
Florida State University Libraries
Electronic Theses, Treatises and Dissertations  The Graduate School

2018

Critical Issues in Survey Meta-Analysis
Ahmet Serhat Gozutok

Follow this and additional works at the DigiNole: FSU's Digital Repository. For more information, please contact lib-ir@fsu.edu

http://diginole.lib.fsu.edu/
mailto:lib-ir@fsu.edu


 
 

FLORIDA STATE UNIVERSITY 

 

COLLEGE OF EDUCATION 

 

 

 

 

 

 

CRITICAL ISSUES IN SURVEY META-ANALYSIS 

 

 

  

 

 

 

 

By 

 

AHMET SERHAT GOZUTOK 

 

 

 

 

 

 

 

A Dissertation submitted to the 

Department of Educational Psychology and Learning Systems 

in partial fulfillment of the  

requirements for the degree of  

Doctor of Philosophy 

 

 

 

 

 

 

 

 

 

 

 

 

 

2018 



 

 

ii 

 

Ahmet Serhat Gozutok defended this dissertation on November 9, 2018. 

The members of the supervisory committee were: 

 

 

                                                                                              

Betsy J. Becker 

Professor Directing Dissertation 

 

 

 

Fred W. Huffer 

University Representative 

 

 

 

Yanyun Yang 

Committee Member 

 

 

 

Insu Paek 

Committee Member 

 

 

 

 

 

 

The Graduate School has verified and approved the above-named committee members, and  

certifies that the dissertation has been approved in accordance with university requirements. 



 

 

iii 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This dissertation is dedicated to my father, 

Mehmet Muhterem Gozutok 

and to the memory of my uncle, 

Abdullah Emin Canpolat 

 

 

 

 

  



 

 

iv 

 

ACKNOWLEDGMENTS 

 

 First, I would like to express my deepest gratitude to my academic advisor, Dr. Betsy J. 

Becker. She has been my mentor, my role model, my counselor, and my friend. She has always 

been there when I needed her. She has always supported me, motivated me to do better, to be 

better. She made me a better researcher. Words cannot express how grateful and thankful I am 

for her endless support, encouragement, inspiration and guidance. Thank you so much for 

everything you have done for me, Dr. Becker. 

 I would like to thank my dissertation committee members, Dr. Yanyun Yang, Dr. Insu 

Paek, and Dr. Fred W. Huffer for their feedback and suggestions. 

 My friends and colleagues have also provided me with invaluable support, and guidance. 

I would like to acknowledge Neslihan Canpolat Cig, Dr. Oguzcan Cig, Dr. Salih Binici, and 

Zubeyde Binici. They have always been helpful and supportive. I also would like to express my 

appreciation to Dr. Abdullah Alghamdi whom I consider to be my colleague, my brother, and my 

best friend throughout this venture. 

 Finally, I would like to express my sincere gratitude to my family, my mother, Ayse 

Gozutok, my father, Mehmet Muhterem Gozutok, my uncle, Mustafa Canpolat, my brother and 

his wife, Omer Serdar Gozutok and Aynur Gozutok, and my little niece, Inci Gozutok for their 

unconditional love, and emotional support. My work would not have been possible without the 

support from my family.  

 
 

 

 



 

 

v 

 

TABLE OF CONTENTS 

 

LIST OF TABLES ......................................................................................................................... vi 

LIST OF FIGURES ..................................................................................................................... viii 

ABSTRACT ................................................................................................................................... ix 
 

1. INTRODUCTION ......................................................................................................................1 
 

 1.1 How Survey Items Vary.......................................................................................................1 

     1.2 Integrating Survey Items ......................................................................................................2 
 

2. LITERATURE REVIEW..........................................................................................................10 
 

 2.1 Question Stem: Variations in Wording of the Question ....................................................11 

     2.2 Number of Response-Option Categories ...........................................................................12 

     2.3 Scale Direction: Unipolar vs. Bipolar Scales .....................................................................14 

     2.4 Response Scale Labeling: Fully-Labeled vs. Endpoints-Labeled Response Categories ...16 

     2.5 Response-Option Labeling: Slightly Different Response-Option Labels  .........................18 

     2.6 The World Database of Happiness ....................................................................................21 

     2.7 Scale Transformations .......................................................................................................23 
 

3. METHODOLOGY ....................................................................................................................31 
 

 3.1 Diversity across Question Stems due to Variations in Wording of Question Stems .........32 

 3.2 Diversity across Response Scales ......................................................................................35 

     3.3 A Case Study......................................................................................................................43 
 

4. RESULTS .................................................................................................................................51 
 

 4.1 Task One: Rating the Strength of the Wordings of Question Stems .................................51 

 4.2 Task Two: The Semantic Judgement of Fixed Word Value Method (SJFW) ...................53 

 4.3 Task Three: The Semantic Judgement of Word Value in Context Method (SJWC) .........56 

 4.4 The Outcomes of the Transformation Methods .................................................................61 

 4.5 The Results of Meta-Analyses ...........................................................................................65 
 

5. CONCLUSIONS AND DISCUSSION ....................................................................................76 
 

 5.1 Transforming Outcomes of Survey Questions ...................................................................76 

 5.2 Example Meta-analyses .....................................................................................................80 

 5.3 Implications and Limitations .............................................................................................84 

 

APPENDICES ...............................................................................................................................86 

 

A. IRB APPROVAL MEMORANDUM .......................................................................................86 

B. IRB CONSENT FORM ............................................................................................................87 

 

REFERENCES ..............................................................................................................................89 

 

BIOGRAPHICAL SKETCH .........................................................................................................93 



 

 

vi 

 

LIST OF TABLES 

 

Table 3.1: The Survey Questions and Response-Option Labels ....................................................44 

 

Table 3.2: The Response-Scale Characteristics of the Questions ..................................................45 

 

Table 3.3: Descriptive Statistics of the Original Response Scales of the Questions .....................47 

 

Table 3.4: Shape Parameters of the Beta Distributions for the Made-up Questions .....................48 

 

Table 4.1: Task 1: Ratings for the Strength of the Question Stems across Coders .......................52 

 

Table 4.2: Frequencies of the Ratings Assigned by Coders ..........................................................52 

 

Table 4.3: Correlations between the Ratings for the Strength of Question Stems ........................53 

 

Table 4.4: Task 2: The Semantic Judgement of Fixed Word Value Method: How Happy Are You 

in General? .....................................................................................................................................54 

 

Table 4.5: Correlations between the Values Assigned by Coders in the SJFW Method ...............56 

 

Table 4.6: Task 3: The Semantic Judgement of Word Value in Context Method .........................57 

 

Table 4.7: Correlations between the Values Assigned by Coders in the SJWC Method ..............61 

 

Table 4.8: The Transformed Unweighted Means and Standard Deviations from the Four 

Transformations .............................................................................................................................62 

 

Table 4.9: The Pearson Product-Moment Correlations between Means from the Four 

Transformations .............................................................................................................................64 

 

Table 4.10: The Fixed-effects Models ...........................................................................................66 

 

Table 4.11: The Random-effects Models.......................................................................................68 

 

Table 4.12: Correlations among the Predictor Variables ...............................................................69 

 

Table 4.13: The Mixed-effects Model - Number of Response Categories ....................................69 

 

Table 4.14: The Mixed-effects Model - Polarity ...........................................................................70 

 

Table 4.15: The Mixed-effects Model - Labeling ..........................................................................71 

 

Table 4.16: The Mixed-effects Model - Ratings of Question Stem Strength ................................71 

 

Table 4.17: The Mixed-effects Model – Question Type ................................................................72 



 

 

vii 

 

 

Table 4.18: The Mixed-effects Model - Country ...........................................................................73 

 

Table 4.19: The Mixed-effects Model - Year ................................................................................74 
 

  



 

 

viii 

 

LIST OF FIGURES 

 

Figure 3.1: Screenshot of the rating task for determining strength of the question stems in 

Qualtrics .........................................................................................................................................36 

 

Figure 3.2: The screenshot of the preview for the Semantic Judgement of Fixed Word Value 

method............................................................................................................................................42 

 

Figure 3.3: Screenshot of one question for the Semantic Judgement of Word Value in Context 

method............................................................................................................................................43 

 

Figure 4.1: Distribution of the means of assigned values in the SJFW method ............................55 

 

Figure 4.2: Distribution of the means of assigned values in the SJWC method ............................60 

 

Figure 4.3: Distributions of means from the four transformation methods ...................................63 

 

Figure 4.4: Scatterplots among the means from the four transformations .....................................65 

 

Figure 4.5: Fixed-effects forest plot for the Linear-Stretching method .........................................66 

 

Figure 4.6: Fixed-effects forest plot for the Semantic Judgement of Fixed Word Value method .67 

 

Figure 4.7: Fixed-effects Forest Plot for the Semantic Judgement of Word Value in Context 

method............................................................................................................................................67 

 

Figure 4.8: Scatter plots of the weighted means of LS-2 and SJWC predicted by year of 

administration ................................................................................................................................74 

 

 

 

 

  



 

 

ix 

 

ABSTRACT 

 

 

In research synthesis, researchers may aim at summarizing peoples’ attitudes and 

perceptions of phenomena that have been assessed using different measures. Self-report rating 

scales are among the most commonly used measurement tools to quantify such latent constructs 

in education and psychology. However, self-report rating-scale questions measuring the same 

construct may differ from each other in many ways. Scale format, number of response options, 

wording of questions, and labeling of response option categories may vary across questions. 

Consequently, variations across the measures of the same construct bring about the issue of 

comparability of the results across the studies in meta-analytic investigations.  

In this study, I examine the complexities of summarizing the results of different survey 

questions about the same construct in the meta-analytic fashion. More specifically, this study 

focuses on the practical problems that arise when combining survey items that differ from one 

another in the wording of question stems, numbers of response option categories, scale direction 

(i.e., unipolar and bipolar scales), response scale labeling (i.e., fully-labeled scales and 

endpoints-labeled scales), and response-option labeling (e.g., “extremely happy” - “completely 

happy” - “most happy”, “pretty happy”, “quite happy”- “moderately happy”, and  “not at all 

happy” - “least happy” - “most unhappy”). In addition, I propose practical solutions to handle the 

issues that arise due to such variations when conducting a meta-analysis. I discuss the 

implications of the proposed solutions from the perspective of meta-analysis.  Examples are 

obtained from the collection of studies in the World Happiness Database (Veenhoven, 2006), 

which includes various single-item happiness measures.   



 

 

1 

 

CHAPTER 1 

 

INTRODUCTION 

 

 

In almost all scientific disciplines, researchers use survey-research techniques in 

investigating their research interests. To emphasize the common use of survey research, Saris 

and Gallhofer (2007) examined the uses of different data-collection methods (e.g., survey, 

experimental, observational designs) in five disciplines (economics, sociology, political science, 

psychology, and public opinion). They reviewed studies published in prestigious journals of each 

discipline in the 1994-1995 period. They concluded that data collection based on survey designs 

was the method used most by the studies in the fields of sociology, psychology, and public 

opinion. They also compared their findings with the findings by Presser (1984), who had 

reviewed studies published in the same journals between 1949 and 1980 for the same purpose. 

They noted that the applications of survey research increased over time most markedly in the 

area of social psychology. 

1.1 How Survey Items Vary 

 

The intense use of survey-based research in the studies of the social sciences brings about 

diversity in applications of surveys. Consequently, survey items on the same research topic differ 

from each other in various aspects such as survey design, data-collection procedures, 

characteristics of survey items and response scales. Saris and Gallhofer (2007) presented a 

comprehensive work that shows various ways of designing survey items. They pointed out that 

researchers have many choices in formulating requests for answers, given the same concept. 

1.1.1 Wording of the Question Stem  

 

For example, the wording of an item may prompt respondents to provide a direct answer 

to a question: “How satisfied are you with...?” Alternatively, the wording of an item may be 
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formulated by including a statement, and respondents are asked to judge the appropriateness of 

the statement: “Please indicate the extent to which you agree with the following statement: I am 

satisfied with…” 

1.1.2 Response-Option Diversity 

 

Variations are also seen in the design of response-option alternatives. Items may be 

formed as open-ended questions by asking respondents to provide an answer using their own 

words, or as closed-ended questions by asking respondents to choose an answer from a set of 

response choices (Krosnick & Presser, 2009). Response options of closed-ended questions come 

with corresponding response scales. Researchers choose among many response-scale types such 

as ranking scales, rating scales, graphical scales, and semantic-differential scales. The 

characteristics of those response scales can differ in many ways. Saris and Gallhofer (2007) 

listed several points that should be considered in examining response scales of survey items. 

Some of these points are the response-category format (e.g., yes/no scales, frequency scales, and 

Likert-type scales), number of response categories, labeling of category options, correspondence 

between the labels and numbers of the category options, symmetry of the labels, bipolar and 

unipolar scales, agreement between the concept and the scale, the use of a neutral or middle 

category, the use of “don’t know” options, the use of vague quantifiers (e.g., very, fairly, rarely) 

or numeric categories, the use of reference points, the use of fixed reference points, and the 

measurement level (i.e., nominal, ordinal, and continuous scales). 

1.2 Integrating Survey Items 

 

Each individual survey study on a particular research phenomenon with its own survey 

characteristics makes a unique contribution to that research area. Diversity across the different 

survey questions about the same construct can cause results of studies to differ from each other. 
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However, this heterogeneity provides researchers opportunities to understand possible reasons 

why results appear inconsistent across studies. Researchers may well be interested in integrating 

findings across such different survey-based studies of the same research concept. In order to 

summarize the findings of different survey items on the same topic, meta-analysts should ensure 

that the items measure the same construct, and that outcome measures of the items across the 

different survey studies are comparable to one another. Comparability across the items may be 

hampered by the fact that items tapping the same construct may differ from each other on many 

of the aspects mentioned above. Meta-analysis can be an appropriate statistical method for 

dealing with heterogeneity across findings of different studies, summarizing them together.  

In this study, I examine how one can handle diversity across survey items in meta-

analytic investigations. In particular, I focus on diversity across single item-survey questions 

based on self-report rating scales about the same construct: This diversity is due to the wording 

of question stems, numbers of response-option categories, scale direction, response-scale 

labeling, and response-option labeling. I further elaborate on the variation in survey items in the 

next section. Below I briefly introduce the idea of meta-analysis.  

1.2.1 Meta-Analysis 

 

As defined by Glass (1976), meta-analysis is “the statistical analysis of a large collection 

of analysis results from individual studies for the purpose of integrating the findings” (p. 3). 

Meta-analysis includes statistical methods to synthesize results across empirical-quantitative 

research studies, and to summarize these results for the purpose of reaching an overall 

understanding of a particular body of research. Rosenthal (1995) defined the concept more 

specifically: “Meta-analytic reviews are quantitative summaries of research domains that 

describe the typical strength of the effect of phenomenon, its variability, its statistical 
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significance, and the nature of the moderator variables from which one can predict the relative 

strength of the effect or phenomenon” (p. 183).  

Lipsey and Wilson (2001) pointed out situations in which meta-analysis can be applied. 

They stated that meta-analysis is used to summarize findings of empirical research studies based 

on experimental, observational, and survey designs. Empirical research studies that are meta-

analyzed should be based on quantitative data that can be summarized by descriptive and 

inferential statistics. They also stated that the studies being meta-analyzed should focus on the 

same constructs and should report findings in similar statistical forms. 

1.2.2 Cooper’s Steps of Research Synthesis  

 

 Cooper (2016) outlined a framework for conducting meta-analysis. His framework 

consists of seven steps. The steps are as follows: Formulating the problem, searching the 

literature, gathering information from studies, evaluating the quality of studies, analyzing and 

integrating the outcomes of studies, interpreting the evidence, and presenting the results. These 

steps are not mutually exclusive. In many circumstances, the decisions made in one step may 

affect the actions researchers would take in the other steps. Below I briefly touch on these steps. 

However, given the purpose of this study, I mostly focus on step 3, gathering information from 

studies. 

1.2.2.1 Formulating the problem. Formulating the problem in meta-analysis is a core 

step, as the decisions made in this step serve as the basis for the further steps. In this step, 

researchers determine the concepts related to their research interests. Then, variables 

representing that particular concept are determined. Meta-analysts provide conceptual and 

operational definitions of these variables so that the relevant and irrelevant studies can be 

identified appropriately in the next stages of meta-analysis (e.g., searching the literature). In the 



 

 

5 

 

end, researchers want to clarify a specific research question(s) they will address, and the relevant 

research evidence that they need to search for in the primary studies.  

For example, assume that one wants to integrate the findings of studies on happiness. 

First, the conceptual definitions of happiness should be delineated. What aspect of happiness is 

the focus of the research: hedonic level of affect, contentment, or overall evaluation of life? 

(Veenhoven, Ehrardt, Ho, & de Vries, 1993). Reviewers should ask themselves whether the 

conceptual definition of happiness in their meta-analysis covers similar concepts such as life 

satisfaction, and subjective wellbeing, and must assess whether the concepts are used 

interchangeably. Also, researchers should specify whether they are interested in simply 

describing the variable of interest (e.g., expressed happiness levels across nations) or examining 

the variable’s relationship(s) with other variables (e.g., relationship between happiness and 

income). Clear specifications of these questions help the meta-analyst determine what kind(s) of 

measurement instruments and outcome measures they should seek in the primary studies to be 

included in meta-analysis (e.g., correlational outcomes, descriptive summary statistics).  

