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1. [bookmark: _Toc127861325]Explaining meta-analysis

In this section the steps of the meta-analysis performed in the paper are explained and exemplified in more detail. These steps follow the recommendations of Cooper et al. 2009; Havránek et al. 2020 and Clarke 2009. Where appropriate, some text is integrated from the original paper.

Step 1: Formulating a research problem: here, effect of voluntary ICD (section 2)
The plenitude of possible research problems is intimidating and it is not a viable way to begin a meta-analysis to try to select one from a practically infinite number of problems. A more appropriate strategy is starting with what seems as similar research problems of individual studies, i.e. in a general sense the question of which variables are related to one another (Cooper 2010). In the particular case this is the question of voluntary ICD and how it affects various outcome variables. The rationale for choosing this research problem stems from conflicting evidence of studies as, for example, indicated by Vanini and Rieg 2019, table 5 on page 357 (see also section 1 & 2.2 of the paper). As it is not possible to combine individual study results just by counting “positive” or “negative” results (so-called vote-counting, Borenstein et al. 2009), a more elaborate procedure for combining individual study results is needed, which is the meta-analytic procedure.

Step 2: Searching literature, here studies on effects of voluntary ICD (section 3.2)
While there is no general rule how many studies should be included (Cooper 2010), a comprehensive, broad, and unbiased literature search is regarded as an important success factor of a meta-analysis. A well-conducted meta-analysis searches potential studies in multiple databases, as a limited pool of studies might bias the conclusions (Buckley et al. 2014). To identify relevant studies, several complementary search strategies were combined (Endrikat et al. 2019). A query of titles, abstracts and keywords were conducted in the following literature databases, using the search terms “intellectual capital” and “disclosure”, partly in combination with “effects”, “cost of capital” or “market value”: 
Business Source Complete, Abi Inform Global, Springer Link, JSTOR, EconBiz, ECONIS, Science direct, Social Science Research Network, Taylor and Francis, Emerald Insight, Elsevier and Wiley.
[bookmark: _Hlk57270832]The findings were checked via Google Scholar and cross-checks in the reference lists of the reviewed articles (for a similar procedure see Endrikat et al. 2019). A period from 2000 to 2019 was covered because the topic gained momentum around the year 2000 indicated by the “new economy” with its focus on non-tangible value drivers (Lev 2001) and the launch of specialized journals like the Journal of Intellectual Capital. 
The list of studies found encompasses at the beginning often studies which are only at first glance relevant to the research problem. Several exclusion criteria are applied, here especially:
· Studies analysing mandatory disclosure or indicators based on accounting numbers such as the VAIC were not considered (e.g. Zéghal and Maaloul 2010).   
· Case and field studies were excluded (e.g. Abeysekera 2014). Case studies in ICD research try for example to shed light on the production or usage of IC information (e.g. Veltri and Bronzetti 2014). Given that case and field studies aim to understand phenomena in-depth they typically do not provide and are not designed to deliver data sets suitable for statistical analyses such as correlation coefficients or standard errors (Yin 2009) and therefore cannot be integrated in a meta-analysis.
· Also, studies had to use voluntary ICD as independent variable and measures of value relevance such as cost of capital or reputation as dependent variables. As a result, studies analysing determinants or characteristics of voluntary ICD were excluded (e.g. Li and Mangena 2014). 
· Meta-analyses require a common effect size to represent the quantitative results of the studies (Buckley et al. 2014). Thus, the studies had to report their sample sizes, correlation coefficients or other appropriate effect sizes.
· The studies had to be published in English. 

