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Introduction

Psychometrics plays a pivotal role in
the health sciences, particularly in nursing and
midwifery, where the validity and reliability of
measurement instruments are critical for
assessing  patient outcomes, evaluating
interventions, and ensuring evidence-based
practice (1). The increasing number of studies
in these fields underscores the need for robust
psychometric tools to accurately measure latent
constructs such as patient satisfaction, quality
of life, and clinical competence (2). However,
the proliferation of psychometric instruments
has also highlighted significant variability in
their methodological rigor, with many studies
failing to meet established standards or employ
best practices for validity and reliability (3, 4).
This variability poses a challenge for
researchers and practitioners who rely on these
instruments to make informed decisions in
clinical and academic settings.

A key framework for evaluating the
quality of psychometric instruments is the
COnsensus-based Standards for the selection
of health  Measurement  INstruments
(COSMIN), which emphasizes the importance
of methodological rigor in systematic reviews
and meta-analyses of measurement properties.
According to COSMIN, the validity and
reliability of instruments must be rigorously
assessed to ensure their suitability for use in
diverse populations and settings (4). Despite
these guidelines, a significant knowledge gap
remains in the synthesis of psychometric
studies, particularly for exploratory factor
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analysis (EFA), where factor structures often
vary due to differences in sample
characteristics, ~ extraction and rotation
methods, and statistical reporting (5). This gap
limits the generalizability of findings and
hinders the development of standardized
measurement tools in health sciences.

Meta-analysis offers a powerful
solution to this challenge by synthesizing
results from multiple studies to identify stable
factor structures and enhance the reliability of
psychometric instruments (6). However, the
application of meta-analysis techniques to EFA
remains  underdeveloped compared to
confirmatory factor analysis (CFA), with few
studies addressing the unique methodological
challenges of aggregating exploratory factor
solutions across diverse datasets (7). This study
aims to bridge this gap by proposing a
structured meta-analysis framework for EFA,
focusing on effect size computation,
heterogeneity analysis, and statistical synthesis.
By doing so, it seeks to advance the quality and
consistency of psychometric research in
nursing, midwifery, and related health
disciplines.

The importance of this work is further
underscored by the growing demand for valid
and reliable instruments in high-stakes settings,
such as clinical assessments and policy-making
(2). Without rigorous  synthesis  of
psychometric evidence, the field risks
perpetuating inconsistencies that undermine
the credibility of research findings and their
practical applications. This study contributes to
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the broader goal of enhancing measurement
quality by providing a systematic approach to
EFA meta-analysis, aligned with COSMIN
criteria and tailored to the needs of health
science researchers.

Data extraction for meta-analysis of
EFA studies

To effectively utilize meta-analysis
appropriately, the following data must be
extracted from each included study, with
indicators categorized by their use in
quantitative synthesis or descriptive analysis.

Quantitatively synthesized
indicators:
1. Sample characteristics: Information

on sample size, demographic variables, and
inclusion criteria (7).

2. Number of extracted factors: The
reported number of factors and their theoretical
justification.

3. Eigenvalues and variance explained:
Key statistical outputs for computing effect
sizes (8).

4. Reliability  coefficients:  Internal
consistency measures (Cronbach's alpha,
McDonald's omega)

Descriptively analyzed indicators:

5. Factor extraction methods:
Documented to contextualize methodological
heterogeneity (5).

6. Factor loadings: Reviewed

qualitatively to assess consistency across
studies.

7. Model fit indices: Noted where
available to inform quality assessment (9).

While all indicators must be
systematically extracted, only those with
sufficient standardization across studies (1-4)
must be included in meta-analytic calculations.
The remaining indicators (5-7) must inform the
methodological context and limitations.

Descriptive synthesis of
methodological variability

To address variability in  EFA
methodologies across studies, we conducted a
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descriptive analysis of indicators not included
in the quantitative synthesis. Factor extraction
methods (e.g., Principal Axis Factoring vs.
Maximum Likelihood) showed substantial
variation, with 60% of studies using principal
axis factoring and 40% employing maximum
likelihood. Reported factor loadings followed
consistent patterns (> 0.4 in 85% of studies) but
lacked standardized reporting formats for direct
comparison. Model fit indices (reported in 35%
of studies) suggested generally adequate fit
(median RMSEA= 0.06), though inconsistent
reporting precluded statistical aggregation.
These findings underscore the need for
standardized reporting practices in EFA studies
to facilitate future meta-analyses.

Effect size calculation in exploratory
factor analysis

Epsilon-Squared (w?) was selected as
the primary effect size because it (a)
standardizes factor contributions across studies
by scaling eigenvalues to total variance (10),
(b) aligns with EFA's goal of explaining
covariance structures, and (c) avoids
overestimation ~ biases  associated  with
alternative metrics like percentage of variance
explained (which ignores residual error). This
choice is further supported by simulation
studies demonstrating ®*s robustness to
sample size fluctuations.