1.2.2.2 Searching the literature. Once a research question is formulated, the next step is 

to locate the studies relevant to the specific research interest. Ultimately, researchers want to 

ensure that the study collection for their meta-analysis includes all previous studies that are 

relevant to the topic of interest. Meta-analysts have a variety of sources to use when searching 

for relevant studies. Lipsey and Wilson (2010) listed some of these sources as prior meta-

analyses and review studies, reference lists in previous related studies, computerized 

bibliographic databases, bibliographic reference volumes, relevant journals, conference programs 

and proceedings, authors or experts in the area of interest, and government agency document 

collections. A good search is comprehensive (including all relevant searching sources), unbiased 



 

 

6 

 

(including both published and grey literature), and representative (including all relevant key 

words in electronic searches). 

1.2.2.3 Gathering information from studies. The next step is to gather information 

from studies. In this step, meta-analysts construct a coding protocol that provides coders with 

what kind(s) of study features should be coded for the studies. Cooper (2016) presented an 

outline that lists typical types of information meta-analysts may want to gather from primary 

studies. The information is related to various aspects of research, including study report 

characteristics (e.g., author list, publication year, publication type), experimental conditions (e.g., 

intervention characteristics in detail such as intensity and duration of intervention, independent 

variables used, and control group conditions, if any), study settings (e.g., geographic and 

institutional characteristics of studies), sample characteristics (e.g., gender, ethnicity, age, socio-

economic status, and education level), outcome variables (e.g., types of outcome, measurement 

scales of outcome, and validity and reliability evidences for outcome measures), types of 

research design (e.g., experimental randomized control trials, quasi-experimental designs, cross-

sectional designs, and longitudinal designs), statistical outcomes and effect sizes (e.g., statistical 

tests used, type of effect size reported), and coder and coding characteristics (e.g., coder name, 

duration of coding time). The ultimate purpose of coding is to ensure that information gathered 

from studies is expressed in a systematic, organized, unbiased, and standardized way.  

The coding process involves subjective judgements of coders. In order to ensure that the 

coders complete the coding process in the intended way, meta-analysts want to train coders about 

the coding protocol prior to the actual coding task. The purpose of training is to have coders 

comprehend the use of the coding protocol and meanings of the variables that are being coded. 

Trainings may include group activities such as practice with the coding protocol by working on a 



 

 

7 

 

small but representative sample of studies, and discussing the issues and discrepancies among 

coders that are identified during and after the practice session. In addition, to minimize risks in 

the coding process, meta-analysts may want to select some coders who are at least at the level of 

doctoral students, and who have strong familiarity with meta-analysis, social science 

methodology, and the research field that is meta-analyzed. (Lipsey &Wilson, 2001). 

1.2.2.4 Evaluating the quality of studies. After the studies are collected, the next task is 

to evaluate the quality of the studies to determine which studies are kept and which ones are 

excluded from meta-analysis. In this stage, the studies that have passed through the literature 

search and coding process are taken under quality-check investigation to determine whether they 

meet the inclusion criteria. Each study is carefully examined to ensure that the research methods 

applied in the primary study are appropriate to the particular research purposes of the meta-

analysis. Meta-analysts check whether the studies have included targeted study characteristics 

such as the intended population, appropriate research design, and sufficient statistics to extract 

effect sizes. Also, meta-analysts scrutinize whether unintended events occurred during the 

research implementation of the primary studies. In the end, the collection of studies is finalized 

to be analyzed in the further steps of meta-analysis. 

1.2.2.5 Analyzing and integrating the outcomes of studies. The next step is to 

determine what statistical procedures meta-analysts should use to integrate the findings across 

studies. Meta-analysts determine the appropriate effect-size metric based on the research 

questions that need to be addressed. For example, if the purpose is to summarize the findings of 

studies that compare the effect of a particular intervention between comparison and control 

groups, typical effect-size metrics may be the index for the standardized mean difference (i.e., d, 

or g index). If the purpose is to describe a relationship between continuous independent variables 
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and continuous outcomes, the most typical, appropriate metric would be the Pearson’s product-

moment correlation coefficient (r-index). When both the independent variable and the outcome 

are dichotomous, then typical effect-size metrics would be the odds ratio and risk ratio. For 

detailed information about the effect-size metrics, see Borenstein, Hedges, Higgins, and 

Rothstein (2009). Regardless of what effect-size metric is used, meta-analysts should provide 

substantive interpretations of magnitude of effect sizes so that readers can have a clear 

understanding of the meaning of the findings.  

In addition, meta-analysts should examine whether the magnitudes of effect sizes vary 

across studies (e.g., using the forest plot, Q statistic, or I2-index). In case heterogeneity exists, 

potential moderator variables should be tested to see if any degree of heterogeneity in effect sizes 

across studies can be accounted for by these variables. Depending on the targets of analyses, 

meta-analysts conduct their analyses under particular statistical models such as the random-

effects model, mixed-effects model, and fixed-effects model. For detailed information about the 

statistical models in meta-analysis, see Borenstein, Hedges, Higgins, and Rothstein (2009). 

1.2.2.6 Interpreting the evidence. When it comes to interpreting the evidence, meta-

analysts should discuss the results of meta-analysis in light of their generalizability and the 

limitations of the review. It is almost impossible not to face missing-data issues in meta-analysis. 

Some studies may meet all inclusion criteria; however, sufficient information to extract an effect 

size may not be found in the reports of those studies. There may be other studies that have not 

been published in any of the journals searched, so could not be included in the study collection. 

These problems may result in inaccurate estimations of the true effect size in the population. 

Meta-analysts want to address this potential missingness and publication bias. Cooper (2016) 

listed some of the techniques to assess these issues: the Rank Correlation Test (Begg & 
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Mazumdar, 1994), the Egger Test (Egger, Davey, Smith & Minder, 1997), the Funnel Plot 

Method (Macaskill, Walter, & Irwig, 2001), and the Trim-and-Fill Method (Duval & Tweedie, 

2000). Each has its strengths and weaknesses. For those who are interested in details of the 

techniques, refer to Rothstein, Sutton, and Borenstein (2005). 

Another point meta-analysts should discuss in interpreting evidence is whether the results 

would have been different if the analyses had been conducted using different statistical methods 

or under different data assumptions. This may be assessed by conducting a set of sensitivity 

analyses or by analyzing the data under different data assumptions. Meta-analysts want to ensure 

that the results stay consistent under different statistical conditions. If not, they should inform the 

readers and provide alternative interpretations about why inconsistency occurs.  

1.2.2.7 Presenting the results. The final step of meta-analysis is to present the results in 

meta-analytic reports. Meta-analysts should have clear and organized documentation that 

contains the necessary information obtained from earlier steps. A few guidelines for reporting 

standards for meta-analysis exist in the literature, including the Meta-Analysis Reporting 

Standards, called MARS (APA Publications and Communications Board Working Group on 

Journal Article Reporting Standards, 2008). The MARS guidelines describe what information 

should be reported in each section of a meta-analytic report. Mainly, the report should clearly 

document problem statements and researcher questions, inclusion and exclusion criteria, search 

and coding procedures, results of statistical analyses and interpretations of effect sizes, 

discussions of generalizability of results, and limitations of the study.  
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CHAPTER 2 

 

LITERATURE REVIEW 

 

 

Latent constructs are often measured by self-report survey questions. However, such 

questions differ from each other in many ways, across different surveys. This hampers the 

comparability of responses obtained from different survey items even though they intend to 

target the same construct. In this chapter, I introduce certain issues that bring about heterogeneity 

in the survey questions on the same construct. I also provide a few examples from the literature 

that examine diversity in the survey questions caused by the number of response-option 

categories, scale direction, response-scale labeling, and response-option labeling. 

 Lietz (2010) conducted a review in the marketing area to investigate how different survey 

questionnaire designs impact responses. She provided researchers with a set of general 

recommendations for best practice in developing questionnaires. She stated that the number of 

response categories for Likert-type scales should be between of 5 and 8. In designing scales with 

numeric response categories, she suggested having unipolar scales with numerical labels at each 

point of the scale, and verbal labels at the endpoints only. Additionally, she pointed out that the 

labels “extremely” and “not at all” appeared to be the most effective verbal intensifiers. As for 

the verbal quantifiers, she recommended using specific labels such as “the number of times per a 

period” rather than vague ones such as “frequently” and “usually”. Despite the 

recommendations, it is apparent that the survey literature includes various types of questions 

tapping the same construct but differing in methodological factors. Consequently, one may not 

be able to directly compare the results of the survey questions across different studies. 
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2.1 Question Stem: Variations in Wording of the Question 

 

 To make questions from different surveys of the same construct comparable with one 

another, one should make sure that the questions target the same phenomenon of interest. 

However, questions are often worded in different ways. How do we determine if differences in 

wording across the questions alter the interpretation and understanding of respondents of the 

construct being targeted? If the differences are trivial and ignorable, then responses to non-

identical but similar questions may be summarized together in a research synthesis. For example, 

in assessing overall life satisfaction, with “life as a whole”, can we assume that the question in 

survey A “Taken all together, how satisfied are you with your life as a whole?” taps the same 

construct as the question in survey B “Considering all aspects of your life, how satisfied are 

you?” or as the question in survey C “Are you satisfied or dissatisfied with the general state of 

your life?” Given that the questions sound ‘similar’, can we treat them as the same question?  In 

other cases, wordings of question stems may differ considerably across the questions. For 

example, in attempt to assess overall happiness in life, survey X asks “Generally speaking, how 

do you personally feel about your life?” while survey Y asks “Taking everything into 

consideration, do you consider yourself happy or unhappy?”  

In concluding whether or not to summarize the results of such non-identical but similar 

questions together in research synthesis, one critical step is to evaluate the similarities in 

meaning and interpretation of question stems across surveys. In this process, researchers may 

consult with experts from research methodology in survey research, meta-analysts, and content 

experts. For example, “strength” level of the question statements may be rated by multiple coders 

(e.g., content experts, researchers, small groups of randomly chosen individuals, etc.) to see 
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whether or not the question statements sound the same in terms of difficulty. Differences, if any, 

may be modeled as a moderator/grouping variable in further analyses.  

 Even when the question stem is the same across questions, the formats of the response 

category options may vary in different ways. They can be numerical or verbal. Scale formats also 

may vary in terms of number of response-category options, scale direction (e.g., symmetry, 

polarity, existence of middle category or a “don’t know” option), and response-option labeling 

(e.g., intensifiers anchored on response-category options). Below, each of these features is 

discussed. 

2.2 Number of Response-Option Categories 

 

Based on a comprehensive review, Eutsler and Land (2015) showed how frequently 

different numbers of response categories had been used. The review included 480 studies that 

had implemented various rating scales. The studies were published in seven top journals in the 

accounting literature between 2000 and 2014. Their report revealed that most of the studies used 

7 point scales (34%); others used 11 point scales (22%), 5 point scales (13%), and 9 point scales 

(7%). They also stated that variance was maximized when the scales used had 7 points, and all   

response categories were labeled. This is consistent with earlier findings by Krosnick and 

Fabrigar (1997) who had suggested that seven is the optimal number of response categories for 

Likert scales. Krosnick and Fabrigar (1997) also added that using more than seven categories 

does not benefit much in terms of obtaining more information. 

Kieruj and Moors (2010) examined the relationship between the number of response 

categories and respondent tendencies of choosing extreme-response and middle-response 

categories. Their findings indicated that the likelihood of choosing the extreme-response 

categories does not change across scales with different numbers of response categories (5 to 11 
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points). On the other hand, they also found that the middle-response categories were more likely 

to be chosen when the questionnaires were presented with relatively large numbers of response 

categories (i.e., 9, and 10 point scales). 

Batz, Parrigon, and Tay (2016) examined the comparability of linearly transformed 

scores of single-item happiness and life-satisfaction rating scales (i.e., the 3, 4, 5, 7, 10, and 11-

point scales obtained from the World Database of Happiness collection) after controlling for 

nation and year effects. They applied a linear transformation to rescale the rating scales with 

varying numbers of response categories to a reference 10-point continuum scale. They found that 

the mean scores transformed to the 10-point reference scale were significantly different from the 

original mean of the reference scale (i.e., grand mean). This result implied that the linear 

transformation method failed to fully solve the comparability issue. Transforming scale scores 

with more response categories on to scales with fewer response categories (i.e., moving an 11-

point scale on to a 10-point scale) resulted in deflated scale means. In contrast, scale means were 

inflated when transforming scores from scales with fewer response categories on to scales with 

more response categories (i.e., 3, 4, 5, and 7- point scales on to a 10-point scale) (Batz et al., 

2016). 

To synthesize the findings from individual studies in a meta-analysis, one should ensure 

that outcome measures from the individual studies are on a common metric, so they are 

comparable with one another. Due to the fact that one questionnaire item may be presented with 

different numbers of response options across studies, the original metrics of individual studies 

are often different from each other. Thus, summary statistics obtained from such metrics may not 

be directly compared with one another (e.g., in terms of means, proportions, etc.). To enable 

comparisons, scale conversions may be applied to rescale individual outcome measures, and to 
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locate them on a common metric. Once the scale points across studies are on a common scale, 

then meta-analysts can consider summarizing the results from the scales across studies. Some 

scale transformation methods available in the literature are discussed later.  

2.3 Scale Direction: Unipolar vs. Bipolar Scales 

 

Polarity can be conceptualized in the context of two types of rating scales: Polarity in 

verbal scales and polarity in numerical scales. In verbal scales, polarity (i.e., unipolar and 

bipolar) takes place in verbal labeling of the response options of scales. A verbal scale is called 

bipolar if the response options of a 5-point scale are labeled symmetrically around the neutral 

midpoint. For example, the two sides of the midpoint represent two contrasting poles such as 

“Unhappiness” and “Happiness”. The same intensifiers are used on two halves of a scale. An 

example of 5-point bipolar verbal scale response categories would be: “Extremely unhappy”, 

“Moderately unhappy”, “Neither unhappy nor happy”, “Moderately happy” and “Extremely 

happy”. On the other hand, unipolar verbal scales do not possess symmetry in response labeling 

(e.g., lack of unhappiness). The response option labels of unipolar verbal scales follow one 

directionality. For example, the options may run from “Least happy” to “Most Happy” or “Not at 

all happy to “Extremely happy”. 

In numerical scales (with no label anchoring), bipolarity exists if the number “0” is 

attached to midpoint of the scales and scale points on two opposite poles have the same 

numerical values with opposite signs (i.e., negative and positive). Thus, bipolar numerical scales 

hold symmetry and bi-directionality (assuming equidistance intervals between response options). 

For example, response option numbering for a 5-point bipolar numerical scale would be -2, -1, 0 

+1, and +2. On the other hand, in unipolar numerical scales, the number “0” doesn’t necessarily 

have to be attached to midpoint of the scale. Thus, symmetry can’t take place unless verbal labels 
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are attached to numerical values. Typically, response option numbering for unipolar numerical 

scales runs from positive to positive (e.g., 1, 2, 3, 4, and 5 for a 5-point unipolar numerical 

scale). 

Meta-analysts would be interested in combining the response options by their relative 

positions on the scales regardless of differences in numbering of the numerical scales and 

labeling of the verbal scales. The implications of such kinds of summarization are discussed 

below. 

Schwarz, Knäuper, Hipple, Noelle-Neumann, and Clark (1991) indicated that alongside 

the use of appropriate category labels, values assigned to the category labels also play a crucial 

role in respondents’ choice of a response-category option. Schwarz et al. (1991) found that 

respondents were more likely to choose lower point categories in an 11-category rating scale 

with points labeled 0-10 than in an 11-category scale with labels -5 to 5. Thirty-four percent of 

respondents chose categories between 0 and 5 in the 0-10 scale. When the -5 to 5 scale was 

presented, only 13% of the respondents chose the categories between -5 and 0. 

In order to investigate the impact of directionality of response-category options on the 

responses to 11-point endpoints-labeled unipolar rating scales, Yan and Keusch (2015) 

conducted an experimental study with 496 participants who were randomly assigned to either of 

the two versions of a telephone survey differing in response-scale direction (i.e., 0-10 point, and 

10-0 point rating scales). The respondents were asked to rate ten countries and locate them on the 

two versions of the 10 point development scales. Their overall findings indicated that for some 

countries, the average ratings appeared to be significantly lower in the 0-10 point scale as 

compared to the average ratings obtained from the 10-0 point scale. 

 



 

 

16 

 

2.4 Response Scale Labeling: Fully-Labeled vs. Endpoints-Labeled Response Categories 

 

 Fully-labeled scales are ones in which all response categories are verbally anchored with 

labels. In endpoints-labeled scales, however, verbal labels are attached to only the two endpoints. 

Fully-labeled 5-point scales, running from 1 to 5, may be endorsed by verbal labels such as 

“Extremely unhappy”, “Unhappy”, “Neither unhappy nor happy”, “Happy” and “Extremely 

happy”, respectively. In endpoints-labeled 5-point scales, only the end response categories 1 and 

5 are labeled “Extremely unhappy”, and “Extremely happy” respectively, while no labels are 

attached to the middle-response categories 2, 3, and 4.  

Eutsler and Land (2015) reported the frequencies of types of scale labeling. They stated 

that 72% of the studies used the scales labeled at endpoints only, while only 5% of the studies 

had scales in which all response categories were labeled. They also conducted two experimental 

studies with a total of 767 college students. They examined the impacts of number of scale 

response categories and scale labeling on the distributional and statistical characteristics of the 

responses such as response patterns, variance, normality, power, and error. Their findings 

indicated that labeling all response categories resulted in increased power, minimized error, and 

maximized variance.  

Weijters, Cabooter, and Schillewaert (2010) investigated the impacts of response-

category labels on the responses to rating scales with different numbers of response categories. 

