Velasquez et al. 239

Methodology
2024, Vol. 20(4), 238–264
https://doi.org/10.5964/meth.10591

https://www.psychopen.eu/


claims across their caseloads of clients. Despite the presence of potentially confounding 
variables, replication of beneficial interventions for individual psychotherapeutic cases 
allowed Kazdin to cautiously claim success for a treatment regimen (the “X” in each 
OXO).

Internal Validity Threats in the CC Design
The building block of the CC design is a pretest-intervention-posttest unit. Ultimately, 
the veridicality of the CC design fundamentally depends upon the quality of OXO units. 
Readers might not be immediately convinced that a set of individually weak pieces of 
evidence is inferentially sound, in the aggregate. Indeed, as Cochran (1972, p. 128) noted, 
“Single-group studies are so weak logically that they should be avoided whenever possi
ble.” In contrast, Reichardt (2019) argues that “…the pretest-posttest design will not be 
biased by threats to internal validity in all research settings…” (p. 110). If validity threats 
are not consistently present across OXO units in the CC design and the magnitudes and 
directions of bias are sufficiently variable, the potentially biasing impacts of threats may 
“cancel out.”

While a single OXO design is often inferentially weak, the CC design aggregates 
multiple OXO units. A critical element of the “Method of agreement” argues that it is the 
“circumstance in common” from multiple OXOs that enhances causal inference. Shadish 
et al. (2002) note several weaknesses germane to causal inference based on a single OXO 
unit (e.g., history, maturation, regression, instrumentation, and testing). Fortunately, the 
practical application of a CC design using multiple OXOs often mitigates these potential 
inferential flaws.

In the CC design, history is unlikely to threaten causal inference, since it is rare 
that each intervention occurs at the same time (i.e., no external event will coincide with 
treatment in each case). If interventions are not systematically introduced in response 
to trending outcomes or to a temporary problem, the chances are also minimal that the 
existence and direction of maturation effects would be the same for all individuals, or 
that any regression influence would be consistently present and in the same direction for 
each OXO unit. To ameliorate instrumentation risk, researchers can institute protections 
to ensure the mechanism of measurement does not change from pre- to post-test. Testing 
(or “re-testing”) is not problematic when studies use naturally occurring, unobtrusive 
outcome measures rather than formally administered tests. Across OXO units, potential 
confounding variables may occur unsystematically, thereby reducing the risk of selection 
bias. Thus, when internal validity threats germane to individual OXO units or to multiple 
units are not viable, a composite of staggered OXO strands of evidence can reasonably 
enhance causal inference.
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Validating the Common-Cause Design Using an Embedded-Study 
Approach
A primary purpose of the current study is to establish the degree to which effects 
established by the CC design can be comparable to those of a set of validating studies 
that have used a more rigorous research design. One approach to validation would be to 
compare estimates in a set of research articles using the CC design to estimates from a 
set of validating studies asking the same research question. However, such independent 
sets of studies may differ in ways that weaken their comparison. Instead, we deconstruc
ted the design in a single set of validation studies to create a CC design. In this way, 
between-study confounds were avoided; estimates in CC and estimates in the validating 
study were made in the context of the same study conditions: Both designs used the 
same pretest and posttest measures, the same settings, and the same interventions, 
implemented in the same way.

This logic is not new. Researchers have previously utilized this within-study com
parison (WSC) approach (Cook et al., 2008) to validate weaker quasi-experiments, typi
cally by comparing randomized-control-trial (RCT) results with those found in strong 
quasi-experiments: the nonrandomized control group (Shadish et al., 2008), regression 
discontinuity (Shadish et al., 2011), and controlled interrupted time series designs (CITS; 
Fretheim et al., 2013; St. Clair et al., 2014). Less frequently, stronger quasi-experiments 
have been used to validate results in other, non-RCT designs. Somers et al. (2013) utilized 
regression discontinuity to validate the CITS design, while Kowalski et al. (2017) used a 
CITS to validate the weaker regression-point-displacement design.

WSC precedents exist for the embedded validation approach (e.g., Wong & Steiner, 
2018). In our research study, two examples clearly illustrate the design-in-design ap
proach, each resembling the deconstruction technique we used below to establish the CC 
design and illustrate the approach. A New England Journal of Medicine article (Jena et 
al., 2017) demonstrated that delayed hospital arrival due to traffic delays accompanying 
marathons in 11 cities over 11 years accounted for a 3% to 4% increase in 30-day 
mortality for acute myocardial infarction and cardiac arrest. The controlled-time-series 
design added five pretest and posttest measures for each study unit (on the same day of 
the week, for five weeks immediately prior to and after each marathon). Control-group 
data were drawn from geographic areas with ZIP codes adjacent to intervention cities, 
and several surrogate analyses were implemented to eliminate internal validity threats.

This strong quasi-experimental design can be represented in Xs and Os notation:

NR OOOOOXOOOOOO

NR OOOOO OOOOOO
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As shown in bold in the first line, the CC design can be established from the 121 realiza
tions in the CITS design by creating 121 (11 marathons x 11 years) OXOs. If the aggrega
tion of 121 OXO differences showed mortality increases consistent with estimates from 
the validating study in the above CITS design (which included multiple pretests and 
posttests with control groups), then the CC design would have been validated.

