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Abstract: The digitalization of knowledge has made it increasingly challenging to 

find and discover relevant information, leading to the development of 

computational tools to assist in organizing, searching, and comprehending vast 

amounts of information. In fields like psychometrics, which involve large datasets, 

a comprehensive examination of research trends, as well as understanding the 

prominence of various themes and their evolution over time through these tools, is 

essential for assessing the dynamic structure of the field. This study aims to explore 

the themes addressed in publications from eleven leading journals in psychometrics 

and to determine the overall distribution of topics. To achieve this, structural topic 

modelling has been employed. A comprehensive analysis of 8,523 article abstracts 

sourced from the Web of Science database revealed the existence of fourteen topics 

within the publications. “Scale Development and Validation” emerged as the most 

prominent topic, whereas “Differential Item Functioning” was the least well-

known. The distribution of topics across academic journals emphasized the key role 

journals play in shaping the development and evolution of psychometric research. 

Through further exploration of topic correlations, potential future research 

directions and between-topic research areas were revealed. This study serves as a 

valuable resource for researchers aiming to keep up with the latest advancements 

in psychometrics. The findings provide crucial insights to guide and shape future 

research in the field. 

1. INTRODUCTION 

Psychometrics, although a field that has significantly advanced since the 2000s (Groenen & 

Ark, 2006), has much deeper historical roots. The foundations of psychometrics were 

established in the late 19th century by Sir Francis Galton, who aimed to evaluate human abilities 

using statistical methods and measurement techniques (Michell, 2022). In the post-World War 

II era, the emergence of psychometric methodologies and their applications in various domains 

contributed to noteworthy progress in the discipline (Jones & Thissen, 2006). In the mid-20th 

century, Charles Spearman introduced the concept of general intelligence, referred to as the "g 
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factor," and developed factor analysis, a fundamental method for identifying the common 

factors underlying psychological tests (Buckhalt, 1999). 

This trajectory highlights how psychometric research in the 2000s gained momentum in 

response to the growing demands for psychological and educational measurement, paralleled 

by advancements in statistical and computational methods. During this period, particular 

emphasis was placed on the development and evaluation of psychometric tools, with 

researchers striving to ensure their reliability, validity, and applicability across diverse contexts 

(Martin & Savage-McGlynn, 2013). Simultaneously, interest in psychometric theory was 

revitalized, prompting academics to revisit foundational concepts and explore novel approaches 

to measurement and scale development (Jones & Thissen, 2006). This renewed focus drew 

attention to topics such as the psychometric validity of scales, item bias, differential item 

functioning, and estimation methods based on item response theory. 

As researchers sought to bridge the gap between academic studies and practical applications, 

interest in the usability and interpretability of psychometric scales also increased (Vitoratou & 

Pickles, 2017). These advancements have enabled researchers to address increasingly complex 

and multifaceted research questions, thereby enhancing the depth and sophistication of 

psychometric analyses (Blanca et al., 2018). By the 21st century, psychometric practices had 

become more sophisticated through the integration of technologies such as computer-assisted 

testing and data analytics. Psychometricians have utilized technological advancements to 

address emerging demands and develop the discipline. For example, the early 20th century 

witnessed a growing demand for standardized tests in education, marking a turning point in the 

development of measurement tools. During this period, pioneers like Thorndike emphasized 

the importance of measurement and evaluation practices in education and worked to establish 

a scientific foundation for these applications. The development and widespread adoption of 

educational achievement tests contributed significantly to the theoretical and practical growth 

of psychometrics. 

Technological advancements, the growing demand for more sophisticated measurement tools, 

and an increasing emphasis on fairness and equity in psychological and educational assessment 

has shaped this progress in the field. For instance, innovations such as cognitive diagnostic 

modeling and adaptive testing have expanded the discipline's scope. However, the rise of large 

textual datasets has made organizing and understanding the themes in literature increasingly 

complex. Understanding the prominence of different themes in psychometric literature, how 

these themes have evolved over time, and how they vary across journals is crucial for evaluating 

the dynamic structure of the field. The interdisciplinary nature of psychometrics and its broad 

application in education, healthcare, and business further underscores the necessity of such an 

analysis. In this respect, topic modeling methods could be a desirable alternative for uncovering 

the hidden themes and trends in such a broad field. 

Topic modeling, a powerful text mining technique that has become popular in natural language 

processing, can provide valuable insights into the themes and trends emerging in psychometrics 

literature (Gao & Sazara, 2023). This method's main goal is to identify underlying themes or 

topics within a large text corpus without prior content knowledge or labeling. One of the 

greatest advantages of topic modeling is its ability to process unstructured text data, which is 

ubiquitous in the digital age (Blei, 2012). The versatility of this technique makes it an essential 

tool for researchers and practitioners across a wide range of disciplines. Furthermore, its ability 

to handle diverse textual data, from short-form content like social media posts to long-form 

academic articles, underscores its adaptability (Richardson et al., 2014). Boon-Itt and Skunkan 

(2020), for instance, leveraged topic modeling and sentiment analysis to understand public 

awareness of COVID-19 trends and identify significant themes of concern shared by Twitter 

users. Polatgil (2023) employed topic modeling to analyze user comments on the Duolingo 

mobile app, a widely utilized tool among language learners, with the aim of identifying the key 

aspects highlighted by users. Another study by Hwang et al. (2023) used topic modeling 
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techniques to identify research trends in published articles on the use of technology in 

mathematics education. 

