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Abstract: This paper addresses the challenges in assessing heterogeneity in meta-analytic
studies. The specifics include mental health research work. Three key statistical scores in
meta-analytics—Higgins’ I, Birge’s H?, and the newly developed S? score—are discussed
and illustrated. The paper critiques the subjectivity of these scores and introduces elasticity
to enhance the accuracy and objectivity in assessing heterogeneity. The integration of
elasticity into the meta-informatic score measures how heterogeneity changes as new
studies are added, improving the interpretation of meta-analytic results. Also, the authors
compute and compare elasticity scores in the context of mental health research, offering
a novel approach to visualizing and quantifying heterogeneity. The authors demonstrate
how elasticity improves the assessment of heterogeneity. The paper recommends the use
of the meta-informatic S? score, integrated with elasticity, for more reliable and objective
conclusions in mental health as well as in other meta-analyses. The new rectified score,
S?, overcomes issues with the 12 score when the chi-squared distribution fails due to small
sample sizes or negative values.

Keywords: homogeneity; meta-analysis; Higgins score; Birge ratio score; S? score; elasticity;
principal component
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1. Introduction

A history of the introduction and practice of meta-analysis may be helpful. The term
“meta-analysis” was coined in 1976 by a statistician [1] as an integrated measure of the
effect size and variance. Numerous meta-analyses, including ones on medical, public
health, and mental health, have been reported in the literature. A meta-informatics or
meta-analysis cannot be considered without a systematic review. A systematic review is
a process intended to examine the compatibility of findings in various studies on a topic
of interest, such as the issue of mental health. Meta-analysis is an analytical tool used in
systematic reviews [2—-6]. Guidance on choosing qualitative evidence synthesis methods for
use in health technology assessments of complex interventions is included in the systematic
review. The meta-analysis integrates the findings of multiple quantitative studies. These
findings are integrated to provide evidence from multiple studies. The two types of data
generally used for meta-analysis in health research are individual participant data and
aggregate data, such as odds ratios or relative risks [7] for the articulation of meta-analytic
concepts. For additional information on systematic reviews and their shortcomings, the
reader is referred to [8-17].
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Note that the meta-analysis is performed using the following steps: (1) the research
question is formulated; (2) a research protocol is devised for the literature review; (3) studies
with a strategy pertinent to the research question are identified and collected; (4) the
appropriate study results are imported; (5) whether a fixed-, mixed-, or random-effects
analysis model is involved is determined for each study; (6) an assessment is made of the
findings from those studies; and (7) the level of heterogeneity is assessed and a forest plot
among the studies is constructed. The criticisms of meta-analyses include the following:
(i) when the studies are heterogeneous, a single summary from the studies is too risky to
confirm or deny each other; (ii) only significant studies have been published while other
insignificant studies are not published; and (iii) comparing the findings in heterogeneous
studies is like comparing “oranges and apples”. However, meta-analysis is too important
to set aside.

The strength and consistency of the relationship between scientific collaboration and
citation counts at the paper level using meta-analysis has been comprehensively exam-
ined [18]. Studies may differ because of different target populations, data collection designs,
or exclusion criteria. However, there are challenges in conducting a meta-analysis. First,
the literature search and evidence abstraction are often insufficient. Second, determining
how similar (or dissimilar) the studies require a correct interpretation of heterogeneity
using the Cochran Q, Higgins I? score, the Birge ratio H? score, or the S2 score [19,20].
Third, studies should be qualitative [21].

In the first part of this paper, the authors discuss three main scores—the Higgins
12 score, the Birge ratio H? score, and the $2 score—and conclude that there exists an
acceptable measure for meta-analysis homogeneity. The scores examine homogeneity and
their relative performance using the meta-analytic literature on mental health problems.
In the second part, the incorporated meta-analytic elasticity scores are computed and
used to evaluate and compare several groups of patients with mental health problems. In
the Discussion section, potential health policy implications, clinical relevance, and future
research directions are discussed.