Thomas Cook and his colleagues (Chaplin et al., 2018) used a WSC decomposition 
strategy to validate the regression discontinuity (RD) design. They eliminated a portion 
of pretest and posttest treatment and control-group results in randomized studies on 
either side of an arbitrary cut-point to create RD designs for five of their 15 within-study 
comparisons. In our CC case, RCT control-group results were eliminated to create multi
ple OXO units. In Chaplin et al. and in the CC case, meta-analysis methods were used to 
aggregate and to identify possible biasing results in quasi-experiments.

In the Chaplin et al. validation study, no efforts were taken to adjust for potential 
RD bias. For validation of CC, the mechanism for treatment assignment for an OXO unit 
from each RCT was fully known and based on chance. As in Chaplin et al., the presence 
of bias for CC is assessed via empirical determination. As previously noted, confounds 
that mediated the causal relationship might be sufficiently random across CC units and, 
on average, “cancel out,” different confounds might produce similar effects, or confounds 
might be similar across units and produce bias. In our validation, we did not analyze the 
degree to which these three specific possibilities were present.

In the context of causal modeling, three assumptions—unconfoundedness, positivity, 
and consistency—are required to identify average treatment effects (Keller, Wong, Park, 
et al., 2024). In each RCT validating study, unconfoundedness was satisfied, as poten
tially confounding variables in treatment and control conditions were probabilistically 
equivalent by random assignment. Positivity was satisfied because the probabilities of 
placement of individuals into a treatment and control group will be equal to one half 
by expectation when randomization is successful. Consistency was satisfied given a 
single version of a treatment and control group in each RCT. In addition, we assumed 
no interference between treatment and control participants as implementation of study 
conditions was under researchers’ control.

In the multiple OXO portions of the CC design, a single treatment group was chosen 
from each RCT used in the meta-analysis. Unconfoundedness was not an issue as only 
one treatment group was taken from each RCT. Positivity was satisfied as the chance of 
assignment to the treatment group in each RCT used to establish an OXO unit, in theory, 
had a probability equal to one half. Consistency was not relevant as, again, a single OXO 
condition from an RCT was used to create each Common Cause unit.

Regarding the quality of our causal-model assumptions, unconfoundedness could be 
assessed by an empirical assessment of the pretest equivalence of potential confounders 
in each RCT, were all such confounders reported. As noted above, positivity was ensured 
since the probability of placement of individuals in each study condition was theoretical
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ly one half. Finally, an assessment of consistency would require monitoring of treatment 
implementation as well as communication between treatment and control participants in 
each RCT. Unfortunately, few if any of our studies reported this issue.

Moving Beyond Simulated Data to Validate the CC Design
In the first CC paper (Yeaton & Thompson, 2016), ANOVA-based statistical procedures 
were used to analyze simulated data. The authors mimicked a variety of cases and ac
companying patterns of results that could likely have occurred in CC designs. Effect-size 
measures were not calculated. A primary purpose of the current paper is to validate 
the CC design using empirical data from previously reported research. We aimed to 
assess the consistency of effect-size estimates by comparing results in validating and CC 
studies. To the extent that CC-design conclusions using multiple OXO units agree with 
conclusions in a set of validating studies implementing a variety of stronger designs, 
the CC design can subsequently be implemented “by itself” and be expected to lead to 
similar effect estimates, under comparable sets of conditions. If the CC and validating 
original study results were not in agreement, an important limiting condition would be 
established.

A variety of research questions and outcomes were addressed in this study. We em
pirically tested CC in two cases: a physical intervention named “cupping” meant to amel
iorate pain; and tutoring aimed to increase Scholastic Aptitude Test (SAT) performance. 
These cases represented disparate fields including education, health, and psychology. In 
each case, subsets of effects were also analyzed.

Our current study included two validation cases in which primary data in both sets 
of validating studies were meta-analyses of RCTs. In each case, the statistical assessment 
of the OXO design was based upon meta-analytic data drawn from the original RCT 
studies. Evidence for the validity of the CC design was established using the multiple, 
primary RCT studies in each meta-analysis. In both of our meta-analysis-based cases, a 
difference-in-differences (DID) approach had been implemented in the validating study. 
To create each CC design, we deconstructed the control-group design to instead aggre
gate only the OXO (uncontrolled intervention) portion of each group-comparison study 
from the validating meta-analysis. We also assessed effect-size homogeneity across OXO 
and validating RCT units. In addition to assessing comparability of the overall effect sizes 
in the CC and the validating study, we examined the patterns of statistical significance in 
both the CC and validating study (VS).

Precedents for a Multiple Evidentiary Approach
Long-standing precedents support the use of multiple strands of evidence to assess 
claims. The U.S. justice system strives to use numerous kinds of arguments to establish 
guilt or innocence (e.g., motive, opportunity, and history of similar crimes). In epidemiol
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ogy, researchers “play detective,” attempting to find the common element that foretells 
the presence of a disease but is probabilistically absent when the disease is absent. This 
evidentiary logic is familiar to applied researchers, sometimes falling under the rubric of 
“pattern matching” (Shadish et al., 1986). It asks: 1) ‘Is there a consistent pattern to the 
findings?’ and, 2) ‘Does that observed pattern match the predictions of the causal claim?’