The application of topic modeling is increasingly gaining prominence in educational 

measurement. Anderson et al. (2020) introduced a novel approach to gather content-related 

validity evidence, incorporating topic modeling as a key method. Wheeler et al. (2024) stated 

that topic modeling is becoming more widespread in educational measurement research, 

particularly for analyzing responses to constructed-response items. A recent study by Xiong 

and Li (2023) employed topic modeling methods in the development of automatic scoring 

algorithms for constructed-response items. The growing use of topic modeling for various 

purposes in the literature, along with the need for a comprehensive examination of research 

trends in fields like psychometrics that involve large datasets, has led to the emergence of this 

study. 

Despite the increasing use of topic modeling in educational and psychological research, there 

has been no comprehensive investigation of its application to psychometric literature. This 

presents a gap in understanding how core themes have evolved within the field and how they 

differ across publication venues. The lack of such analysis limits our ability to grasp the 

intellectual structure and thematic development of psychometrics as an interdisciplinary 

domain. Therefore, the present study is significant in that it systematically maps the landscape 

of psychometric research using structural topic modeling (STM), providing insights into its 

conceptual evolution and the distribution of topics across journals and time. Specifically, this 

study seeks to address the following questions: 

(1) What are the prominent themes in psychometric research? 

(2) How have these themes evolved over time? 

(3) How are these themes distributed across different journals? 

In recent years, widespread adoption of technologies such as big data analytics and machine 

learning in psychometrics has significantly enhanced the field's capacity to perform complex 

analyses on large datasets. These technological advancements have also improved the validity 

and reliability of psychometric tools, enabling researchers to tackle increasingly complex 

challenges. Furthermore, the thematic organization and analysis of extensive literature have 

become crucial for guiding more focused and meaningful progress in the field. Such analyses 

not only provide valuable insights into the structure and focus of past research but also offer a 

framework for understanding future research orientations. To our knowledge, a comprehensive 

topic modeling and bibliometric analysis study in psychometrics remains absent. The only 

related example in the literature is the bibliometric investigation conducted by Zagaria and 

Lombardi (2024), which utilized the PsycINFO database to examine the relative prominence of 

Bayesian and frequentist approaches in the fields of psychology and psychometrics. 

This study aims to explore the role of psychometrics in the scientific world and identify key 

focus areas for the future. It uses Structural Topic Modeling to analyze prominent themes in 

psychometric literature, their development over time, and their distribution across journals. This 

analysis provides a framework for understanding how fundamental psychometric 

methodologies have evolved and which themes have gained prominence in response to societal 

and technological changes. The thematic analysis further sheds light on the interdisciplinary 

nature of the field, highlighting the relationship between its theoretical foundations and 

practical applications. Together, these insights offer a more comprehensive understanding of 

the evolving landscape of psychometrics and its response to emerging demands and 

opportunities. 

1.1. Structural Topic Modeling 

Topic modeling is a machine learning approach that uses probabilistic models to uncover the 

themes and semantic patterns in large volumes of unstructured text data. By analyzing and 

linking documents based on word frequency patterns, these models can identify a set of 
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"topics," with each word and document associated with one or more topics (Blei, 2012). In topic 

modeling, each topic is defined by a collection of semantically related words. The model 

identifies these relationships by examining the frequency of words across the entire corpus of 

text. This enables a single word to relate to multiple topics, as its usage can vary depending on 

the context. Instead of assigning a single topic to each document, the model produces a 

probability distribution indicating the likelihood of a document belonging to each identified 

topic, based on the word patterns present (Blei et al., 2003; Blei, 2012). 

Structural topic modeling (STM) builds upon standard topic modeling by incorporating 

document metadata into the topic prediction process. This approach differs from traditional 

classification methods, which typically assign a document to a single, discrete category. STM 

is grounded in Latent Dirichlet Allocation (LDA; Blei et al., 2003), but with a key distinction: 

LDA assumes topic prevalence and word usage patterns are static across all documents, while 

STM accounts for variability in these patterns by allowing them to be influenced by relevant 

covariates (Tonidandel et al., 2021). 

STM is a valuable tool for analyzing large volumes of unclassified text data. This advanced 

modeling approach identifies meaningful linguistic and semantic connections within the text 

and uncovers how these patterns vary across relevant metadata. STM's ability to link words 

with similar meanings and to distinguish multiple usages of the same word provides a more 

nuanced and contextual understanding of the content, making it particularly useful for analyzing 

extensive, unstructured datasets. By incorporating document metadata, STM enables 

researchers to examine the relationships between topic content, topic prevalence, and external 

variables (Tonidandel et al., 2021). This technique can uncover hidden themes and trends in 

large text corpora and provide insights that may be missed by other methods. 

Overall, STM is a powerful and versatile analytical framework for extracting meaningful 

insights from large, unstructured text datasets across a variety of contexts, including open-

ended survey responses, news articles, and social media posts. This makes it an invaluable asset 

for researchers in fields such as social sciences, business, education, and public health (Bai et 

al., 2021; Roberts et al., 2014). 

In the context of this study, STM offers a robust methodological framework for identifying the 

key themes within psychometric literature and examining how these themes evolve across time 

and publication venues. This approach is particularly valuable given the increasing volume and 

complexity of research in psychometrics, where traditional content analysis methods may fall 

short. By incorporating document-level metadata such as publication year and journal, STM 

enables a more nuanced exploration of thematic shifts in the field. Therefore, this study applies 

STM not only to map the conceptual landscape of psychometrics but also to uncover the 

dynamic interplay between methodological developments and thematic emphasis. Through this, 

we aim to contribute a systematic and scalable method for organizing knowledge in 

psychometrics and guiding future research directions. 