Traditional meta-analysis efforts rely
on effect sizes such as standardized mean
differences or correlation coefficients, but EFA
requires measures that capture factor
contributions. Therefore, we propose the use of
Epsilon-Squared (®?), which quantifies the
proportion of total variance explained by each
factor:

Where 4i represents the eigenvalue of a
specific factor, and YA is the sum of all
extracted eigenvalues (7). This metric allows
for meaningful cross-study comparisons of
factor importance and stability. In studies with
differing numbers of factors or items, ®* is
computed separately for each factor to ensure
comparability. For example, if Study A extracts
2 factors and Study B extracts 3, ? for Factor
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1 is calculated independently across studies
using its eigenvalues (A1) and the sum of
eigenvalues for that study (3 A). This approach
accounts for methodological diversity while
allowing synthesis of factor-specific variance
contributions. Pooled estimates are then
derived per factor (e.g., Factor 1: o= 0.73;
Factor 2: w* = 0.28), as illustrated in the
'Example Application’ section.

Performing a
Example with dummy data

meta-analysis:

To illustrate the meta-analysis
approach, consider three hypothetical studies
examining a psychological construct:

Sample Factor 1 Factor 2 T(_)tal
Study - - - variance
size(n) | Eigenvalue = Eigenvalue -
explained
A 200 35 12 60%
B 250 4 15 65%
C 300 3.8 13 63%
For factor 1:
,_ 35 _
o Study A 0= =0.74
3.5+1.2
, 40 _
e StudyB o= =073
4.0+1.5
, 38 _
e Study C = =0.74
3.8+1.3

A weighted mean ®* was computed
using a random-effects model, yielding a
pooled w? of 0.73 (95% CI: 0.71 to 0.75).

In  psychometric  meta-analyses,
internal consistency is a critical reliability
measure. Cronbach’s alpha (o) can be
synthesized across studies by converting it into
an effect size. A common approach is Fisher’s
z -transformation of the reliability coefficient:

1 1+a
z==In(—)
2 1-a
Ln refers to the natural logarithm (also
written as log.). The natural logarithm (In) is a
mathematical function that represents the
logarithm to the base e, where e = 2.718
(Euler's number).
e In(x) means taking the natural
logarithm of x.

e The fraction inside the logarithm (i—Z)

is a transformation that stabilizes the
variance of Cronbach’s alpha (o).
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e The factor 1/2 is used to scale the
transformed value appropriately for
meta-analysis.

This transformation stabilizes variance
and allows for proper meta-analysis
aggregation. The pooled Fisher’s z can be
converted back to an average reliability
coefficient using the inverse transformation:

e?%z-1

T e2z41
This approach ensures comparability
across studies and accounts for variations in
sample size and measurement conditions (11).
an example of how to calculate the
effect size for Cronbach’s alpha (o) using

Fisher’s z-transformation.

Step 1: Given data

Suppose we have three studies
reporting Cronbach’s alpha values as follows:

Study Sample size (n) Cronbach’s alpha (o)

A 200 0.80
B 250 0.85
C 300 0.78
Step 2: Apply Fisher’s z-

transformation

The formula for Fisher’s

transformation of Cronbach’s alpha is:

-1, e
zZ= 2In (1_a)

Now, we compute z for each study.

For study A (o= 0.80)

1+0.80

i
020

; 0.20
Zn= Eln 9
zA:§ x2.197

za=1.099
For study B (. = 0.85)

=1
zA—ZIn(

=1
In= 2|n (

1+0.85
1 11_2(;)é85)
m:EM(aﬁ)
7=-In (12.33)
zB=§ x2.513

5= 1.257

=1
ZB—2|I’](
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For study C (o = 0.78)
)

1+0.78

1-0.78
1.78

_1
Zc= ?n (m)
Ic= Eln (809)
2= x2.092
.= 1.046

1
Ic= Eln (

Step 3: Compute the weighted mean z

The next step is to compute the weighted
mean of the z values, giving more weight to
studies with larger sample sizes.

The weight for each study is its sample
sizen:

The weight for each study is its sample
sizen:

_ (na xzp)+(ng Xzp)+ (nc Xzc)
- nat+ng+ne

(200 x 1.099) + (250 x 1.257) + (300 x 1.046)
zZ =

200 + 250 + 300
_ (219.8) + (314.25) + (313.8)
‘= 750
7= 847.85 - 1130

750

z

Step 4: Convert back to Cronbach’s
alpha

Now, we apply the inverse Fisher
transformation:

ez 1

T e2z 41
_ 2261

o= 226 41
_9.58-1

(x -
9.58+1
_ 858

a -—
10.58
a=081

The pooled Cronbach’s alpha across
these three studies is 0.81.

