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ABSTRACT

The purpose of the study is to analyze the abstracts in the 
psychometric research field in recent 20 years. Over 1,500 abstracts 
of the journals were extracted from three major journals; 
Psychometrika, Journal of Educational Measurement, and Journal of 
Educational and Behavioral Statistics and analyzed using Latent 
Dirichlet allocation topic modeling approach. The results suggested the 
six extracted topics as followings: Factor analysis, Bayesian estimation 
& SEM, IRT, general psychometric words, general academic words, and 
weight/scale/regression and agreement analysis. We examined how the 
research topics have changed and found out if there are topics that 
are preferred by journals and implications are provided.
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Ⅰ. Introduction

In recent years, data mining has gained traction as a research 

method, particularly in the case of text mining, where attention is paid 

to the ability to handle text type data that has been limited in analysis 

over the years. Topic modeling of various text analysis methods such 

as latent semantic analysis (Landauer & Dumais, 1997; Landauer, Foltz, 

& Laham, 1998) and automated scoring (Burstein et al., 2001) is the 

most recently introduced text analysis technique.

Journal abstracts are important in that they provide general 

information about particular pieces of research. By looking at abstracts, 

researchers can guess the overall flow of research. In particular, in the 

case of academic journals, from 10 to as many as 50 new abstracts 

are available per year. In addition, the number of journals in a 

particular research field ranges from tens to hundreds of cases. Since 

the amount of information in research journals is numerous, analyses 

of journal abstracts can be thought of as handling large amounts of 

text data.

However, this type of data analysis has been limited to simple 

methods such as frequency analysis of words or the qualitative method. 

Topic analysis represented by the above-mentioned text mining, 

especially in the form of Latent Dirichlet Allocation (LDA; Beli, Ng & 

Jordan, 2003), can provide an overview of large-scale print data. In 

particular, LDA can analyze large-scale typographic data as a set of 

several topics and provide information on the subject composition of 

individual documents.

The purpose of this analysis is to contribute to psychometric field 

studies by analyzing abstracts, which summarize the subjects and 
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content of research, and by looking at the field of psychometric 

research as a whole. The subject of the study, the abstracts of the 

journals, are extracted from three major journals in psychometrics: 

Psychometrika, Journal of Educational Measurement, and Journal of 

Educational and Behavioral Statistics, which is considered the most 

prestigious journals in the field of psychometrics. In order to achieve 

the objectives of the analysis, three detailed research objectives were 

established. First, we will discuss the themes of the psychometric field 

up to the present. Second, we will examine how research topics have 

changed from 1998 in a four - year cycle. Third, we will find out if 

there are topics that are preferred by journals.

Ⅱ. Theoretical Framework

1. Latent Dirichlet Allocation

LDA considers the corpus as a mixture of documents consisting of 

topics. The first step in LDA is the sampling of topics. These are 

assumed to follow a multinomial distribution. In the second step, words 

are drawn from the topic-words distribution, given the topic. The 

generative process of LDA can be specified in Figure 1. 
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1) Choose  ∼ ℎ(β)

where  = (1, … ,) denotes the probability that a 

student who is detected in topic  chooses each of  words. 

 is assumed to have a Dirichlet distribution with 

parameter . 
For each document (d) in a corpus,

2) Choose  ∼ ℎ()

where  = (1, 2, … ,) denotes the proportions of the 

topics in document .  is assumed to have a Dirichlet 

distribution with parameter .

3) For each word (,) in document , 
a) Choose a topic , ~ () and

b) Chose a word , ∼ (,=)  

<Figure 1> Generative process of LDA

When estimating the LDA, the Dirichlet distribution is used in this 

study as a conjugate prior for the multinomial distribution. The topic 

is noted as z, and w is a specific word in a particular topic. K is the 

number of topics, and N is the number of words in document d. The 

notation of the LDA generative model is also shown in Figure 2.

<Figure 2> The plate notation of LDA. The figure 

is modified from figure 3 in Zhong et al. (2018)
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Both distributions are sampled from the multinomial distributions 

which are parameterized by  and . Also, the interpretation of the 

multinomial distributions heavily depends on the shapes of the 

multinomial distributions. For example, if both distributions are sparse, 

with a high concentration of a few topics or a few words, it means 

that the documents are easily distinguishable. However, if the shapes 

of both distributions are very even, with balanced densities, it means 

that the similarity of the documents is high, and therefore, also likely 

indistinguishable. The shapes of both  and  depend on the 

parameters  and . If these are much smaller than 1 (e.g., 0.01 or 

0.001), the multinomial distribution will be sparse. On the other hand, 

if the parameters are much larger than 1 (e.g., 10 or 20), the 

multinomial distribution will be even. 

Also, based on the conjugate Dirichlet prior (e.g.,  and ) for the 

multinomial distributions, the  and  are sampled, and topic 

assignments for all words used in a specific document  are determined 

by . For example, suppose that three topics are extracted from the 

corpus and that  is a vector which contains three probabilities 

constrained to the sum of the probabilities as 1. If  contains a very 

high topic 1 proportion with two low proportion topics (e.g.  = (0.9, 

0.1, 0.1)), most of the topic assignments of the documents are going 

to be topic 1. Based on the sampled topic assignment , the actual 

words are sampled from  given topic .
In, LDA, the corpus can be defined as the composite of the documents 

j (1, ... ,), and the document can also be considered as the composite 

of the latent topics k (1, ... ,). The latent topic can be considered a 

multinomial distribution for vocabulary categories v (1, ... ,). The 

distribution is referred to as the word distribution in topic k and is 
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denoted as  = (1, ... ,). Similarly, the document can be represented 

as a multinomial distribution for the topic category. The distribution 

is called the topic document distribution in document j and is denoted 

as  = (1, ... ,).
Typically, the modeling of LDA is represented as the generative 

model. The generative model explicitly shows how the data is generated 

by the theoretical distribution of the components in the model. The 

components of the models are ,,, and  given the Dirichlet 

parameters  = (1, … ,) and  = (1, … ,). The  = (1, 2, … 

,) is the set of the words , and the corresponding topic 

assignments set can be denoted as  = (1, 2, … ,). The sizes of 

the two vectors are , which denotes the length of the document . 
Since the topics and words assignments are independent within and 

among the documents, the model can be written as follows (Blei et al., 

2003):