2. METHOD 

This study employed a descriptive and exploratory research design based on structural topic 

modeling (STM). The purpose was to examine the thematic structure of psychometric research 

by identifying latent topics within a large body of scholarly literature and exploring their 

temporal and journal-based variations. The following subsections outline the data collection, 

preprocessing, and analytical procedures used in the study. 

2.1. Data Collection 

We initiated our analysis of psychometric literature by identifying the most relevant journals in 

this field. Utilizing bibliometric techniques, we selected journals with a high volume of articles 

focused on psychometrics for further examination. To investigate the psychometrics publication 

landscape, we first identified the eleven most relevant journals in the field. After a 
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comprehensive review of the databases indexing these journals, we determined that Web of 

Science (WoS) was a primary source of bibliographic information. In the WoS search, we 

considered journals in both SSCI and ESCI indexes. 

We retrieved the data on 26 January 2025 and extracted the publication name, publication year, 

journal name, document type, and abstract metadata from the WoS database and downloaded 

1000 articles each time. We then examined the downloaded files to ensure they were from 

journal sources, the document type was an article, and an abstract was present in the metadata. 

After this examination, we consolidated the data into a single file. Our literature search 

identified 19,826 publications, but 10,829 of these lacked abstracts. This resulted in 8,997 

publications remaining. An analysis of the publication years for the abstracted publications 

revealed that 46 were published before 1989, and these 46 were excluded from the corpus. 

Finally, the document type was restricted to articles, and this process left 8,523 articles. 

Information regarding 8,523 articles comprising the corpus is presented in Table 1. The names 

and abbreviations of the academic journals, the number of articles from each journal in the 

corpus, and the publication year ranges of the articles are presented in Table 1. 

Table 1. Features of the articles in the corpus. 

Journal Name and Abbrev n 
Publication Year 

Range 

Applied Measurement in Education (AME) 549 1995- 2024 

Applied Psychological Measurement (APM) 1009 1991- 2025 

Educational and Psychological Measurement (EPM) 2146 1991- 2025 

Educational Assessment (EA) 289 2005- 2024 

Educational Measurement-Issues and Practice (EM-IP) 315 2013- 2024 

International Journal of Assessment Tools in Education (IJATE) 395 2014- 2024 

Journal of Educational and Behavioral Statistics (JEBS) 712 1994- 2025 

Journal of Educational Measurement (JEM) 698 1992- 2025 

Journal of Measurement and Evaluation in Education and 

Psychology (EPOD) 

307 2010- 2024 

Psychometrika (PSYCH)    1321 1990- 2024 

Studies in Educational Evaluation (SEV) 782 2013- 2025 
 

As shown in Table 1, most articles in the corpus are published in EPM, while the fewest 

originate from EA. Another noteworthy detail in Table 1 is that the EM-IP, IJATE, and EPOD 

journals, which show lower representations, are recent publications. 

2.1.1. Data preparation 

Before applying topic modeling, several text preprocessing steps were required. The text was 

converted to lowercase, and punctuation, numbers, and symbols were removed. Additionally, 

stop words (frequently used words) that provide little semantic meaning, such as "the", "a", 

"by", and "so", were eliminated. This is a widespread practice, as stop words appear frequently 

in text yet contribute little to the analysis. There is no universally accepted dictionary of stop 

words, but various libraries are available. For this application, the stop word lexicon from the 

tidytext R package was utilized (Silge & Robinson, 2016). We also removed terms like 

"approach", "data", "research", "article", "set", "procedure", and "framework" as sources of 

noise in the text, which led to the emergence of the Research Methods and Data Analysis topic. 

This text preprocessing step helped improve the performance of the language classification 

algorithm, such as STM, by focusing the analysis on more substantive and informative content 

within the text documents (Banks et al., 2018). 

Common text normalization techniques include stemming and lemmatization (Banks et al., 

2018). These methods reduce words to their roots but differ in their approaches. Stemming uses 
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pattern-based methods to determine the root without considering vocabulary, context, or parts 

of speech. In contrast, lemmatization involves morphological analysis to extract the root word 

while preserving semantic meaning (Singh & Gupta, 2017). Previous research has yielded 

mixed findings on the added benefits of applying stemming or lemmatization to large text 

datasets (Banks et al., 2018). For this analysis, the lemmatization approach is selected as it 

maintains the conceptual significance of the words. 

The article abstracts were pre-processed and converted into a traditional word-document 

matrix. In this matrix, each row represents the text from an individual abstract, and each column 

denotes a word used in the entire text corpus. In addition to single words, we also incorporated 

two-word combinations (bigrams) in our analyses. The decision to include unigrams, bigrams, 

and even trigrams reflects the need to balance adequately capturing meaning without 

unnecessarily increasing model complexity. As the n-gram size increases, the number of 

columns in the dataset grows exponentially, resulting in an extremely sparse, high-dimensional 

data structure. Unfortunately, high-dimensional data presents various analytical challenges that 

can impede the application of numerous techniques, a phenomenon known as the curse of 

dimensionality. While multiple n-grams should be avoided, they may be desirable if there is 

reason to believe they convey important semantic meaning beyond single words. In our case, 

we made an a priori decision to include bigrams because we believed that two-word 

combinations, such as “formative assessment,” “rater reliability,” or “internal consistency,” 

could reflect nuanced conceptual relationships. To mitigate the impact of sparse words, which 

contribute little to understanding common topics but can increase the computational complexity 

of structural topic models, we used a lower inclusion threshold. Only words or bigrams 

appearing in more than five documents were retained. Our final text corpus consisted of 8,523 

documents, 13116 terms, and 384004 tokens. 