They administered eight different scale formats in an online survey of 1207 participants. The 

participants were randomly assigned to one of eight conditions differing in number of response 

categories (i.e., 4, 5, 6, 7 points) and response-category label style (i.e., fully labeled vs. 

endpoints labeled). They found that a tendency to agree, as compared to disagree, was more 

likely to occur regardless of content when scale-response categories were fully labeled. They 
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also reported that the participants were less likely to choose extreme-response categories in the 

fully-labeled scales than in the endpoints-labeled scales. They recommended meta-analysts to 

consider the scale-format characteristics as potential covariates. 

Hamry and Levine (2016) also examined differences in response patterns to Likert-type 

scales differing in number of response categories (i.e., 4, 5, and 7 response categories) and in 

response-category labeling (i.e., only endpoints-labeled and fully-labeled scales). Their 882 

participants were randomly assigned to answer survey questions with endpoints labeled or all 

points labeled. In both scale conditions, each question was presented in three different ways: 

with four, five, and seven point response categories. Hamry and Levine’s findings were in 

agreement with the findings of Weijters et al. (2010). 

Cabooter, Weijters, Geuens, and Vermeir (2016) examined the impacts of scale polarity 

and numbering of scale response categories on the respondent’s choice on a 7-point agreement 

Likert-type scale labeled at the endpoints only. In their two-way design, 337 participants were 

assigned to one of four scale-format conditions: a unipolar scale with positive numbering, a 

unipolar scale with positive and negative numbering, a bipolar scale with positive numbering, or 

a bipolar scale with positive and negative numbering. Cabooter et al. (2016) found that bipolar 

scale formats elicited more responses toward the direction of “agree” as compared to the unipolar 

scale formats. The lowest ratings were given by the respondents in the unipolar positive 

numbering group. Their findings also indicated that extreme responses were chosen more 

frequently in the bipolar positive numbering group than the bipolar positive and negative 

numbering group. Cabooter et al. (2016) also recommended that researchers avoid comparing the 

results of rating scales with different scale formats, and they suggested examining the effects of 

the scale-format types as moderating variables or covariates in meta-analytic studies.  
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Kieruj and Moors (2014) further investigated if a tendency to choose endpoint response 

categories was induced by response-scale labeling and numbering (i.e., fully-labeled vs. 

endpoints-labeled response categories). Two scales, each including four items, were 

administered to 3266 respondents. The respondents were randomly assigned to one of the five 

scale-format conditions: Fully-labeled scales with/without unipolar numerical values (i.e., 1 to 

7), endpoints-labeled scales with/without unipolar numerical values, and an endpoints-labeled 

scale with bipolar numerical values (i.e., -3 to 3). Their findings revealed that the respondents 

were more likely to choose the endpoint categories in endpoints-labeled scales as compared to 

fully-labeled scales. Also, they found that choosing endpoint categories appeared to be more 

frequent in bipolar numerical scales (-3 to 3) than in unipolar numerical scales (1 to 7). 

Meta-analysts would be interested in combining response categories across the scales 

differing from each other in labeling format. Assuming that all other scale characteristics across 

the scales are kept constant, one may consider summarizing the results of these scales in a meta-

analysis if the distribution of responses on response categories is not affected by scale-labeling 

format. The effect of labeling format with regards to summarizing results across scales in meta-

analysis is discussed in this dissertation. 

2.5 Response-Option Labeling: Slightly Different Response-Option Labels 

 

Response-option labels may vary in many different ways across scales measuring the 

same concept. In one case (study (1)), a 7-point rating scale with responses running from 1 to 7 

may be presented with response options labeled “Extremely unhappy”, “Very unhappy”, 

“Unhappy”, “Neither unhappy nor happy”, “Happy”, “Very happy”, and “Extremely happy”. In 

another study (2), the response option labels of the same question may be slightly different: 

“Completely unhappy”, “Pretty unhappy”, “Unhappy”, “Neither unhappy nor happy”, “Happy”, 
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“Pretty happy”, and “Completely happy”.  The same question may also be presented in a way 

that some of the labels are in common, but their positions differ: “Very unhappy”, “Unhappy”, 

“Slightly unhappy”, “Neither unhappy nor happy”, “Slightly Happy”, “Happy”, and “Very 

happy”, study (3). Many other variations of the combinations of response labeling and positions 

are also possible. 

Jurges, Avendano and Mackenbach (2008) examined whether versions of a 5-point self-

report heath survey differing in response-category labels were comparable to one another. They 

compared the World Health Organization version (WHO; 1 – 5 point scale, labeled as very good, 

good, fair, poor, very poor) and the US version (US; 1 – 5 point scale, labeled as excellent, very 

good, good, fair, poor). Based on the analyses of the survey data from 11643 elderly Europeans 

who responded to both versions, they found that the number of respondents who chose the most 

positive opinion in the WHO version (i.e., very good) was about twice the number who selected 

the most positive opinion in the US version (i.e., excellent). The response frequency for the 

negative endpoint of the US version (i.e., poor) was about four times larger than that of the WHO 

version of the scale (i.e., very poor). This study also showed that respondents were more likely to 

choose identically labeled categories across the versions (e.g., choosing ‘very good’ on both 

versions regardless of its relative position on scales) rather than identically positioned categories 

on the scales across the versions (e.g., choosing the 4th category on both versions even though the 

labels of 4th category are not the same across the scales).  

When it comes to combining data from the two scales, Jurges et al. (2008) pointed out 

two options. One option is to obtain comparable scales consisting of four response categories by 

collapsing responses in the top two categories of the US version and the responses in the bottom 

two categories of the WHO version. The other option is to transform one scale to the other scale 
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(reference scale) by using the conditional probabilities of selecting each category of the reference 

scale. 

To investigate labeling and positioning effects on response choices, Friedman, Cohen, 

and Amoo (2003) administered two versions of a 7-point response-category questionnaire to 175 

college students who were randomly assigned to take one of the two versions. The versions 

differed from each other in some of the response-category labels and their relative positions on 

the scales: On a rating scale from 1 to 7, one had the categories “Completely Dissatisfied”, “Very 

Dissatisfied”, “Dissatisfied”, “Neither Satisfied Nor Dissatisfied”, “Satisfied”, “Very Satisfied” 

and “Completely Satisfied” while the other consisted of  “Completely Dissatisfied”, 

“Dissatisfied”, “Somewhat Dissatisfied”, “Neither Satisfied Nor Dissatisfied”, “Somewhat 

Satisfied”, “Satisfied” and “Completely Satisfied”, respectively. Testing the differences in the 

response-category frequency distributions and response patterns between the groups, they found 

that the response patterns were different between the scales, but the overall means of the 

distributions were the same, suggesting that the participants made their choices based on the 

response-category labels, not the relative position of the response categories. They also noted 

that the category “Satisfied” was more likely to be chosen in both versions of the questionnaires 

even though the position of the category was different on the two versions. 

A few considerations should be made when one attempts to combine responses from 

diverse scales. Considering studies (1) and (2), slightly different intensifiers are used across the 

scales. If one assumes that the meanings of the intensifiers are the same to the respondents (e.g., 

“extremely” and “completely” are treated as the same), then the response categories across the 

scales could be summarized together. Now consider studies (1) and (3). There are two possible 

ways one may combine the response options. The first possibility is to combine the identical 
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labels across scales regardless of their positions (e.g., “Very Unhappy”, associated with the 

number 2 in (1), and “Very Unhappy” positioned at 1 in (3)). The second possibility is to 

combine identical positions regardless of their labels (e.g., “Extremely Unhappy”, positioned at 1 

in (1), and “Very Unhappy” positioned at 1 in (3)). The implications of applying these options in 

summarizing the results of the scales across the studies in meta-analysis are discussed in this 

study.  

2.6 The World Database of Happiness 

 

 In this study, I use examples of rating scales that are intended to measure the concept of 

“happiness”. At this point, I would like to introduce Veenhoven’s “The World Database of 

Happiness”, a focused archive that stores the descriptive and correlational summaries of research 

findings on subjective enjoyment of life. The database can be found at 

http://worlddatabaseofhappiness.eur.nl (Veenhoven, n.d.). 

 Veenhoven (2014) stated that overviews of up-to-date research findings in social science 

have become more challenging due to the dramatic increase in the number of publications in 

happiness research in recent years. This issue necessitates more focused techniques to search and 

gather available research findings in the early steps of meta-analysis.  He stated that The World 

Database of Happiness archive is one such tool. It stores not only bibliographic references but 

also descriptive information on the findings of the studies of happiness across various nations 

and languages. The specific concept of happiness for this database is defined. Thus: “Overall 

happiness is the degree to which an individual judges the overall quality of his/her own life-as-a-

whole favorably. In other words: how much one likes the life one leads.” (Veenhoven et al., 

1993, p. 17). 
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 The database consists of four main sources. The first source is a bibliography that 

contains detailed information about both published and unpublished research on happiness. 

Information includes but is not limited to subject matter, authors, keywords, place, and time. A 

directory of the authors is also provided. It serves as a tool to overview the happiness literature. 

The next sources are the collections of distributional and correlational findings of the studies. For 

particular nations, regions, or publics, the distributional findings present information about the 

survey characteristics, measurement instruments, sampling, frequency distributions of responses, 

transformed means, and standard deviations on a 0-10 common scale with confidence intervals. 

The correlational findings include information about the results of studies that focus on 

relationships between happiness and other factors that are hypothesized covariables such as 

income and age. The information relates to population, study design, scale measures, assessment, 

correlational statistics, and effect sizes.  

The final source is the collection of measures. In this collection, the full texts of all 

eligible happiness measures are stored. They are classified based on some methodological 

characteristics such as conceptual focus of happiness, timeframe, survey mode, type of scale, and 

wording. (For details about measure eligibility procedures, see Veenhoven, 1984). For example, 

take a single item: 'Taken all together, how would you say things are these days? Would you say 

that you are…?' with three response categories: 3 Very Happy, 2 Pretty Happy, 1 Not too happy. 

The classification of this question is O-HL/c/sq/v/3/aa. O-HL corresponds to Overall-Happiness 

in Life as the focus of happiness, c corresponds to currently (presently, today) as the timeframe, 

sq corresponds to single question as the survey mode, v corresponds to verbal: each response 

option labeled as the scale type, 3 corresponds to three response categories as the scale range, 
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and aa is the corresponding item wording code for the phrasing of the question stem. All items in 

the database are classified based on the provided coding schema. 

 As of September 2018, the archive contained 1184 happiness measures varying in 

question wording and response-scale characteristics. The database of the measures can be very 

handy when it comes to refining rating scales in which information is standardized in a 

comparable way. By using search options in the database, researchers may be able to gather the 

studies in which the same survey items were used. Also, the database allows one to gather cases 

of rating scales that measure the same concept, but differ slightly from one another in question 

wording, response option labeling, and number of response option categories.  Further, these 

items may be subject to being summarized together in a meta-analysis.  For detailed information 

about the other aspects of the database, see Veenhoven (2014).  

2.7 Scale Transformations 

 

2.7.1 The Linear-Transformation Method: Linear Stretching  

 

 When it comes to comparing the responses to the same item with different response-

option characteristics, one common issue is the differences in the number of response-category 

options across rating scales. A common method to handle this issue is to convert the scale points 

of the primary scales (individual scales) into a common secondary scale by applying the linear 

transformation. If the number of response options of a primary scale is smaller than that of the 

common scale, transformation is done by linearly stretching the scale points of the smaller scale 

on to the larger scale (e.g., moving a 5 point scale to 10 point scale). If the number of primary 

scale response options is larger than the number of the common scale-response options, the 

primary scale is linearly compressed into the boundaries of the common scale (10 point scale to 5 

point scale). In order for verbal response scales to be linearly transformed on to a common scale, 
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the first operation is to assign numerical values to the verbal response categories (e.g., 1 for 

unhappy, 2 for neutral, 3 for happy). In this sense, linear transformations may be more 

appropriate to apply to numerical scales than verbal scales (DeJonge, Kalmijn, Veenhoven & 

Arends, 2015).  

 Linear transformations provide a way to transform scales with varying numbers of 

response categories to a common metric. The Linear Stretching method is commonly used to 

transform 5 or 7-point scales on a common scale with wider scale length, such as 0 to 10-point 

scale (DeJonge, Veenhoven & Arends 2015). Linear stretching projects the endpoints of the 

primary scale (i.e., 1 and 5 for 5 point scale) onto the endpoints of the common scale (i.e., 0 and 

10 for a 10 point scale). The middle category points of a primary scale (2, 3, and 4, with interval 

distance of 1) are projected onto the middle points of the common scale in a way that the 

distances between categories stay equivalent to each other (2.5, 5, and 7.5, with interval distance 

of 2.5). Consequently, the outputs of original scales differing in the number of response 

categories are brought to a comparable level.  

However, the linear transformation method is problematic for at least two reasons. The 

first is the assumption of equidistance between response categories; for a scale, the interval 

distances between successive response option categories are assumed to be equal to one another. 

It implies, for example, that the difference between the “very happy” and “extremely happy” 

categories is the same as the difference between the “neither happy nor unhappy” and “happy” 

categories. This assumption rarely holds, especially for fully-labeled scales with more response 

options. The second reason is that both stretching and compressing of primary scales ignore the 

existence of verbal response-option labels. Assume that a 3-point scale with categories ‘1- 

unhappy, 2-neither happy nor unhappy, 3- happy’ is being stretched to 5-point scale ‘1- 
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extremely unhappy, 2- unhappy, 3-neither happy nor unhappy, 4- happy, and 5-extremely 

happy’. When stretched, the values 1, 2, and 3 would convert to 1, 3, and 5, respectively. 

Assume a respondent who expressed his/her feeling as happy had chosen 3 on the old scale. The 

response option 3 corresponds to response option 5, which is extremely happy on the new scale. 

Consequently, linear transformations may result in incorrect categorizations of respondents due 

to differences in the labeling of response options across scales.     

2.7.2 The Nonlinear-Transformation Method: Semantic Judgement of Fixed Word Value 

 

 To get around the issues caused by the equidistance assumption and ignorance of 

response-option labels, the Semantic Judgement of Fixed Word Value approach has been 

proposed. The approach is based on using subjective judgments of individuals to determine 

corresponding values for possible response-option labels on a secondary numerical scale. A 

group of individuals (e.g., experts on the research context, representative samples from the 

population of interest, or random respondents) are asked to place each label on a common metric 

that is bounded by predetermined values (e.g., the lowest and highest response options are 

numbered with 0 and 10, respectively). One of the early applications of this approach was done 

by Jones and Thurstone (1955). They asked 905 respondents to rate 51 phrases that are used to 

indicate like-dislike status for food (e.g., strongly like, tasty, bad). Each phrase was presented 

independently with a 9-point equidistant numerical scale running from -4 to 4, on which 

endpoints were labeled with ‘Greatest Dislike’ and ‘Greatest Like’ and the midpoint (0) was 

labeled with ‘Neither Like Nor Dislike’. The averages of the individual ratings for each phrase 

determined the values of the phrases on the common scale. Consequently, all the phrases were 

placed on a common 9-point interval scale.  
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 Veenhoven et al. (1993) made use of the Jones and Thurstone (1955) approach in his 

initial version of the World Database of Happiness. Ten content experts were asked to rate 29 

various response-option labels that appeared in nine happiness items (e.g., quite happy, fairly 

happy, and very happy). The question stems of the items were almost identical, but items 

differed from one another in the number of response options and response-option labeling. The 

experts judged the response-option labels and assigned a value for each of them on a secondary 

scale. The averages of the expert ratings were assigned as the values for the response labels on 

the common scale, a continuous scale running from 0 to 10. Unlike Jones and Thurstone (1955), 

in which integer values were assigned to the labels (i.e., -4 to 4), the judges in Veenhoven’s 

study were allowed to assign any integer or non-integer number between 0 and 10 to the 

response-option labels. 

 The main shortcoming of the Semantic Value of Fixed Word Value approach is that 

experts rate the response options irrespective of the other response-option labels of the original 

scale and its relative position on the common scale that contains all other response-option labels. 

For example, when the response label ‘very happy’ is placed as the endpoint of a scale, one 

would rate this label to be on the very end of the secondary scale, such as at 10. On the other 

hand, if ‘very happy’ is placed on a scale in which the endpoint category label is ‘extraordinarily 

happy’, one would be likely to assign ‘very happy’ a lower value than 10, considering that 10 

should be assigned to a stronger response category of that scale (i.e., extraordinarily happy).  

 In addition to the issues above, this approach does not take into account the differences in 

the wordings of the question stem and the numbers of response options of the primary scales. 

The differences in question stems may impact the way that judges interpret the response-option 

labels being rated. Also, semantic intensity of the same response-option label may be interpreted 
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differently depending on whether it is presented in a long scale (e.g., with 7 categories) or a short 

scale (e.g., with 3 categories).  

2.7.3 The Nonlinear-Transformation Method: Semantic Judgement of Word Value in 

Context 

 The Semantic Judgement of Word Value in Context approach has judges assign values to 

response-option labels by taking into account the other aspects of the original scale. These 

include the relative position of the label, other response-option labels, the number of response-

option categories, and the wording of the question stem. The scale interval study by Veenhoven 

(2009) may be considered under this approach; it is described below. 