When a single, well-done experimental study is not feasible, observational study 
researchers have been encouraged to “make your theories elaborate” to more convincing
ly establish cause (e.g., Cook, 2015). Rosenbaum (2015) cites Haack’s (1995) use of the 
crossword puzzle as a logical analogue for tying together pieces of evidence both across 
and within studies:

How reasonable one’s confidence is that a certain entry in a cross
word is correct depends on: how much support is given to this entry 
by the clue and any intersecting entries that have already been filled 
in; how reasonable, independently of the entry in question, one’s 
confidence is that those other already filled-in entries are correct; 
and how many of the intersecting entries have been filled in (p. 207).

Rosenbaum (2015) further elaborates the crossword puzzle analogy in a way that mirrors 
its use with the CC design—when the individual OXOs are non-intersecting:

In a crossword puzzle, entries need not intersect to provide mutual 
support. If 2 down meets both 4 across and 6 across, then an entry 
in 6 across may support the entry in 2 down, and the entry in 2 
down may support the entry in 4 across, so the entry in 6 across 
supports the entry in 4 across even though 6 across and 4 across do 
not intersect (p. 208).

Comparability of CC- and Validating-Study Results
In their original CC design paper, Yeaton and Thompson (2016) provided an explicit 
basis upon which to judge consistency among OXO units—a statistically non-significant 
interaction test. Another standard commonly used to judge consistency uses the pattern 
of chance findings as the relevant criterion. As Shadish and Cook (2009) suggest:

Given such a pattern matching logic, statistical analyses are re
quired that test the overall fit of all the hypothesis tests, not just 
the difference between adjacent means as in the simple designs. But 
such tests are not as well developed as those for testing the differ
ence among a small number of means. It may be that testing effects 
in pattern matching designs requires an approach more resembling 
meta-analysis, such as combined probability tests. This is a topic 
needing considerable attention (p. 623).
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To further clarify, what if 15 of 20 individual pretest-posttest OXO differences were 
in a positive direction? Furthermore, what if 12 of these 15 positive differences were 
statistically significant? Is this level of consistency sufficient to affirm a casual claim? 
(However, see Hedges & Olkin (1980) on the weaknesses of this simplistic type of 
approach). What about the magnitude of the difference between the aggregate estimate 
in the set of OXO results and the estimate in the validating study? Could some minimal 
“closeness” criterion establish comparability between effect estimates in the two designs?

Steiner and Wong (2018) addressed precisely these kinds of questions in judging what 
they term “correspondence” between study results. These authors distinguished between 
two kinds of research questions. The first touches upon the “policy issues” being ad
dressed. Practically, they asked if policy makers would “draw the same conclusions” from 
both kinds of studies. In this context, they regarded “direction and magnitude of effects 
as well as statistical significance patterns” to be of paramount importance. Second, for 
methodological questions, they focused upon “distance-based correspondence measures” 
to judge bias and argued for direct statistical tests of difference or equivalence.

We relied upon both conceptualizations (direction and distance) when assessing 
the comparability of CC results (an aggregate of OXO differences) and results of the 
validating study (which used pre-post differences in both the intervention and control 
groups). When choosing a between-designs difference threshold to gauge comparability, 
we were initially guided by Steiner and Wong’s (2016) decision that “…a relatively 
large tolerance threshold of at least 0.30 SD was needed for establishing equivalence 
in unbiased benchmark and non-experimental estimates” (p. 27). However, it is more 
common for methodological researchers to opt for smaller criteria to attain adequate 
“closeness” (e.g., the 0.10 SD distance used by Chaplin et al. (2018) and advocated by 
Kruschke (2018), often referred to as a ROPE or Region of Practical Equivalence). We 
report SD differences for RCT- and CC-based estimates as empirically established in both 
study cases.

Method
In the original CC publication, Yeaton and Thompson (2016) assessed statistical signifi
cance of OXO estimates but did not calculate effect-size estimates. As it was natural to 
aggregate individual effect estimates within a CC study with multiple OXO units, for 
our research, we looked to relevant meta-analytic statistical techniques where syntheses 
of such between-study OXO differences are relatively common. Fortuitously, well-docu
mented meta-analytic methods exist for assessing magnitude and variability of multiple 
OXO units in primary studies (e.g., Becker, 1988). That is, we were able to apply meta-an
alytic statistical formulae from sets of primary studies for our CC cases in which OXO 
units and RCT units fell within a single study. This novel application of meta-analysis 
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was responsive to Shadish and Cook’s plea for appropriate methods to establish pattern 
matching and provided a sound framework to assess quality in the CC design.

Overall Effect Sizes and Effect-Size Consistency: Statistical 
Considerations
As noted above, in our meta-analytic-based validation cases, to create an OXO result 
we deconstructed the original treatment/control-group design and effect size in each 
primary study and then computed the mean and variance of the new effect sizes for a 
series of OXO units.

To denote a generic effect size to allow for description of our analyses, we use the 
sample effect size, Ti, and its variance estimate,  vi. For i = 1,…, k  (with the number of 
studies denoted as k), the random-effects weighted estimate of each overall effect was 
computed as

μ =
∑i = 1

k Ti
vi + τ2

∑i = 1
k 1

vi + τ2
,

and the estimated variance of the overall effect was

V μ = 1
∑i = 1

k 1
vi + τ2

.

Here, τ2 is an estimate of the between-studies (e.g., between OXOs) variance (for exam
ple, Chapter 12 of Borenstein et al., 2009). In the CC context, note that k represents the 
number of OXO (or RCT) effects.