2.1.2. Data analysis 

The STM analysis was conducted using the stm package (Roberts et al., 2019) in R software. 

The number of topics (K) was determined by comparing models using semantic coherence and 

exclusivity metrics. Document metadata, including publication year and journal name, were 

incorporated as covariates to examine their influence on topic prevalence. The model output 

includes topic-word distributions (β), document-topic distributions (θ), and estimates of topic 

variation over time and across journals. 

To determine the optimal number of topics, we used an iterative approach with the searchK() 

function in stm, estimating models with 5 to 30 topics. This process is analogous to inspecting 

a scree plot in exploratory factor analysis (Tonidandel et al., 2021). As shown in Figure 1, key 

metrics guide topic selection. Semantic coherence measures how frequently a topic’s most 

probable terms co-occur, held-out likelihood assesses predictive performance on unseen data, 

residual variance indicates unexplained variation, and the lower bound reflects model log-

likelihood, with higher values signifying better fit. 

When determining the number of topics, the goal is to strike the best balance between 

coherence, exclusivity, and cohesion. As more topics are added, exclusivity tends to increase, 

enabling more refined differentiation. However, this also tends to reduce semantic coherence. 

The sweet spot is where coherence remains decent, but exclusivity is high. Based on our 

analysis, the models with 8 to 15 topics appeared to strike this balance. After reviewing these 

options, the 14-topic model was identified as the most meaningful and interpretable. 
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Figure 1. Comparison of solutions for topics spanning 5–30. 

3. RESULTS 

The analysis of 14 topics revealed their relative prevalence within the overall corpus, as 

depicted in Figure 2. This figure also presents the six most frequent words associated with each 

topic. Topic 8, characterized by the terms factor, scale, and measure, emerged as the most 

dominant topic. Conversely, Topic 10, containing the words item, differential, test, and 

function, demonstrated the lowest prevalence. The topic prevalence values span a range from 

5% to 10%, with the four most dominant topics occupying the upper end of this spectrum, while 

the remaining topics have a prevalence of approximately 5% in the corpus, as can be seen in 

Figure 2. 

Figure 2. Topics by prevalence. 
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STM uses metrics like prob (highest probability), FREX (frequency-exclusivity), lift, and score 

to uncover thematic patterns. Prob indicates the likelihood of a word belonging to a topic, while 

lift measures its uniqueness. FREX balances frequency and exclusivity, identifying words that 

are both common and distinctive (Roberts et al., 2014). Score evaluates topic prevalence and 

distinctiveness, providing a comprehensive assessment of importance. In this study, topic 

labelling relied on high-probability words and FREX metrics, supplemented by expert review 

of the top five articles for each topic. Word clouds (Figure 3) visually represent the most 

probable words for each topic, with font size indicating probability. 

Figure 3. Word clouds for each topic. 

 

Word clouds illustrate the words with the highest probability of occurrence within each topic, 

where the font size corresponds to the probability of the word appearing. Figure 3 indicates that 

each topic is characterized by a unique set of related words. Furthermore, the most relevant 

words based on the FREX metric, along with the five most representative article abstracts for 

each topic, were examined in terms of context and depth of thematic content. The topics were 

then labeled based on the highest probability of word occurrence and the FREX metric. The 

topic naming process considered these metrics in conjunction with the content of the related 

articles, and the details are explained below.  

The most prevalent topic identified in the analysis was Topic 8, Scale Development and 

Validation. This naming was derived from the five most representative article abstracts 

associated with this topic, which predominantly focus on the development, validation, and 

psychometric evaluation of various scales. For instance, Göral et al. (2024) conducted a 

methodological study to adapt and validate the Attitudes to Fertility and Childbearing Scale in 

a Turkish context, demonstrating strong reliability and validity through confirmatory factor 

analysis and internal consistency measures. Similarly, Tharenou and Terry (1998) assessed the 

reliability and validity of subjective and behavioral measures of managerial aspirations, 
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highlighting their distinct but related constructs and satisfactory psychometric properties. In 

another study, Tunç et al. (2021) developed the Hostility in Pandemic Scale to measure hostility 

levels during the COVID-19 pandemic, confirming its one-dimensional structure and high 

reliability through exploratory and confirmatory factor analyses. Lastly, Gregson (1991) 

explored the relationship between communication satisfaction and job satisfaction, using factor 

analysis to establish their separability as constructs. Collectively, these studies underscore the 

centrality of scale development and validation in psychometric research, as reflected in Topic 

8. 