     (1)

 

Equation (1) can be represented as the function of  and  by 

integrating over  and . The marginalized posterior distribution can 

be represented by Equation (2): 

     (2)

Specifically, the marginalized posterior distribution is mainly used to 

derive the Gibbs sampler ( = |¬, ), where  denotes the topic 

assignment of th iteration and ¬ denotes the topic assignments 
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excluding th iteration. Since the  and  are independent, Equation 

(2) can be independently treated into two components such as

Then, both parts can be rewritten as explicit mathematical forms by 

using distribution expression (e.g. probability mass functions of the 

multinomial and Dirichlet distribution regarding , , and ). Thus, 

since the Gibbs sampler is proportional to the product of both 

components, it can be easily derived as follows (Griffths & Steyvers, 

2004),

     (3)

Where  is the number of vocabulary v assigned as topic k except 

for the qth assignment,  is the sum of the word frequencies 

assigned as topic k except for the qth assignment,  is the frequency 

of the words assigned as topic k in jth document except for the qth 

assignment, and  is the total number of words in document j except 

for the current assignment q. 

The Gibbs sampler indicates the probability of assigning a k topic 

to the words in a document. The probability is proportional to two other 
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probabilities. One of the two probabilities indicates the proportion 

between the topic k assignment of word v in all documents except the 

current document and the total number of all words assigned to topic 

k in all documents except the current document. The second probability 

indicates the proportion of the assignment k in document d and the 

total number of the words assigned as topic k in document j. 

2. Model Selection

Since the number of the topics in the model is undecided, the model 

selection process is needed to obtain the appropriate number of topics 

for the model. Although interpretability is critical in selecting the 

number of topics, model selection also needs to be performed based 

on quantitative evidence such as likelihood or posterior probability.

The posterior of the total corpus can be represented as the product 

of the probabilities of all documents with a sum over the : 

    (4)

There are several existing solutions to maximize (|,) such as 

variational methods (Blei et al., 2003), expectation propagation (Minka 

& Lafferty, 2002), and Gibbs sampling (Griffiths & Steyvers, 2004) 

However, since the probability of the model fitted with T number of 

topics using a specific specification of the priors (| = ) is 

intractable in LDA, the value can be approximated by taking the 

harmonic mean of a set of conditional probabilities (|, = ) 

provided by the Gibbs sampling algorithm. The Harmonic mean method 
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for estimation of the posterior likelihood was suggested by Griffiths and 

Steyvers (Griffiths & Steyvers, 2004). 

This method is used to approximate the (| = ) using the sampled 

values from the Gibbs sampler. Specifically, (| = ) can be estimated 

as follows:

     (5)

where (·) is the Harmonic mean operator and (|(s),  = ) 

denotes the s sample taken from each iteration after burn-in.

Although there are several popular fit indices based on the 

information theory, most of them might be inappropriate to apply to 

LDA. The indices include the Bayesian Information Criterion (BIC; 

Schwarz, 1978), Akaike’s information criterion (AIC; Akaike, 1974), and 

the deviance information criterion (DIC; Spiegelhalter, Best, Carlin, & 

Van der Linde, 2002). However, for LDA, BIC and AIC are inappropriate 

in applying the data when the number of parameters is much larger 

than the sample size. 

Kwak et al. (2017) also used DIC to select the most appropriate model. 

They showed a detailed process of obtaining the posterior distribution 

based on the Harmonic mean method

Spiegelhalter et al. defined DIC as: 

     (6)

Where () denotes the deviance and can be defined as:  
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     (7)

where y denotes the data,  is the parameter, and (|) is the 

posterior distribution. Since the term −2log() is only dependent on 

the data y, it is naturally cancelled out when two models are compared. 

The number of effective parameters p can be defined as 

     (8)

where  is the average deviance and can be calculated by taking 

the mean of the deviances at each node of MCMC iteration, and  

is the posterior deviance which is (| = ) that is obtained based 

on the Harmonic mean method in this study.

3. Determining Priors 

The Dirichlet priors α and β are critical in determining the estimates 

of the model, and estimates such as  and  are direct effects of the 

interpretation of the latent topic structure. Although there is no 

theoretically-grounded approach for selecting the most appropriate 

values for these priors (Chang, 2010; Thomas et al., 2014), Griffiths and 

Steyvers (2004) explicitly suggested 50/K for α. They justified their 

selection to keep the sum of the Dirichlet hyperparameters as a 

constant. This means that the sum is interpreted as the number of 

virtual samples which contribute to the smoothing of the parameters 

in the model. They also suggested 0.1 for β. 

In this study, prior of 50/k for α was used to analyze the data. The 

usage of 50/k for α has been reported in previous empirical studies 
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(Arun et al, 2010; Bíró et al, 2009; Canini et al, 2011; Griffiths & 

Steyvers, 2004; Griffiths et al., 2007; Lu, K., & Wolfram, D. 2012; 

Porteous et al, 2008; Rosen-Zvi et al., 2005;). However, for β, the 

number of vocabularies are much smaller than the previous studies, 

and the non-informative prior 1.0 was used. 

Sample. The data for this study were from three journals. A total of 

1,531 journal abstracts were analyzed. 687 (44.87%) abstracts were 

collected from Psychometrika, 459 (29.98%) abstracts were collected 

from JEBS, and 385 (25.15%) abstracts were collected from JEM. For 

Psychometirka, volumes 63 to 82 were analyzed. Each volume consists 

of four issues and contains approximately 12 abstracts. For JEBS, 

volumes 23 to 42 were analyzed. Each volume consists of four issues, 

and approximately 12 abstracts are contained in each issue. For JEM, 

volumes 35 to 54 were analyzed. Each volume consists of four issues 

and contain approximately 5 abstracts.

4. Data Analysis

Stop words. Stop words are common words that are frequently used. 

In text analysis, these words need to be removed because they might 

dominate the topics, resulting in obscuring the latent topic structure 

of the corpus. Typical stop words include words such as a, the, are, 

and is. In this study, stop words were selected within a framework that 

uses term frequency-inverse document frequency (TF-IDF) score 

(Robertson, 2004). The TF-IDF score is defined as the product between 

the term frequency and inverse document frequency. It can be given 

by Equation 9. 
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     (9)

where tf denotes the frequency of the v-th vocabulary in the j-th 

document,  is the total number of documents, and  denotes the 

number of documents which contain v-th vocabulary. Using Equation 

9, words can be assigned specific TF-IDF scores based on their 

importance. For example, since the word latent is frequently used in 

document j, it might be considered the topic of the document. However, 

the word latent need not appear too frequently across all documents 

in the corpus like other common words such as a, the, article, and 

purpose.