Another integral component of any meta-analysis is the evaluation of effect-size 
homogeneity. Because effect sizes can be estimated from individual OXO results using 
meta-analytic techniques, it is natural to consider meta-analytic methods to assess homo
geneity in the CC and validating-design effects. We use two measures of homogeneity to 
evaluate consistency of results: the Q statistic (e.g., Hedges, 1982) and the I 2 index (e.g., 
Higgins & Thompson, 2002; Higgins et al., 2003).

First, to assess similarity of the OXO effects, Q can be used to test the null hypothesis 
of homogeneity. Essentially, we ask whether OXO results are consistent or comparable 
across all OXO units within the CC study. We compute Q as the weighted variance

Q = ∑
i = 1

k
vi−1 Ti − ∑i = 1

k vi−1Ti ∑i = 1
k vi−1

−1 2 .

The same index is computed for the validating RCT effects.
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We interpret Q as a ratio of observed, between-studies variation to within-study error 
using the inverse of vi (Borenstein et al., 2009). If Q is larger than the critical value of 
a chi-square distribution with k − 1 degrees of freedom (at a given α such as .05 or .01), 
we reject the null hypothesis of effect-size homogeneity. Large Q values indicate that our 
results do not all agree but do not imply that each OXO (or RCT) result is unique.

To provide potentially corroborative evidence, either for or against OXO consistency, 
we use a second measure of homogeneity, I 2, which estimates the percent of effect-size 
variability not explained by always-present sampling error. We compute I 2 as

I 2 = Q − k + 1
Q × 100% .

In the CC context, the larger the I 2 value (which ranges from 0% to 100%), the larger 
the degree of heterogeneity among OXO results. We also compute I 2 for the validating 
RCT data. Higgins et al. (2003) proposed rules of thumb where I 2 < 25% represents 
low heterogeneity, I 2 values near 50% reflect moderate heterogeneity, and larger values 
strong heterogeneity.

To summarize, we utilized meta-analytic methods and within-study-comparison logic 
to provide comparisons of RCT results and CC results decomposed from the original 
RCTs. We used these comparisons as a basis to investigate potential bias and to validate 
outcomes for CC units. Below, we note our approach for estimating average OXO effects 
and for assessing the heterogeneity of the results of the RCTs and CCs. We then present 
evidence from our two validating cases.

General Method
We chose two cases that included different content domains: cupping, which relied upon 
health and psychological principles; and SAT coaching, which concerned test-prepara
tion procedures for pre-college students. While we focused upon RCTs as the preferred 
validating design, by including NECGs in the coaching example we were able to assess 
the quality of a commonly used quasi-experimental design as a potential basis of valida
tion.

Meta-analyses of the CC design were completed in three stages. First, each OXO unit 
was treated as a “data point” and an effect size was computed for each. The individual 
effect sizes (Ti) in each example corresponded to standardized pre-post mean-change 
scores between the two “Os” in a given OXO unit. Second, at the meta-analytic stage, 
statistical homogeneity of effect sizes was evaluated using Q and I 2 defined above. Third, 
we estimated the magnitude and direction of the overall effect based on the CC design 
using random-effects weighted means. The random-effects model provided an estimate 
of overall effect weighted by within-OXO variability and between-OXO variability. (The 
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latter variability component, denoted τ2 above, was estimated using restricted maximum 
likelihood).

In each case, we compared estimates from the CC design to meta-analytic estimates 
from the original validating studies. A particular strength of our analyses is that the OXO 
and validating-study effect sizes are paired, as both are drawn from the same primary-
study samples. This ensures comparability of the two designs because the effects draw on 
the same populations measured using the same measurement instruments. To the extent 
internal validity threats such as history and maturation were present, both effects would 
be similarly impacted. Table 1 contains descriptions of the important dimensions of the 
validating and CC studies in our two cases.

Methods for Individual Cases
Case 1: Cupping Meta-Analysis

Cupping, also known as “myofascial decomposition,” is a pain-reduction technique stud
ied primarily in the complementary and alternative medicine literature. The full report 
of the synthesis of cupping studies (Velasquez & Becker, 2019) is in the process of 
submission for publication. To gather studies of the effects of cupping on body pain, 
an electronic search was conducted for studies published between 2009 and 2016 using 
multiple databases: PubMed, BioMedCentral, CINAHL, ScienceDirect, Google Scholar, 
Dissertation and Theses (Global), and a university interlibrary loan service. The search 
used several keywords: “cupping” OR “myofascial decomposition” AND “back pain” OR 
“shoulder pain” OR “neck pain” OR “body pain.” The initial search yielded 30 studies, 

Table 1

Dimensions of Validating and Common-Cause Studies

Example Study

Dimension aCupping MA bSAT Coaching MA

Research Question Compare cupping to no cupping or to 

alternative

Compare SAT coaching to non-SAT 

coaching

Independent Variable Cups placed on skin Coaching

Dependent Variable Self-reported pain Verbal and Math scores

Validating Study: Method of 

Analysis

MA of effects by treatment area and 

cupping type

MA of effects by primary study design 

and content area

Common-Cause Study: 

Method of Analysis

OXO aggregates OXO aggregates

Note. MA = Meta-analysis.
a Velasquez & Becker (2019). b Becker (1990).
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some of which were duplicates, qualitative systematic reviews, or studies that did not 
report appropriate statistical information for quantitative analysis. After further review, 
16 RCTs were considered and 13 were chosen (three RCTs did not report pain intensity).