Motivation

There is subjectivity in the judgement of heterogeneity in published literature with
regard to the use of the Higgins score (I?) or the Birge ratio score (H?). One reason for
this subjectivity is that these scores neglect the domain of the observable space in the chi-
squared distribution. The recently developed S* score correctly rectifies this situation and
corrects the bias using chi-square distributional properties. In this article, peer-reviewed
meta-analytic articles on mental health in the literature are reviewed and examined for
homogeneity using three main scores—the Higgins score (1), the Birge ratio score (H?), and
the S? score (S?)—and three incorporated elasticity scores—ey 3, €y 2, and €52 Elasticity
is incorporated into each score to improve the relative performance of the scores and refers
to how heterogeneity decreases due to an additional study of the topic of interest and its
implications in the case of each score. More details are given as follows:

The incorporated elasticity scores, 66,15' eeng, and ee/sg, are derived, computed, and
used to evaluate and compare several groups of patients with mental health. The dynamic
nature of the Higgins score I3, the Birge ratio score H3, and the recently published S score
and their interrelationships are illustrated visually, where 6 is the number of studies. In
addition, the incorporated elasticity scores, eerlg, engg, and eG,Sé are illustrated visually. The
proximity between the three elasticity scores and a path diagram grouping the elasticity
scores into two groups are displayed. Correlations between the three elasticity scores are
computed and two rotated principal components with coefficients are computed. The
article concludes with a recommendation to perform meta-analytic studies on mental
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health issues using the S? score and the incorporated S elasticity scores to objectively and
correctly judge the existence of significant heterogeneity in the studies.

The paper introduces new concepts called the S? score and elasticity. A brief mathe-
matical derivation with the properties of elasticity is included. Also, the paper provides
theoretical comparisons and calculations to help the meta-analytic professionals in their
analysis of case studies. Finally, the paper proposes an improvement to existing meta-
analytic methods. Our solid theoretical comparison is substantiated by revisiting several
data-based meta-analytic results in the mental health literature. In many of these cases,
the conclusion of homogeneity was reversed to heterogeneity. We have demonstrated
in the revising of the published meta-analytic results that the S? score outperforms the
previous meta-analytic scores, I? and H2. This has significantly enhanced the credibility of
the S? score-based method. In addition, the introduction of elasticity-based heterogeneity
measures is a novel contribution in this article.

2. Methods

Considering the number of studies 6, meta-analytic researchers have the option of
using one of the three main scores, namely the Higgins I? score, the Birge HZ score [22],
and the rectified 57 score [19,20] to judge homogeneity among the published results in
journals before strategizing to integrate their findings. However, it is difficult to clarify
whether the three scores would confirm or contradict each other’s judgments. In the case
of contradictions, meta-analytic researchers may want to rank them based on the selected
principle of comparison. This issue has been addressed in this section. To assess the
level of heterogeneity in meta-analytics, researchers computed the chi-squared score, Q,
as suggested by Cochran [23], with df = (6 — 1), where Q is Cochran’s goodness-of-fit
measure. The number of studies, 6, needs to be at least 2 in any meta-analytic topic. The
value of # may never be a conclusive end to any topic and may increase as new interests
emerge. It is identified a technical issue using the Higgins method and addressed it using
specific solutions [23]. The issue was the following: The Higgins I? score, a version of
the Cochran Q value, is commonly used to assess heterogeneity. The Higgins score is an
improvement on the Q value. The scores are supposed to follow a chi-squared distribution.
However, the chi-squared distribution is invalid when the Q score is less than the degrees
of freedom. This problem was recently rectified using an alternative method (the S? score).
The illustration section in their article provides all the essential details about the studies
involved in the analysis, such as the study population, sample sizes, and date ranges.

2.1. Visualization of the Dynamics of the Higgins I? Score

An improvement in Cochran’s Q score has also been suggested [24]. This is known
as the Higgins I? score, (Q(fe(fglf)l)). It is assumed to follow a chi-squared distribution with
(0 — 1) degrees of freedom. The value of 6§ must be at least 2 for homogeneity to have
any practical meaning. The I? score has been discussed in previous studies [23,25]. For
the quadratic term I? to be nonnegative, § must be less than (Q + 1). Therefore, I? the
impractical constraint of 2 < 8 < Q + 1. For a researcher interested in conducting a new
meta-analytic study, it may not be possible to check the validation or break down the
constraint in a new meta-analytic study, and the new meta-analytic study may result in a
negative value for the I? score. This is a shortcoming of the I? score.