Within the TF-IDF framework, low TF-IDF score vocabulary means 

that particular words are more likely to be considered stop words. In 

common practice, the cutoff score of the TF-IDF score is determined 

to select stop words. Although the previous research on analysis of 

responses to CR items suggests a quantile value of 0.12 as the cutoff 

score of the TF-IDF (Kwak, et al., 2017), a clear guideline for choosing 

the TF-IDF cutoff score has not yet been suggested. Also, when the 

number of unique words in the corpus is increased, the number of 

words determined to be stop words is increased given a fixed quantile 

value. For a corpus with a large number of words, therefore, a lower 

TF-IDF score may need to be used. Also, a guideline of selecting stop 

words used in text mining literature (Manning, Raghavan, & Schütze, 

2008). The suggestion is that the 30 most common words roughly 

account for 30% of the total unique words in a corpus. Thus, TF-IDF 

cutoff scores were selected to produce approximately 30 stop words. 

The TF-IDF values used in this study are summarized in Table 1. 
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TF-IDF cutoff value
(number of stop words)

Journals

Psychometrika JEBS JEM Total

0.014
(29)

0.030
(28)

0.037
(29)

0.012
(28)

Years 

1998-20012002-20052006-20092010-20132014-2017

0.05
(17)

0.05
(24)

0.04
(25)

0.012
(9)

0.012
(10)

<Table 1> TF-IDF Cutoff Values and Number of Stop words

Selection of the best-fitting model was based on the assumption that 

there existed at least two topics but that as many as ten might be 

present. The R package topicmodels (Hornik, & Grün, 2011) was used 

to fit the LDA data.

Ⅲ. Results

Descriptive statistics for the corpus are presented in Table 2. The 

total sample size is 1,530, containing 2,888 unique words. The average 

document length is 58 words. For Psychometrika, the number of 

abstracts is 686, containing 1,260 vocabularies, and the average 

abstract length is 57 words. For JEBS, the number of abstracts is 459, 

containing 889 vocabularies, and the average abstract length is 46. For 

JEM, the number of abstracts is 385, containing 739 vocabularies, and 

the average abstract length is 41 (see Table 2).

To identify the change of the topic across time, five time intervals 

were constructed. Each interval includes four years, so every 
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consecutive four years were considered the same cohort. The sample 

sizes for the five time intervals ranged from 209 to 385 abstracts, 

containing from 310 to 758 unique words. The average abstract lengths 

ranged from 22 to 49 words. In general, the number of abstracts, 

vocabularies, total words, and the average abstract length increased by 

time interval.

number of 
documents

number of 
vocabularies

number of 
total words

average 
length

Total
1,530

(1,531)
2,888

(4,383)
75,862

(147,057)
48

(94)

Psychometrika
686

(687)
1,260

(1,890)
38,980

(71,516)
57

(104)

JEBS
459

(459)
889

(1,355)
21,010

(42,672)
46

(93)

JEM
385

(385)
739

(1,138)
15,872

(32,869)
41

(85)

<Table 2> Descriptive Statistics of the Corpuses

Note. Values in parenthesis are before removal of stop words

1. Model selection & Topic Structure of the Combined 

Corpus

Based on DIC values, the six-topic model was considered to be the 

best fit among candidate models for the abstracts from three journals 

(see Table 1). For Psychometrika, the five-topic model was the best. 

For JEBS and JEM, the four-topic model was considered the most 

appropriate model. 
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Number 
of Topics

Total Psychometrika JEBS JEM

2 1,153,956 483,711 253,029 187,318

3 1,128,224 474,792 248,918 184,396

4 1,111,588 474,792 247,802 183,884

5 1,106,087 469,969 248,327 184,107

6 1,105,452 470,624 248,566 184,016

7 1,106,349 474,509 248,541 184,527

8 1,110,520 476,969 248,102 184,936

9 1,116,097 475,091 248,491 184,276

10 1,120,916 474,991 248,809 184,574

<Table 3> DIC for model selection

Additionally, the three-topic model was considered to be suitable for 

all the five time interval models (see Table 4).

Number 
of Topics

1998-2001 2002-2005 2006-2009 2010-2013 2014-2017

2 50567.98 88919.86 138492.6 207992.4 220827.5

3 50345.50 88536.80 137225.3 205316.1 217912.9

4 50353.28 88831.92 137942.1 205503.7 218002.2

5 50417.71 89000.64 138623.4 206814.9 219332.3

6 50503.91 89186.51 139058.8 208101.0 220761.2

7 50601.42 89375.84 139403.9 209249.9 222039.2

8 50701.43 89566.76 139736.8 210291.7 223115.2

9 50796.50 89745.87 140036.5 211102.2 224076.7

10 50889.48 89922.13 140329.5 211769.1 224791.2

<Table 4> DIC for model selection
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The latent topic structure of the total corpus is summarized in Table 

5. As referenced above, the six-topic model is the best fit for the total 

corpus. Specifically, Topic 1 contained words such as factor, matrix, 

algorithm, component, variable, selection, rotation, number, criterion, 

loading, correlation and simulated. These were characterized as being 

algorithm regarding the selection of the number of factors in factor 

analysis because they are closely related to the extraction of factors 

based on the correlation matrix and performing the studies based on 

the simulation.

Topic 2 contained words such as latent, variable, parameter, 

distribution, class, Bayesian, develop, algorithm, estimation, random, 

structural, modeling, equation, monte, likelihood, carlo, mixture, 

maximum, markov, missing, and multivariate. These terms can 

frequently be used in Bayesian estimation, structural equation 

modeling, MCMC, missing data analysis, and multivariate. 

Topic 3 contained words such as item, test, response, parameter, 

theory, ability, score, irt, design, new, rasch, multidimensional, 

examinee, assumption, dif, logistic, time, polytomous, adaptive, and 

equating. These words were considered as item response theory (IRT) 

because the terms are closely related to the IRT and practice. For 

example, Rasch, DIF, and equating are the representative model and 

techniques in IRT. 

