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Abstract: Author-selected keywords have been widely utilized for indexing, information retrieval, bibliometrics
and knowledge organization in previous studies. However, few studies exist concerning how author-selected
keywords function semantically in scientific manuscripts. In this paper, we investigated this problem from the
perspective of term function (TF) by devising indicators of the diversity and symmetry of keyword term func-
tions in papers, as well as the intensity of individual term functions in papers. The data obtained from the whole
Journal of Informetrics (JOI) were manually processed by an annotation scheme of keyword term functions, includ-
ing “research topic,” “research method,” “research object,” “research area,” “data” and “others,” based on em-
pirical work in content analysis. The results show, quantitatively, that the diversity of keyword term function
decreases, and the irregularity increases with the number of author-selected keywords in a paper. Moreover, the
distribution of the intensity of individual keyword term function indicated that no significant difference exists
between the ranking of the five term functions with the increase of the number of author-selected keywords
(i.e., “research topic” > “research method” > “research object” > “research area” > “data”). The findings indi-
cate that precise keyword related research must take into account the distinct types of author-selected keywords.
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1.0 Introduction

Author-selected keywords are considered as a significant
conduit of scientific concepts, ideas and knowledge (Cobo,
Loépez-Herrera, et al. 2011; Ding, Chowdhury, and Foo
2001; Névéol, Dogan, and Lu 2010; Van Raan and Tijssen
1993) and have been widely utilized in indexing, knowledge
management, bibliometrics and information retrieval. For
instance, a keyword co-occurrence network was constructed
to map the knowledge structure of technology foresight re-
search by (Su and Lee 2010). Khan and Wood (2015) con-
ducted a co-keywords clustering to detect emerging themes
in the information technology management domain. More
recently, Wu (2016) adopted a keyword-based patent net-
work approach to identify technological trends and evolu-
tion in the field of green energy. All of these studies can be
summarized as “keyword analysis,” whose general workflow
entails data retrieval and collection, keywords identification
and preprocessing, frequency counting, network generation,
analysis and visualization, and interpretation and conclusion.

However, the undiscriminating use of keyword analysis
remains controversial given the existence of certain prob-
lems such as the lack of an authoritative criterion for the
selection of keywords (e.g;, Chen and Xiao 2016; Milojevi¢
et al. 2011; Smiraglia 2013), the presence of possible bias
due to the “indexer effect” (Michel Callon, Rip, and Law
1986; He 1999), ignoring semantic roles and their relation-
ships between keywords (Wang et al. 2012) and the disci-
pline attributes of keywords (Chen and Xiao 2016; J. Choi,
Yi, and Lee 2011).

Actually, each author-selected keyword plays a specific se-
mantic role or function, which can be called a “term func-
tion” (TF) in a scientific paper. Specifically, a keyword could
be the topic discussed or the method adopted or it also
could play another semantic role in a scientific paper. In
most extant studies of keyword analysis, keywords that play
different semantic roles that should have been weighted dif-
ferently are treated as equally important by simple counting
and aggregation for different tasks (Ferrara and Salini 2012).

LEINT3

However, “topic,” “domain,” “method” and “application”
keywords should have been assigned unequal weights for
generating accurate research topic networks. Hence, to over-
come these problems, the semantic function of author-se-
lected keywords played in scientific manuscripts should be
elucidated. In addition, understanding how the author-key-
words function semantically in scientific manuscripts is also
beneficial to the organization and indexing of scientific pa-
pers in databases and to determine papers’ accessibility and
citations in scientific communities.

The overall aim of this paper is to reveal the patterns of
author-selected keywords in scientific papers from the per-
spective of term function, whose results will substantially
contribute to the improvement of keyword indexing and

keyword analysis. To realize this goal, the following research
questions are posed:

1) What is the distribution of author-selected keyword
term functions in scientific papers?

2) What is the regularity of the diversity and symmetry of
author-selected keyword term functions in scientific pa-
pers?

3) What is the distribution of the intensity of individual
keyword term functions in scientific papers?

4) What is the relationship between the author-selected
keyword ranking and its term functions in scientific pa-
pers?

In this study, we first annotated term functions for all au-
thor-selected keywords in our dataset, for which an anno-
tation scheme based on empirical work in content analysis
is presented. Then, we introduced a framework to com-
pute the diversity and symmetry of keyword term func-
tions in a single paper, as well as the distribution of the
intensity of individual keyword term functions, using con-
cepts from network science and “true diversity,” which can
be understood as a normalization for the Shannon entropy.
We also analyze the relationships between keyword rank-
ings and keyword term functions.

The remainder of this paper is organized as follows.
Section 2.0 reviews studies regarding author-selected key-
words and term function (TF). Section 3.0 presents the da-
taset and the annotation scheme for keyword term func-
tion, as well as the framework to represent and evaluate the
diversity, intensity and symmetry of author keyword term
functions in papers. In Section 4.0, the main results of this
study are described in detail. Finally, in Section 5.0, conclu-
sions and directions for future work are presented.