This score is not an absolute measure of heterogeneity among the studies in a meta-
analysis. For example, a score of 0.5 does not necessarily mean that the effects range from 40
to 60, 10 to 90, or across other ranges [25]. Another way to interpret the score is to consider
that it represents the ratio of the variation in the true effect to the observed variation in
the effect. When the score is a proportion, it implicitly requires that the variation of the
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true effect be no greater than the observed variation owing to the sampling error. Caution
is necessary when interpreting the Higgins 12 scores. The value is near zero if the score
echoes the closeness of the findings in the studies, whereas a near-one value implies non-
harmonious findings. A visual representation of the dynamic nature of the score, as shown
in Figure 1, has not been reported in the literature.

Figure 1. Visualization of the Higgins I? score.

A shortcoming of this score is that it is not applicable when the Cochran score Q is less
than the degrees of freedom df = (6 — 1). The score has a singularity problem in the sense
that a finding of Q = df may not necessarily mean homogeneous studies. The dynamics of
the Higgins score in the Z-axis can be observed in Figure 1, where the Cochran’s Q score is
on the X-axis and the number of studies, 6, is on the Y-axis.

2.2. Visualization of the Dynamics of the Birge Ratio H? Score

Subsequently, another competing score, H?, was introduced as a variation of the
I? score [22]. This is recognized as being similar to the Birge ratio [26], although the authors
did not mention this. The Birge ratio is included in the least-squares principle of the

regression method to iteratively compare and contrast internal versus external consistency

hoAe
€0

initial value at step ng, A, is the increment in the experimental error ¢, and ey is the initial

using h, = h — ( ), where /1 is the true value of the regression parameter, hg is the
value of the experimental error. Visual Birge scores are shown in Figure 2. A comparison
of Figures 1 and 2 reveals that the I? and H? scores are different. Similarly to the Higgins
score, the Birge H? score also has shortcomings owing to the existence of more singularities.

We recall the interpretation that a value of I? closer to zero implies more homogeneity,
while a value nearer to one refers to the percentage of heterogeneity among the selected
studies in meta-topic discussions, excluding the negative values it takes on sometimes, as
Q < 0 — 1. Furthermore, the sample space for following a chi-squared distribution of the
Higgins score I> must contain only non-negative values, which would be violated when
Cochran’s measure, Q, is less than the df = 6 — 1. The dynamics of the Birge’s score in the
Z-axis is observed in Figure 2, with the Cochran’s Q score on the X-axis and the number of
studies, 0, on the Y-axis.
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Figure 2. Visualization of the Birge ratio H? score.

2.3. Visualization of the Dynamics of the S* Score

The S? score is a rectified score in the meta-analytic study framework to overcome
the shortcomings of the Higgins score, | 2 and the Birge ratio H? score [19,20]. Properties
of the S? score are derived, including showing the correlation between two variables to
be uncorrelated [19]. This new S? score also follows a chi-squared distribution with one
degree of freedom (0 = df + 1). Some of the derivations of the S? score [19], are briefly
outlined as follows: It is known that two random variables U and V are independent.

_(E(U) Var(V) and Var u
)= L) (0 ) nd Vart

E( )

).

E(U).2 Var(U) Var(V)
V)T EW)? BV

<I<
I
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Letting U = df and V = Q in Higgins I?, it is noted that

~ Var(Q) (0+11)

2 - = —
E(I*)=1+(1 [E(Q)]z) G-y 1)
" df _ Var(df)  Var(Q) 1. (6+11)
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Var(I*) = Var( Q) [E(df)]2 + [E(Q)}Z 3[1 200 1)] )
Note that E(df) = @ = E(Q), implying that the S2 score statistic
2

Y PR s TR U2) .,

Var(I2) 1df 3‘1_ (0+1) ‘

2(6-1)

can be utilized as it follows a chi-squared distribution with one df. In other words, the
p-value of a data base S? is Pr(S? > X%,pfv Jiue) = p-value. These results would help the
practitioner to have more confidence in conducting the meta-analysis. The usefulness of the
proposed methodology is illustrated by using two examples: mild cognitive impairment
and COVID-19 vaccination [19,27-30]. Using this S? score method, 14 published articles
representing 133 datasets were recently examined, and it was observed that many studies
declared homogeneous by the Higgins method were, in fact, heterogeneous [20]. This
article urges the research community to be cautious in making inferences using the Higgins
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method. A visual representation of the dynamic nature of the S? score is shown in Figure 3.
The dynamics of the 52 score on the Z-axis can be observed in Figure 1, with the Cochran’s
Q score on the X-axis and the number of studies, 0, on the Y-axis.