Topic 4 contained words such as estimate, error, test, estimator, 

sample, standard, score, statistic, distribution, procedure, asymptotic, 

covariance, reliability, likelihood, parameter, maximum, interval, 

estimation, variance, size, bias, mean, assumption, level, coefficient, 

and equation. Since these words can be used in various psychometric 

contexts, especially for statistical method and theory, they can be 
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considered as general psychometric words. 

Topic 5 includes words such as the following: time, measure, 

research, process, subject, individual, behavior, psychometric, each, 

different, how, difference, choice, change, modeling, across, allow, 

work, were, type, functional, person, point, empirical, discuss, 

measurement, series, into, response, and dynamic.  Since these words 

tend to be used in various contexts in the abstract, we can define them 

as general academic words. 

Topic 6 includes words such as the following: weight, scale, 

coefficient, regression, set, linear, table, array, category, number, rank, 

value, predictor, probability, threeway, correlation, three, kappa, class, 

any, vector, sld, contain, association, binary, function, represent, equal, 

all, and decomposition.  This topic represents the weight/scale issue, 

regression, and agreement analysis because it contains words such as 

weight, scale, regression, coefficient, and kappa.  

Abstracts of the Three Journals

Topic1 Topic2 Topic3 Topic4 Topic5 Topic6

1 analysis 0.038 propose 0.031 item 0.082 method 0.055 test 0.079 effect 0.03

2 factor 0.018 approach 0.027 response 0.045 estimate 0.037 procedure 0.023 student 0.016

3 algorithm 0.017 variable 0.026 parameter 0.030 score 0.034 distribution 0.016 sample 0.015

4 structure 0.014 latent 0.025 theory 0.016 error 0.023 statistic 0.015 estimator 0.013

5 matrix 0.012 illustrate 0.015 dif 0.013 were 0.016 base 0.010 size 0.013

6 two 0.011 likelihood 0.013 time 0.012 design 0.013 sld 0.010 regression 0.012

7 problem 0.010 present 0.012 information 0.011 group 0.013 how 0.009 random 0.012

8 they 0.010 modeling 0.010 ability 0.011 equating 0.012 more 0.009 level 0.012

9 cluster 0.010 estimation 0.010 fit 0.011 difference 0.011 they 0.009 measure 0.011

10 set 0.009 bayesian 0.010 irt 0.011 compare 0.010 examinee 0.008 coefficient 0.010

11 all 0.009 maximum 0.009 estimation 0.007 two 0.009 scale 0.008 such 0.009

<Table 5> Topic structure of the journal abstracts in the three journals
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Results suggested that the six extracted topics could be characterized 

as factor analysis, Bayesian estimation & SEM, IRT, general 

psychometric words, general academic words, and weight / scale / 

regression and agreement analysis.

2. Topic Structure by Journals

This section discussed the topic structures of the three journals. Three 

different topic structures corresponding to the three analyzed journals 

are shown in Table 6. 

Abstracts of the Three Journals

Topic1 Topic2 Topic3 Topic4 Topic5 Topic6

12 component 0.009 example 0.009 differential 0.006 standard 0.009 other 0.007 bias 0.009

13 value 0.009 framework 0.009 three 0.006 different 0.009 under 0.007 power 0.009

14 paper 0.008 multiple 0.008 process 0.005 mean 0.008 one 0.007 individual 0.008

15 new 0.008 paper 0.007 multidimensional 0.005 function 0.008 demonstrate 0.006 correlation 0.007

16 common 0.008 equation 0.007 logistic 0.005 linear 0.008 interval 0.006 large 0.007

17 apply 0.007 discuss 0.007 trait 0.005 sample 0.007 statistical 0.006 covariate 0.007

18 covariance 0.007 develop 0.007 selection 0.005 form 0.007 rate 0.006 between 0.006

19 its 0.006 general 0.007 each 0.005 test 0.007 through 0.006 author 0.006

20 our 0.006 obtain 0.007 between 0.005 more 0.006 number 0.005 treatment 0.006

21 solution 0.006 structural 0.006 application 0.005 assess 0.005 assessment 0.005 school 0.006

22 number 0.006 real 0.006 difficulty 0.005 than 0.005 asymptotic 0.005 variance 0.006

23 assumption 0.005 multivariate 0.006 accuracy 0.005 each 0.005 empirical 0.005 than 0.006

24 base 0.005 order 0.005 set 0.005 scale 0.005 than 0.005 weight 0.006

25 function 0.005 class 0.005 may 0.005 reliability 0.005 only 0.005 performance 0.006

26 simple 0.005 application 0.005 compare 0.004 evaluate 0.005 educational 0.005 grade 0.005

27 identify 0.005 analyze 0.005 person 0.004 most 0.004 research 0.005 perform 0.005

28 give 0.005 between 0.004 base 0.004 set 0.004 index 0.005 hierarchical 0.005

29 condition 0.004 monte 0.004 investigate 0.004 true 0.004 but 0.004 present 0.005

30 well 0.004 sld 0.004 detect 0.004 subject 0.004 confidence 0.004 two 0.005
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The latent topic structure of the Psychmetrika was summarized in 

Table 6. As referenced in the model selection section, the five-topic 

model was the best for the journal abstract. Topic 1 contained words 

such as analysis, factor, matrix, algorithm, component, new and 

solution. These were characterized as being the new algorithm of 

solutions regarding factor analysis. Topic 2 contained words such as 

method, variable, bayesian, develop, algorithm, estimation, random, 

structural, modeling, equation, monte, structural, equation, and 

modeling. These were similar to the Bayesian estimation and structural 

equation modeling. Topic 3 contained words such as item, test, 

response, parameter, theory, ability, score, irt, design, new, rasch, 

multidimensional, examinee, assumption, dif, logistic, time, 

polytomous, adaptive, and equating. These words were considered as 

IRT. Topic 4 contained words such as estimate, error, test, estimator, 

sample, standard, score, statistic, distribution, procedure, asymptotic, 

covariance, reliability, likelihood, parameter, maximum, interval, 

estimation, variance, size, bias, mean, assumption, level, coefficient, 

and equation. These are general psychometric words. Topic 5 includes 

words such as they, approach, scale, process, fit, modeling, class, and 

cluster. These are scale/class and general academic words. 