Description of Included Studies — The cupping treatment consists of the placement 
of small cups on the skin of participants in the region that is painful. Study participants 
assigned to treatment groups received either wet cupping, dry cupping, or a combination 
of both procedures. Study participants in control groups received some other mainstream 
or alternative pain therapy, medication for relieving pain, or no treatment. Mainstream 
or alternative therapies included application of heat packs or pads, relaxation exercise, or 
acupuncture. Pain medications included physician-recommended dosages of diclofenac 
sodium or dexibuprofen. Participants were not experiencing pain due to extreme physical 
trauma and were not restricted from participation based on demographic characteristics 
or level of physical activity.

Pain intensity, as reported in the 13 original studies, was selected as the outcome 
measure for the validating study and for the CC case. This continuous outcome was 
measured using either a Visual Analog Scale, a Numeric Rating Scale, or the Present 
Pain Intensity scale of the McGill Pain Questionnaire (Melzack, 1987). One primary study 
reported two pain-intensity measures, one for the shoulder area and another for the 
neck area. In this single instance, one measure was randomly selected for CC inclusion. 
Sample size at pretest and unstandardized pretest and posttest means and standard 
deviations of pain intensity were coded in each primary study. Posttreatment SDs of 
the pain-intensity variable were not reported in two studies but were calculated from 
reported standard errors and 95% confidence intervals. The posttreatment SD of the 
outcome variable for a third primary study was obtained from its first author.

Coding and Reliability — Two students in a graduate measurement and statistics 
program independently coded 68 variables in the primary studies. Percent agreement 
between coders on variables used for CC ranged from 90% to 100%. Coders resolved all 
disagreements before inclusion of agreed-upon findings in the meta-analysis.

Effect-Size Calculation — Using pain-level summary statistics from the primary stud
ies, standardized-mean-change (SMC) effect sizes for the treatment and control groups, 
dT and dC, and their variances, V dT  and V dC , were calculated using formulas given in 
Becker (1988). The SMC for treatment, dT, is the effect size (i.e., the Ti above) for the CC 
analysis. The SMC effect sizes are given by

dT = c nT − 1 Y  T − X  T
SX ,  T , (1a)
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dC = c nC − 1 YC − XC
SX ,  C , (1b)

where XT, Y  T, nT, and SX ,  T are the pretest and posttest means, sample size, and pretest 
standard deviation for the cupping group and X  C, YC, nC, and SX ,  C are analogues for 
the control (non-cupping) group. Bias-correction factors1, c nT − 1  and  c nC − 1 , were 
applied to the respective SMC effect-size calculations.

The sample variances of the SMC effect sizes are

V dT =  
2 1 − r pre, post T

nT + dT2
2nT , (2a)

V dC =  
2 1 − r pre, post C

nC + dC2
2nC ,

(2b)

where r pre, post T and r pre,post C are sample pretest-posttest correlations for the cupping 
group and control group.

The difference in SMC effect sizes

d = dT − dC, (3)

was used in the original meta-analysis of RCTs as Ti. It represents the effectiveness of 
the cupping treatment in treating body pain beyond what would be expected from using 
mainstream or alternative (control) pain therapies. The sample variance of d, denoted as 
V d , is given by

V d = V dT + V dC . (4)

Case 2: Meta-Analysis of SAT Coaching

Description of Included Studies — For our second case, we reanalyzed data from a 
meta-analysis on the effectiveness of SAT coaching on math and verbal SAT outcomes 
(Becker, 1990). The SAT (formerly Scholastic Aptitude Test) is a widely used college 
entrance examination. These analyses also used standardized, DID effect-size measures 
(Becker, 1988) between two time points (pretest and posttest), as defined in Equations 
1a through 4. Becker (1990) included four designs: uncontrolled designs, non-equivalent 
group comparisons (NEGCs), and randomized and matched trials. For this example, for 
validation purposes, we used only studies with non-equivalent comparisons and random
ized-study designs. Effect sizes for OXO intervention groups from primary studies in the 

1) Hedges’ correction for bias, c m = 1 − 3
4m − 1  with m degrees of freedom, serves as the bias-correction factor in the 

set of cupping studies.

Common Cause Design 250

Methodology
2024, Vol. 20(4), 238–264
https://doi.org/10.5964/meth.10591

https://www.psychopen.eu/


meta-analysis were used in our CC study (17 effects for math outcomes and 27 effects for 
verbal outcomes). For the validating study, we used the DID effect size d from Equation 3 
for the same studies that provided the OXO effects. As for the cupping example, d was a 
difference between the standardized-mean-change scores reported for each coached (i.e., 
OXO) and control group.

Effect Sizes and Reliability — In this instance, SMC effect sizes dT and dC as well as the 
effect size d had previously been computed and reported by Becker (1990, p. 410). How
ever, to apply meta-analytic methods associated with the CC design, we needed relevant 
sample variances for effect size dT, which had not been reported in Becker (1990). Using 
Equation 13 in Becker (1988), a reported pre-posttest correlation of .88 (for both math 
and verbal outcomes) and information in Appendix A of Becker (1990), we computed 
the separate sample variances V(dT) and V(dC). Because acceptable inter-coder reliability 
had been reported by Becker (1990), reliability was not recalculated for SAT-coaching 
effect-size measures. As above, Table 1 contains a description of important dimensions of 
validating and CC studies of SAT coaching.