Step 3: Coding the literature (section 3.3)
The coding of every study found is described in section 3.3. The result is documented in an XLS-file. Below is an excerpt of that.
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Table Appendix-1: Example for coding

Step 4: Statistically describing study outcomes (section 3.5), 
In this section we explain the procedure to prepare for step 5. Given that studies often apply different statistical methods and statistical tests, the resulting types of effect sizes are also often varying. A first decision is to agree on a common type of effect size (for an overview see for example Ellis 2010). Here we chose correlation coefficients because a majority of studies report that and correlation coefficient is a very common effect size in business research (Kirca and Yaprak 2010).
For illustration purposes we list a selection of study effects and their preparation for further analysis in the following table. It lists the study ID (column 1), sample sizes (2) and type of outcome (3).
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Table Appendix-2: Example for effect sizes and transformation
In this example we select studies with the outcome “cost of equity” to keep the example short. Voluntary ICD should exert a negative effect on cost of equity. That is apparent in nearly all studies.
The original effect sizes reported in the studies were mostly correlation coefficients but, in some cases, only values for t-tests were reported (column 4). However, it is possible to convert a variety of effect sizes into other types (Borenstein et al. 2009), and this holds also for the conversion of t-values into correlations, which is as follows:

With df = degrees of freedom which is sample size reduced by the number of variables, here 2, because we estimate effects of voluntary ICD on an outcome. The result is in column 5.
The next step (column 6) is the conversion of correlation coefficients into Fisher z values. This is necessary because a meta-analysis requires standard errors, but standard errors of correlations are dependent on the value of the correlation coefficient and not only on sample size (Borenstein et al. 2009). The transformation is done by:


With r = correlation coefficient and z = Fisher z.
The standard error SEz of a Fisher z value is to an excellent degree approximated with (column 7):

For reporting purposes, the Fisher z-values are converted back to correlations via:


Step 5: Statistically combining effect sizes (section 3.5): 
Aggregating studies would be easy if they were all basically replications of each other (Shadish and Haddock 2009). The reality is that differences exist in methodology, sample selection and size, topics and research questions and so on. Three main aspects in coping with study differences are a) variance within studies, b) assumption about distribution of effect sizes, and c) study artefacts. 
Ad a) Variance of estimates within a certain study is linked to the sample size of this study - in general, the larger the sample size, the lower the variance or standard error of an estimate. Hence, meta-analytic procedures give study a weight depending on the standard error of the estimate, the larger the study the more weight is assigned. 
Ad b) Given that different studies often measure their central variables differently, estimates of studies differ not only because of variation due to sampling differences. A meta-analytic model that assumes that all included studies measure the estimate in the same way – or put in another way, the true effect is the same in all studies - is called a fixed-effect model. If this condition is not met, the assumption is that study estimates are samples of a distribution of true effect, or in other words, every study estimate is an estimate of a study-specific true effect. Such models are called random-effects models. This will lead to different weights of smaller and larger studies as in fixed-effects models (Borenstein et al. 2009). For both models, examples based on the data of this paper illustrate the application of both types of models. Given that we plausibly do not assume that all studies considered in our meta-analysis used the same methods and measurements, we argue for using a random-effects model.
Ad c) Besides sampling error which depends on sample size, different studies may have other imperfections due to study design that affect estimates. Such imperfections are called study artefacts. These include: different reliabilities in measuring variables, dichotomization and range restriction or reduced validity of variables (see for a detailed discussion Schmidt and Hunter 2014). We were not able to correct such study artefacts because the studies at hand did not provide sufficient information. 
The following example based on the subset of study effects listed above illustrate the two basic meta-analysis models, fixed-effect and random-effect.[footnoteRef:1] The fixed-effect model indicates the hypothesized negative relationship between voluntary ICD and cost of equity, i.e. voluntary ICD reduces cost of equity. The results of the random-effects model are basically the same but the mean effect is smaller and the 95% confidence interval wider. [1:  worked examples are available from https://www.meta-analysis.com/pages/book_introduction_to_meta-analysis.php. The calculation for this paper is available on request from the authors.] 
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Table Appendix-3: Fixed-effect model for subset (only for illustrative purpose)
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Table Appendix-4: Random-effect model for subset (only for illustrative purpose)
The variation of effect sizes stems basically from variances within studies as well as variances between studies. The latter, also known as heterogeneity, indicates significant variation of the true effect sizes between studies, such variation does not stem from different sample sizes and is a sign of real differences between studies which should be analysed further.
Several metrics are available for assessing heterogeneity in meta-analyses. Absolute variance (standard deviation) of true effect sizes are measured with Τ² or tau² (tau) which is reported in the metric of the effect sizes at hand. For the illustrated subset tau² is 0.060 and tau is 0.245 (unit: correlation coefficients). Since total variation includes also sampling variances, the relation of variance of true effects to total variance helps in understanding further the relative amount of variation due to study differences. This metric, called I² is defined as (Borenstein et al. 2009):