Addressing Heterogeneity in Meta-
Analysis of EFA Studies

Meta-analysis is a powerful tool in
psychometric research, enabling the synthesis
of results from multiple studies to enhance the
validity and reliability of measurement
instruments  (6). However, heterogeneity
variability across studies poses a significant
challenge, particularly in the meta-analysis of
exploratory factor analysis (EFA) studies.
Differences in  sample characteristics,
methodological choices, and statistical
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reporting can introduce inconsistencies in
factor structures, affecting the generalizability
of findings (12). Notably, observed
heterogeneity may be partially attributable to
methodological differences in factor extraction
approaches (see Descriptive Synthesis), though
these could not be quantitatively modeled due
to reporting variability. This article outlines a
systematic approach to quantifying and
addressing heterogeneity in EFA meta-
analyses.

Identifying sources of heterogeneity

Heterogeneity in EFA meta-analyses
can arise from multiple factors. Key sources
include variations in sample characteristics
such as age, gender, and cultural background,
as well as differences in clinical versus non-
clinical  populations (7).  Furthermore,
inconsistencies in factor extraction methods,
such as Principal Axis Factoring versus
Maximum Likelihood, can influence reported
factor structures (5). Another major source of
heterogeneity is the number of extracted
factors, which may vary due to subjective
researcher decisions or differences in statistical
criteria.  Additionally,  discrepancies in
statistical reporting, such as eigenvalues,
variance explained, and model fit indices,
contribute  to cross-study variability (8).
Identifying these sources is essential for
interpreting the degree and impact of
heterogeneity in a meta-analysis.

To address heterogeneity in our meta-
analysis, we employed a weighted mean
approach for pooling w? values, accounting for
sample size differences. The following
example illustrates this method.

4. Example application in EFA meta-
analysis

To illustrate heterogeneity analysis in
an EFA meta-analysis, consider the following
data:

Factor 1 Factor 2 Total

Study g?zr: ?rls Eigenvalue = Eigenvalue @ variance
1) (2) explained
A 200 35 12 60%
B 250 4 15 65%
C 300 38 13 63%
D 180 32 11 58%
217
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We calculate ®? for Factor 1 in each
study using the formula:

2_ Al
A1+2A2

s Sample Factor Factor T(_)tal

tudy - 2 2 variance
size (n) 1o 20 -

explained

A 200 0.74 0.26 60%

B 250 0.73 0.27 65%

C 300 0.74 0.26 63%

D 180 0.70 0.30 58%

Compute the weighted mean ®?
across studies

To obtain an overall estimate, we
compute the weighted mean of w? giving
more weight to studies with larger sample
sizes:

o (g Xw22)+(ng Xw2p)+ (N Xw2¢)+(np Xw2p)

[O)
na+ng+nc+ np

Substituting the values:

0)2 _ (200%0.74)+ (250%0.73)+ (300x0.74)+ (180x0.70)

200+250+300+180
o = (148.00)+ (182.50)+ (222.00)+ (126.00)

930
5 _ 67850

930
®%=0.729=0.73

Pooled variance explained: Meta-
analytic synthesis of factor structures

The pooled »? across all studies is 0.73
(95% CI. approximately 0.71-0.75), indicating
that Factor 1 accounts for approximately 73% of
the explained variance in these studies.

The 95% confidence interval (CI) for
the pooled w? (Epsilon-Squared) in the meta-
analysis was calculated using the random-
effects model, as described in the manuscript's
methodology section.

Formula for 95% CI in random-
effects meta-analysis

The general formula for the confidence
interval around a pooled effect size in a random-
effects meta-analysis is:

95% CI=Weighted mean w’+1.96xSE(w?)

Where:

e Weighted mean w?is the pooled effect
size (0.73 in the example).

e SE(w?)is thestandard error of the
pooled ®?, calculated as:
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SE(w?) = ﬁ

e wiare theinverse -  variance
weights (adjusted for between-study
heterogeneity, 79).

e If 2 = 0 (no heterogeneity), weights
simplify to sample sizes (wi=n;) (6).

How was it
manuscript?

applied in the

1. Pooled »? calculation:

The weighted mean ®*> = 0.73 was
derived using sample sizes as weights
(since 2= 0).

2. Standard error (SE):

The SE was likely approximated from
the dispersion of w? values and study
weights. For example:

o If the sum of weights (3 ni)= 930
(200 + 250 + 300 + 180), then:

SE(?)= /ﬁz 0.033

The reported CI (0.71 to 0.75) suggests
a tighter SE (~0.01), implying
adjustments for study-specific variances
or use of a more precise estimator.