Abstracts of Psychometrika

Topic1 Topic2 Topic3 Topic4 Topic5

1 analysis 0.025 method 0.037 item 0.056 estimate 0.029 can 0.027

2 factor 0.021 variable 0.035 test 0.051 used 0.020 they 0.012

3 algorithm 0.018 propose 0.030 response 0.038 when 0.019 approach 0.012

4 matrix 0.018 latent 0.025 parameter 0.035 error 0.016 which 0.010

5 procedure 0.018 approach 0.013 time 0.012 distribution 0.016 scale 0.010

6 set 0.016 function 0.011 score 0.011 not 0.015 between 0.010

7 new 0.012 develop 0.009 theory 0.010 sample 0.014 general 0.009

<Table 6> Topic structure of the journal abstracts in Psychometrika
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The latent topic structure of the JEBS corpus was summarized in Table 

7. The four-topic model was the most appropriate for the JEBS 

abstracts. Topic 1 contained words such as algorithm, procedure, 

matrix, cluster, new and component. These were characterized as being 

new algorithm and procedure of component and cluster analysis. Topic 

2 contained words such as theory, variable, bayesian, compare, 

regression, and between. These were similar to the Bayesian estimation 

and comparison. Topic 3 contained words such as item, test, response, 

parameter, theory, ability, score, irt, design, new, rasch, 

multidimensional, examinee, assumption, dif, logistic, time, 

Abstracts of Psychometrika

Topic1 Topic2 Topic3 Topic4 Topic5

8 which 0.011 all 0.008 estimation 0.009 than 0.012 fit 0.009

9 provide 0.010 illustrate 0.008 ability 0.009 estimator 0.011 modeling 0.008

10 component 0.009 bayesian 0.008 irt 0.007 likelihood 0.010 such 0.008

11 sld 0.009 number 0.008 information 0.006 weight 0.010 class 0.008

12 solution 0.009 equation 0.008 rasch 0.005 standard 0.010 each 0.008

13 two 0.008 measurement 0.008 logistic 0.005 effect 0.009 apply 0.007

14 structure 0.008 assumption 0.007 two 0.005 coefficient 0.008 cluster 0.007

15 propose 0.007 analysis 0.007 discuss 0.005 random 0.008 both 0.007

16 compare 0.006 measure 0.007 more 0.005 maximum 0.008 present 0.007

17 how 0.006 two 0.006 design 0.005 regression 0.008 illustrate 0.006

18 method 0.005 allow 0.006 covariate 0.005 example 0.008 problem 0.006

19 term 0.005 obtain 0.006 hierarchical 0.004 covariance 0.007 include 0.006

20 score 0.005 monte 0.006 both 0.004 level 0.007 different 0.006

21 problem 0.005 analyze 0.005 identify 0.004 give 0.006 more 0.006

22 simultaneous 0.005 design 0.005 class 0.004 may 0.006 our 0.006

23 square 0.005 structural 0.005 such 0.004 present 0.006 well 0.005

24 array 0.004 across 0.005 present 0.004 statistic 0.006 multiple 0.005

25 can 0.004 its 0.005 trait 0.004 interval 0.006 type 0.005

26 discuss 0.004 present 0.004 multidimensional 0.004 table 0.005 difference 0.005

27 multiple 0.004 application 0.004 three 0.004 estimation 0.005 introduce 0.005

28 correlation 0.004 not 0.004 common 0.004 one 0.005 order 0.005

29 dynamic 0.004 property 0.004 nonparametric 0.004 under 0.005 structure 0.005

30 object 0.004 which 0.004 statistic 0.004 structural 0.005 individual 0.005
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polytomous, adaptive, and equating. These words were considered as 

IRT topic. Topic 4 contained words such as estimate, error, test, 

estimator, sample, standard, score, statistic, asymptotic, covariance, 

interval, estimation, variance, size, bias, mean, coefficient, and 

equation. These are general psychometric words.

Abstracts of JEBS

Topic1 Topic2 Topic3 Topic4

1 algorithm 0.021 method 0.023 test 0.051 estimate 0.027

2 present 0.016 variable 0.018 item 0.051 distribution 0.021

3 procedure 0.015 two 0.015 parameter 0.030 variable 0.017

4 matrix 0.014 set 0.011 response 0.030 sample 0.013

5 than 0.012 latent 0.011 latent 0.012 error 0.013

6 approach 0.012 estimation 0.010 order 0.012 estimator 0.012

7 problem 0.011 give 0.010 method 0.011 structure 0.011

8 cluster 0.011 compare 0.009 sld 0.010 factor 0.009

9 between 0.009 factor 0.009 different 0.009 more 0.008

10 sld 0.009 bayesian 0.008 irt 0.009 asymptotic 0.007

11 component 0.009 weight 0.008 theory 0.009 standard 0.007

12 new 0.009 class 0.008 random 0.008 covariance 0.007

13 obtain 0.008 application 0.008 ability 0.007 equation 0.007

14 solution 0.008 regression 0.008 three 0.007 new 0.007

15 other 0.008 design 0.008 information 0.006 well 0.007

16 method 0.007 coefficient 0.007 statistical 0.006 one 0.007

17 example 0.007 score 0.007 score 0.006 develop 0.007

18 array 0.007 modeling 0.007 measurement 0.006 assumption 0.007

19 linear 0.007 function 0.007 polytomous 0.006 likelihood 0.007

20 scale 0.007 between 0.007 approach 0.006 fit 0.006

21 measure 0.007 effect 0.006 derive 0.006 variance 0.006

22 square 0.007 discuss 0.006 both 0.006 discuss 0.006

23 several 0.006 include 0.006 person 0.006 procedure 0.006

24 consider 0.006 exist 0.006 general 0.005 interval 0.006

25 time 0.006 more 0.006 behavior 0.005 condition 0.006

26 both 0.006 how 0.006 describe 0.005 general 0.005

27 point 0.005 demonstrate 0.006 local 0.005 structural 0.005

28 all 0.005 scale 0.005 all 0.005 subject 0.005

<Table 7> Topic structure of the journal abstracts in JEBS
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The latent topic structure of the JEM corpus is summarized in Table 

8. The four-topic model was also the most suitable for the corpus. Topic 

1 contained words such as method, algorithm, factor, new and cluster. 