With  as variance of studies. I² for the fixed-effect model is 56%, for the random-effects model 65%. The difference stems from the different assumptions about variation concerning the studies. I² tells the reader that for the random-effects model 65% of the variance of tau² = 0.06 is due to variation in true effects between studies while the metric tau depicts the range of this variation for the effect size. In this case the distribution of effects is wide given a standard deviation of 0.245 compared to the mean effect of -0.186. To sum up, both metrics are helpful in order to understand study differences (Borenstein et al. 2017).
Alternative statistical inferences: NHST and Bayes
The estimation of aggregated effects can be done in two ways. Often, statistical inference of single studies, as well as meta-analyses, relied on the framework of Null Hypothesis Significance Tests (NHST). This approach came under severe critic (Fanelli and Ioannidis 2013; Ioannidis 2005; Kline 2013). Not least the American Statistical Association recommends going beyond NHST (Wasserstein et al. 2019; Wasserstein and Lazar 2016). A proposed way beyond is to apply Bayes’ theorem which estimates probabilities of hypotheses to be true given the data at hand, i.e. p(H|D), instead of probabilities of getting the data if the null hypothesis is correct, which is p(D|H). The latter is not what researchers want to know (Kruschke and Liddell 2018). Also, recent developments of software for applied researchers allow performing Bayesian meta-analyses without prohibitive time and effort (Roever 2020).
The Bayesian approach estimates a posterior probability distribution p(H|D) from the likelihood p(D|H), a prior p(H) and the marginal likelihood p(D) (Kruschke 2015). The estimation requires numerical simulations, typically some variant of Monte-Carlo simulation (see for a detailed discussion Roever 2020). 
[bookmark: _Hlk83286078]For several reasons we do not apply a Bayesian approach. First, a Bayesian estimation requires prior probabilities or probability distributions to start with. Without any information on the subject, one could choose a so-called “uninformative” prior. Given that there is no previous knowledge on mean effects of voluntary ICD on financial outcome, the choice of an informative prior seems subjective and open to discussion. Second, without an informative prior and with sufficient sample sizes[footnoteRef:2] as in our case, the differences between a NHST and Bayes estimation are typically small (Kelter 2020). Third, Bayesian estimation procedures are not for all analyses readily available. There are no applied Bayesian methods for meta-regression, for example. Without that we would need to combine Bayesian and NHST approaches in one paper which might seem inconsistent to readers. [2:  Often meta-analyses aggregate less than ten studies, see Roever (2020).] 


Moderator analysis
Meta-analysis allows to evaluate impacts of moderator variables which are characteristics of studies and vary between studies. This allows a deeper insight into possible causes of heterogeneity. The way forward is to apply meta-regression which is based on the same concept for regressions in primary studies (for a thorough discussion Stanley and Doucouliagos 2012). A meta-regression uses the effects of studies as dependent variable and – in our case categorical – moderators as dependent variables in a random-effects model (Borenstein et al. 2009). The main differences of a meta-regression based on study effects as data points from a regression in primary studies are (1) the level of analysis is the study (effects per study) not the subjects (firms, individuals), (2) like in aggregating studies in a meta-analysis, assigning a weight for each study effect is needed, and (3) the decision between a fixed- and a random-effects model has to be made (Borenstein et al. 2009). In accordance with the meta-analysis described before, we use effects and effect variances of primary studies and employ a random-effects model for meta-regression. Meta-regression is performed with the R package “metafor” (Viechtbauer 2010).