Figure 3. Visualization of the S? score.

Based on the visual comparisons of Figures 1-3, the three scores, I 2 H2?,and S?, differ
from each other. The interrelations between these three scores are illustrated in Figures 4-6.

y=15

Figure 4. Interrelation of the H? score on the Z-axis with the Cochran Q score on the X-axis and the
Higgins score on the Y-axis.
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Figure 5. Interrelation of the S2 score on the Z-axis with the Cochran score, Q, on the Y-axis and the
Higgins score on the X-axis.

Figure 6. Interrelation the $2 score with the Cochran score, Q, on the Y-axis and the H2 score on
the X-axis.

2.4. Visualization of the Dynamics of the Interrelations Among the Scores

The interrelation of the H? score on the Z-axis with the Cochran score, Q, on the Y-axis
and the Higgins score on the X-axis is displayed in Figure 4. A similar interrelation of the
$2 score on the Z-axis with the Cochran score, Q, on the Y-axis and the Higgins score on
the X-axis is displayed in Figure 5. An interrelation the S? score with the Cochran score, Q,
on the Y-axis and the H? Score on the X-axis is displayed in Figure 6. Because the original
Cochran’s Q score is improved by the H? score, which is then further refined by the S?
score, it makes sense to compare the three methods (12, HZ, and 52), with more emphasis on
Cochran’s Q. In Figure 4, we identified the score with Cochran’s Q score on the X-axis and
the number of studies 8 on the Y-axis. An interpretation of Figure 4 is that in light of both
the Cochran Q score and the number of studies 6, the H? score is not quite consistent and
linearly predictable (as the configuration is a nonlinear function). The implication is that
further refinement of the score H? is a necessity in the approach to meta-analytics.

Figure 5 relates the nonlinear relationship of the new S? score on the Z-axis with
the Cochran score, Q, on the Y-axis and the Higgins score on the X-axis. The cogency of
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the newness of our score to the existing Q and I? scores as well as the importance of our
new approach and meta-analytic measures are indicated in Figure 5. Likewise, Figure 6
interrelates the nonlinear relation of our $% score with the Cochran score, Q, on the Y-axis
and H? score on the X-axis. Our new score and approach are not redundant from the
existing Q and H? scores.

3. Elasticity Score: A Measure of Comparison

The usefulness of elasticity is illustrated by comparing three heterogeneity scores. In
physics, elasticity is the ability of a body to resist a distorting influence to return to its
original size and shape when the cause is nullified. It is popular in economics, management,
physics, and engineering disciplines but has also drawn the attention of researchers in the
health and medicine disciplines. In economics, an increase in the price of a commodity
decreases consumption/demand but increases supply/production. How much higher the
production is compared to how much lower consumption is answered by elasticity [31]. In
the discussion of epidemics or pandemics like COVID-19, healthcare professionals seek to capture the
onset time, peak time, and inflexion time using the elasticity concept [32-34]. Mental and physical
health elasticities were computed [35] at 0.05 and 0.06, respectively. These elasticities grew
to 0.09 and 0.10 under dynastic persistence.

An elasticity value greater than one is indicative of an increasing risk of economic value,
and it was pioneered by the social economist Alfred Marshall (1842-1924). Specifically,
elasticity illustrates the implications of changes in purchases and production due to a
one-unit change in price [36]. When the elasticity is greater than one, the purchase or
production change is greater than the price change. When the elasticity is less than one, the
change in production or purchase is smaller than the change in price. Elasticity is defined
as a measure of the ratio ey of a nonsingular function of a changing parameter 6 of the main
interest in the existence of an auxiliary parameter of secondary interest. In human genetic
studies of gene expression, an interplay occurs between biomolecular condensates and
an elastic medium [37]. The parameter of interest, denoted as 6, represents the changing
number of studies. The elasticity functions €, B €, H2/ and 69’55 of the Higgins Ig score, the