Effect-Size Calculation for SAT-Coaching Effects — For the SAT-coaching example, 
we again used a DID estimator for the validating study that was different than the 
weighted mean, change-score estimator used for CC. The process of computing CC and 
validating-study results was as follows.

First, we extracted two or four standardized mean-gain scores (see Equations 1a 
and 1b) for each individual primary study, in both RCT and nonequivalent-comparison-
groups (NECG) designs. Four effects arose because two groups (coached and uncoached) 
took either the Math SAT, the Verbal SAT, or both. These effect sizes were taken from 
Becker (1990, p. 410).

The standardized mean-gain scores for the coached groups served as the CC effect 
sizes. Next, for the validating study, we computed using Equation 3 the differences dM 

and dV between the standardized mean-gain scores of the treatment and control groups 
for Math and Verbal SATs, respectively. In total, four outcome combinations were created 
(two disciplines by two study designs, RCT and NEGC).

Results
In this section, we report results from each case, cupping and SAT coaching. Meta-ana
lytic CC findings consist of an aggregate measure of central tendency (μ), its standard 
error (SE), and homogeneity indices (Q and I 2). For all findings, we assessed statistical 
significance. This approach effectively treats the intervention results from the RCTs in 
both examples as if a series of OXO designs had been observed.
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Cupping Meta-Analysis
The cupping data consisted of 26 effect sizes for pain intensity, with two (dT and d) 
for each of the 13 primary studies. The effect sizes used in Becker (1988) require a 
pre-post correlation estimate for variance computation; this value was rarely reported 
in the cupping studies. We assessed the sensitivity of pre-post correlation choice by 
computing the meta-analyses twice, using a lower bound (.49) and upper bound (.69) of 
the mean of the reported correlations. Results using the lower and upper bounds on the 
pre-post correlation were robust to the choice of pre-post correlation (see Table 2), thus 
we discuss only results based on the lower-bound correlation (i.e., the more conservative 
choice).

Using the CC design and effect size dT with the lower pre-post correlation, our 
weighted random-effects mean was μCC = − 1.73   (SE = 0.27,   p < .001), indicating a 
substantial reduction in pain intensity due to cupping. We found statistically signifi
cant effect-size heterogeneity, QCC 12 = 135.80, p < .001, which was also reflected by 
ICC2 = 92%.

Parallel analyses of the DID effect sizes d from the treatment-control studies pro
duced a mean of μVS = -1.57 (SE = 0.32, p < .001) and VS effect-size heterogeneity was 
notable, with QVS 12 = 204.60   (p < .001) and IVS2 = 96%.

In summary, the results in the CC design (μCC = -1.73) and in the validating study 
(μVS = − 1.57) both revealed large reductions in pain. The 0.16 SD between-designs 
difference was well within the 0.30 correspondence standard suggested by Steiner and 
Wong (2016).

In addition to estimates based on all studies, we calculated separate results for dry 
and wet cupping and by cupping site, either back or neck. In three of these four subsets, 
the CC design reflected a larger effect than the validating study (the average overesti
mate was about 0.11 SD). All four CC and validating subsets reported in Table 2 showed 
statistically significant benefits that consistently favored cupping.

A direct comparison of these two effect-size estimators can be challenging as they 
represent two different causal estimands: one is a mean change score across groups 
(CC) and the other is a mean difference-in-differences between two groups, for a set 
of treatment and control groups. However, Zelinsky and Shadish (2018) conducted a 
meta-analysis of both change measures and between-groups effect sizes in the context 
of single-case designs, much like our data. Conditions required for equivalence of such 
indices, including normality of scores, absence of a time trend, and standardization based 
on total between and within variation have been outlined by Shadish and others (2014). 
While some of these conditions do not apply to our OXO data structure (e.g., time 
trends within each O cannot be observed with only one measure at pre and post), we 
consider the pretest as analogous to a control and the posttest observation as parallel 
to a treatment group, and our OXO mean-change measure meets the other conditions 
outlined by Shadish et al. (2014).
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As both of our estimates can be interpreted as d-type evidence, they share some im
portant characteristics. Both effects show large reductions due to treatment in absolute 
terms, given the standardized scale of the metric. Also, both full and subset effects were 
negative (reflecting pain reduction) and were statistically significantly different from the 
null value of zero effect. For the random-effects CC model, the full dataset difference be
tween the two approaches μCC − μVS = 0.16, is unlikely to be judged clinically significant, 
falling below a 0.30 SD comparison threshold. In addition, both sets show heterogeneity. 
While this implies that individual effects are expected to vary around the two means μCC
and μVS, all observed values of dT and d were negative, another indicator of the similarity 
between the CC and validating studies.

SAT Coaching Meta-analysis
Results for the SAT coaching data (see Table 3) are reported by subject area (Math or 
Verbal) and study design (NECG or RCT). For our validating study, three of the four 
subgroups results had statistically significant means, two at the .01 level and one at the 
.05 level. All four RCT-based validations of CC showed statistically significant means. For 
both validating data and CC results, larger effects were found for math than for verbal 
outcomes.