2. [bookmark: _Toc127861326]Interpretation of effects in sub-group analysis and meta-regression

It would go too far to discuss in more detail the interpretation of effects and their credible intervals in the original paper. Yet, for the interested reader, it might help to go deeper in how to interpret a) the size of an effect as significant or not, and b) the meaning of confidence intervals especially comparing between several effects in this meta-analysis, especially interpreting differing results between the sub-group analysis (section 4.2) and meta-regression (section 4.3).
Ad a) Effects like a mean or differences of means of two groups are estimated through sampling and a selected statistical procedure (Ellis 2012). Given that such effects are not determined through an analysis of the total population but has to be estimated from a limited sample, they are uncertain and it is usually not possible to determine an exact value, rather it can be measured and estimated to a certain degree of precision (Cumming 2011). Hence, an effect is always existing in a numerical sense but sometimes so small that it is not of economic relevance for a certain research question (Kline 2013). 
The precision depends mainly on four elements: the estimation procedure, the sample size and the underlying uncertainty in the sample as well as the size of the “true” effect in the population (ibid.). Confidence intervals (CI) are one instrument to document the precision of an effect (Cumming and Calin-Jageman 2016): the wider the less precise was the effect measured in a sample.
Ad b) In the meta-analysis at hand, a second question arises: how do we handle and interpret differences in means between two groups we want to compare if we find overlapping or non-overlapping confidence intervals between the two effects?
The following hypothetical examples illustrate this discussion (based on the software ESCI provided by Cumming and Calin-Jageman 2016)
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On the left panel we find two groups with non-overlapping CI and a clear difference in mean effects. 
On the right panel we have two groups with a difference in mean effects but an overlapping CI. In this case the effect difference exists definitely, but is it relevant? Yet, in general the statistics cannot tell us if this difference is economically relevant and important. Instead we can conclude from an overlapping CI that a difference exists between the two groups but it is corrupted by low measurement precision. Hence, further studies with larger sample sizes and/or better measurement procedures and research designs might shed more light on this.
The situation in the right panel is found in our meta-analysis results several times: CI of sub-groups overlap in many of the results tables.
Consider for example table 3, human capital has a CI of [0.049; 0.171] and ranked publications one of [0.084; 0.153]. A similar result overlap is found in several of our meta-regressions. In meta-regression 1 for example: human capital has an estimated CI of [- 0.062; 0.121] and journal rank one of [0.011; 0.144]. Again, both confidence intervals overlap. How do we interpret this?
The first analysis of sub samples and sub-groups (section 4.2) considers two types of effects: 1) the effect of voluntary ICD studies on the outcome of the sample, in table 3 for example for equity value (= all studies); and 2) the effect of a sub-group unconditional and irrespective of other sub-groups. So, we do not compare two sub groups like human capital and ranked publications directly based on a statistical test of the similarity or difference of the mean effects. The likelihood ratio test (LRT, last column in the result tables) is used to test if there is a statistically significant difference of a sub-group like human capital compared to the overall effect in the relevant (sub-)sample like equity value (table 3), so for example in table 3 no sub-group effect is statistically significantly different from the sample mean effect of 0.116. 
In that sense, one might view the LRT similar to estimating the raw bivariate correlation coefficient of two variables independent of other variables in a sample. We do not statistically compare two sub-groups in section 4.2. What we can infer is if sub groups show similar effect sizes or not between each other. In the case of human capital and ranked publication both are small and in similar ranges. Both are not in a statistical significance sense different from the mean effect of the sample which we interpret as that the sub groups exert not different effects compared to the effect over all studies included in this (sub-) sample.
The second analysis, the meta-regression (section 4.3) estimates the additional effect of a sub-group on the dependent variable conditional on all other sub-groups included in the regression model (so holding the other variables constant or at the mean to isolate the effect for a given and predefined set of independent variables). This is similar to estimating a partial correlation coefficient where one has to specify which other variables to include in the variable set. The interpretation is therefore different from the sub-group analysis above.
In case one would have only two values to compare (sample mean effect and only one sub-group effect) the difference of the mean effects in the first analysis and the regression coefficient with only one independent variable (the sub-group) would be basically identical (except for some sampling and estimation differences), because both measure a difference but one is unconditional and the other is conditional (Gelman et al. 2021). Only because we introduce a set of variables in our regression model the resulting coefficients cannot be directly compared between the sub-group analysis and the meta-regression. 
The rationale behind using meta-regressions is exactly what is mentioned above: understanding the additional effect of a sub-group on the dependent variable conditional on a set of other sub-groups that are selected based on theoretical arguments. To sum up this creates four possible situations:
	Sub-group in Sub-group analysis (section 4.2)
	Sub-group in Meta-regression (section 4.3)
	Interpretation