The second most prevalent topic was Topic 2. Based on the FREX metrics and insights from 

articles in the corpus, this topic was titled as follows:  Validity and Equity in Educational and 

Psychological Testing. This topic includes studies that examine the revision process and 

changes in the Standards for Educational and Psychological Testing, updated in 2014 (Plake 

and Wise, 2014), as well as research exploring how test results are evaluated as validity 

evidence (Cizek et al., 2010). Additionally, discussions focus on how validity theory is shaped 

by the contexts in which tests are used (Sireci, 2013) and how core competencies in educational 

measurement can be developed (Ackerman, 2023). Furthermore, this topic emphasizes the need 

to consider assessment processes within a framework of social responsibility and justice 

(Buzick et al., 2023) and discusses how the concept of validity can be expanded from a racial 

justice perspective (Lederman, 2023; Randall et al., 2022). Studies in this topic also address the 

design and quality control processes of automated scoring systems (Rupp, 2018) and provide 

recommendations for the role of artificial intelligence in educational measurement, ensuring its 

use aligns with ethical standards (Briggs, 2024). 

The third most prevalent topic was Topic 9 (Formative Assessment and Feedback). Brooks et 

al. (2020) evaluated the impact of a professional learning intervention using a student-centred 

feedback model in primary schools. Another study by Bastola and Hu (2021) examined 

students' views on feedback from thesis supervisors at a Nepalese university. Students felt the 

feedback was inadequate, but still engaged with it. The study also found that feedback 

engagement varied by discipline, suggesting the need for subject-specific feedback practices. 

Jiang and Ironsi (2024) explored how students respond to corrective peer feedback in the 

classroom. The results revealed that while students saw peer feedback as helpful, they also felt 

it was sometimes unfair or improperly assessed. These studies may demonstrate that the need 

for research on feedback in different fields and from various perspectives has led to this 

outcome. 

The fourth most prevalent topic was Topic 5, Item Response Theory. This topic encompasses 

research focused on improving and refining IRT models, particularly concerning the analysis, 

scoring, and interpretation of data in educational testing and psychometrics. Studies such as 

those by Cohn & Huggins-Manley (2019), Huynh (1996), and Van Der Ark (2005) have 

contributed to advancements in these areas, emphasizing the development of more precise and 

reliable measurement techniques. 

Topic 11, Structural Equation Modelling, represents another significant research focus on the 

corpus. Studies within this topic explore advanced methodologies in multivariate statistical 

analysis, particularly dimensionality reduction techniques, optimization algorithms, and 

methods for analysing complex, multi-dimensional data structures. Researchers such as Choi et 

al. (2016) and Kiers (1997) have contributed to the evolution of these techniques, aiming to 

develop more efficient ways to extract meaningful information from large datasets. 

Topic 7, Exploring Predictors of Academic Performance, includes studies that investigate 

several factors influencing academic success. Some research explores the relationship between 

standardized test scores (e.g., SAT, GRE, GMAT) and academic performance in higher 

education (Meeter, 2022). On the other hand, some studies examine how socioeconomic status, 
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gender, and ethnicity affect student achievement at different educational levels, from primary 

school to university (Yavuz et al., 2016). 

Topic 3, Simulation-based Power and Error Analysis, includes studies that aim to improve and 

evaluate statistical methods used in hypothesis testing, multiple comparisons, and model 

evaluation. This research provides better tools and guidelines for conducting robust statistical 

analyses across different conditions and data types. For instance, MacDonald and Gardner 

(2000) used Monte Carlo methods to assess Type I error rates of six post hoc tests under various 

conditions. In a related approach, Guo and Luh (2008) proposed a method for determining 

appropriate sample sizes for Welch’s F test in the presence of unequal variances through Monte 

Carlo simulations. 

Topic 1, Parameter Estimation with Bayesian Methods, consists of studies discussing various 

methods for estimating item parameters in IRT models, including marginal Bayesian 

estimation, maximum likelihood estimation, and Gibbs sampling. These methodological 

advancements enhance the accuracy and applicability of IRT in psychometric research. In this 

context, Kim (2001, 2006) conducted studies on estimating item parameters in IRT models, 

particularly comparing calibration methods and evaluating the specific performance of MCMC-

based Gibbs sampling for item and person parameter estimation. 

Topic 13, Adaptive Testing and Test Assembly, focuses on advanced research in computerized 

adaptive testing (CAT). The studies explore methods for item selection, exposure control, and 

content balancing, aiming to enhance the efficiency, security, and fairness of adaptive tests 

while maintaining measurement precision (Chen & Lei, 2005; Han, 2012; Pan et al., 2023). 

Topic 12, Rater Reliability and Generalizability, encompasses research efforts to improve and 

evaluate various reliability and agreement measures used in psychometrics. Studies in this topic 

provide insights into the properties, limitations, and appropriate applications of these measures 

in different psychological and educational contexts. Some studies critique coefficient alpha for 

its limitations in handling correlated errors (Sijtsma & Pfadt, 2021; Rae, 2006), while another 

study discusses the relationships between weighted kappa, intraclass correlation, and product-

moment correlation to better understand differences in interpretation (Schuster, 2004). 

Topic 14, Mediation Effects and Multilevel Modeling, represents research in causal inference, 

focusing on methods for estimating causal effects in complex research designs (Park et al., 

2018; Talloen et al., 2016). This topic addresses challenges such as confounding, 

noncompliance, and heterogeneity in treatment effects while providing tools for more robust 

causal inferences in fields such as education, social sciences, and medical research.  

Topic 4, Test-Taking Behaviour and Cognitive Diagnosis Models, includes research on 

cognitive diagnostic assessment and modelling. Studies explore ways to improve the accuracy 

and interpretability of diagnostic information obtained from educational and psychological 

tests, tackling issues such as attribute specification, response time modelling, and integrating 

multiple data sources to enhance assessment precision. To give an example, a study by Zhan et 

al. (2022) proposes a multimodal joint cognitive diagnosis model that integrates accuracy, 

response times, and visual fixation counts from eye-tracking data. They also used an empirical 

example to demonstrate the applicability and benefits of the proposed model.  