Birge HZ score, and the S3 score are derived and given as follows:

dglnl3 0 Q
= " — ;0 >
“01; = Bglnd <9—1>(Q—[9—1]>’9_2 @
dglnH3 4 Q
= ~ — ——— -0 >
“O.H; = 3glnod (9—1)(9—1)’9—2’ ©)
_ 0gInS3 0(6—1)(6—3)
05t = Do~ oL ;0> 3. (6)

The elasticity of the S? score is always negative. In the case where the Higgins I? score
is used, both factors (%) and (%) are greater than one, with a decreasing risk due to
more studies, and the Cochran measure Q > 0. When the Birge score is utilized, the first
factor (%) is always greater than one, implying that the risk of heterogeneity increases
as the number of studies 6 increases. However, there are two scenarios in which the second

factor, could cause the risk of heterogeneity. When Q < (6 — 1), the heterogeneity is

Q
6-1)’
mild. On the contrary, when Q > (6 — 1), the heterogeneity is strong. Such duality does

not occur in the case of the Higgins I? score or the S? score.

Visualizations of the Dynamics of the Elasticities e, 12/ €9, 12/ and €,52

The dynamics of the elasticities e, 12 o2 and e, o> are depicted in Figures 7-9,
respectively, for comparative purposes. A comparison of Figures 7 and 8 indicates that the
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Higgins and Birge ratio scores are similar and comparable. Figure 9 suggests that the S?
score is significantly different from the I? score and the H? scores. The elasticity €p,12 ON
the Z-axis, the Higgins I? score on the Y-axis, and the number of studies 6 on the X-axis
are displayed in Figure 7. The elasticity e, H2 On the Z-axis, the Birge score H? score on the
Y-axis, and the number of studies 6 on the X-axis are displayed in Figure 8. The elasticity
69,55 on the Z-axis, the new score $2 score on the Y-axis, and the number of studies 6 on
the X-axis are displayed in Figure 9. The specific supporting statistics to identify their
differences are shown in the illustration section.

Figure 7. Elasticity ¢, R of the Higgins I? score.

Figure 8. Elasticity ey H2 of the Birge H? score.
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Figure 9. Elasticity eg,s2 of S? score.

4. Application and Results

In this section, we present the results of various mental health studies from the litera-
ture. Lack of mental health reduces quality of life and increases healthcare costs [27,38-45].
The importance of understanding and rectifying mental health issues cannot be over-
looked [46—49]. According to medical and health professionals, mental health is the state of
mind that coordinates perception, reality, emotional intelligence, psychological cognition,
and behavior, among other attributes. Mental health problems affect decision making and
thereby create stressful non-harmonious interpersonal communications. Researchers have
been working to identify the short- and long-term social and economic consequences of
these. When the literature on mental health problems expands exponentially with results,
healthcare professionals encounter difficulties in comparing confirmations or contradictions
among published results, such as in the study populations, data collection methods, sample
sizes, randomization principles, and inclusion or exclusion reasons may vary [28,37,50-56].
Unless any of these variations are small, the studies are not considered homogeneous,
causing the findings not to be comparable according to meta-analytic techniques.

To help the reader, the following procedural steps were used in selecting the 287 peer-
reviewed journal articles on mental health and meta-analysis:

Step Scan and select peer-reviewed mental-health journal meta-analysis articles in the

1. literature using Google Scholar Search. Please note that the articles do not display
the data.

Step Read the inference in each article and take notes on whether the meta-analysis indi-

2. cates the existence of heterogeneity or homogeneity using the Higgins I? score, the
Cochran Q score, or the Birge H? score.

Step Utilize the 287 inferences and their corresponding Higgins 12, Cochran Q, or H? scores

3. in calculating the S? score and the integrated elasticity Higgins I score, Birge H? score,
and S? score.

Please note that the reference section lists the authors’ names and the article year. If
the reader is interested in checking/duplicating the results, the reader can copy a reference
from the manuscript and paste it into “www.google.scholar.com”. There will be a link on
the right-side panel for the article; click on the link to see the article on the screen. Now,
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read the article for the inference in the selected paper to check whether the article accepts
heterogeneity or homogeneity using the Higgins score, the Cochran’s score, or the Birge
H?2 score. The last step is to calculate the S? score and the integrated elasticity Higgins 12
score, the Birge H?2 score, and the S? score. The tables in our manuscript contain all other
pertinent details.