2.7.3.1 Happiness scale interval study. To overcome some of the issues of earlier 

transformation methods described above, Veenhoven (2009) initiated the study called 

“Happiness Scale Interval Study”. The study aimed to have judges evaluate the semantics of 

response-option labels by considering the wording of question stem and other response-option 

labels of the corresponding scale. The study intended to rate all possible response labels that 

have been used in happiness surveys across many nations. The judges were chosen from a 

college-student population. When asked to rate the degree of happiness denoted by the response 

labels, the original item and its scale with response options were also presented to the judges. In 

addition, this method differed from the earlier methods in that response options were treated as 

intervals on a 0-10 continuum scale, rather than discrete points, which had been the case in the 

other methods. Judges were asked to provide interval boundaries on a range of 0 to 10 for each 

label considering the labels and positions of other response categories on the original scale. The 

judges were instructed to divide a 0-10 scale into k intervals by assigning k-1 threshold values, 

where k is the number of response-category options. The threshold values become the cutoff 
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points where a response label transits from its adjacent response labels. The middle of the lower 

and upper subinterval boundaries (mid-interval value) represented the value for each label. 

Consequently, the means of the mid-interval values across judges for the various response labels 

appearing in different questions were placed on a 0-10 numerical scale. 

 To assign values of happiness based on verbal response options, Veenhoven and Hermus 

(2006) developed a web-based tool called the “Scale Interval Recorder”. The recorder was used 

in the scale interval study. The screen of the recorder consists of two parts. On the left side, the 

question stem and its corresponding response-option labels are presented. On the right side, a 

vertical scale, running from 0 to 10 with an interval of 1 between numbers, is shown. The two 

ends of the scale are labeled as “best possible” and “worst possible”. The numbers are located on 

the left side of the scale, and the response options for the question are located on the right side of 

the scale. For k response options, there are k-1 slide bars on the scale that can be moved up and 

down using the cursor. The slides are used to divide the scale into k intervals. The response 

options move simultaneously with the slides to the midpoint values of the intervals. Judges are 

instructed as follows: “Shift the separation lines until you feel that the intervals correspond with 

the degree of happiness denoted by the words on the right”. 

 Below, I illustrate an example of this approach using the trial version of the happiness 

scale interval recorder, which can be found at the website of Veenhoven’s database 

(https://worlddatabaseofhappiness.eur.nl/scalestudy/scale_fp.htm). In this example, the scale is 

partitioned into five intervals as there were five response options for the question “How happy 

do you feel as you live now?”. Each label was judged to denote an interval. The mid-interval 

values are assigned to represent the labels. For example, ‘very happy’, which was the most 

positive label, is assigned to the interval from 9 to 10. So, its mid-interval value is 9.5. The 

https://worlddatabaseofhappiness.eur.nl/scalestudy/scale_fp.htm
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boundaries of ‘fairly happy’ are 6 and 9 with mid-interval value of 7.5. ‘Neither happy nor 

unhappy’ is within the interval of 4 to 6, its mid-interval value is 5. ‘Fairly unhappy’ is within 

the interval of 1 to 4, its mid-interval value is 2.5. ‘Very unhappy is within the interval of 0 to 1, 

its mid-interval value is 0.5.   

DeJonge, Veenhoven, and Arends (2014) compared the three transformation methods 

described above. They obtained the data on two slightly different survey questions on happiness 

from the Happiness Scale Interval Study. The survey questions were administered in the same 

nation and the same year. The first question was “To what extent are you satisfied with the life 

you currently lead?” with five response options (i.e., extraordinarily satisfied, very satisfied, 

satisfied, fairly satisfied, not very satisfied). The other question was “On the whole, how satisfied 

are you with the life you lead?” with four response options (i.e., very satisfied, fairly satisfied, 

not very satisfied, not at all satisfied). DeJonge et al. (2014) compared transformed values, 

obtained from different transformation methods, on a common metric running from 0 to 10. 

Transforming the scales by the Linear-Stretching method resulted in the ‘fairly satisfied’ option 

of the first scale corresponding to 2.5, while the ‘fairly satisfied’ option of the second scale 

corresponded to 6.7. By the Jones-Thurstone transformation, in which the average of ratings by 

judges is assigned to each label irrespective of the question context, ‘fairly satisfied’ got a 6.3, 

and the value was fixed for both scales. When the Semantic Judgment of Word Value in Context 

method was applied, ‘fairly satisfied’ got 4.5 for the first scale, whereas this response option in 

the second scale transformed to 6.6. The results suggested that wording of question stem and 

labeling of response options impact judges’ ratings of the response options. 

 The purpose of this study is to shed light on how best to deal with diversity across survey 

questions on the same construct in meta-analysis. The diversity across questions may occur for 
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any number of reasons. I limit my study to a few of them: wording of question stem, number of 

response-option categories, scale direction (i.e., unipolar and bipolar scales), response-scale 

labeling (i.e., fully-labeled and endpoints-labeled scales), and response-option labeling. I apply 

three transformation methods (i.e., Linear Stretching, Semantic Judgement of Fixed Word Value, 

and Semantic Judgement of Word Value in Context) to scale different but similar questions of 

the same construct on to a common metric. Then I examine the results of some example meta-

analyses conducted based on the three transformation methods.  
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CHAPTER 3 

 

METHODOLOGY 

 

 

 Given the purpose of the study, my research questions are as follows: 

1. How can meta-analysts deal with survey questions on the same construct that differ 

slightly in wording of question stems, number of response-option categories, scale 

direction (i.e., unipolar versus bipolar scales), response-scale labeling (i.e., fully-labeled 

and endpoints-labeled scales), and response-option labeling? 

2. Do the results of meta-analyses differ from each other when transforming scales of 

primary studies to a common scale by applying three different scale transformation 

methods: The Linear-Stretching, the Semantic Judgement of Fixed Word Value, and the 

Semantic Judgement of Word Value in Context approaches? 

 I deal with two main issues that arise because of wording of survey questions and 

response options. First, I discuss diversity in question stems, then I follow this up by discussing 

diversity in scale-response options and proposing the applications of the transformation methods 

in the context of meta-analysis. Having said that, I do not have any intention to claim whether 

one transformation method performs better or worse than the other methods. Nor is my goal to 

meta-analyze research studies of happiness. My aim is to provide practical solutions for meta-

analysts who are in situations where they want to summarize the findings of sets of survey items 

across studies that differ in the aforementioned characteristics. Surveys may differ in many other 

aspects of research methodology such as sample characteristics, survey sampling methods (e.g., 

random, stratified, and cluster), survey sample weighting, and psychometric properties of the 

entire survey (e.g., validity, and reliability). Although beyond the scope of this study, researchers 

are advised to consider these points when conducting a meta-analysis based on survey data.  
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3.1 Diversity across Question Stems due to Variations in Wording of Question Stems 

 

 In the context of a meta-analysis, the literature search may yield many studies that meet 

the meta-analyst’s inclusion criteria, such as tapping the construct being measured, examining 

the target population, using desired sampling procedures, and being produced during a specific 

range of years. However, unless the same survey is administered across studies, it is likely that 

the survey questions will differ from each other across studies, even though the studies’ 

instruments measure the same construct. These differences might be due to variation in wording 

of the question stems of the survey questions. In order to integrate the findings of these different 

survey questions in a meta-analysis, meta-analysts must decide whether the wordings of the 

survey questions tap the same, intended construct. This decision should be made very carefully, 

as mistakes occurring in this step may result in summarizing findings of survey questions that 

should not be combined in the first place (i.e., combining apples and oranges).  

 Let’s assume that the meta-analyst ends up having ten studies that measure exactly the 

same construct after a comprehensive and unbiased literature search. The studies have very 

similar survey questions. However, the wordings of the questions differ slightly from one 

another. The meta-analyst has already decided that these questions are similar enough and passed 

the eligibility criteria for being included in the study collection. Therefore, he/she may ignore 

these slight differences in the wording of question stems. Alternately, the differences can be 

considered in further analyses. In this study, I propose that variations in the wording of question 

stems across survey studies be accounted for by having coders rate the strength of question 

wordings. The purpose of doing so is not to determine whether the questions measure the same 

construct; that has been decided at the study-selection phase. The purpose is more exploratory: it 

is to see whether any amount of heterogeneity across the findings of studies (if it exists) may be 
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explained by the differences in ratings of the strength of the question-stem wordings across 

questions. This information (and other wording differences) may be modeled as a moderator 

variable in a meta-regression or other analysis (e.g., via an ANOVA-like model). In my analyses 

I focused on strength of stem wording. The questions were obtained from the World Database of 

Happiness. 

Fourteen self-report single-item survey questions that measure the concepts of “overall 

happiness in life” or “happy person” were obtained from the studies in the “World Database of 

Happiness” collection. The wordings of the questions in the database were very similar to each 

other. In order to have more variation in strength of the question stems, I made up four questions 

in which the wordings of the question stems were relatively different from the wordings of the 

fourteen questions from the database. More information about the questions and their 

characteristics is provided later in this Chapter. 

 To obtain ratings of the strength of the question stems, a set of four coders were 

presented with eighteen slightly different survey items, differing in question wording and 

response options, from survey studies that were selected to be meta-analyzed.  All question stems 

were presented on a computer screen. The questions and response scales were developed on the 

Qualtrics online survey software platform. The Qualtrics software is used to develop, distribute, 

and analyze surveys electronically. The features of the software allow one to customize many 

aspects of surveys such as the format of the questions and response-scale options, the appearance 

of surveys and more. The construction of the coding mechanism in Qualtrics is very similar to 

the typical survey-development process.   

 In a typical meta-analysis, study coders should be selected (or trained) to have particular 

competencies given the context of the meta-analytic study. In general, coders would be expected 
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to be knowledgeable about the content of research that is meta-analyzed, and key literature on 

the construct of interest. They also need to have a clear understanding of the goals of meta-

analysis so that they can identify what to extract and code from primary studies. It is typical 

practice to train coders before the coding process begins. For purpose of demonstrating how this 

works in the context of this study, I prepared instructions for coding (rating in this case) the 

particular aspects of the survey questions that are described next.  

 In this study, four individuals were recruited to serve as coders. To avoid possible 

misunderstandings of the terminology used in the question stems, the coders were proficient in 

the English Language, being native English speakers. Participation was on a voluntary basis. I 

used my personal contacts to reach out to individuals who might be interested in participating in 

the rating task. The coders included two individuals who had doctoral degrees; one was in 

education and the other was in music. Two others were doctoral students; both in the department 

of Educational Psychology and Learning Systems at Florida State University. Because the 

concept of happiness is a very familiar one, no special qualifications were required of the coders.   

The coders were asked to rate the strength of wordings of the question stems based on 

their personal judgement. The meaning of “strength” will likely vary depending on the content of 

the research summarized in any given meta-analysis. In this case, the strength of question 

wording refers to the intensity of degree of happiness. The instructions about how to perform the 

rating task were as follows:  

In this task, you will be presented with eighteen similar survey questions about happiness 

that differ slightly from each other in the wording of their question stems. The purpose of rating 

the wordings of the question stems across different questions is to determine whether the 

strengths of the question stems sound similar. If not, we want to quantify the differences.  
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Your task is to rate the strength of the wording of the question stem for each question, 

based on your personal judgment. The term “strength” refers to “intensity of degree of 

happiness”. All question stems are listed on a computer screen together. A dropdown list is 

located next to each question stem. 

Please rate the strength of each question stem by choosing the rating 1, 2, or 3 in the 

dropdown list: A 1 corresponds to a weak statement, 2 corresponds to a moderate statement, and 

3 corresponds to a strong statement about happiness. 

The screenshot of the Qualtrics survey that includes the rating task for determining 

strength of the question stems is presented in Figure 3.1. 

3.2 Diversity across Response Scales 

 

 Response scales differ from each other in numerous ways across different survey 

questions. In this dissertation, I focus on the rating scales of different survey questions measuring 

the same construct that differ in their number of response option categories, scale direction (i.e., 

unipolar and bipolar scales), response scale labeling (i.e., fully-labeled and endpoints-labeled 

scales), and response-option labeling. I use three scale-transformation methods to demonstrate 

how meta-analysts can handle such diversity. Next, I describe how each transformation method 

is used to scale responses of different survey questions onto a common scale running from 0 to 

10. 

3.2.1 The Linear-Transformation Method 

 

 The scale ratings of primary scales with varying response-option categories can be 

linearly transformed to a common 0-10 interval scale. The lower and upper end-point ratings of 

primary scales are directly transformed to the values 0 and 10, respectively. The other ratings are 

proportionately stretched so that the distances between adjacent response categories are equal. 
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The verbal labels of the response categories of the primary scale are assigned to the transformed 

response-category values on the common 0-to-10 scale. In cases where response-option labels of 

the primary response scales are not denoted by numerical values, successive numbers are 

assigned to the ordered response-category options to serve as the original values. I used integers, 

starting with a 1 assigned to the negative end of the scale in terms of the meaning of the 

construct (e.g., least happy).  

 

Figure 3.1. Screenshot of the rating task for determining strength of the question stems in 

Qualtrics.  
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The generic formula for the linear-transformation method to transform ratings from one 

scale to another is given in Equation 1: 

𝑋𝑡𝑟𝑎𝑛𝑠𝑓 = [(𝑋𝑜𝑟𝑖𝑔 −𝑚𝑖𝑛𝑜𝑟𝑖𝑔) ∗
𝑚𝑎𝑥𝑡𝑟𝑎𝑛𝑠𝑓−𝑚𝑖𝑛𝑡𝑟𝑎𝑛𝑠𝑓

𝑚𝑎𝑥𝑜𝑟𝑖𝑔−𝑚𝑖𝑛𝑜𝑟𝑖𝑔
] + 𝑚𝑖𝑛𝑡𝑟𝑎𝑛𝑠𝑓,   (1) 

where 𝑋𝑜𝑟𝑖𝑔 is the original rating of the primary scale, 𝑋𝑡𝑟𝑎𝑛𝑠𝑓 is the transformed value of the 

original rating of the primary scale on the secondary scale, 𝑚𝑖𝑛𝑜𝑟𝑖𝑔 and 𝑚𝑎𝑥𝑜𝑟𝑖𝑔 are the 

minimum and maximum possible ratings of the primary scale, respectively, 𝑚𝑖𝑛𝑡𝑟𝑎𝑛𝑠𝑓 and 

𝑚𝑎𝑥𝑡𝑟𝑎𝑛𝑠𝑓 are the minimum and maximum possible ratings of the secondary scale, respectively 

(Card, 2011). Here, 𝑚𝑖𝑛𝑡𝑟𝑎𝑛𝑠𝑓 is 0 and 𝑚𝑎𝑥𝑡𝑟𝑎𝑛𝑠𝑓 is 10.  

 The linear-transformation method is applied to the response scales of each primary study 

that is selected to be meta-analyzed. By doing so, all response scales with varying numbers of 

response-option categories are scaled to a common metric running from 0 to 10. Below I 

illustrate a hypothetical example of how to apply the linear transformation. 

 Let’s assume that our study collection for analysis includes three survey studies. The 

studies use similar survey items, but the items differ slightly in question wording, numbers of 

response-option categories, and response labeling. The questions are: 

Q1-In general, how happy would you say you are these days? 

Original 

ratings 
1 2 3 4 5 6 7 

Response-

option labels 

Not 

happy 

at all 

Very 

unhappy 

Somewhat 

unhappy 

Neither 

happy 

nor 

unhappy 

Pretty 

happy 

Very 

happy 

Extremely 

Happy 

Linearly 

transformed 

ratings 

0 1.67 3.33 5 6.67 8.33 10 
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Q2-How happy do you feel as you live now? 

Original ratings 1 2 3 4 

Response-option 

labels 
Very unhappy Not too happy 

Pretty 

happy 
Very happy 

Linearly transformed 

ratings 
0 3.33 6.67 10 

 

Q3-In general, how do you feel in terms of happiness in your current life? 

Original ratings 1 2 3 4 5 

Response-option 

labels 

Very 

unhappy 

Somewhat 

unhappy 

Neither happy 

nor unhappy 

Somewhat 

happy 

Very 

happy 

Linearly 

transformed ratings 
0 2.5 5 7.5 10 

 

 In order to combine the results of the response scales, we want to locate them on the same 

metric. Simply, I apply the Linear-Stretching method to transform the three response scales with 

varying numbers of response options to a common scale that runs from 0 to 10. After applying 

the linear-transformation method to each response scale, the transformed scores of the primary-

scale ratings denote the response-option values on the common scale. For instance, on the 

common scale, the rating value for ‘Not happy at all’ is 0, it is 3.33 for ‘Not too happy’, and 10 

for ‘Extremely happy’. 

In some cases, the same response-option label may be used in multiple scales. If the 

verbal label is attached with different numerical labels across multiple scales, simple 

transformation can lead to inconsistencies in the numerical labels attached to the same verbal 

label on the transformed scale. In situations where the same response-option label appears in 

multiple scales, I average the transformed ratings of those response-option labels across the 

scales and use the average value to represent those labels on the common scale. For example, the 

label ‘Very unhappy’ appears on all three scales. Its corresponding value on the common scale is 

calculated by dividing the sum of the ratings on the transformed primary scales (1.67 + 0 + 0) by 
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the total number of primary scales in which the label appears (3), to yield 0.56. For the label 

“Very happy”, the average transformed value is 9.4, and for “Somewhat unhappy”, the average 

transformed value is 2.92. 