Topic 6, Test Equating and Linking Methods, focuses on comparing and refining test equating 

methods, understanding their theoretical foundations, and evaluating their performance under 

different conditions. This research aims to enhance the accuracy and reliability of test score 

comparisons across different forms and populations, ensuring fairer and more valid 

assessments. Numerous studies in the corpus examine the effectiveness of a wide range of 

equating techniques, often focusing on specific equating designs (Jiang et al., 2012; Liu & Low, 

2008; Von Davier et al., 2004). Additionally, researchers also investigate the impact of sample 

size, population differences, and the type of anchor test used in the equating process (Liu & 

Low, 2008; Skaggs, 2005). 
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Topic 10, Differential Item Functioning (DIF), represents advanced research focused on 

improving the accuracy, power, and interpretability of DIF analyses in psychometric testing. 

The research aims to enhance the fairness and validity of educational and psychological 

assessments across distinct groups of test-takers. To this end, several studies have been 

conducted to assess the performance of common DIF detection techniques across different 

datasets and conditions and compare traditional methods with newer approaches (J. Chen et al., 

2013; Hidalgo & LÓPez-Pina, 2004; Shih & Wang, 2009). 

The STM analysis enables the identification of correlated topics by analyzing their co-

occurrence patterns within the same documents. As depicted in Figure 4, the topic network 

illustrates connections between nodes (topics) that exhibit a high probability of co-occurrence. 

Specifically, an edge is drawn between two nodes if their correlation coefficient exceeds 0.02. 

The observed topic correlations often reflect intuitive and meaningful relationships between the 

underlying concepts. The topic correlation analysis suggests that the psychometrics domain 

encompasses a distinct and diverse set of topics. For instance, Topic 8 (Scale Development and 

Validation) and Topic 6 (Test Equating and Linking Methods) were positioned separately from 

the other topics. Topic 2 (Validity and Equity in Educational and Psychological Testing), 

however, was linked to both Topic 7 (Exploring Predictors of Academic Performance) and 

Topic 9 (Formative Assessment and Feedback). Topic 1 (Parameter Estimation with Bayesian 

Methods) seemed related to several topics, including Topic 3 (Simulation-based Power and 

Error Analysis), Topic 4 (Test-taking Behavior and Cognitive Diagnosis Models), Topic 5 

(Item Response Theory), and Topic 11 (Structural Equation Modeling). Topic 1 here can be 

regarded as a key concept that connects these topics due to its wide-ranging applications in 

psychometrics. Additionally, Topic 12 (Rater Reliability and Generalizability) and Topic 14 

(Mediation Effects and Multilevel Modeling) were correlated, and they both were connected to 

Topic 3 (Simulation-based Power and Error Analysis). The graph also indicated that Topic 10 

(Differential Item Functioning) shared connections with Topic 3 (Simulation-based Power and 

Error Analysis) and Topic 5 (Item Response Theory). This result is expected, as these three 

methods can be employed together to enhance test fairness and reliability. 

Figure 4. Network of topic correlation. 

 

In the application of STM, the choice of covariates to include in the model is a crucial decision. 

In this study, the researchers selected the year of publication and journal names as covariates 

that may influence topic popularity. The key advantage of STM is its ability to investigate the 
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interactions between these covariates and the identified topics. By incorporating the publication 

year as a covariate, the model can track the prevalence of topics over time and enable 

comparative analysis. The topic prevalence is estimated as a function of the publication year, 

and confidence intervals around the estimated topic proportions are also generated. The 

temporal dynamics of topic popularity are presented in Figure 5, which illustrates the changes 

in the prevalence of each topic. 

Figure 5. Expected topic proportions over time with %95 confidence intervals for each topic. 

 
As shown in Figure 5, the researchers identified several "hot" and "cold" topics, reflecting those 

with increasing and decreasing prevalence trends, respectively, over the past 35 years. The "hot" 

topics include: Topic 2 (Validity and Equity in Educational and Psychological Testing), Topic 

4 (Test-Taking Behavior and Cognitive Diagnosis Models), Topic 7 (Exploring Predictors of 

Academic Performance), Topic 9 (Formative Assessment and Feedback), and Topic 14 

(Mediation Effects and Multilevel Modeling). These topics indicate growing interest and 

relevance in the field. In contrast, the "cold" topics include: Topic 3 (Simulation-Based Power 

and Error Analysis), Topic 8 (Scale Development and Validation), Topic 11 (Structural 

Equation Modeling), Topic 12 (Rater Reliability and Generalizability), and Topic 13 (Adaptive 

Testing and Test Assembly). These trends suggest a decline in research focus or interest in these 

areas over time. Additionally, several topics showed no significant relationship with the year 

of publication, indicating stable or inconsistent trends in their prevalence. These topics include: 

Topic 1 (Parameter Estimation with Bayesian Methods), Topic 5 (Item Response Theory), 

Topic 6 (Test Equating and Linking Methods), and Topic 10 (Differential Item Functioning). 

The lack of significant trends in these areas may reflect consistent but unchanging interest or 

methodological stability over the years. 

After STM analysis, a regression model can be constructed with each document serving as the 

unit of analysis. The dependent variable is the proportion of each document associated with a 

particular topic in the STM model, while the independent variables are the document metadata. 