These were characterized as being new algorithm and procedure of 

factor/cluster analysis. Topic 2 contained words such as latent, method, 

Bayesian, compare, and calro. These can be considered as Bayesian 

estimation and comparison. Topic 3 contained words such as item, test, 

response, parameter, theory, ability, score, irt, design, new, rasch, 

multidimensional, examinee, assumption, dif, logistic, time, 

polytomous, adaptive, and equating. These words explicitly represent 

the IRT topic. Topic 4 contained words such as estimate, error, test, 

estimator, sample, standard, score, statistic, asymptotic, covariance, 

interval, estimation, structural, modeling, and equation. These are 

general psychometric words & SEM. 

29 set 0.005 number 0.005 multidimensional 0.005 each 0.005

30 empirical 0.005 performance 0.005 type 0.005 introduce 0.005

Abstracts of JEM

Topic1 Topic2 Topic3 Topic4

1 method 0.028 latent 0.018 test 0.05 variable 0.032

2 algorithm 0.022 theory 0.014 item 0.049 estimate 0.029

3 matrix 0.017 used 0.014 response 0.032 distribution 0.017

4 factor 0.017 parameter 0.013 parameter 0.016 sample 0.017

5 set 0.013 class 0.013 procedure 0.012 error 0.013

6 function 0.012 sld 0.012 one 0.01 estimator 0.013

7 solution 0.011 approach 0.012 include 0.008 sld 0.013

8 procedure 0.009 method 0.009 random 0.008 covariance 0.011

9 new 0.009 structure 0.009 person 0.007 discuss 0.01

10 example 0.008 behavior 0.009 information 0.007 coefficient 0.009

11 approach 0.008 present 0.008 irt 0.007 effect 0.009

12 problem 0.008 multiple 0.008 fit 0.007 more 0.008

<Table 8> Topic structure of the journal abstracts in JEM
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In summary, the IRT topic consistently appeared in the three journals. 

However, while the term rasch appeared in JEM and Psychometrika, 

it did not appear in the topic of JEBS. Also, while Psychmetrika contains 

words nonparametric and multidimensional, the other two journal 

contains only one of them. Also, general statistical words were 

consistently used across the journals. Although JEM and Psychometrika 

contains words which are closely related to SEM, the abstract of JEBS 

does not demonstrate such words explicitly. 

3. Topic Structure Evolution by Time interval

This section discussed the topic change by time. Since the single 

cohort consists of four consecutive years, five intervals were used to 

analyze the topic change trends of the three journals. Table 9 showed 

the topic structure according to the five time intervals.

13 present 0.007 probability 0.007 rasch 0.007 asymptotic 0.008

14 number 0.007 regression 0.007 both 0.006 condition 0.007

15 least 0.007 bayesian 0.007 some 0.006 standard 0.007

16 all 0.007 time 0.007 apply 0.006 modeling 0.007

17 than 0.006 problem 0.007 ability 0.006 structural 0.007

18 array 0.006 subject 0.007 selection 0.006 may 0.007

19 were 0.006 give 0.006 each 0.006 variance 0.007

20 apply 0.006 compare 0.006 score 0.006 measure 0.006

21 develop 0.006 measure 0.006 give 0.006 only 0.006

22 cluster 0.006 underlying 0.006 assumption 0.006 size 0.006

23 strategy 0.005 estimation 0.006 describe 0.005 normal 0.006

24 order 0.005 between 0.006 nonparametric 0.005 equation 0.005

25 compare 0.005 carlo 0.006 three 0.005 assume 0.005

26 most 0.005 alternative 0.006 latent 0.005 structure 0.005

27 reliability 0.005 such 0.005 factor 0.005 common 0.005

28 general 0.005 logistic 0.005 case 0.005 bias 0.005

29 equation 0.005 interest 0.005 polytomous 0.005 between 0.005

30 coefficient 0.005 both 0.005 more 0.005 fit 0.005
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The latent topic structures of the five intervals were similar with one 

another. This means that the abstracts of a specific time interval are 

similar with the abstracts from another time interval. For example, in 

the collection of the abstracts from 1998-2001, three topics were 

extracted, and these can be labeled as follows: Topic 1 might be related 

to factor analysis and test; Topic 2 is likely to reflect issues related to 

IRT; and Topic 3 can be considered as a topic regarding test theory 

& estimation method. Although the specific contents of the topic (e.g., 

top 30 words in each topic) varied over time, the general topic structure 

of the three topics was similar to one another. 

Since the overall topic structures over the time intervals can be 

considered consistent, the top 30 words in each topic can be compared 

to show topic change across different time intervals. First, in the 

1998-2001 abstracts, Topic 1 contains words such as method, factor, 

item, variable, procedure, polytomous, component, and level. This 

topic can be considered as factor analysis. Topic 2 is about IRT and 

multivariate analysis because it contains words such as response, item, 

algorithm, test, class, cluster, irt, and multivariate. Topic 3 is about 

test theory & estimation method, and it contains words such as latent, 

parameter, estimation, estimator, sample, and empirical. Specific topic 

structure is summarized in Table 9.

 



Topic Modeling of Psychometric Journals Based on Latent Dirichlet Allocation ｜ 53 ｜

Topic 1 Topic 2 Topic 3

1998-2001

method 0.033 polytomous 0.010 response 0.029 sample 0.009 latent 0.027 estimator 0.009

factor 0.027 theory 0.010 algorithm 0.024 asymptotic 0.009 use 0.023 relationship 0.009

item 0.025 present 0.009 item 0.021 compare 0.009 test 0.021 they 0.009

approach 0.021 study 0.009 test 0.016 factor 0.008 parameter 0.018 new 0.009

variable 0.019 score 0.008 class 0.015 each 0.008 present 0.016 than 0.009

estimate 0.018 set 0.008 number 0.013 fit 0.008 give 0.015 form 0.009

procedure 0.018 parameter 0.008 can 0.012 type 0.008 structural 0.014 used 0.008

distribution 0.017 these 0.008 from 0.012 error 0.008 distribution 0.012 problem 0.008

from 0.015 two 0.008 have 0.011 irt 0.007 variable 0.012 interval 0.008

can 0.013 function 0.008 cluster 0.011 theory 0.007 between 0.010 sample 0.008

covariance 0.012 normal 0.008 two 0.010 estimate 0.007 matrix 0.010 ability 0.008