 Once the original ratings for each response-option label were linearly transformed to the 

0-10 scale, the means (�̂�) and variances (s2) were calculated for each transformed scale by 

entering the proportions of respondents in each of the response-option categories (𝑃(𝑥)) and the 

transformed ratings (𝑥) in the following equations:  

�̂� = Ε(𝑋) = ∑𝑥 ∗ 𝑃(𝑥),      (2) 

𝑠2 = ∑(𝑥 − �̂�)2 ∗ 𝑃(𝑥).      (3) 

Alternatively, one may calculate the linearly-transformed mean and standard deviation directly 

from the mean and standard deviation of the original scale (Kalmijn, 2010). Specifically, 

�̂�𝑦 = [(�̂�𝑥 −𝑚𝑖𝑛𝑥) ∗ (
𝑚𝑎𝑥𝑦−𝑚𝑖𝑛𝑦

𝑚𝑎𝑥𝑥−𝑚𝑖𝑛𝑥
)] + 𝑚𝑖𝑛𝑦,    (4) 

𝑠𝑦 = 𝑠𝑥 ∗ (
max(𝑦)−min(𝑦)

max(𝑥)−min(𝑥)
).      (5) 

This type of linear transformation may be of use when the response-category labels of some 

scales are not reported. However, unlike the linear-stretching method described earlier, where the 

transformed ratings of the response-option labels were averaged across scales, Kalmijn’s way of 

doing the linear transformation does not consider whether the same response-option labels are 

used across multiple scales. 

 In general, the Linear-Stretching method has a few drawbacks, especially when applied to 

transform verbal-response scales to a new scale. One of them is the assumption of equidistance 

between response categories of both the primary scale and the secondary scale. The other issue is 
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that the transformation does not take into account verbal anchoring of response options and 

differences in question stems.  

3.2.2 Nonlinear Transformations 

 

 Along with the linear-transformation method, two nonlinear, verbal transformation 

methods are applied in this study. These are the Semantic Judgement of Fixed Word Value and 

Semantic Judgement of Word Value in Context methods. The main ideas of the methods have 

been introduced in the previous chapter. Both methods involve personal judgements made by 

judges. Coders are asked to judge the degree of happiness denoted by the response option labels 

used in these survey items. Next, I describe how these methods can be used in meta-analysis.  

 3.2.2.1 The Semantic Judgement of Fixed Word Value method. In this method, one 

generic happiness question and the response options from all other questions were presented 

together to the coders. For example, take the question “How happy are you in general?” as the 

generic question. The response options taken from all individual questions were listed under the 

generic question (e.g., extremely happy, very happy, pretty happy, not too happy, somewhat 

unhappy, fairly unhappy, not at all happy, and so on). A horizontal, continuous scale was located 

under each response option. The scale ran from 0 to 10. The scale had a slider bar that could be 

moved left or right using the cursor. The position of the slider bar on the scale determined the 

value (any value between 1 and 10 with up to 1 decimal place) assigned to the corresponding 

response-option label. Coders were asked to shift the slider bar for each label until they felt that 

the position of the slider bar represented the degree of happiness denoted by the label. Once the 

input from all coders was obtained, the average values across the set of coders were treated as the 

final values for the response options across all studies and items. Based on the final values for 
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the response options, the means and standard deviations on the 0-10 scale were calculated for 

each question. 

 Still, this method does not take into account differences in the wordings of question 

stems. Also, the response-option labels are judged independent of the context of the original 

question, other response-option labels of that question, and position of the label with respect to 

the other response options. The screenshot of the preview for the Semantic Judgement of Fixed 

Word Value method is presented below (Figure 3.2). 

3.2.2.2 The Semantic Judgement of Word Value in Context method. In the Semantic 

Judgement of Word Value in Context method, each individual question and its corresponding 

response-option labels were presented to the coders on a separate screen page. The questions 

with endpoints-labeled scales were presented after all questions with fully-labeled scales were 

presented. A horizontal, continuous scale running from 0 to 10 was located on the bottom of each 

response option. For example, take the question “How would you say you are feeling these 

days?” with the following response options: not at all happy, not too happy, pretty happy, and 

extremely happy. For each particular response option, the coders assigned a position and the 

associated number that they considered the most appropriate for that response option on the 0-10 

scale. Judge A might assign the position of 1 for not at all happy, the position of 3 for not too 

happy, the position of 6 for pretty happy, and the position of 9 for extremely happy. Another 

coder could rate the same labels differently. Also, the same coder might assign different 

positions to the same response-option label when it is presented in the contexts of different 

questions (e.g., with different question stems and response-option labels). For the endpoints-

labeled scales, intermediate response categories were labeled as “NLA”, for “no label attached”. 
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Coders were asked to assign positions to the intermediate response categories as they did for the 

labeled endpoints. 

 

Figure 3.2. The screenshot of the preview for the Semantic Judgement of Fixed Word Value 

method. 
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For each question, I averaged all values assigned by the four coders to the same response-

option label, and treated the average value as the final value for that response option label on the 

0-10 scale. Based on the final values for the response options, the means and standard deviations 

of the questions were calculated for each question.  A screenshot for the rating task for one 

question is presented below (Figure 3.3).  

 

Figure 3.3. Screenshot of one question for the Semantic Judgement of Word Value in Context 

method. 

 

3.3 A Case Study 

 

 In order to illustrate how the transformation methods perform in practice, I also 

conducted a hypothetical meta-analysis. Eighteen questions about happiness were included the 

study collection of the meta-analysis. As mentioned, four questions were made-up questions, and 

fourteen questions were obtained from the happiness database. Table 3.1 presents the question 

stems and the response option labels for each question. 
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Table 3.1 

The Survey Questions and Response-Option Labels 

Question 

ID Question Stem 

Response-Option Categories 

1 2 3 4 5 6 7 

q01 Taking all things together, would you say you are...? 
Not at all 

happy 

Not very 

happy 
Quite happy Very happy     

q02 
If you were to consider your life in general these days, how 

happy or unhappy would you say you are, on the whole?  

Not at all 

happy 

Not very 

happy 
Fairly happy Very happy    

q03 Overall, would you say you are...? 
Not at all 

happy 

Not too 

happy 
Pretty happy Very happy    

q04 In general, how happy would you say you are?  
Not at all 

happy 

Not very 

happy 
Fairly happy Very happy    

q05 On the whole, now, do you think you are happy or not? 
Absolutely 

unhappy 

Not so 

happy 

Somewhat 

happy 
Very happy     

q06* I am pleased with my life. Not pleased NLA NLA Pleased    

q07 How happy do you feel as you live now?   
Very 

unhappy 

 Fairly 

unhappy 

Neither 

happy nor 

unhappy 

Fairly happy 
Very 

happy 
  

q08 To what extent do you consider yourself a happy person? Unhappy 
Not very 

happy 

Neither 

happy nor 

unhappy 

Happy 
Very 

happy 
  

q09 Are you happy?  Unhappy  NLA NLA NLA Happy    

q10 Overall, how happy would you say you are…? 
Extremely 

unhappy 
NLA NLA NLA 

Extremely 

happy 
  

q11 
Taking all things together, how happy would you say things are 

recently?  

Pretty 

unhappy 

Fairly 

unhappy 

Neither 

happy nor 

unhappy 

Fairly happy 
Pretty 

happy 
  

q12* When I think of my life, I feel elated. Not elated NLA NLA NLA Elated   

q13 
If you were to consider your life in general, how happy or 

unhappy would you say you are, on the whole?  

Completely 

unhappy 

Very 

unhappy 

Fairly 

unhappy 

Neither 

happy nor 

unhappy 

Fairly 

happy 

 Very 

happy 

 Completely 

happy 

q14  How do you feel about your life as a whole?  Terrible  Unhappy  
Mostly 

dissatisfied  
Mixed  

Mostly 

satisfied  
Pleased  Delighted  

q15 
Taking all things together, how would you say things are these 

days?  

Very 

unhappy 
NLA NLA NLA NLA NLA Very happy 

q16 Generally speaking, are you a happy person? 
Very 

unhappy 
NLA NLA NLA NLA NLA Very happy 

q17* I am delighted with my life. 
Not 

delighted 
NLA NLA NLA NLA NLA Delighted 

q18* I feel cheerful about my life. 
Not 

cheerful 
NLA NLA NLA NLA NLA Cheerful 

Note. Question IDs with * refer to the made-up questions. NLA stands for "No Label Attached".     
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 The response scales of the questions differed from each other on a variety of features: 

Number of response-category options (i.e., four, five, or seven categories), scale direction (i.e., 

unipolar or bipolar scale in terms of verbal labeling), response-scale labeling (i.e., fully-labeled 

scale or endpoints-labeled scale), and response-option labeling (i.e., labels varying in intensity of 

adjectives such as extremely, very, and somewhat). The characteristics of the response scales of 

the survey questions are reported in Table 3.2. 

Table 3.2      
The Response-Scale Characteristics of the Questions     

Question 

ID Country Year 

Number of 

Categories Polarity Scale Labeling 

q01 US 2012 4 Unipolar Fully-Labeled 

q02 US 2007 4 Unipolar Fully-Labeled 

q03 US 1974 4 Unipolar Fully-Labeled 

q04 US 1956 4 Unipolar Fully-Labeled 

q05 JP 2012 4 Unipolar Fully-Labeled 

q06* US 2018 4 Bipolar Endpoints-Labeled 

q07 US 1979 5 Bipolar Fully-Labeled 

q08 NL 2012 5 Unipolar Fully-Labeled 

q09 JP 2010 5 Bipolar Endpoints-Labeled 

q10 GE 2011 5 Bipolar Endpoints-Labeled 

q11 TW 2010 5 Bipolar Fully-Labeled 

q12* US 2018 5 Bipolar Endpoints-Labeled 

q13 US 2002 7 Bipolar Fully-Labeled 

q14 US 1973 7 Unipolar Fully-Labeled 

q15 US 1987 7 Bipolar Endpoints-Labeled 

q16 NL 1968 7 Bipolar Endpoints-Labeled 

q17* US 2018 7 Bipolar Endpoints-Labeled 

q18* US 2018 7 Bipolar Endpoints-Labeled 

Note. Question IDs with * refer to the made-up questions. Country and Year for the made-up 

questions were set as "US" and "2018", respectively. 

 

3.3.1 Data Generation and Analysis 

 

 A sample size of 1000 responses was generated for each of the made-up questions. 

Depending on the number of response-option categories and the intensity of happiness of the 
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question stems for each made-up item, the responses were distributed into the response-option 

categories. A few researchers in the happiness literature suggest that happiness is a latent 

variable that has an underlying continuous distribution (DeJonge et al., 2015; Kalmijn, 2010). It 

is believed to follow a left skewed beta distribution, assuming that the horizontal response scale 

has the negative polarity on the left and the positive polarity on the right in term of presence of 

happiness (DeJonge, Veenhoven, Kalmijn, & Arends, 2016). Following their suggestion, a 

sample of 1000 generated responses was distributed to the response-scale categories for the 

made-up questions so that the primary response scales followed a negatively skewed beta 

distribution. 

 Table 3.3 presents the descriptive statistics for the original scales for the questions, 

including sample sizes, means, standard deviations, and percentage frequencies for the response-

option categories. As mentioned earlier, the descriptive statistics for fourteen questions were 

obtained from the World Database of Happiness. However, the reports of two questions were not 

complete in the database. The percentage frequencies of the response-response categories for 

question 15 were not reported. To generate the percentage frequencies, the responses were 

distributed to the seven categories of the scale, assuming equal intervals between categories, in a 

way that was consistent with a negatively skewed beta distribution. Given the scale mean and its 

variance, the 𝛼 and 𝛽 parameters of the beta distribution were computed as 3.47 and 1.49 using 

Equations 6 and 7. Given these parameters and sample size, the percentage frequencies of the 

scale categories were obtained. 

𝛼 = −
𝜇∗(𝜎2+𝜇2−𝜇)

𝜎2
,       (6) 

𝛽 =
(𝜎2+𝜇2−𝜇)∗(𝜇−1)

𝜎2
 .       (7) 
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For question 16, the sum of the percentages of answers across the response categories reported in 

the database summed to 104%; this sum should not have exceeded 100%. As a correction, a 

portion equal to 0.57% (4% divided by 7, the number of categories) was subtracted from the 

reported percentages of each of the seven categories so that the adjusted proportions added up to 

100%. Then, the mean and standard deviation of the question were recalculated by using the 

adjusted proportions.  

Table 3.3 

Descriptive Statistics of the Original Response Scales of the Questions 

 Descriptive Statistics Percentage Frequencies (%) 

Question 

ID 

Sample 

Size Mean Std. Dev. 1 2 3 4 5 6 7 

q01 2232 3.25 0.66 1.2 8.8 53.7 36.2    

q02 1533 3.32 0.62 1.2 5.0 54.9 38.9    

q03 2248 3.18 0.75 2.8 12.5 48.9 35.7    

q04 1126 3.44 0.63 1.2 3.9 44.4 50.5    

q05 2443 3.22 0.65 1.0 9.7 55.9 33.3    

q06* 1000 3.04 0.67 0.8 17.7 57.8 23.7    

q07 1127 4.27 0.77 0.9 2.4 7.0 47.9 41.7   

q08 3845 3.96 0.70 0.6 3.4 12.7 65.8 17.5   

q09 
2507 3.90 0.93 0.9 5.0 28.5 33.9 31.7   

q10 2287 3.70 1.10 4.1 8.2 30.9 26.8 29.9   

q11 1895 3.91 0.90 1.8 8.9 7.9 59.7 21.7   

q12* 1000 3.25 0.88 2.2 17.4 39.6 35.1 5.7   

q13 
1160 5.52 0.98 0.1 1.4 2.7 6.0 33.7 44.0 12.1 

q14 222 5.31 1.06 0.0 3.0 3.0 10.0 36.0 40.0 8.0 

q15 13007 5.38 1.34 0.2 2.5 7.6 14.7 22.6 29.1 23.4 

q16 1552 6.20 1.16 1.4 1.4 1.4 7.4 9.4 17.4 61.4 

q17* 1000 5.14 1.16 0.1 1.3 7.7 18.5 30.7 31.2 10.5 

q18* 1000 5.52 1.24 0.1 1.5 5.6 12.7 24.5 30.3 25.3 

Note. Question IDs with * refer to the made-up questions. 

 

For the made-up questions, the means were set by taking into account the strength of the 

question stems, numbers of response-option categories, and intensity of response labels. The 

variance of the four-category question was set to be around the average of the variances of the 
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other four-category questions. The same logic applied to the five-category and seven-category 

made-up questions. Given these means and variances, the 𝛼, and 𝛽 parameters of the associated 

beta response-scale distributions were computed. The values of the parameters are reported in 

Table 3.4. Then, 1000 generated responses were distributed accordingly to the evenly spaced 

response-option categories of the made-up questions.  

Table 3.4   

Shape Parameters of the Beta Distributions for the Made-up Questions 

Question ID 
 

 

q06* 5.99 3.47 

q12* 4.29 3.51 

q17* 4.95 2.57 

q18* 4.01 1.51 

Note. Question IDs with * refer to the made-up questions.  
 

When it comes to analyzing data, the meta-analyst makes a decision as to whether the 

metric of the outcome will be treated as categorical or continuous. This decision mostly depends 

on what kind of inferences the meta-analyst want to make about the findings. For example, if the 

meta-analyst wants to conclude whether the population of interest is happy or unhappy, she/he 

may dichotomize the scale by determining a cut-off point on the scale at which the state of 

happiness can be distinguished from the state of unhappiness. This operation may result in loss 

of information because variation in scores within each category is lost. Then, the meta-analyst 

can conduct a typical meta-analysis of categorical data by using proportions or odds ratios. On 

the other hand, if the meta-analyst is interested in the average or overall level of happiness in the 

populations, she/he may want to have a continuous scale on which the outcomes from the 

primary scales can be compared.  
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In this study, the analyses were conducted given the assumption that the underlying 

distribution of the targeted variable is continuous. Therefore, the common scale of happiness was 

treated as a continuous measurement scale. The raw means from the studies (either as reported or 

computed from frequencies) were transformed to the common scale and treated as the effect 

sizes. The analyses were conducted using weights similar to those proposed for the meta-analysis 

of raw means by Bond, Wiitala, and Richard (2003).  

 Bond et al. (2003) suggested to weight each raw mean difference by the inverse of its 

variance estimate, 

�̂�𝑗 =
1

𝜎𝑗
2(

1

𝑛𝑗1
+

1

𝑛𝑗2
)
.      (8) 

Because this study used means instead of mean differences, I simplified the formula for the 

weight in Bond et al.’s paper for raw mean differences to the case of single mean (Bond et al., 

2003). The weights for means are computed by dividing the study sample sizes by the variances 

of the transformed means, 

�̂�𝑗 =
𝑛𝑗

𝑠𝑗
2.       (9) 

 Three meta-analyses were conducted. The analyses were conducted in the R software by 

using the metafor package (Viechtbauer, 2010). In the first meta-analysis, the means transformed 

by the Linear-Stretching method were used as the effect sizes. The outcomes in the second and 

third meta-analyses were the means transformed by the Semantic Judgement of Fixed Word 

Value, and Semantic Judgement of Word Value in Context methods, respectively. 

 3.3.1.1 Moderator variables. In order to account for possible between-studies variance 

across the means of studies, the following variables were tested: the ratings of intensity of 

question stems, country of survey, year of survey administration, number of response-category 
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options, scale polarity, and scale labeling. The average ratings of question stems across the raters 

were entered as a continuous variable. Country of survey was dichotomized to reflect whether 

the study was done in the US or not. The year of survey was tested as a continuous variable. For 

the made-up questions, country and year were assigned as the US and 2018, respectively. 