This approach enables examination of the main and interaction effects of the covariates after 

the STM analyses are conducted. The publication year variable considered a covariate in this 

study exhibited a significant effect on the topic proportions in all topics except for Topic 1 
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(Parameter Estimation with Bayesian Methods), Topic 5 (Item Response Theory), Topic 6 (Test 

Equating and Linking Methods), Topic 10 (Differential Item Functioning) and Topic 13 

(Adaptive Testing and Test Assembly). Then, when the interaction effects of year and journal 

type were analyzed, it was observed that there were no significant interaction effects for Topic 

2 (Validity and Equity in Educational and Psychological Testing),  Topic 6 (Test Equating and 

Linking Methods) and Topic 12 (Rater Reliability and Generalizability) and Topic 14 

(Mediation Effects and Multilevel Modeling). The graphs in Figure 6 illustrate the significant 

interaction effects between publication year and journal type. While not all journals are included 

for clarity, the analysis reveals several noteworthy trends. According to Figure 6, Topic 1 

(Parameter Estimation with Bayesian Methods) has shown a significant increase over time in 

the EPM journal, although its overall prevalence remains low. Similarly, Topic 5 (Item 

Response Theory) has exhibited a rising trend in the EPM journal. In contrast, Topic 8 (Scale 

Development and Validation), despite being the most prevalent topic in the corpus, has 

experienced a notable decline in the EPM journal over the years. 

Figure 6 also reveals that the JEBS journal has seen a pronounced decrease in the prevalence 

of Topic 3 (Simulation-Based Power and Error Analysis). While Topic 9 (Formative 

Assessment and Feedback) remains one of the most common topics, its prevalence has declined 

over time in the SEV journal, whereas it has remained stable in the EPM journal. On the other 

hand, Topic 10 (Differential Item Functioning), the least prevalent topic in the corpus, has 

shown a slight increase over time in the EPM journal. Topic 11 (Structural Equation Modeling), 

one of the most prevalent topics, has the highest representation in the EPM journal, but its 

prevalence in the PSYCH journal has gradually declined. Finally, Topic 13 (Adaptive Testing 

and Test Assembly), among the least prevalent topics, has demonstrated gradual growth in the 

EPOD and EPM journals. 
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Figure 6. Expected topic proportions of year and journal type interactions effect. 
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4. DISCUSSION and CONCLUSION 

This study conducted an in-depth analysis of the psychometric literature by using STM to 

identify thematic trends, the evolution of these dynamics over time, and the differences in topics 

covered across journals. To accomplish this, eleven leading journals in the field were included 

in the analysis. As a result, 14 topics were identified and labeled by the researchers. The 

findings revealed that Topic 8 (Scale Development and Validation) emerged as the most 

dominant topic, while Topic 10 (Differential Item Functioning) had the lowest prevalence in 

the corpus. The prevalence values of the topics ranged from 5% to 10%, with four topics 

occupying the upper end of this spectrum. These results highlight the major areas of focus in 

psychometric research and illustrate shifts in interest over time.  

Previous applications of topic modeling in educational and psychological domains (e.g., 

Anderson et al., 2020; Wheeler et al., 2024; Xiong & Li, 2023) have focused on specific 

contexts such as constructed-response items, validity evidence, or automated scoring systems. 

However, to the best of our knowledge, no prior study has systematically applied STM to a 

comprehensive set of psychometric publications over time and across multiple journals. 

Compared to existing literature, the present study contributes a broader, field-wide perspective 

by combining bibliometric reach with the explanatory capacity of STM. This approach enables 

researchers to trace not only the dominant topics but also their temporal dynamics and journal-

level distributions, thus offering a deeper understanding of psychometric scholarship. 

Topic 8 (Scale Development and Validation) and Topic 2 (Validity and Equity in Educational 

and Psychological Testing) stand out by playing a vital role in both the theoretical and practical 

dimensions of psychometric research. This suggests that scale development and validation 

continue to be central to psychometric research, particularly given their fundamental role in 

ensuring robust measurement instruments. However, the interaction effect analysis revealed 

that while Topic 8 remains dominant, its prevalence has decreased over time in the EPM 

journal. This trend may indicate that some journals are shifting their focus towards newer 

methodologies and applications. On the other hand, emerging topics such as Topic 2 (Validity 

and Equity in Educational and Psychological Testing), Topic 4 (Test-Taking Behavior and 

Cognitive Diagnosis Models), and Topic 13 (Adaptive Testing and Test Assembly) underscore 

the increasing focus on technology-driven methodologies and individualized assessment 

practices. This shift aligns with broader advancements in fields such as educational technology 

and machine learning, where adaptive and personalized approaches are becoming increasingly 

important (van der Linden & Glas, 2000; Borsboom, 2005). However, the current study 

identifies Topic 9 (Formative Assessment and Feedback) and Topic 14 (Mediation Effects and 

Multilevel Modeling) as additional 'hot' topics, showing increasing prevalence over the years. 

This indicates a growing emphasis on assessment processes that prioritize formative evaluation 

and advanced statistical modeling techniques. 

Topic 2, Validity and Equity in Educational and Psychological Testing, highlights the evolving 

nature of validity discourse in response to social, ethical, and technological advancements. 

While traditional validity frameworks primarily focused on test revisions and validation 

processes (Plake & Wise, 2014; Cizek et al., 2010), recent discussions emphasize the broader 

societal implications of assessment practices (Buzick et al., 2023). The integration of racial 

justice perspectives into validity theory (Lederman, 2023; Randall et al., 2022) underscores the 

necessity of ensuring fairness and equity in educational and psychological measurement. 