In all four CC-based analyses of the SAT-coaching data, we found evidence for statis
tically significant change due to coaching, with positive weighted means. All measures of 
coaching effectiveness in validating-study analyses were also positive and favored coach
ing). All four CC results also showed statistically significant effect-size heterogeneity, 
with all Q tests being large, and with corresponding large ICC2  values (92%, 92%, 95%, and 
74%, respectively).

When one compares CC and validating-study (VS) results, decisions based on statisti
cal significance of the means matched for three of the four corresponding pairs of cells 
for the CC and validating studies in Table 3. Consistency in sign also holds: all mean 
coaching effects were positive, whether reflecting only change (CC) or change due to 
coaching beyond that expected for control participants in the validating study.

Effect magnitudes were generally comparable across designs, as reflected by the 
small differences between designs for the CC-VS entries in Table 3. Three of the four 
CC-VS differences were non-significant and less than 0.20 SDs, thus also below a 0.30 
SD comparability standard. The CC effects were larger (often by a large degree) than 
the corresponding effects in the validating study. Also, NECG effects were larger than 
RCT effects for CC data but comparable for validating-study data, though we did not 
statistically compare these values. The impact of coaching on math and verbal outcomes 
was generally similar across designs; however, math effects were always slightly larger 
than verbal effects, likely reflecting ease of coaching for specific math skills.
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Discussion
Conclusions based on the comparability of the CCs and validating RCT studies depended 
on the criteria used to determine whether the two sets of results were similar. When the 
direction of effect and pattern of statistical significance were used as comparison criteria, 
more general, policy-level conclusions exhibited a high degree of agreement. Given 
either CC or validating-study results to inform policy, decision makers’ conclusions to 
implement these interventions would likely have been the same based on statistical sig
nificance from each of our validating studies. Even when different research designs (RCT 
and NECG) were used within the SAT coaching case, CC results generally replicated 
those in the validating study.

Comparability also depended upon the choice of threshold. When a difference thresh
old of 0.30 SD was used to gauge comparability, CC and validating-study results were 
nearly always comparable. If the threshold were set to 0.10 SD, CC and validating-study 
effect estimates would not be judged as comparable. Empirically, differences between 
validating and CC study results were consistently around 0.15 SDs, and study results 
were typically larger in the CC design.

For both cupping and SAT coaching, heterogeneity for RCTs vs. CC estimates was 
statistically significant. As noted above, while other measures of effect heterogeneity 
exist, these results suggest that caution should be taken regarding external validity infer
ences made from a single CC study result. Though average bias as reflected by the CC 
versus VS differences was modest, an individual CC study result may differ considerably 
from its respective validating-study result.

Reasons for Lack of Comparability of CC and Validating-Study 
Results
In each of our cases, the CC design was created by a deconstruction of the validating-
study design. Using this embedded approach allowed us to substantially reduce the 
number of potential reasons for differences between the validating study and the CC 
design (different participants, different settings, different outcome measures, and differ
ent intervention operationalizations, as noted above). However, causal estimands were 
confounded with study type (Wong et al., 2019); the CC and the validating study used 
different methods of calculating effects.

The method by which DID measures were calculated in the validating studies is 
a critical component in the creation of an effect estimate, as mean DID values were 
compared to the corresponding mean CC estimates. Thus, any discrepancy between CC 
results (from the aggregate of OXO units) and the DID estimate (from the validating 
study) fundamentally depended upon the amount of change found within control units.

The smallest difference between a validating study and a CC study occurs when 
the OXO portion of the validating study is minimally adjusted, that is, where the pretest-
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posttest difference was small in the control groups. Such minimal adjustments would 
likely occur for no-treatment control groups, wait-list controls, or control groups lacking 
elements that would substantially change behavior (these three kinds of controls are 
listed in Table 2 of Becker, 1990, p. 384). In line with this expectation, we found that the 
effects for both RCT and NECG designs used in the SAT validating study consistently 
had values considerably smaller than those in CC analyses (where no pre-post control 
group difference was subtracted).

In contrast, maximal differences between CC and the validating study will plausibly 
occur when the control group is associated with substantial and consistent pretest-postt
est changes that will be “adjusted” using the DID approach (that is, when control-group 
changes are large). In this instance, the OXO (CC – VS Difference dT ) components in the 
validating study will be substantially balanced by the control-group dC in the DID. In our 
cases, OXO results from CC designs generally estimated larger effects, probably due to 
the presence of active alternative-treatment controls (e.g., medications in the case of the 
cupping studies).

In the intermediate case, moderate differences between the CC and the validating 
study can occur when the size of the pretest-posttest control-group difference is incon
sistent or uniformly moderate in size. For example, if control-group changes are large in 
many units (leading to a large adjustment) and small or negative in other units (leading 
to a relatively small adjustment), the overestimate in the CC design across all OXO units 
would be modest in size. When more prevalent small control-group changes overwhelm 
less common large pre-post control-group changes, overestimation in the CC design will 
also be more modest. A similar argument can be constructed when the difference from 
pre to post leads to an adjustment that adds to rather than subtracts from the OXO units 
in the validating study. In this case, there would be an underestimation of effects in CC.