	Significant result
	Significant result
	Sub-group shows significant difference to the sample effect unconditionally and conditional on a set of other sub-groups

	Significant result
	Insignificant result
	Sub-group shows significant difference to the sample effect but not conditional on a set of other sub-groups

	Insignificant result
	Significant result
	Conditioning on a set of other sub-groups a significant effect is detected

	Insignificant result
	insignificant result
	No evidence for a significant effect


Concerning the second and third situation: this hints at more complex relations of sub-groups to the sample outcome and it needs further research because there might exist more complex causal relations between these sub-groups.
Here an example for this argument (based on McBee 2022, chapter 2): assume we have three variables A, B, and C. B influences A and C, so A does not influence C. A correlational analysis would yield a positive correlation between A and C despite that both are not causally connected. Only in conditioning on B in a regression, i.e. including it in a regression formula (C ~ A + B) we will find that A has no significant effect and B has a significant effect on C. So, in situation two in the table above, this might be case; In situation three there might exist collider variables (ibid., pp. 61-65) that can lead to spurious correlations. 







3. [bookmark: _Toc127861327]Publication bias: funnel plots and tests
We document here the results of funnel plots and rank and regression tests for testing asymmetries in funnel plots. Both tests evaluate the p-value of standard errors by chance. That means, a larger p-value indicates a larger probability that the standard error estimates are a result of chance. Overall, we find no indication of asymmetries and hence publication bias in these sub-groups for a 5 % significance level.
[bookmark: _Toc127861328]3.1 Sub-group Market Value
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Figure A-1: Funnel plot for sub-group market value
Rank Correlation Test for Funnel Plot Asymmetry: Kendall's tau = 0.1897, p = 0.0820
Regression Test for Funnel Plot Asymmetry
Model:     mixed-effects meta-regression model, Predictor: standard error
Test for Funnel Plot Asymmetry: z = 1.4225, p = 0.1549
Limit Estimate (as sei -> 0):   b = 0.0069 (CI: -0.1827, 0.1965)





[bookmark: _Toc127861329]3.2 Sub group cost of equity
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Figure A-2: Funnel plot for sub-group cost of equity

Rank Correlation Test for Funnel Plot Asymmetry: Kendall's tau = 0.1919, p = 0.2184

Regression Test for Funnel Plot Asymmetry
Model:     mixed-effects meta-regression model, Predictor: standard error
Test for Funnel Plot Asymmetry: z = 1.0501, p = 0.2937
Limit Estimate (as sei -> 0):   b = -0.2973 (CI: -0.5003, -0.0944)








[bookmark: _Toc127861330]3.3 Sub group cost of debt
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Figure A-3: Funnel plot for sub-group cost of debt

Rank Correlation Test for Funnel Plot Asymmetry: Kendall's tau = 0.0239, p = 0.9261
Regression Test for Funnel Plot Asymmetry
Model:     mixed-effects meta-regression model, Predictor: standard error
Test for Funnel Plot Asymmetry: z = -0.8419, p = 0.3999
Limit Estimate (as sei -> 0):   b = 0.1196 (CI: -0.0875, 0.3266)




[bookmark: _Toc127861331]3.4 Sub group accounting returns
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Figure A-4: Funnel plot for sub-group accounting returns

Rank Correlation Test for Funnel Plot Asymmetry: Kendall's tau = 0.0857, p = 0.4362