Number of response-category options was modeled as a categorical variable with three levels 

(i.e., four, five, and seven categories; as a factor in the meta-regression, the reference category 

was that for the four-category items). Scale polarity (i.e., unipolar vs. bipolar) and scale labeling 

(fully labeled vs. endpoints labeled) were modeled as dichotomous variables. Due to collinearity, 

each moderator variable was tested in a separate mixed-effects meta-regression.  
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CHAPTER 4 

 

RESULTS 

 

 

 In this section, I briefly summarize the coding tasks that the coders performed. I describe 

the outcomes of the three applications of coding tasks: Rating the strength of the wordings of 

question stems, the Semantic Judgement of Fixed Word Value Method, and the Semantic 

Judgement of Word Value in Context Method. Then, I report descriptive information about the 

transformed means and standard deviations produced by the three transformation methods. 

Finally, I describe the results of hypothetical meta-analyses on the outcomes created by the three 

transformation methods. 

4.1 Task One: Rating the Strength of the Wordings of Question Stems 

 

 To account for possible variations in the wordings of the question stems, four coders 

were asked to rate the strength of the question stems considering the intensity of degree of 

happiness in the wordings of the questions. The ratings 1, 2, and 3 were used to represent the 

weak, moderate and strong wordings, respectively. Table 4.1 presents the ratings of all coders for 

all questions. These ratings reveal that at least one coder’s rating differed from the others for 

most of the questions. All coders provided the same rating for only five questions (i.e., q06, q08, 

q13, q14, and q17). Two of them were made-up questions (i.e., q06 and q17). The differences in 

the ratings between the coders indicated that the coders interpreted the intensity of degree of 

happiness in the question stems differently. Table 4.1 also reports the averages of ratings across 

the coders for each question, and averages of ratings of each coder across the items. The 

predictive power of the average ratings across the coders as a moderator variable was then tested 

in a meta-regression that is reported later in this section. 
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Table 4.1 

Task 1: Ratings for the Strength of the Question Stems across Coders 
Question 

ID 
Question Stem 

Coder 

1 

Coder 

2 

Coder 

3 

Coder 

4 
Mean 

q01 Taking all things together, would you say you are...? 3 2 1 1 1.75 

q02 
If you were to consider your life in general these days, how 

happy or unhappy would you say you are, on the whole?  
2 3 3 3 2.75 

q03 Overall, would you say you are...? 3 1 1 2 1.75 

q04 In general, how happy would you say you are?  3 3 2 2 2.5 

q05 On the whole, now, do you think you are happy or not? 3 1 1 1 1.5 

q06* I am pleased with my life. 3 3 3 3 3 

q07 How happy do you feel as you live now?   3 3 2 2 2.5 

q08 To what extent do you consider yourself a happy person? 3 3 3 3 3 

q09 Are you happy?  3 3 2 2 2.5 

q10 Overall, how happy would you say you are…? 3 3 2 2 2.5 

q11 
Taking all things together, how happy would you say things are 

recently?  
3 3 1 2 2.25 

q12* When I think of my life, I feel elated. 3 2 1 1 1.75 

q13 
If you were to consider your life in general, how happy or 

unhappy would you say you are, on the whole?  
3 3 3 3 3 

q14  How do you feel about your life as a whole?  1 1 1 1 1 

q15 
Taking all things together, how would you say things are these 

days?  
3 3 1 2 2.25 

q16 Generally speaking, are you a happy person? 3 3 2 2 2.5 

q17* I am delighted with my life. 1 1 1 1 1 

q18* I feel cheerful about my life. 3 2 1 2 2 

  Mean 2.72 2.39 1.72 1.94   

Note. Question IDs with * refer to the made-up questions. 

 

In addition, the coders differed from each other in the frequency of use of the ratings. 

Table 4.2 provides the frequencies of the ratings assigned by the coders. While Coder 1 and 

Coder 2 gave the highest rating (3) to most of the question stems, Coder 3 gave the lowest rating 

(1) to most of the question stems. The most frequent rating that Coder 4 provided was 2.  

Table 4.2     

Frequency of the Ratings Assigned by Coders   

 Coder 1 Coder 2 Coder 3 Coder 4 

Rating 1 2 4 9 5 

Rating 2 1 3 5 9 

Rating 3 15 11 4 4 



 

 

53 

 

 The differences in the frequencies of the use of ratings also indicated that interpretations 

of the coders about the strength of the question stems were different from each other. The 

intraclass correlation (ICC) was .74. The bivariate correlations among the ratings assigned by the 

coders are reported in Table 4.3. Based on the correlations, the levels of agreement between 

Coder 1 and the others were lower than the levels of agreements among the other coders.  

Table 4.3 

Correlations between the Ratings for the Strength of Question Stems 

  Coder 1 Coder 2 Coder 3 Coder 4 

Coder 1 --    

Coder 2 .38 --   

Coder 3 .10 .73 --  

Coder 4 .23 .74 .83 -- 

Note. Spearman's rank correlation coefficients 
 

Overall, the average rated strength of the question stems across all questions was 2.2. It indicates 

that the average intensity of degree of happiness in the wordings of the questions was little more 

than moderate. 

4.2 Task Two: The Semantic Judgement of Fixed Word Value Method (SJFW) 

 

 In the application of the Semantic Judgement of Fixed Word Value method, all of the 

response-option labels were presented to the coders at once. The coders assigned a position and 

its corresponding value to each response-option label on the 0-10 scale. Table 4.4 reports the 

values assigned by each coder, and the averages (and standard deviations) of those values across 

the coders and labels (The order of the labels in the table is the same as the order presented in 

Qualtrics). The average values across the coders were then used to represent (score) the labels on 

the new scale in the further analyses. The distribution of the means of the values is presented in 

Figure 4.1.  
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Table 4.4 

Task 2: The Semantic Judgement of Fixed Word Value Method: How Happy Are You in 

General? 

Response-Option Labels Coder 1 Coder 2 Coder 3 Coder 4 Mean Std. Dev. 

Happy 10 7 7.5 8.1 8.15 1.31 

Fairly happy 8 8 5.5 7.1 7.15 1.18 

Completely happy 10 9 9.7 10 9.68 0.47 

Somewhat happy 8 6 5.9 7.1 6.75 0.99 

Elated 10 10 10 10 10.00 0.00 

Pretty happy 10 7 8.5 8.2 8.43 1.23 

Very happy 10 9 9.4 9.3 9.43 0.42 

Cheerful 8 9 9.4 9.1 8.88 0.61 

Extremely happy 10 10 10 10 10.00 0.00 

Delighted 8 10 10 10 9.50 1.00 

Mostly satisfied 7 7 6.9 6.6 6.88 0.19 

Quite happy 9 9 8.6 8.3 8.73 0.34 

Pleased 7 8 8 7.5 7.63 0.48 

Neither happy nor unhappy 5 5 5 5 5.00 0.00 

Unhappy 1 4 2 1.4 2.10 1.33 

Pretty unhappy 2 2.5 0 2.7 1.80 1.24 

Not cheerful 3 4 2.6 4.6 3.55 0.91 

Absolutely unhappy 0 0 0 0 0.00 0.00 

Not very happy 2 2 4.4 3.5 2.98 1.18 

Not at all happy 0 0 0 1.3 0.33 0.65 

Not delighted 2 4 6.2 5 4.30 1.78 

Very unhappy 0 1 0.8 0.5 0.58 0.43 

Completely unhappy 0 0 0 0.1 0.03 0.05 

Not so happy 2 2 4.8 3.9 3.18 1.41 

Mostly dissatisfied 3 1 0.5 3.6 2.03 1.51 

Not pleased 3 3 4.9 4.2 3.78 0.94 

Extremely unhappy 0 0 0.2 0 0.05 0.10 

Terrible 2 0 0 0.1 0.53 0.98 

Not too happy 1 2 5.3 3.5 2.95 1.87 

Not elated 0 4 7.6 4.6 4.05 3.13 

Fairly unhappy 1 3 1.5 2.9 2.10 1.00 

Mixed 5 5 5 5 5.00 0.00 

Mean 4.59 4.73 5.01 5.10   

Std. Dev. 3.85 3.45 3.60 3.34     
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Figure 4.1. Distribution of the means of assigned values in the SJFW method. 
 

The coders made different judgments in assigning values for many of the labels. The 

largest difference between the raters’ mean values across labels was only 0.51, indicating that no 

rater was much stricter or more lenient than the others. The most striking discrepancy between 

the assigned values occurred when they judged the label “not elated”, especially between Coder 

1 who assigned 0, and Coder 3 who assigned 7.6. The coders were in total agreement in judging 



 

 

56 

 

five of the labels (i.e., elated, extremely happy, neither happy nor unhappy, absolutely unhappy, 

mixed), and were in almost total agreement for the two labels completely unhappy and extremely 

unhappy, with standard deviations of 0.05 and 0.1, respectively. Overall, the correlations among 

the values assigned by coders were strong, as seen in Table 4.5. The intraclass correlation 

was .98. 

Table 4.5 

Correlations between the Values Assigned by Coders in the SJFW Method 

  Coder 1 Coder 2 Coder 3 Coder 4 

Coder 1 --    

Coder 2 .92 --   

Coder 3 .83 .91 --  

Coder 4 .93 .96 .94 -- 

Note. Pearson product-moment correlation coefficients  
 

4.3 Task Three: The Semantic Judgement of Word Value in Context Method (SJWC) 

 

 In performing the task for the Semantic Judgement of Word Value in Context method, 

the coders saw each question individually with its response-option labels. The coders assigned 

values to the labels by considering the characteristics of the questions such as question stem, 

number of response-categories, and other response-option labels of that question. The assigned 

values were then averaged across the coders for each question separately, and the average values 

were used to represent the specific labels of the separate individual questions on the 0-10 scale. 

The values assigned by coders, and the means and standard deviations across the coders and 

labels are reported in Table 4.6. The order of the questions in the table is the same as the order 

presented in Qualtrics. The distribution of the values across all questions is depicted in Figure 

4.2.
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Table 4.6 

Task 3: The Semantic Judgement of Word Value in Context Method 
Question Stem Response-Option Labels Coder 1 Coder 2 Coder 3 Coder 4 Mean Std. Dev. 

q01-Taking all things together, would you 

say you are...? 

Very happy 10 9 10 10 9.75 0.50 

Quite happy 8 7 8 8.7 7.93 0.70 

Not very happy 4 4 5.5 3 4.13 1.03 

Not at all happy 1 1 0 0.5 0.63 0.48 

q02-If you were to consider your life in 

general these days, how happy or unhappy 

would you say you are, on the whole? 

Very happy 10 9 9 10 9.50 0.58 

Fairly happy 6.1 7 6.6 8.2 6.98 0.90 

Not very happy 4 3 5.4 3 3.85 1.14 

Not at all happy 1 1 0 0.1 0.53 0.55 

q03-Overall, would you say you are...? 

Very happy 10 10 9.2 10 9.80 0.40 

Pretty happy 8 8 8.2 8.2 8.10 0.12 

Not too happy 4 3 5.2 3 3.80 1.05 

Not at all happy 1 0 0 0.1 0.28 0.49 

q04-In general, how happy would you say 

you are? 

Very happy 10 10 9.2 10 9.80 0.40 

Fairly happy 8 8 6.6 8.3 7.73 0.76 

Not very happy 4 3 5.3 2.5 3.70 1.24 

Not at all happy 1 1 0 0 0.50 0.58 

q05-On the whole, now, do you think you 

are happy or not? 

Very happy 10 9 9.1 10 9.53 0.55 

Somewhat happy 7 6 5.1 7.5 6.40 1.07 

Not so happy 3 3 4.9 3 3.48 0.95 

Absolutely unhappy 1 0 0 0 0.25 0.50 

q07-How happy do you feel as you live 

now? 

Very happy 10 10 9.2 10 9.80 0.40 

Fairly happy 7 7 6.2 7.5 6.93 0.54 

Neither happy nor unhappy 5 5 5 5 5.00 0.00 

Fairly unhappy 3 3 2 2.5 2.63 0.48 

Very unhappy 1 1 0.8 0 0.70 0.48 

q08-To what extent do you consider 

yourself a happy person? 

Very happy 10 10 9.4 10 9.85 0.30 

Happy 7 8 8 7.5 7.63 0.48 

Neither happy nor unhappy 5 5 5 5 5.00 0.00 

Not very happy 2 3 5.1 2.5 3.15 1.36 

Unhappy 1 2 0 0 0.75 0.96 

q11-Taking all things together, how happy 

would you say things are recently? 

Pretty happy 9 7 8.6 8.5 8.28 0.88 

Fairly happy 7 6 6.5 7 6.63 0.48 

Neither happy nor unhappy 5 5 5 5 5.00 0.00 

Fairly unhappy 3 3 1.7 2.5 2.55 0.61 

Pretty unhappy 1 2 0.3 2.5 1.45 0.99 
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Table 4.6 Continued 
Question Stem Response-Option Labels Coder 1 Coder 2 Coder 3 Coder 4 Mean Std. Dev. 

q13-If you were to consider your life in 

general, how happy or unhappy would you 

say you are, on the whole? 

Completely happy 10 10 10 10 10.00 0.00 

Very happy 10 9 9.1 9 9.28 0.49 

Fairly happy 7 7 6.9 7 6.98 0.05 

Neither happy nor unhappy 5 5 5 5 5.00 0.00 

Fairly unhappy 3 3 1.7 2.9 2.65 0.64 

Very unhappy 2 2 0.5 1 1.38 0.75 

Completely unhappy 1 0 0 0 0.25 0.50 

q14-How do you feel about your life as a 

whole? 

Delighted 9 10 10 10 9.75 0.50 

Pleased 7 8 8.6 9 8.15 0.87 

Mostly satisfied 7 9 6.1 8 7.53 1.25 

Mixed 5 5 5 5 5.00 0.00 

Mostly dissatisfied 3 1 0.4 1.5 1.48 1.11 

Unhappy 3 2 2.4 1.5 2.23 0.63 

Terrible 1 0 0 0 0.25 0.50 

q15-Taking all things together, how would 

you say things are these days? 

Very happy 10 9 9.3 10 9.58 0.51 

NLA 8.5 10 7.8 8.5 8.70 0.93 

NLA 7 7 5.8 6.8 6.65 0.57 

NLA 5 5 5 5.1 5.03 0.05 

NLA 3.5 2 3.6 3.3 3.10 0.74 

NLA 2 0 1.8 1.5 1.33 0.91 

Very unhappy 1 1 0.4 0 0.60 0.49 

q18*-I feel cheerful about my life. 

Cheerful 10 10 8 10 9.50 1.00 

NLA 8.5 9 6.9 8 8.10 0.90 

NLA 7 7 5.6 6.4 6.50 0.66 

NLA 5 5 5 5 5.00 0.00 

NLA 3.5 3 3.6 3.4 3.38 0.26 

NLA 2 1 2.9 1.7 1.90 0.79 

Not Cheerful 1 0 2.5 0.1 0.90 1.16 

q16-Generally speaking, are you a happy 

person? 

Very happy 10 10 9.4 10 9.85 0.30 

NLA 8.5 9 8.2 8.5 8.55 0.33 

NLA 7 7 6.8 6.9 6.93 0.10 

NLA 5 5 5 5.4 5.10 0.20 

NLA 3 3 3.6 3.6 3.30 0.35 

NLA 1 1 1.7 2 1.43 0.51 

Very unhappy 0 0 0.5 0 0.13 0.25 
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Table 4.6 Continued 
Question Stem Response-Option Labels Coder 1 Coder 2 Coder 3 Coder 4 Mean Std. Dev. 

q06*-I am pleased with my life. 

Pleased 8 9 8.1 10 8.78 0.93 

NLA 6 6 5.6 7 6.15 0.60 

NLA 4 3 2.4 3 3.10 0.66 

Not pleased 2 1 1 0 1.00 0.82 

  Extremely happy 10 10 9.7 10 9.93 0.15 

q10-Overall, how happy would you say you 

are? 

NLA 7 7 7.4 7.5 7.23 0.26 

NLA 5 5 5 5 5.00 0.00 

NLA 3 2 2.7 2.5 2.55 0.42 

Extremely unhappy 0 0 0.4 0 0.10 0.20 

q17*-I am delighted with my life. 

Delighted 7.5 10 8.8 10 9.08 1.19 

NLA 6.7 9 8 8.5 8.05 0.99 

 NLA 5.6 7 6.4 7 6.50 0.66 

 NLA 4.4 5 5 5 4.85 0.30 

 NLA 3.3 3 3.5 3.3 3.28 0.21 

 NLA 2.3 1 1.8 1.7 1.70 0.54 

Not delighted 1 0 0.5 0 0.38 0.48 

q09-Are you happy? 

Happy 10 8 8.1 10 9.03 1.13 

NLA 7.5 6 6.4 7.5 6.85 0.77 

NLA 5 5 5 5.1 5.03 0.05 

NLA 2.5 4 3.4 2.5 3.10 0.73 

Unhappy 0 2 2.5 0 1.13 1.31 

q12*-When I think of my life, I feel elated. 

Elated 9 10 10 10 9.75 0.50 

NLA 7 8 7.7 7.5 7.55 0.42 

NLA 5 5 5 5 5.00 0.00 

NLA 3 2 3.2 2.5 2.68 0.54 

Not elated 1 0 1.3 0 0.58 0.68 

 Mean 5.15 5.02 4.98 5.09   
  Std. Dev. 3.17 3.39 3.16 3.58     
Note. Question IDs with * refer to the made-up questions. NLA stands for "No Label Attached". 
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Figure 4.2. Distribution of the means of assigned values in the SJWC method. 