Strengths and Limitations
These cases represent two topical areas (psychological pain management and standar
dized-test performance on college admissions tests) which were examined using meta-
analytic methods within the original, validating studies. In the SAT-coaching case, we 
validated estimates from the CC design using both randomized and observational studies 
(NECG), across two subject-matter areas, math and verbal. In the cupping case, we also 
examined subsets of results (by site and kind of treatment). Meta-analytic methods of 
assessing means and gauging homogeneity transferred smoothly into the CC context. 
In addition, this novel application of meta-analytic methods further expanded the range 
of designs to which WSC methods can be meaningfully applied. Finally, the paper repre
sents a promising prototype of methodological techniques that can be used to establish 
the quality of a new research design.

We have demonstrated that synthesis using weighted means and assessments of 
homogeneity of independent study results from within-study units, in contrast to com
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parison of results between studies, is not only a plausible but also a practical extension 
of traditional meta-analytic methods. The usual demands of a typical meta-analysis such 
as study choice, coding, and reliability were greatly diminished in the CC-validation 
context, as relevant results were conveniently reported for our two cases. Furthermore, 
statistical and estimation challenges that can arise in meta-analysis (e.g., estimation of 
quantities such as the between-studies variance) are applicable to the CC design as 
well. As this application yielded effect-size measures (rather than only p values as in 
Yeaton & Thompson, 2016), the resulting measures can themselves be meta-analyzed. 
The approach will further contribute to a systematic knowledge base when CC results 
are combined with standardized effect sizes from other CC studies, or suitably compared 
to aggregated effects using causal estimands not based on OXO results.

As noted above, the choice of ROPE bears on the degree to which the CC and 
validating study results will be judged as similar. Certainly, some researchers prefer an 
absolutely small ROPE, perhaps in the area of 0.05–0.10 SDs, to judge comparability 
of design estimates. The CC design results shown here do not meet that stringent 
requirement, though overall and subset results were consistently near 0.15 SDs. However, 
in some policy contexts, for example when multiple cities, states, or countries close or 
reopen to business, consistent change in level of desired (or undesired outcomes) will 
immediately inform policy.

The CC design might be best viewed as a viable first step, where possible, in inform
ing the subsequent implementation of a randomized study. Certainly, the usual “more 
research is needed” caveat applies to CC. The design is new, and our conclusions were 
necessarily limited by the unique circumstances of the two cases we chose. Ironically, the 
pre-publication status of one of the validating studies enabled us to obtain more detailed 
information that otherwise might not have allowed us to conduct thorough statistical 
analyses for CC.

Future Research Directions
The application of meta-analytic methods within a single study has previously been 
suggested, but such implementations are still quite infrequent (Goh et al., 2016). Case et 
al. (2015) used meta-analytic techniques to aggregate two effects in two separate studies 
of power and social affiliation. Unlike the CC meta-analysis approach used here, Case 
and colleagues did not synthesize results of multiple units to produce effects within each 
of the two meta-analyzed studies.

It is natural to extend validations of CC by utilizing well done quasi-experiments 
as validating studies. While such contrasts are less ideal than those between CC and 
RCTs given the potential bias in observational studies, a recent Race-to-the Top (RTT) 
evaluation using the non-equivalent control-group design reflects one such potential 
opportunity (Petrova, 2018).

Common Cause Design 258

Methodology
2024, Vol. 20(4), 238–264
https://doi.org/10.5964/meth.10591

https://www.psychopen.eu/


RTT was a federal program that initiated changes in educational policy at the state 
level aiming to impact STEM outcomes. Of 18 RTT states, pre-RTT and post-RTT 
science achievement data were available for 4th graders and 8th graders in 15 RTT 
awardee states, thus enabling application of CC. For each grade level, meta-analytic 
methods were applied to multiple OXO units and were used to compare CC results with 
regression-analysis results based on a difference-in-difference scheme for the NECG. All 
CC results were statistically significant, whereas the 4th grade but not the 8th grade 
regression-based data were significant. Petrova did not compare effect sizes between 
designs, as they were unavailable for a validating study.

Extending the Causal Power of CC
The CC design offers a viable alternative when control groups are lacking and when 
randomized studies are impossible to conduct or their evidence is not timely. Fortunately, 
methodological “add-ons” to buttress CC inference are straightforward. A multiple OXO 
approach provides repeated replication over multiple units, thereby enabling interven
tions to be withdrawn, reinstated, and staggered in time. To create a more inferentially 
sound counterfactual, a single pretest measure can be repeated to form a long baseline 
and to establish a pattern of pre-intervention change. Fortuitously, these more ideal con
ditions of feasible applicability are common. Public health (e.g., vaccination prevalence), 
education (e.g., standardized testing), and government (e.g., voting rates) represent but a 
few of the many contexts in which interventions are widespread and records routinely 
kept for multiple units.

Our research suggests that policy decisions from the CC design are likely to be 
similar to those of the validating study. In our cases the CC design was unlikely to 
understate benefits or to discount promising interventions. However, threats to internal 
validity may compromise causal inference, and substantial pretest-posttest changes in 
control groups that are not subtracted out of pre-post differences in OXO units can 
sometimes lead to CC results that overestimate treatment effects. The provision of direct 
adjustments (e.g., analyses using propensity scores) would be possible when original 
data are available for multiple OXO units of a given study in lieu of the meta-analytic 
approach taken here. This constitutes an area for future development of the CC design. 
Within the current mix of quasi-experimental designs available to applied researchers, 
however, the CC design represents a valuable addition to the methodological tools availa
ble to enhance judgments of cause.
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