Regression Test for Funnel Plot Asymmetry
Model:     mixed-effects meta-regression model, Predictor: standard error
Test for Funnel Plot Asymmetry: z = 1.2184, p = 0.2231
Limit Estimate (as sei -> 0):   b = 0.0420 (CI: -0.1586, 0.2427)
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11b Kristandl/Bontis (2007) 95cost of equity correlation -0.143 -0.143 -0.144 0.104

18a Mangena et.al. (2010) 126cost of equity correlation -0.350 -0.35 -0.365 0.090

18b Mangena et.al. (2010) 126cost of equity correlation -0.319 -0.319 -0.331 0.090

18c Mangena et.al. (2010) 126cost of equity correlation -0.285 -0.285 -0.293 0.090

18d Mangena et.al. (2010) 126cost of equity correlation -0.285 -0.285 -0.293 0.090

19a Orens et.al. (2010) 668cost of equity correlation -0.272 -0.272 -0.279 0.039

33a Boujelbene/Affes (2013) 41cost of equity t-test -1.229 -0.193 -0.196 0.162

33b Boujelbene/Affes (2013) 41cost of equity t-test -0.462 -0.074 -0.074 0.162

33c Boujelbene/Affes (2013) 41cost of equity t-test -1.193 -0.188 -0.190 0.162

33d Boujelbene/Affes (2013) 41cost of equity t-test -0.843 -0.134 -0.135 0.162

33e Boujelbene/Affes (2013) 61cost of equity t-test -2.014 -0.254 -0.259 0.131

33f Boujelbene/Affes (2013) 61cost of equity t-test -1.936 -0.244 -0.249 0.131

33g Boujelbene/Affes (2013) 61cost of equity t-test -1.694 -0.215 -0.219 0.131

33h Boujelbene/Affes (2013) 61cost of equity t-test -1.404 -0.180 -0.182 0.131

34a Barus/Siregar (2014) 79cost of equity t-test -1.868 -0.208 -0.211 0.115

34b Barus/Siregar (2014) 79cost of equity t-test -3.961 -0.411 -0.437 0.115

34c Barus/Siregar (2014) 79cost of equity t-test 0.069 0.008 0.008 0.115

34d Barus/Siregar (2014) 79cost of equity t-test 1.150 0.130 0.131 0.115

35a Sieber et.al. (2014) 700cost of equity correlation -0.198 -0.198 -0.201 0.038

41 Mangena et.al. (2016) 125cost of equity correlation -0.344 -0.344 -0.359 0.091

44b Anifowose et.al. (2017) 91cost of equity correlation -0.007 -0.007 -0.007 0.107

49a Bouchareb/Kouki (2019) 135cost of equity t-test -2.120 -0.181 -0.183 0.087
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effect SE z Variance Weight