used 0.011 have 0.007 structure 0.010 equation 0.007 general 0.009 empirical 0.008

when 0.011 one 0.007 order 0.010 multivariate 0.007 estimation 0.009 reliability 0.008

test 0.010 component 0.006 statistic 0.010 framework 0.007 study 0.009 include 0.008

matrix 0.010 level 0.006 set 0.009 random 0.007 maximum 0.009 can 0.007

2002-2005

method 0.032 theory 0.009 item 0.041 have 0.009 test 0.034 function 0.008

factor 0.025 linear 0.008 response 0.022 theory 0.009 procedure 0.024 correlation 0.008

variable 0.021 how 0.008 two 0.016 both 0.008 use 0.020 estimator 0.008

latent 0.021 these 0.007 study 0.014 present 0.008 estimate 0.014 present 0.008

approach 0.017 multiple 0.007 distribution 0.012 fit 0.008 when 0.013 condition 0.008

algorithm 0.015 asymptotic 0.007 parameter 0.012 ability 0.007 sample 0.012 than 0.007

illustrate 0.012 application 0.007 provide 0.012 estimate 0.007 structural 0.011 likelihood 0.007

number 0.011 assumption 0.007 irt 0.011 use 0.007 matrix 0.010 least 0.007

parameter 0.011 set 0.007 order 0.011 component 0.007 structure 0.010 one 0.007

from 0.011 have 0.007 solution 0.011 cluster 0.007 interval 0.010 maximum 0.007

measure 0.010 more 0.007 set 0.011 class 0.007 new 0.010 scale 0.006

include 0.010 class 0.006 compare 0.011 general 0.006 parameter 0.010 study 0.006

not 0.009 three 0.006 apply 0.011 these 0.006 used 0.009 example 0.006

between 0.009 rotation 0.006 test 0.009 demonstrate 0.006 covariance 0.009 equation 0.006

used 0.009 into 0.006 they 0.009 rasch 0.006 score 0.009 from 0.006

2006-2009

method 0.029 three 0.008 item 0.038 between 0.007 test 0.028 asymptotic 0.008

propose 0.022 maximum 0.008 response 0.028 provide 0.007 variable 0.028 when 0.008

approach 0.019 illustrate 0.007 parameter 0.022 give 0.007 estimate 0.021 effect 0.008

from 0.015 compare 0.007 latent 0.017 time 0.007 procedure 0.017 interval 0.008

algorithm 0.015 when 0.007 theory 0.012 fit 0.007 distribution 0.016 regression 0.008

present 0.014 square 0.007 factor 0.012 all 0.006 not 0.016 different 0.007

factor 0.013 function 0.006 they 0.010 framework 0.006 matrix 0.014 obtain 0.007

class 0.012 describe 0.006 two 0.010 type 0.006 estimator 0.012 may 0.007

<Table 9> Topic structure of the three journal abstracts
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Topic 1 Topic 2 Topic 3

structure 0.011 application 0.006 used 0.010 modeling 0.006 sample 0.011 level 0.007

number 0.010 general 0.006 set 0.010 measurement 0.006 estimation 0.010 likelihood 0.007

component 0.009 between 0.005 test 0.009 distribution 0.006 under 0.009 equation 0.007

cluster 0.009 point 0.005 assumption 0.009 rasch 0.006 structural 0.009 from 0.007

two 0.008 information 0.005 illustrate 0.009 value 0.006 covariance 0.009 statistic 0.007

solution 0.008 set 0.005 apply 0.009 scale 0.005 error 0.009 include 0.006

problem 0.008 rotation 0.005 irt 0.008 mean 0.005 than 0.008 normal 0.006

2010-2013

analysis 0.024 structure 0.008 model 0.110 not 0.007 test 0.02 provide 0.009

propose 0.018 number 0.008 item 0.031 random 0.007 estimate 0.02 procedure 0.008

method 0.018 problem 0.008 response 0.025 information 0.006 variable 0.019 when 0.008

factor 0.017 coefficient 0.007 latent 0.017 irt 0.006 study 0.018 have 0.008

from 0.016 solution 0.007 approach 0.014 more 0.006 distribution 0.015 simulation 0.008

sld 0.015 square 0.007 which 0.014 bayesian 0.006 use 0.014 covariance 0.008

algorithm 0.014 cluster 0.007 can 0.013 between 0.006 show 0.014 structural 0.008

matrix 0.013 all 0.007 parameter 0.013 they 0.006 sample 0.012 not 0.006

set 0.011 scale 0.007 class 0.012 design 0.005 method 0.012 than 0.006

procedure 0.010 such 0.006 test 0.012 alternative 0.005 error 0.011 statistic 0.006

these 0.009 they 0.006 present 0.012 type 0.005 measure 0.010 asymptotic 0.006

have 0.009 two 0.006 used 0.011 fit 0.005 estimator 0.009 under 0.006

use 0.009 different 0.005 order 0.008 person 0.005 illustrate 0.009 normal 0.006

example 0.009 component 0.005 theory 0.007 process 0.005 estimation 0.009 two 0.006

discuss 0.008 several 0.005 both 0.007 new 0.005 parameter 0.009 reliability 0.005

2014-2017

method 0.027 from 0.008 model 0.105 application 0.007 test 0.031 used 0.008

analysis 0.027 solution 0.007 item 0.032 simulation 0.007 estimate 0.020 parameter 0.007

sld 0.017 structure 0.007 response 0.023 fit 0.007 variable 0.016 score 0.007

propose 0.015 problem 0.007 latent 0.016 type 0.007 study 0.015 estimation 0.007

which 0.015 square 0.007 parameter 0.015 show 0.007 show 0.012 propose 0.007

factor 0.015 cluster 0.007 can 0.013 these 0.007 use 0.011 structural 0.007

algorithm 0.014 procedure 0.007 class 0.011 such 0.006 sample 0.011 from 0.007

have 0.013 example 0.006 two 0.011 irt 0.006 distribution 0.011 develop 0.006

approach 0.012 more 0.006 illustrate 0.010 from 0.006 procedure 0.011 only 0.006

matrix 0.010 than 0.006 use 0.010 scale 0.005 not 0.010 normal 0.006

these 0.009 number 0.006 present 0.010 framework 0.005 coefficient 0.010 likelihood 0.006

set 0.009 give 0.006 between 0.008 its 0.005 provide 0.010 function 0.006

they 0.009 not 0.006 discuss 0.008 introduce 0.005 when 0.009 reliability 0.006

variable 0.008 all 0.006 both 0.007 modeling 0.005 estimator 0.008 general 0.006

component 0.008 error 0.006 random 0.007 process 0.005 covariance 0.008 regression 0.006
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For the abstracts from 2002-2005, Topic 1 can also be categorized 

as factor analysis, while Topic 2 is IRT. Topic 3 is test theory & 

estimation method & SEM. Compared to the period from 1998-2001, 

in Topic 1, item and test related words did not appear frequently. On 

the other hand, words such as asymptotic, assumption and rotation 

occurred for the first time in Topic 1. In Topic 2, which is closely 

related to IRT, terms such as rasch, cluster, and class initially appeared. 