 With this method, the coders appeared to assign more similar values to labels as 

compared to the SJFW method. The largest difference between the raters’ mean values across 

labels in the SJWC method (0.17) was even smaller than that for the SJFW method. The 

correlations among the values assigned by coders are reported in Table 4.7. Relatively large 

discrepancies between the coders appeared when assigning values for the label “not very happy” 

in multiple questions (i.e., q01, q02, 04, q08, with standard deviations of 1.03, 1.14, 1.24, and 

1.36, respectively). The coders also tended to assign the values so that the assigned values on the 
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0-10 scale followed a linearly increasing (evenly spaced) trend. This trend was more often seen 

for the questions with endpoints-labeled scales (e.g., q06, q09, q10). 

Table 4.7 

Correlations between the Values Assigned by Coders in the SJWC Method 

  Coder 1 Coder 2 Coder 3 Coder 4 

Coder 1 --    

Coder 2 .96 --   

Coder 3 .95 .95 --  

Coder 4 .98 .98 .96 -- 

Note. Pearson product-moment correlation coefficients  
 

4.4 The Outcomes of the Transformation Methods 

 

The original means and standard deviations of the eighteen questions were transformed to 

the common 0-10 scale by applying three transformation methods: The Linear-Stretching (with 

two versions, LS-1 and LS-2), the Semantic Judgement of Fixed Word Value (SJFW), and the 

Semantic Judgement of Word Value in Context (SJWC) methods.  

As mentioned earlier, the Linear-Stretching method can be applied in two ways. In the 

first way (LS-1), the original means were directly transformed by applying Equation 4, which is 

parallel to Equation 1 with the original (X) mean substituted for Xorig. Standard deviations were 

obtained using Equation 5. In the second way (LS-2), the original response-option category 

points (e.g., 1, 2, 3, and 4 for a 4-point scale) were transformed to the 0-10 scale using Equation 

1. The transformed points for labels used more than once were averaged across all questions. The 

average transformed point was then assigned as the transformed value for that label across all 

questions. The transformed values were then weighted by the proportions of responses in each of 

the response-option categories for each question using Equations 2 and 3.  
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For the SJFW and SJWC methods, the coders’ ratings were also weighted by the 

proportions. The methods for obtaining the ratings for the SJFW and SJWC methods were 

described earlier. As was done for the LS-2 method, the transformed means and standard 

deviations for the SJFW and SJWC methods were calculated using Equations 2 and 3, 

respectively. 

Table 4.8           

The Transformed Unweighted Means and Standard Deviations from the Four Transformations 
 LS-1  LS-2  SJFW  SJWC 

Question 

ID 
Mean 

Std. 

Dev. 
  Mean 

Std. 

Dev. 
  Mean 

Std. 

Dev. 
  Mean 

Std. 

Dev. 

q01 7.50 2.20   7.42 2.17   8.37 1.96   8.16 1.75 

q02 7.73 2.07  7.83 1.95  7.75 1.76  8.45 1.63 

q03 7.27 2.50  8.01 2.40  7.87 2.38  7.76 2.24 

q04 8.13 2.10  8.19 1.95  8.05 1.75  8.53 1.67 

q05 7.40 2.17  7.33 2.11  7.23 1.97  7.09 2.00 

q06* 6.81 2.22  6.25 2.04  6.40 0.86  6.19 1.87 

q07 8.18 1.93  7.88 1.92  7.77 1.76  7.83 1.92 

q08 7.40 1.75  8.22 1.79  7.76 1.59  7.49 1.64 

q09 7.25 2.33  6.51 1.91  6.49 1.41  6.78 1.85 

q10 6.75 2.75  6.75 2.76  6.77 2.75  6.66 2.70 

q11 7.28 2.25  6.63 1.74  6.71 1.82  6.40 1.65 

q12* 5.62 2.21  5.62 2.21  7.39 1.31  5.66 2.12 

q13 7.53 1.63  8.28 2.09  8.38 2.16  8.03 1.88 

q14 7.18 1.77  7.48 2.11  6.54 1.32  7.36 1.76 

q15 7.30 2.23  7.29 2.10  7.04 1.97  7.28 2.22 

q16 8.67 1.72  8.58 2.03  8.25 1.91  8.87 1.59 

q17* 6.90 1.93  6.90 1.93  7.89 1.00  6.63 1.75 

q18* 7.54 2.07   7.53 2.07   7.57 1.10   7.30 1.89 

Average 

of Means 
7.36  7.37  7.46  7.36 

Std. Dev. 0.65  0.80  0.66  0.87 

Note. Question IDs with * refer to the made-up questions. 
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Figure 4.3. Distributions of means from the four transformation methods. 
 

Table 4.8 reports the transformed means and standard deviations from the four transformation 

methods. The distributions of the transformed item means from the methods are also depicted in 

Figure 4.3. The average values of the transformed means across all questions appeared to be very 

similar to each other across the transformation methods (i.e., 7.37, 7.36, 7.46, 7.36 for LS-1, LS-

2, SJFW, and SJWC, respectively).  However, both Figure 4.3 and the standard deviations in 

Table 4.8 show differences in variation across the four methods. The SJFW method was the less 
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variable of the rating methods. In the SJFW method, each label was assigned one value by each 

coder. On the other hand, in the SJWC method, labels that appeared in multiple questions were 

rated several times, often with different values. In addition, in the SJWC method, the highest and 

lowest labels for every item could potentially be assigned 0 and 10, the most extreme values on 

the numerical scale. In contrast, in the SJFW method, the extreme numerical values were 

assigned only to the most extreme verbal labels across all items. Other less extreme verbal labels 

(that may have been the highest or lowest for a particular item) would then receive less extreme 

values on the numerical scale. This would reduce overall variability in the means of the SJFW 

method. 

 In addition, the Pearson product-moment correlations between the transformed means 

produced by different methods showed some variations. The strongest correlation appeared to be 

between the means of the LS-2 and SJWC, r = .91. This supports the previous observation that 

the coders tended to assign the values linearly in the SJWC method.  The weakest correlation 

was found to be between the means of LS-1 and the means of SJFW, r = .47. The correlation 

between the means of SJFW and SJWC was 0.69. All bivariate Pearson product-moment 

correlations among the means are reported in Table 4.9. The outcome variables were on the 

whole linearly related to each other, as shown in Figure 4.4.  

Table 4.9     

The Pearson Product-Moment Correlations between Means from the Four Transformations 

  LS-1 LS-2 SJFW SJWC 

LS-1 --    

LS-2 .84 --   

SJFW .47 .67 --  

SJWC .87 .91 .69 -- 
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Figure 4.4. Scatterplots among the means from the four transformations. 

 

 

4.5 The Results of Meta-Analyses 

 

 The meta-analyses were conducted on the means from the LS-2, SJFW, and SJWC 

transformations. I excluded one of the linear-transformation methods, LS-1, from further 

analyses because both linear transformation methods yielded very similar transformed scores. 

The fixed-effects models for each outcome revealed a great amount of between-studies 

heterogeneity among the effect sizes. The survey studies did not share a common mean value for 

each set of outcomes. The forest plots for the fixed-effects models for each outcome are 

presented in Figures 4.5, 4.6, and 4.7, respectively. The forest plots for the fixed-effects models 
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show that the effect estimates were very precise; the standard errors of the estimates were so 

small that the 95% confidence intervals around the estimated effects were all very narrow. This 

was expected given that the sample sizes for the primary studies were very large. The Q tests and 

overall effect estimates based on the fixed-effects models for each outcome are reported in Table 

4.10. 

Table 4.10      

The Fixed-effects Models 

Outcome Q (df = 17) 
Weighted 

Mean 

Standard 

Error 
Z value 95% CI 

LS-2 4130.21* 7.41 0.01 734.43* [7.39 - 7.43] 

SJFW 5109.66* 7.30 0.01 875.83* [7.28 - 7.32] 

SJWC 5676.23* 7.42 0.01 778.08* [7.40 - 7.44] 

*p < .05      
 

      

 
Figure 4.5. Fixed-effects forest plot for the Linear-Stretching method. 
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Figure 4.6. Fixed-effects forest plot for the Semantic Judgement of Fixed Word Value method. 

 

Figure 4.7. Fixed-effects Forest Plot for the Semantic Judgement of Word Value in Context 

method. 
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For each of the three outcomes, the effect-size estimates were obtained by incorporating 

the between-studies variability (�̂�2) along with the sampling variability in the weights for the 

random-effects analyses. Table 4.11 reports the random-effects-model estimates of mean 

happiness for each outcome. Between-studies variances were estimated to be 0.63, 0.44, and 0.76 

for the LS-2, SJFW, and SJWC data, respectively. I2 values indicated almost all variability in the 

means of the outcomes was due to the between-studies variance rather than sampling error.  

Table 4.11 
      

The Random-effects Models         

Outcome 
Weighted 

Mean 

Standard 

Error 
Z value 95% CI �̂�2 I2 (%) 

LS-2 7.37 0.19 39.18* [7.00 - 7.74] 0.63 99.69 

SJFW 7.46 0.16 47.79* [7.15 - 7.76] 0.44 99.70 

SJWC 7.36 0.21 35.77* [6.96 - 7.76] 0.76 99.77 

*p < .05 
      

 To account for the between-studies variability in the outcomes, mixed-effects models 

were applied. Each moderator variable was tested in a separate the meta-regression analysis for 

each outcome. The correlations among the moderator variables are reported in Table 4.12. Scale 

labeling and polarity are strongly correlated with each other. A strong correlation between these 

variables was expected because the response-option scales of all unipolar questions were fully 

labeled. Also, scale polarity was strongly correlated with the number of response-option 

categories because most of the four-category scales were bipolar scales, and most of the seven-

category scales were unipolar. In addition, because the characteristics of all made-up questions 

were set as bipolar, endpoint-labeled, US, and 2018, the variable that represented whether 

questions were made up was correlated with scale polarity, labeling, country, and year. These 

strong correlations suggest that models that include more than one predictor may have a high 

potential for multicollinearity. If a meta-analyst wants to examine multi-predictor models, he/she 
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must use standard collinearity checks to make sure that collinearity problems have not affected 

the model.  

Table 4.12        

Correlations among the Predictor Variables         

  

Number of 

Category Polarity Labeling 

Stem 

Ratings 

Made-

up Country Year 

Number of 

Category --       
Polarity .64c --      
Labeling .42c -.71b --     
Stem Ratings -.17d -.21a .01a --    
Made-up .19c .43b -.60b .23a --   
Country .50c -.08b .08b .21a .38b --  
Year -.04d -.28a .31a .02d -.51a .17a -- 

Note. a = Point-biserial correlation coefficient, b = Phi coefficient, c = Cramer's V coefficient, 

d = Pearson product-moment correlation coefficient 
 

4.5.1 Number of Response-Option Categories 

 

Number of response-option categories did not have a significant impact on explaining the 

between-studies variances in the means for all methods. In other words, for all transformed 

scales the means were not related to whether the number of response-option categories of the 

scales was four, five, or seven. 

Table 4.13 

The Mixed-effects Model - Number of Response Categories       

Outcome 
Intercept 

(S.E.) 
Slope (S.E.) QM QE �̂�2 I2 (%) 

Pseudo-

R2 (%) 

LS-2 7.51* (0.317) Five: -0.57 (0.448) 3 3987.28* 0.60 99.61 5.57 

  Seven: 0.17 (0.448)      

SJFW 7.61* (0.271) Five: -0.46 (0.383) 1.96 4988.88* 0.44 99.67 0 

  Seven: 0.002 (0.383)      

SJWC 7.70* (0.335) Five: -0.89 (0.474) 4.19 4503.51* 0.67 99.71 11.46 

    Seven: 0.12 (0.474)           
*p < .05 

Note. The reference group for the number of response categories is “Four categories”. 
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4.5.2 Scale Polarity 

 

The weighted mean of the effect-size estimates of the bipolar scales (7.06) was significantly 

smaller than the weighted mean of the estimates of the unipolar scales (7.83) in the set of means 

from the SJWC method. The Pseudo R2 shows the reduction in the between-studies variance (�̂�2) 

between the random-effects model (with no predictor) and the mixed-effects model (with the 

predictor). The �̂�2 decreased from 0.76 to 0.64, which corresponded to a 15% change in the 

residual between-studies variance. Scale polarity was not a significant predictor in explaining the 

variance in the transformed means from the LS-2 and SJFW methods. For all outcome scales the 

test of the residual-variance component (QE) was still significant, indicating that a significant 

amount between-studies variance was left unexplained. 

Table 4.14 

The Mixed-effects Model - Polarity  

Outcome 
Intercept 

(S.E.) 

Slope 

(S.E.) 
QM QE �̂�2 I2 (%) 

Pseudo-R2 

(%) 

LS-2 7.78* 

(0.281) 

-0.67 

(0.361) 3.48 2998..60* 0.55 99.62 12.84 

SJFW 7.65* 

(0.250) 

-0.32 

(0.320) 1.02 3866.51* 0.44 99.69 0.23 

SJWC 7.83* 

(0.304) 

-0.78* 

(0.389) 3.99* 4673.17* 0.64 99.72 15.03 

*p < .05        
Note. The reference group for scale polarity is “Unipolar scale”. 

 

4.5.3 Scale Labeling 

 

For outcomes based on the LS-2 and SJWC methods, the weighted means of the effect-

size estimates of the questions with fully-labeled scales were significantly larger than those of 

the questions with endpoints-labeled scales. The magnitude of the impact of scale labeling is 

very similar across LS-2 and SJWC. Scale-labeling type accounted for about 22% and 16% of 

the total variabilities in the outcomes of the LS-2 and SJWC methods, respectively. On the other 
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hand, the weighted mean effect size was not found to be different between the fully-labeled 

scales and endpoints-labeled scales for the SJFW method, indicating that scale labeling did not 

influence variability in the means transformed by the SJFW method.  

Table 4.15 

The Mixed-effects Model - Labeling 

Outcome 
Intercept 

(S.E.) 

Slope 

(S.E.) 
QM QE �̂�2 I2 (%) 

Pseudo-R2 

(%) 

LS-2 6.93* 

(0.250) 

0.80* 

(0.336) 

5.65* 3243.07* 0.5 99.56 21.58 

SJFW 7.22* 

(0.228) 

0.42 

(0.306) 

1.88 3898.84* 0.41 99.67 5.01 

SJWC 6.92* 

(0.282) 

0.79* 

(0.379) 

4.33* 5127.26* 0.63 99.71 16.41 

*p < .05 
       

Note. The reference group for scale labeling is “Endpoints-labeled scale”. 

 

4.5.4 Ratings of the Question Stem Strength 

 

 The coded ratings of the question-stem strength were found to be one of the weakest 

predictors in accounting for the variations in the transformed means across the questions. Pseudo 

R2 values indicated that for all transformed outcomes, the ratings failed to explain any 

heterogeneity among the effect estimates. 

Table 4.16 

The Mixed-effects Model - Ratings of Question Stem Strength 

Outcome 
Intercept 

(S.E.) 

Slope 

(S.E.) 
QM QE �̂�2 I2 (%) 

Pseudo-R2 

(%) 

LS-2 6.73* 

(0.707) 

0.29 

(0.310) 

0.89 3648.21* 0.64 99.69 0 

SJFW 7.33* 

(0.601) 

0.06 

(0.264) 

0.05 4769.22* 0.46 99.71 0 

SJWC 6.66* 

(0.772) 

0.32 

(0.339) 

0.87 5452.24* 0.76 99.77 0 

*p < .05 
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4.5.5 Question Type 

 

Question type was also tested to see if the weighted means of effect estimates differed 

between the set of made-up questions and the set of the questions from the World Happiness 

Database. The results showed for the LS-2 and SJWC means, the averages of effect estimates 

were smaller in the set of made-up questions (6.58 for LS-2, 6.44 for SJWC) than in the database 

questions (7.60 for LS-2, 7.62 for SJWC). This result was not surprising because the made-up 

questions were generated for the purpose of increasing heterogeneity in the question stems, and 

were made up to be more difficult to endorse. Thus, it is sensible that their statistics turned out to 

be different from those of the rest of the questions. Interestingly, the effect estimates were not 

significantly different across the two sets of questions with the means from the SJFW method. 

While question type accounted for about 26% to 29% of the total variability in the mean-effect 

estimates of the LS-2 and SJWC methods, including this predictor in the model for the means of 

SJFW method did not explain any between-studies heterogeneity. 

Table 4.17 

The Mixed-effects Model – Question Type         

Outcome 
Intercept 

(S.E.) 

Slope 

(S.E.) 
QM QE �̂�2 I2 (%) 

Pseudo-R2 

(%) 

LS-2 7.60* 

(0.184) 

-1.02* 

(0.390) 

6.89* 3466.69* 0.47 99.59 25.8 

SJFW 7.50* 

(0.181) 

-0.18 

(0.383) 

0.24  

5059.26* 

0.46 99.7 0 

SJWC 7.62* 

(0.197) 

-1.18* 

(0.417) 

7.93* 4603.82* 0.54 99.69 29.04 

*p < .05 
       

Note. The reference group for question type is “Database question”. 

 

4.5.6 Country 

 

The survey-administration location was also examined to see if the weighted means of 

the survey questions that were administered in the US were different from the weighted means of 
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questions administered in any countries other than the US. The results showed that the effect 

estimates were not influenced by country for any of the transformation methods. The weighted 

means of the effect estimates were very similar across the survey questions of the US and those 

of the non-US respondents. 

Table 4.18 

The Mixed-effects Model - Country           

Outcome 
Intercept 

(S.E.) 