study Y SE * SE W WY WY

2

W

2

11a Kristandl/Bontis (2007) 0.209 0.104 0.011 92.00 19.227 4.018 8464

11b Kristandl/Bontis (2007) -0.144 0.104 0.011 92.00 -13.247 1.907 8464

18a Mangena et.al. (2010) -0.365 0.090 0.008 123.00 -44.950 16.427 15129

18b Mangena et.al. (2010) -0.331 0.090 0.008 123.00 -40.656 13.438 15129

18c Mangena et.al. (2010) -0.293 0.090 0.008 123.00 -36.053 10.568 15129

18d Mangena et.al. (2010) -0.293 0.090 0.008 123.00 -36.053 10.568 15129

19a Orens et.al. (2010) -0.279 0.039 0.002 665.00 -185.550 51.773 442225

33a Boujelbene/Affes (2013) -0.196 0.162 0.026 38.00 -7.431 1.453 1444

33b Boujelbene/Affes (2013) -0.074 0.162 0.026 38.00 -2.809 0.208 1444

33c Boujelbene/Affes (2013) -0.190 0.162 0.026 38.00 -7.216 1.370 1444

33d Boujelbene/Affes (2013) -0.135 0.162 0.026 38.00 -5.114 0.688 1444

33e Boujelbene/Affes (2013) -0.259 0.131 0.017 58.00 -15.039 3.899 3364

33f Boujelbene/Affes (2013) -0.249 0.131 0.017 58.00 -14.468 3.609 3364

33g Boujelbene/Affes (2013) -0.219 0.131 0.017 58.00 -12.690 2.776 3364

33h Boujelbene/Affes (2013) -0.182 0.131 0.017 58.00 -10.543 1.917 3364

34a Barus/Siregar (2014) -0.211 0.115 0.013 76.00 -16.059 3.393 5776

34b Barus/Siregar (2014) -0.437 0.115 0.013 76.00 -33.235 14.534 5776

34c Barus/Siregar (2014) 0.008 0.115 0.013 76.00 0.597 0.005 5776

34d Barus/Siregar (2014) 0.131 0.115 0.013 76.00 9.929 1.297 5776

35a Sieber et.al. (2014) -0.201 0.038 0.001 697.00 -139.853 28.062 485809

41 Mangena et.al. (2016) -0.359 0.091 0.008 122.00 -43.752 15.690 14884

44b Anifowose et.al. (2017) -0.007 0.107 0.011 88.00 -0.616 0.004 7744

49a Bouchareb/Kouki (2019) -0.183 0.087 0.008 132.00 -24.131 4.411 17424

sum totals 3068.000 -659.710 192.015 1087866

as Fisher z as correlations

Mean effect WY / W -0.215 -0.212

Variance  1 /W 0.000

standard error sqrt(1/W) 0.018

95% confidence interval lower bound -0.250 -0.245

upper bound -0.180 -0.178

Calculated quantities
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Effect size