In Topic 3, most of the words are very similar to the previous topic, 

but structural equation modeling seems to appear for the first time. 

For abstracts from 2006-2009, the topic structure seems to be 

consistent with the two topic structures of the previous time intervals. 

Specifically, in Topic 1, the term cluster appeared for the first time. 

In Topic 2, Rasch is still appearing in the topic, and the new term time 

is included in the topic. Also, the term cluster seems to move from Topic 

2 to Topic 1. In Topic 3, terms such as regression and asymptotic 

initially appeared.  

For abstracts from 2010-2013, Topic 1 did not show a manifest 

difference from the previous years’ topics. However, for Topic 2, Rasch 

did not appear, and new terms such as Bayesian, latent, and class 

appeared. Also, for Topic 3, the frequency of words related to SEM 

seemed to have decreased from previous years. 

For abstracts from 2014-2017, most of the topic structures were 

consistent with the 2010-2013 abstracts. However, in Topic 2, terms 

such as Bayesian and Rasch disappeared.

In summary, regardless of the time interval, topics can be categorized 

into three major topics as follows: factor analysis & multivariate, IRT, 

and SEM with general psychometric issues. In the late 1990s and early 

2000s, SEM was not popular. In the mid-2000s, the Rasch model and 
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mixture model were discussed frequently compared to previous times. 

Also, structural equation modeling seems to appear for the first time. 

During 2006-2009, time issues were discussed in IRT, and after 2010 

the Bayesian framework and mixture model were frequently discussed 

in the abstract. 

Ⅳ. Discussion

This study seeks to identify the topic structure of the abstracts 

collected from the psychometric journals using LDA. The objectives of 

the research are to suggest the topic structures for three different 

journals and the topic changes over the time period from 1998 to 2017. 

The results suggested that the six extracted topics could be 

characterized as factor analysis, Bayesian estimation & SEM, IRT, 

general psychometric words, general academic words, and 

weight/scale/regression and agreement analysis. For the analysis with 

the individual journal level, the structures of the three journals were 

very similar except that JEM and Psychometrika contained more 

abstracts related to Rasch than does JEBS. Also, both journals might 

include more abstracts related to SEM than JEBS does. For trend 

analysis, the topics can be categorized into three major topics, 

including factor analysis, IRT, and general psychometric. This result 

indicates that psychometric research trends vary over the past 20 years. 

The distinguishable point is that SEM was going to be popular in the 

mid-2000s. At the same time, the Rasch model and the mixture model 

were discussed frequently. Also, four years after that time, the issue 

of speediness was discussed in IRT, and the Bayesian framework and 
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mixture model were frequently discussed in abstracts. 

This study also needs improvement in some areas. First, the stop 

words in this study were selected based on TF-IDF framework. Although 

a previous study (Hornik, & Grün, 2011) suggested the median value 

of the scores, it tended to eliminate important words contributing to 

the construction of a meaningful topic. To avoid removing important 

words, a far less value of TF-IDF scores were applied in this analysis. 

Although the results seem to be reasonable in that only common words 

were removed, a theoretically-grounded approach will be discussed in 

a future study. 

Second, the range of the time intervals needs to be extended to show 

more distinctive change by time interval. For example, during the past 

20 years, the topics appearing in psychometric journals seem to be 

consistent, even though there are some small differences across the 

years. If the time interval includes many years, the change of the topic 

structure should be clearer. 

Third, a model selection method based on DIC was performed. 

Although DIC seems to work, model selection issues in LDA are still 

controversial. The research in model selection criteria is still ongoing 

in the field of LDA. For instance, explanatory data analysis framework 

can be applied to the model selection process. Especially, data 

visualization (DV) has potential usefulness in exploring the most 

appropriate number of topics in LDA. Specifically, it was suggested that 

the visualization of high-dimensional data could be an important 

exploratory tool for data analysis tasks, which are actively studied by 

various academic communities (Le & Lauw, 2016). Alexander and 

Gleicher (2016), in particular, proposed an approach that facilitates the 

comparison of multiple models. The fundamental goal of the technique 
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is to show the similarity between one model and another. For future 

studies, we can apply the DV approach to the model-selection process.
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잠재디리클레할당을 적용한 심리측정학 학회지의 

토픽모델링 분석

곽민호* · 한현석**

2

논문요약

본 연구는 심리측정학 분야의 저명한 세 개의 학회지 (Psychometrika, 
Journal of Educational Measurement, Journal of Educational and 
Behavioral Statistics)의 초록을 분석하여 최근 20년 동안의 연구동향과 주제를 
파악하는 것이다. 이를 위하여 1,500개 이상의 초록을 잠재 디리클레 할당 
(Latent Dirichlet allocation) 방법을 적용하여 토픽 모델링 분석을 실시하였다. 
토픽 모델링 분석 결과 여섯 가지의 토픽이 다음과 같이 추출되었다; 요인분석 
(Factor analysis), 베이지언 추정 및 구조방정식 (Bayesian estimation & 
SEM), 문항반응이론 (IRT), 일반 심리측정학 용어 (general psychometric 
words), 일반 학문적 용어 (general academic words), 가중치/척도/회귀/합의
분석 (weight/scale/regression and agreement analysis). 이를 토대로 각 학
회지별로 어떤 토픽이 비중있게 다루어졌는지 살펴보는 분석을 수행하였고 시사
점을 제시하였다.

주제어: 잠재디리클레할당, 심리측정학 학회지, 초록, 토픽모델링
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