Table 1 portrays all three elasticities: the Higgins I? score, the Birge ratio H? score,
and the S? score, skewed with heavy (thick tailed) kurtosis. Based on the results in Table 2,
only the elasticity of Higgins I? is significantly correlated with the elasticity of the Birge
ratio H? score. We analyzed the three elasticities using the SPSS 28 Principal Component
(PC) program and obtained the results shown in Table 3. Because the PC scores might have
different scales, we standardized them before applying PCA. Furthermore, we rotated the
PC using Varimax to adjust for better interpretability.

Table 1. Descriptive statistics based on 287 datasets.

Descriptive Statistics

. . N Mean Std. Deviation Skewness Kurtosis
Elasticity
Statistic Statistic Statistic Statistic Std Error Statistic Std Error
Elasticity €12 287 —3.2622 3.46361 —9.074 0.144 103.164 0.287
Elasticity Co,12 287 —2.1067 0.72007 —9.164 0.144 119.002 0.287
Elasticity €,52 287 —115.0829 1009.33736 —14.102 0.144 215.831 0.287
Table 2. Correlations among the three elasticities.
Correlations
Elasticity Elasticity e Elasticity Co 12 Elasticity €o,s2
o Pearson Correlation 1 —0.153 ** —0.040
Elasticity e, 2 - -
0 Sig. (2-tailed) 0.010 0.503
Pearson Correlation —0.153 ** 1 —0.022
Elasticity eq ;2
e Sig. (2-tailed) 0.010 0.715
Pearson Correlation —0.040 —0.022 1
Elasticity e, ¢
720 Sig. (2-tailed) 0.503 0.715

** Correlation is significant at the 0.01 level (2-tailed).

Table 3. Two rotated PCs with their coefficients. @ a method in PCA.

Rotated Component Matrix ?

Component
1 2
Elasticity for I score —0.752 —0.189
Elasticity for H score 0.766 —0.176
Elasticity for S score 0.006 0.972

There were only two significant PCs that explained 72.13% of the total variation. The

Higgins and Birge score elasticities were picked up as important by the first PC, and the
second PC picked up the S? score elasticity (Table 3). Figure 10 illustrates the proximity of
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the three elasticities. The Higgins and Birge elasticities are in the first and fourth quadrants,
respectively, below the zero value of PC2. The path diagram of the grouping of the three
elasticities in terms of two groups is shown in Figure 11.

Component Plot in Rotated Space

ShanmfgamElasticity
p

05

0o

Component2

HigginsElasticity BerkeElasticity
[ ] <]

05

-0 05 00 05 10

Component 1

Figure 10. Proximity among the three elasticities.

Elasticity S [«

Elasticity H

Elasticity | 1«

Figure 11. Path diagram grouping the three elasticities into two groups.

Interestingly, the elasticity of the S? score is in the second quadrant, above the zero
value of PC2 and the lower value of PC1. The three elasticities are organized into two groups
in our factored results, as shown in Figure 11. The word “factor” in the above sentence
does not refer to the factor analysis but rather in a common sense. In other words, the
caption of Figure 11 echoes graphically the idea that the elasticities of H and I are versions
of each other, but the elasticity of S stands apart as a different one on its merit. The
Pearson correlation coefficients are appropriate for the elasticities; hence, they were utilized.
Consider if heterogeneity affects all scores similarly and discuss the suitability of this
measure in your analysis.
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5. Discussion

Meta-analysis or meta-informatics identifies patterns of similarities and differences
among studies with the same objectives. A meta-analysis is conducted to answer these
questions. The model to integrate the studies should be of a fixed-, mixed-, or random-
effects type and it should be determined whether the heterogeneity among the study
populations is acceptable for the utility of meta-analysis in comprehending the findings
regarding the impact of a treatment. In this study, three scores, the I? (Higgins score), H?
(Birge ratio score), and S? scores, were used to judge the homogeneity among peer-reviewed
published results in journals. A strategy for integrating these findings was also discussed.
Visual comparisons of the scores are shown in Figures 1-3, illustrating that the three scores,
12, H?, and S?, are different from each other.