Slope 

(S.E.) 
QM QE �̂�2 I2 (%) 

Pseudo-R2 

(%) 

LS-2 7.33* 

(0.335) 

0.05 

(0.41) 0.02 4127.51* 0.67 99.68 0 

SJFW 7.20* 

(0.267) 

0.38 

(0.327) 1.37 5045.32* 0.43 99.68 2.18 

SJWC 7.22* 

(0.364) 

0.22 

(0.446) 0.24 5521.03* 0.79 99.77 0 

*p < .05        
Note. The reference group for question type is “Non-US”. 

 

4.5.7 Year of Administration 

 

The range for the year of survey administration was from 1956 to 2018. I centered the 

variable around 2000 (close to the mean value, 1999.17) so that the value of the intercept could 

be interpreted easily. Year as a predictor helped explaining some of the variation in the means of 

LS-2 and SJWC methods. The scatter plot of the weighted means from the LS-2 and SJWC 

methods predicted by year of administration was depicted in Figure 4.8. The estimated change in 

the weighted means with a one unit increase in year was very small though (0.02 for both 

conditions). That is, it would take 50 years to see a shift of 1 point on the 0-10 scale. The �̂�2 

values were reduced about 35% thanks to the predictive power of year on the means of LS-2 and 

SJWC. However, year of administration was not found be a significant moderator in the SJFW 

method, indicating that it did not explain much heterogeneity in the means transformed by the 

SJFW method. 
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Table 4.19 

The Mixed-effects Model - Year 

Outcome 
Intercept 

(S.E.) 

Slope 

(S.E.) 
QM QE �̂�2 I2 (%) 

Pseudo-R2 

(%) 

LS-2 7.35* 

(0.154) 

-0.02* 

(0.008) 9.51* 3447.62* 0.42 99.51 33.57 

SJFW 7.45* 

(0.156) 

-0.008 

(0.008) 1.10 4952.08* 0.43 99.69 0.68 

SJWC 7.34* 

(0.164) 

-0.02* 

(0.008) 10.67* 4057.85* 0.48 99.64 36.42 

*p < .05        
 

 

Figure 4.8. Scatter plots of the weighted means from LS-2 and SJWC, predicted by year of 

administration. 
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 Summing up the results in the mixed-effect models, number of response-option 

categories, ratings of question stems, and location of the survey administration (i.e., the US and 

non-US) did not have significant relationships with the effect estimates for all transformation 

methods. Scale labeling (i.e., fully-labeled and endpoints-labeled), question type (i.e., made-up 

and database), and year of survey administration were found to be significant moderator 

variables in explaining between-studies variance in the LS-2 and SJWC outcomes. Scale polarity 

(i.e., unipolar and bipolar) was found to be a significant predictor in the SJWC outcome only. 

The between-studies variance in means transformed by the SJFW method was not significantly 

explained by any of the moderator variables tested in the mixed-effects models above.  

 In addition to the models described above, a few mixed-effects models with multiple 

moderator variables were tested. For the LS-2 outcomes, scale labeling, question type and year 

of administration (significant predictors from previous models) were modeled together. For the 

SJWC outcomes, the mixed-effects model included scale labeling, question type, year of 

administration, and polarity. For both models, year of administration was the only significant 

predictor. The other variables were not significant when they were entered in a model with other 

moderator variables.  
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CHAPTER 5 

 

CONCLUSIONS AND DISCUSSION 

 

 

In summarizing survey questions about the same construct, meta-analysts often encounter 

situations in which the questions from different surveys differ from each other in a variety of 

ways. These may include differences in wording of question stems, number of response-option 

categories, scale format and direction, and response-option labeling. Consequently, meta-

analysts face a problem in comparing and summarizing the outcomes of such diverse survey 

questions. In this study, I illustrated how meta-analysts can deal with such issues that hamper 

comparability. To compare and synthesize outcomes of the survey questions appropriately, one 

may use scale transformations to locate different scales of survey questions on a common scale. I 

studied three transformation methods, and applied them to a set of survey questions about 

happiness. Also I recommended evaluating the strength of question stems, and using strength as 

a potential moderator variable. Last, I illustrated a hypothetical meta-analysis that synthesizes the 

mean responses to survey questions about happiness.  

5.1 Transforming Outcomes of Survey Questions 

 

 The linear-transformation method transformed the scales with different numbers of 

response-option categories to a common scale running from 0 to 10. I presented two ways of 

applying the linear-transformation method. In one way, the means of the original scales were 

directly transformed by applying the linear-transformation formula (Kalmijn, 2010). The 

transformed values were considered as the means on the 0-10 scale for each question. In the 

other way, instead of transforming means directly, the response-option points of the original 

scales were linearly transformed. In situations where response option-labels appeared in more 

than one question scale, the transformed points of that response-option-labels were averaged 
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across the questions in which the label appeared. In this way, the points assigned to the response-

option scales became the same across all questions. The two types of linear-transformation 

methods yielded very similar outcomes. The correlation between the two sets of transformed 

means in my hypothetical meta-analyses example was very strong. In the analyses, I used the 

outcomes obtained by the second method of linear transformation, as it dealt with the 

inconsistencies between the points assigned to the same response labels across the questions. 

 The linear-transformation method is a straightforward technique to scale the different 

questions on a common metric. With the linear transformation, one can easily transform the 

means of different survey questions and take them to a ‘comparable’ level. However, as 

mentioned earlier, the method is limited in many ways. It assumes that the interval distances 

between the response-option categories are the same. This is not a realistic assumption in most 

cases. Take question 14 in the dataset as an example. The question has unique labels to represent 

the response options. One could easily argue about the accuracy of assuming that the difference 

between category 1 ‘terrible’ and category 2 ‘unhappy’ is the same as the difference between 

category 6 ‘pleased’ and category 7 ‘delighted’. Also, the linear method does not take into 

account the differences in the question stems and labeling of the response options. For example, 

regardless of the differences in the wordings of questions 7 and 8, the point scored 4 on both 

scales will be transformed to 7.5 on the 0-10 scale. Moreover, the point 7.5 will then represent 

both the label of the response scored 4 on question 7 (‘fairly happy’) and the label scored 4 on  

question 8 (‘happy’) on the 0-10 scale (assuming the labels appeared only in these questions). 

This assignment of equal scores implies that the labels mean the same thing. This is also 

arguable, and on the surface is not sensible.   
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 In addition, it is not clear how to apply the linear-transformation method with unipolar 

response scales. Unlike the ranges of bipolar scales (e.g., for unhappiness-happiness; very 

unhappy-very happy), unipolar scales typically cover one spectrum of the construct (e.g., for 

happiness; not too happy to very happy). Therefore, the lower endpoints of the responses for 

unipolar scales often would fall somewhere close to the middle of the potential response range of 

a common unhappiness-happiness scale. If this is the case the direct linear transformation may 

not work as expected. If the meta-analyst believes that the response option labels of unipolar 

scales should not cover the full range of happiness, she/he may be able to assign an appropriate 

covered range within the 0-10 scale, given the response-option labels.  

For example, the meta-analyst may make a subjective judgment and decide that the 

lowest response option should be transformed to 4, instead of 0, on the 0-10 common scale. The 

linear-transformation method could then be applied to transform the primary scale onto the 

common scale between 4 and 10. Alternatively, the meta-analyst may have study coders make 

the decision about the position of the lowest response option on the 0-10 scale. For example, 

raters could be asked “On a new scale from 0 to 10 representing the range from unhappiness to 

happiness, where do you think the label “lowest response option” from the primary scale should 

fall?”. The wording of the lowest response option from the original scale would be shown inside 

of the quotation marks in place of “lowest response option”.  

 A second transformation technique was the Semantic Judgement of Fixed Word Value 

method. With this approach all response-option labels from the collection of survey questions are 

placed on the 0-10 scale by a set of coders without regard to the question-stem wordings. The 

advantage of this method over the linear-transformation method is that the degrees of happiness 

denoted by the response-option labels are evaluated by the coders. Thus, transformed values of 



 

 

79 

 

the labels on the 0-10 scale are determined after taking into account the perceived differences in 

the labels. However, this method is not capable of dealing with differences in the wordings of the 

primary questions, and the numbers of response options of the primary scales. As mentioned 

above, coders might interpret the response-option labels differently when they see the question 

stems to which the labels belong. Also, they might assign different values to the same response-

option label depending on whether it is in a long scale or a short scale.   

Some of these limitations were addressed in discussions of the Semantic Judgement of 

Word Value in Context method above. In this method, coders made their judgments about the 

intensity of the response-option labels by considering the wording of the questions and other-

response options for each scale. However, as noted above, my observation was that the coders 

may not have fully paid attention to the wordings of the questions when they were assigning 

values to the response options. With the SJWC method, the coders assigned values to 96 

response options. They might have found the task too repetitive and boring. Consequently, they 

might have assigned the values with less-than-optimal attention to the intensity of question stems 

and the response-option labels. 

In the SJFW method, the coders were presented 32 response-option labels, all of which 

were presented on the same screen. The coders were able to make relative comparisons among 

the response-option labels when assigning values. In this sense, the SJFW method was easier to 

apply in practice than the SJWC method. Consequently, fatigue effects appear to be less likely in 

the SJFW method than the SJWC method. In general, I recommend using the SJFW method 

when the meta-analyst has many survey questions to summarize. If the survey questions differ 

drastically from each other in wordings of the question stems, then I recommend using the SJWC 

method. 
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5.2 Example Meta-analyses 

 

 Each transformation method was applied to the scales of eighteen survey questions about 

happiness in order to locate them on a common metric. Once they were on the same metric, they 

could be summarized in a meta-analysis. In this study, I conducted examples of meta-analyses on 

the outcomes of all three transformation methods. The meta-analyses used the transformed mean 

values of answers to the survey questions as effect sizes. The precisions of the estimates were 

extremely high within each set (e.g., small standard errors and confidence intervals around 

weighted means). The values of Q statistics were very large in all three analyses, indicating large 

between-studies variances. This was due in part to the large sample sizes of the survey studies, 

which led to extremely small within-study variances. The point estimates (i.e., means) for the 

individual questions seemed to sit apart from each other, as seen in the forest plots. In the 

random-effects models, the I2 values were also very large, indicating that almost all the variation 

in observed mean effects was due to the heterogeneity in true mean effects rather than sampling 

error. In the mixed-effect models, even though some of the moderator variables were found to be 

significant in accounting for the between-studies variances in the transformed means (discussed 

below), the I2 did not drop much at all. The changes in I2 values were not larger than 1%. This 

suggests that even significant predictors could account for only tiny proportions of between-

studies variances. 

 Mixed and random-effects meta-analyses models took into account the fact that the 

estimates did not share a common effect in each set of the outcomes. The random-effects 

weighted mean estimates were obtained by accounting for the between-studies variances in each 

outcome set. The weighted mean effect estimates for the data from all transformation methods 

were very similar to each other. Expectedly, the ratios of between-studies variance to the total 
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variability were extremely large for each outcome because the within-study variances were so 

small (i.e., I2 values were around 99%). Mixed-effects models were fitted in an attempt to 

explain the between-studies variances: moderators included survey characteristics studied such 

as number of response options, scale polarity, labeling, ratings of question-stem strength, an 

indicator of the made-up questions, country, and year.  

 The mixed-effects model for the ratings of the question-stem strength revealed that the 

ratings did not explain any heterogeneity in the means for data from all three methods. This 

result suggests that the intensity of degree of happiness used in the wordings of questions doesn’t 

have an impact on the variations between the means of the happiness survey questions in this 

collection. Looking at Table 4.2, Coder 1 and 2 found many question stems to be strong 

statements, and Coder 3 rated most of them as weak statements. Most of the question stems were 

called moderate statements by Coder 4 in terms of intensity of happiness. The ratings showed 

clear discrepancies across the coders. Take question 12 as an example. This question was one of 

the made-up questions. I used the word “elated” to introduce a strong statement in the question 

stem. The initial expectation was that the coders would tend to rate this item as a 3 reflecting a 

strong statement. However, as seen in the ratings of this question in Table 4.1, two coders 

assigned 1, one coder assigned 2, and one coder assigned 3. It may be possible that the coders 

perceived the meaning of “intensity of happiness” differently.  

 To avoid possible misunderstandings about the rating task aimed at differentiating the 

question stems, the meta-analyst should conduct a training session with the coders. In the 

training session, the meta-analyst can explain the procedures of the coding task and discuss the 

conceptual meaning of “strength” of the question stem (in this study, it was the intensity of 

degree of happiness). Then, she/he can address any questions and comments to reduce possible 
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misunderstandings, and clarify any concerns. The meta-analyst may want to also demonstrate an 

example of the rating task with a sample of questions. The demonstration may be followed up 

with a practice session in which coders rate another set of questions, and discuss them to achieve 

greater inter-rater consistency in the real rating task.  

 This type of practice can be useful for question-stem ratings and the ratings of labels in 

the transformation methods. The mean ratings for each coder can be used to assess whether any 

coder is deviating from the rest during practice or in the context of further coding tasks. In cases 

where one or more coders show extreme ratings, the meta-analyst may ask the coders to discuss 

their discrepancies and resolve them.  

 In this study, the ratings of question stems were averaged across the coders. Then, the 

average values were used as a predictor variable in the mixed-effects models. Alternatively, as 

just discussed, the meta-analyst may ask coders to resolve any discrepancies in ratings, and come 

up with one rating for each question that they all agree on. Then, the meta-analyst may introduce 

the ratings of stem strength as a categorical variable (e.g., with 3 levels; weak, moderate, and 

strong) in the mixed-effects models, and test its predictive power as a grouping variable.  

 The happiness questions examined in this study were very simple, thus were very similar 

to each other. Even though the question stems sounded similar (especially the questions from the 

World Database of Happiness), coders used the whole range of ratings (1, 2, and 3) when rating 

the questions. With other psychological concepts, the survey questions may differ from each 

other to a greater extent. The meta-analyst may consider using more ratings to capture possible 

differences in the strength of question stems. Indeed, at the end of the rating session in this study, 

one of the coders stated that had a wider range of rating points been available, she would have 
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used four or five different rating scores to better differentiate the strengths of the question stems 

from each other.     

 The analyses of the mixed-effect models for individual moderators revealed that some 

variation in the means transformed by the Linear-Stretching method and Semantic Judgement of 

Word Value in Context method were accounted for by the year of administration, polarity, and 

question type. Nevertheless, none of the predictors were significant in explaining variation in the 

outcomes transformed by the Semantic Judgement of Fixed Word Value method.  

 These findings should be interpreted with caution, and cannot be used for real inferences 

about happiness. Most particularly, the items do not all represent real survey results. The setup of 

the four made-up questions has had some impact on the obtained results. These questions were 

made up to be relatively stronger than the rest of the questions in terms of the intensity of the 

degree of happiness (i.e., the stems included the words pleased, elated, delighted, and cheerful). 

Therefore, the original-scale means of these questions were set to be relatively smaller than those 

of the database questions. Consequently, after the transformation methods were applied, the 

transformed means of these questions not surprisingly appeared to be smaller than those of the 

database questions. The means transformed by the LS-2, SJFW, and SJWC methods for the 

made-up questions were 6.58, 7.31, and 6.45, respectively. For the database questions, the means 

were 8.28, 7.50, and 7.62, respectively. The mixed-effect models for question type also showed 

that weighted means of the made-up questions were smaller than those of the database questions.  

In addition, the year of administration for the made-up questions was arbitrarily set as 

2018. Thus the slope coefficient for year of the survey also turned out to be negative in the 

mixed-effects models for the outcomes, indicating that the mean happiness level decreased over 
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the years. The results might have been the opposite if the year for the made-up questions had 

been assigned randomly or set to be a different year than 2018.  

 Moreover, the scales of the made-up questions were all bipolar. The mixed-effects 

models for the scale-polarity predictor revealed that the weighted means of the bipolar scales 

were smaller than those of the unipolar scales for the outcomes of the LS-2 and SJWC. Again, 

the results might have been the opposite if the some or all of scales of the made-up questions had 

been created to be bipolar. 

5.3 Implications and Limitations 

 

 My work is the first research study that provides meta-analysts with a framework 

demonstrating how to handle variations across survey studies in meta-analysis due to wordings 

of questions about the same construct, numbers of response options, response-scale labeling 

(endpoints labeled vs. fully labeled), scale polarity, and response-option labeling. In my 

examples I used response scales commonly used in the happiness literature. However, the 

methods described here can also be used for other latent constructs in education and psychology 

that are typically measured by self-report rating scales and survey questions, as well as for 

measures of other constructs in areas other than education. Meta-analysts can combine the 

findings of such survey questions on the same topic by using these methods, according to the 

specific objectives of their meta-analytic study. Consequently, by dealing with such survey 

diversity, meta-analysts will be able to integrate more findings in their analyses by including 

more diverse studies in their collections. Also, taking into account the variations due to the 

aforementioned factors may help the meta-analyst to understand observed differences in study 

outcomes and potential population differences. These practices will in turn enhance the 
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comprehensiveness of data collection, the validity of survey meta-analyses, and the 

generalizability of the results of survey meta-analyses. 

 Having said that, meta-analysts need to also take into account other methodological 

considerations when they attempt to summarize findings of survey data across studies. These 

considerations include the survey-administration mode, administration duration, survey 

language, use of complex survey-sampling designs, variance-estimation techniques (e.g., use of 

sampling weights), specifications of target populations and sub-populations, and the 

psychometric quality of the included surveys, just to name a few. These issues are not covered in 

this study. For interested readers, discussions of such important issues can be found elsewhere 

(Fox, 2011; Kish, 1999; Rao, Graubard, Schmid, Morton, Louis, Zaslavsky, & Finkelstein, 2008; 

Saris & Gallhofer, 2007). 
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