Additionally, the increasing reliance on automated scoring systems (Rupp, 2018) and artificial 

intelligence-driven assessments (Briggs, 2024) calls for renewed scrutiny regarding the 

transparency, ethical use, and bias mitigation in these technologies. As validity continues to 

expand beyond psychometric properties to encompass social responsibility, future research 

should explore the intersection of validity theory with emerging AI methodologies, ethical 

assessment practices, and the broader implications of test fairness in diverse populations. 
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Despite the declining interest in "cold" topics such as Topic 8 (Scale Development and 

Validation), Topic 12 (Rater Reliability and Generalizability), and Topic 11 (Structural 

Equation Modeling), it is essential to explore how these areas can be better integrated into 

contemporary practices. These fundamental domains remain critical for the validity and 

reliability of measurement tools. Research could focus on revisiting these issues and updating 

them using modern technologies, particularly in high stakes testing contexts. Interestingly, 

while previous research suggested a consistent decline in simulation studies (Topic 3, 

Simulation-Based Power and Error Analysis), the present study shows that simulation remains 

a critical tool, albeit with reduced prominence compared to real-data-driven approaches. The 

decline in simulation studies is particularly notable in the JEBS journal, which may indicate a 

preference for empirical data over simulated conditions in recent years. 

Another key finding of this study is the network of correlations between topics. Topic 2 

(Validity and Equity in Educational and Psychological Testing) was found to be strongly linked 

to Topic 7 (Exploring Predictors of Academic Performance) and Topic 9 (Formative 

Assessment and Feedback), suggesting an interrelationship between test validity, student 

performance, and formative assessment practices. Furthermore, Topic 1 (Parameter Estimation 

with Bayesian Methods) was connected to multiple topics, including Topic 3 (Simulation-

Based Power and Error Analysis), Topic 4 (Test-Taking Behavior and Cognitive Diagnosis 

Models), Topic 5 (Item Response Theory), and Topic 11 (Structural Equation Modeling), 

reinforcing its foundational role in psychometric methodologies. Topic 1 can be regarded as a 

key concept that connects these topics due to its wide-ranging applications in psychometrics. 

Additionally, Topic 12 (Rater Reliability and Generalizability) and Topic 14 (Mediation Effects 

and Multilevel Modeling) were correlated, and both were connected to Topic 3 (Simulation-

Based Power and Error Analysis). Furthermore, Topic 10 (Differential Item Functioning) 

shared connections with Topic 3 (Simulation-Based Power and Error Analysis) and Topic 5 

(Item Response Theory), which is an expected result given that these methods can be employed 

together to enhance test fairness and reliability. 

The potential of artificial intelligence and big data technologies to enhance psychometric 

modeling and the development of measurement tools should be explored. For instance, 

integrating AI-based algorithms to understand more complex data structures, model response 

patterns, and improve prediction accuracy in large-scale testing is crucial. The ethical 

implementation, transparency, and reliability of these technologies should also be prioritized in 

scholarly discourse. These recommendations have the potential to facilitate the advancement of 

innovative research and effective practices within the field of psychometrics. By capitalizing 

on the opportunities presented by emerging technologies while maintaining a strong adherence 

to the theoretical foundations of the discipline, psychometrics could evolve into a more 

equitable, efficient, and accessible field. 

To enhance the effective integration of psychometric findings into educational policies and 

practices, it is essential to establish stronger connections between academic research and 

applied studies. Guidance on the application of emerging methodologies, such as cognitive 

diagnostic modeling, is critical for promoting equity, fairness, and accessibility, especially in 

the context of educational assessment systems. This study has illustrated the interconnections 

between specific topics, such as item response theory and test equating and linking methods. 

Future research could focus on interdisciplinary projects that further strengthen these 

connections. For example, future research could examine how various psychometric methods 

can be simultaneously integrated within test development processes. Additionally, this study is 

confined to abstracts of articles published in eleven journals indexed in the WoS database. The 

selected journals are recognized as prominent within the fields of measurement, evaluation, and 

psychometrics. Replicating this study with a broader range of journals may yield different 

results. 
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The STM analysis also revealed significant interaction effects between publication year and 

journal type. For instance, Topic 1 (Parameter Estimation with Bayesian Methods) and Topic 

5 (Item Response Theory) have shown significant increases over time, particularly in the EPM 

journal. In contrast, Topic 11 (Structural Equation Modeling), despite its initial prominence, 

has exhibited a decline in the PSYCH journal. These findings suggest that the prevalence of 

specific psychometric topics may vary across journals, reflecting different editorial priorities 

and emerging research trends. 

The widespread adoption of technologies such as big data analytics and machine learning has 

enhanced the accessibility and meaningfulness of real data analysis. Despite the decline in 

simulation studies, their critical role in strengthening theoretical and methodological 

foundations should not be overlooked. It is clear that simulation continues to be a critical tool, 

particularly for the testing and validation of new methodologies. In the future, establishing a 

balance between simulation studies and real data analyses may provide an approach that fosters 

both theoretical rigor and practical utility in psychometric research. In this regard, the growing 

prominence of real data could encourage the integration of simulation studies with more 

realistic scenarios and hybrid methods, thereby contributing to the development of more robust 

and comprehensive analytical frameworks within the field of psychometrics. 
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