In this article, the subjectivity in the judgement of heterogeneity that exists in published
articles on mental health in the literature was replaced by an objective method using the
S? score. One reason for this subjectivity in the Higgins score or Birge score is that these
scores neglect the domain of the observable space in the chi-squared distribution. In the
developed S2 gcore, this error was rectified and corrected for bias using the chi-squared
distributional properties. The difficulty was in clarifying whether all three scores would
confirm or contradict each other’s judgement. In the case of contradictions, meta-analytic
researchers may want to rank the scores based on chosen comparison principles. There
should be such principles. This was addressed in this paper.

The concept of elasticity was introduced to compare the three scores of heterogeneity
elasticity. In the discussion of epidemics or pandemics such as COVID-19, healthcare
professionals seek to capture the onset time, peak time, and inflection time using the
elasticity concept. The concept of elasticity is helpful in the reimbursement of a specified
drug when its price is elastic [57,58]. Needless to say, this concept of elasticity and its
properties are gaining attention in mental health research. Generally, elasticity is a quanti-
tative measure of a distorted concept. In a report on science and economic geography in
ResearchGate, an economist [59] applied inverse hyperbolic sine functions to normalize
the highly right-skewed stochastic pattern of the health outcomes collected by robots to
prevent the necessity of adding an arbitrary constant (usually one) under the traditional
log transformation. This transformation usually excludes zero observations when com-
puting and interpreting elasticities in mental health studies. In this research study on
meta-analysis, elasticity refers to how heterogeneity decreases because of an additional
study of the chosen topic of interest and its implications in the case of each score. Several
future research directions have been identified within the practice of resolving mental
health problems.

It has been known that evidence-based best treatments in clinical studies are effective
for practitioners to treat patients with mental health problems. However, subtle but
efficient treatments for mental disorders may not be available. The proposed meta-analytic
approach compares the compatibility (or homogeneity) of the published results in clinical
studies on mental health. Such compatibility paves the way for implementing knowledge
into clinical practice in regard to patients” diagnosis, prognosis, and suitable treatment
recommendations from clinical studies.

In essence, we have discussed and developed a novel method for assessing heterogene-
ity in meta-analyses, with a focus on mental health studies. In the process, we critiqued
two existing heterogeneity measures: the Higgins’ I? score and Birge’s H? ratio score, and
pointed out their limitations, particularly their reliance on the chi-squared distribution and
their potential biases. To alleviate these shortcomings, we introduce and advocate the use
of a new S? score, a rectified measure that improves upon I? and H2 by better accounting
for the domain of the chi-squared distribution. We compared these three measures using
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published meta-analytic literature on mental health studies. This method and these analytic
expressions are significant for researchers conducting meta-analyses, especially in mental
health, as they provide a refined method for judging homogeneity and integrating find-
ings from multiple studies. Also, we provide a rigorous derivation of our approach. The
argument for why S? better accounts for the observable space in chi-squared distribution is
formalized or mathematically justified. Furthermore, in a novel approach, we introduce the
elasticity measure in meta-analysis as a useful metric for assessing heterogeneity. Elasticity
measures provide insights for meta-analytic researchers to capture an unbiased assessment
of the heterogeneity in studies. It should be noted that the new S? score is preferable over I?
and H? due to its versatility in detecting low, moderate, or high levels of heterogeneity. The
reader is referred to [29,30,60-66] for other illustrations and interpretations of met-analytic
results. Our illustrations in the last section using several published datasets from mental
health studies attest to the versatility and impact of the new S? measure. The arguments
comparing 12, H2, and S? are strengthened by the demonstration of their interrelations in
Figures 4-6 and their elasticity dynamics in Figures 7-9.

6. Conclusions

The sample space for the chi-squared distribution must contain only non-negative
values. This shortcoming has been rectified in recently published papers [19,20]. This
paper examined journal articles on mental health for homogeneity using three indices: the
Higgins 12 score, the Birge ratio H? score, and the S? score. The scores were computed,
compared, and discussed in terms of their relative performances and implications. The
concept of elasticity was introduced for each score, and its properties were discussed.
Recently, this has been used to address various medical and health issues. Elasticity is the
ability of a system to return to its original state after deformation. The concept of elasticity
and its properties are gaining attention in mental health research. The article concludes
with a recommendation to perform meta-analytic studies on mental health issues using
the S? score to objectively and correctly judge the existence of significant heterogeneity
in studies.
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