Variance 

Within

Variance 

Between

Variance 

Total Weight

Calculated 

quantities

study Y V

Y

T

2

V

Total

W* W*Y

11a Kristandl/Bontis (2007) 0.209 0.011 0.063 0.074 13.586 2.839

11b Kristandl/Bontis (2007) -0.144 0.011 0.063 0.074 13.586 -1.956

18a Mangena et.al. (2010) -0.365 0.008 0.063 0.071 14.111 -5.157

18b Mangena et.al. (2010) -0.331 0.008 0.063 0.071 14.111 -4.664

18c Mangena et.al. (2010) -0.293 0.008 0.063 0.071 14.111 -4.136

18d Mangena et.al. (2010) -0.293 0.008 0.063 0.071 14.111 -4.136

19a Orens et.al. (2010) -0.279 0.002 0.063 0.064 15.567 -4.343

33a Boujelbene/Affes (2013) -0.196 0.026 0.063 0.089 11.229 -2.196

33b Boujelbene/Affes (2013) -0.074 0.026 0.063 0.089 11.229 -0.830

33c Boujelbene/Affes (2013) -0.190 0.026 0.063 0.089 11.229 -2.132

33d Boujelbene/Affes (2013) -0.135 0.026 0.063 0.089 11.229 -1.511

33e Boujelbene/Affes (2013) -0.259 0.017 0.063 0.080 12.503 -3.242

33f Boujelbene/Affes (2013) -0.249 0.017 0.063 0.080 12.503 -3.119

33g Boujelbene/Affes (2013) -0.219 0.017 0.063 0.080 12.503 -2.736

33h Boujelbene/Affes (2013) -0.182 0.017 0.063 0.080 12.503 -2.273

34a Barus/Siregar (2014) -0.211 0.013 0.063 0.076 13.176 -2.784

34b Barus/Siregar (2014) -0.437 0.013 0.063 0.076 13.176 -5.762

34c Barus/Siregar (2014) 0.008 0.013 0.063 0.076 13.176 0.103

34d Barus/Siregar (2014) 0.131 0.013 0.063 0.076 13.176 1.721

35a Sieber et.al. (2014) -0.201 0.001 0.063 0.064 15.583 -3.127

41 Mangena et.al. (2016) -0.359 0.008 0.063 0.071 14.098 -5.056

44b Anifowose et.al. (2017) -0.007 0.011 0.063 0.074 13.495 -0.094

49a Bouchareb/Kouki (2019) -0.183 0.008 0.063 0.070 14.222 -2.600

totals 304.216487 -57.19062621

T² = variance of studies for

true effect distribution as Fisher z as correlations

 = WY² - (WY/W) - df Mean effect W*Y / W* -0.188 -0.186

with df = no. of effects - 1 variance 1/W* 0.003

standard error sqrt(1/W*) 0.057

95% confidence interval lower bound -0.300 -0.292

upper bound -0.076 -0.075
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sub no. if

Study ID effects > 1

study name 

long Journal Journal Ranking study name short year country disclosure environment

1 1 Riahi-Belkaoui, A. (2003). Intellectual capital and firm performance of US multinational firms: A study of the resource-based and stakeholder views. Journal of Intellectual Capital, 4(2), 215–226.Journal of Intellectual Capitalnot ranked Riahi-Belkaoui (2003) 2003USA high disclosure environment

2 2a Youndt, M. A., & Snell, S. A. (2004). Human Resource Configurations, Intellectual Capital, and Organizational Performance. Journal of Managerial Issues, 16(3), 337–360Journal of Managerial IssuesC Youndt/Snell (2003) 2003USA high disclosure environment

2b Youndt, M. A., & Snell, S. A. (2004). Human Resource Configurations, Intellectual Capital, and Organizational Performance. Journal of Managerial Issues, 16(3), 337–360Journal of Managerial IssuesC Youndt/Snell (2003) 2003USA high disclosure environment

2c Youndt, M. A., & Snell, S. A. (2004). Human Resource Configurations, Intellectual Capital, and Organizational Performance. Journal of Managerial Issues, 16(3), 337–360Journal of Managerial IssuesC Youndt/Snell (2003) 2003USA high disclosure environment

3 3a Tseng, C.-Y., & James Goo, Y.-J. (2005). Intellectual capital and corporate value in an emerging economy: empirical study of Taiwanese manufacturers. R&D Management, 35(2), 187–201R&D ManagementA Tseng /Goo (2005) 2005Taiwan low disclosure environment

3b Tseng, C.-Y., & James Goo, Y.-J. (2005). Intellectual capital and corporate value in an emerging economy: empirical study of Taiwanese manufacturers. R&D Management, 35(2), 187–201R&D ManagementA Tseng /Goo (2005) 2005Taiwan low disclosure environment

3c Tseng, C.-Y., & James Goo, Y.-J. (2005). Intellectual capital and corporate value in an emerging economy: empirical study of Taiwanese manufacturers. R&D Management, 35(2), 187–201R&D ManagementA Tseng /Goo (2005) 2005Taiwan low disclosure environment

3d Tseng, C.-Y., & James Goo, Y.-J. (2005). Intellectual capital and corporate value in an emerging economy: empirical study of Taiwanese manufacturers. R&D Management, 35(2), 187–201R&D ManagementA Tseng /Goo (2005) 2005Taiwan low disclosure environment
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sub no. if method of

study time  type of sample IC measure- IC measure- Disclosure
Study ID _ effects>1 |frame sample size sample units industry IC category ment ment channel
1 1 1986-1993  longitudinal 81 firms not specified other IC  trademarks  financial data others
2 2a  |?2000/2001? cross-section: 208 firms diverse human capit: human capita items of ques'survey
2b  |?2000/2001? cross-section: 208 firms diverse structural ca organizationa items of ques' survey
2 22000/20012 cross-section: 208 firms diverse other I social capital items of ques'survey
3 3a 2000 cross-section: 81 firms mostly high-te human capit: human capita items of ques'survey
3b 2000 cross-section: 81 firms mostly high-te structural ca innovation ca items of ques'survey
3c 2000 cross-section: 81 firms mostly high-te structural ca organizationa items of ques'survey
3d 2000 cross-section: 81 firms mostly high-te relational ca relationship ciitems of ques'survey
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