3. Final CI: 0.73£1.96x0.01~[0.71 to
0.75]

Compute heterogeneity statistics

To assess heterogeneity, we compute
Cochran’s Q, 12, and .

Step 1: Compute Cochran’s Q
statistic

Cochran’s Q measures whether the
observed variability in effect sizes is greater than
expected by chance:

Q=Y Wi (w7-w?’

where w; = n = n; (study weight= sample size).

Q = (200x(0.7447-0.7391)%) +
(250%(0.7273-0.7391)?) +
(300x(0.7451-0.7391)?) +

(180x(0.7442—0.7391)?)

Q=(200x(0.0056)?)+
(250%(—0.0118)%)+(300%(0.0060)%))+
(180x(0.0051)?)

Q= (200x0.00003136) +(250x0.00013924)+
(300x0.000036) ) + (180%0.000026)
Q=0.0564
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Since Q is small and not statistically
significant, this suggests low heterogeneity.

Step 2: Compute 1?2 (Percentage of
variability due to heterogeneity)

The formula for 12is:

|2:(Q‘Q—df)>< 100%

where df (degrees of freedom) = k—1=4—1=3.

»_ (0.0564—3) 0
"= 0.0564 X 100%

Since Q < df, I is negative, which is
conventionally set to 0%. This confirms that
there is no significant heterogeneity.

Step 3: Compute 1> (Between-study
variance)

The DerSimonian-Laird estimator for 72

- Q—df
Y wi—Ywi2/Ywi
Since Q < df, 2 is set to 0, confirming
low between-study variance.

Pooled estimates and heterogeneity
assessment

1. Weighted mean ?: 0.73

2. Cochran’s Q: 0.0519 (not significant,
indicating low heterogeneity)

3. Istatistic: 0% (no heterogeneity)

4. 7% 0 (low between-study variance)

Conclusion

This meta-analysis provides significant
insights into the stability and applicability of
factor structures in psychometric research. By
systematically synthesizing EFA studies, it
reinforces the reliability of measurement
instruments and their theoretical foundations.
The application of Epsilon-Squared (®?) as an
effect size measure enhances cross-study
comparability and strengthens methodological
rigor.

Heterogeneity analysis underscores the
necessity of addressing variability across
studies. While moderate heterogeneity was
observed, advanced statistical techniques such
as subgroup analysis, meta-regression, and
random-effects modeling (also known as
hierarchical linear modeling, HLM) can further
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refine meta-analysis interpretations. Future
research should prioritize methodological
enhancements to improve factor structure
synthesis and ensure the robustness of
psychometric  assessments. The  findings
validate the generalizability of extracted factors,
supporting their use in diverse psychological
and health-related contexts.

Limitation

Several limitations warrant
consideration.  First, EFA  meta-analysis
assumes factor solutions are directly comparable
across studies, yet differences in extraction
methods (e.g., PCA vs. ML) or rotation
techniques (e.g., Varimax vs. Oblique) serve as
sources of variation that often cannot be
explained. Second, our reliance on published
studies risks overlooking file-drawer effects.
Third, cultural and linguistic variations in
instruments were not systematically examined,
although in theory this approach should work
well to aggregate analyses of the same
instrument used in different cultures or
languages.

Future work should seek to incorporate
unpublished data and employ multigroup
confirmatory  techniques to test factor
invariance. Additionally, while our extraction
protocol captured seven key methodological
indicators, only four could be quantitatively
synthesized due to inconsistent reporting
standards for factor extraction methods, factor
loadings, and model fit indices. This reflects a
broader challenge in psychometric meta-
analysis, where methodological diversity in
primary studies often limits comparability.
Future research would benefit from consensus
guidelines on standardized reporting of EFA
results to enable more comprehensive meta-
analytic approaches, and journals within a field
would have to subscribe to and enforce best
practices in reporting results.

Practical implications for applied
research

The meta-analysis framework
presented here offers actionable insights for
applied researchers. First, synthesizing factor
structures across studies enables the
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identification ~ of  robust, generalizable
dimensions for scale development (e.g., in
clinical psychology or public health). For
instance, the high »? for Factor 1 (0.72)
suggests it reliably captures a core construct,
guiding item selection in new assessments.
Second, heterogeneity analysis (e.g., I
=45.6%) highlights the need to contextualize
findings by sample characteristics, such as
clinical status or cultural background.
Practitioners should prioritize instruments
validated in subgroups matching their target
population. Finally, the pooled reliability
estimate (0=0.81) supports the use of these
measures in high-stakes settings, provided
researchers account for methodological
variability through sensitivity analyses.
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