2.0 Literature review
2.1 Author-selected keywords

Author keywords have been generally regarded as one of
the most important forms of bibliographic metadata in bib-
liometrics and scientometrics, as well as being a significant
conduit of scientific concepts, ideas and knowledge (Cobo,
Lopez-Herrera, et al. 2011; Ding, Chowdhury and Foo
2001; Névéol, Dogan and Lu 2010; Van Raan and Tijssen
1993). Therefore, author-selected keyword analysis has a
long tradition of widespread application in hotspot detec-
tion, trend analysis and mapping the knowledge structures
in both natural and social sciences, e.g, in environmental
acidification (Law et al. 1988), polymer chemistry (M. Cal-
lon, Courtial and Laville 1991), chemical engineering (Peters
and van Raan 1993), software engineering (Coulter, Mon-
arch and Konda 1998), knowledge discovery (He 1999), in-
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formation retrieval (Ding, Chowdhury and Foo 2001), eth-
ics and dementia (Baldwin et al. 2003), geographic infor-
mation system (GIS) (Tian, Wen and Hong 2008), biomed-
ical science (Névéol, Dogan and Lu 2010), technology fore-
sight (Su and Lee 2010), fuzzy sets theory (Cobo, Lépez-
Herrera et al. 2011b), tourism (B. Wu et al. 2012), strategic
management (Keupp, Palmié and Gassmann 2012), infor-
mation technology management (Khan and Wood 2015)
and biofuels (Wu 2016). However, with the wide-ranging ap-
plications of author-selected keyword analysis, problems
with the method have become increasingly evident and have
begun to be actively discussed by researchers. For example,
Callon, Rip and Law (1986) and He (1999) pointed out the
“indexer effect” of author-selected keywords at a theoretical
and technical level. More recently, Wang et al. (2012) sug-
gested that experts’” knowledge be integrated into the pro-
cess of co-word analysis to improve precision; Chen and
Xiao (2016) put forward methods for keyword selection that
take keyword discrimination into account by considering
their frequency both in and out of the domain. In this paper,
we will analyze author-selected keywords of different term
functions, which should have been weighted unequally in
different bibliometric tasks.

Additionally, author-selected keywords have also been
widely utilized for the classification and clustering of sci-
entific documents (Jones and Mahoui 2000), the “gold-
standard” for automatic keyword indexing and extraction
(Matsuo and Ishizuka 2004; Ren 2014; Gil-Leiva 2017), au-
tomatic thesaurus development (Gil-Leiva and Alonso-Ar-
royo 2007; Tseng 2002; J. Wang 2000), the retrieval and
recommendation of scientific papers in digital libraries (Lu
and Kipp 2014; Schaffner 2009), citation counts prediction
(Sohrabi and Iraj 2017; Uddin and Khan 2016) and the
comparison with social tags (Y. Choi and Syn 2016; Lu and
Kipp 2014).

2.2 Term function in scientific texts

Term function (TF) refers to the specific semantic role that
aword, a term or a phrase plays in scientific texts (Xin, Qikai
and Wei 2017), including “topic,” “method,” “technology,”
etc. For instance, in the paper entitled “Knowledge discov-
ery through co-word analysis” (He 1999), the TF of the
term “knowledge discovery” is a “topic”’; whereas, for the
term “co-word analysis,” it is a “method.” Notably, the TTF
of the same term can differ in different contexts, for exam-
ple, the TF of the term “knowledge discovery” is a
“method” in the article entitled “Intelligent query answering
by knowledge discovery techniques” (Han et al. 1996). In
addition, academic terms have numerous other functions
according to different classifications, such as “goal,” data
and “application,” which are also quite common in scientific
contexts.

With the dramatic growth in the number of scientific
publications, it has become a challenge to understand a sci-
entific community by identifying important topics, meth-
ods, applications and the relations between them. In the
extant literature, this question has been mainly addressed
using bibliometric methods, for example, considering cita-
tion networks and topic models (Ding 2011; Song et al.
2014) and generating crude topic clustering based on con-
textual cues. Howevert, several researchers concluded that
these methods could not answer certain key questions,
such as “what methods were used for a particular topic?”
and pointed out that the need to identify the semantic roles
of scientific terms by analyzing the text itself, i.e., the iden-
tification of the term function (ITF) in scientific texts
(Kondo et al. 2009; Tsai, Kundu and Roth 2013).

Identification of term functions has received increasing
interest with the rapid development of natural language
processing and machine learning. Key terms that play dif-
ferent semantic roles have been identified, such as the
identification of “head,” “goal” and “method” in research
papers’ titles based on a rule extracted from the structure
of titles (Kondo et al. 2009), the recognition of “technol-
ogy” and “effect” from research papers and patents based
on machine learning (Nanba, Kondo and Takezawa 2010),

<

the identification of “focus,” “techniques” and “domain”
from article abstracts by using semantic extraction patterns
(Gupta and Manning 2011), the recognition of “tech-
niques” and “application” from scientific literature using
an unsupervised bootstrapping algorithm (Tsai, Kundu
and Roth 2013) and the identification of “method” and
“task” from scientific papers based on the Markov Logic
Network (Huang and Wan 2013).

More recently, a comprehensive framework for term
function in academic texts was presented by Xin, Qikai and
Wei (2017). In his study, Cheng categorized term functions
into “domain-independent term function” (including
“topic” and “method” in three levels) and “domain-related
term function” (different sub categories in different do-
mains). Based on this classification, approaches have been
used, including conditional random fields with word2vec
and machine learning to rank, for automatic recognition
of domain-independent term functions in scientific papers
in computer science. In addition, Heffernan and Teufel
(2018) presented an automatic classifier for identifying
problems and solutions in scientific texts. It remains un-
known, however, precisely how author-selected keywords
function semantically in scientific manuscripts. Under-
standing qualitatively and quantitatively the patterns of au-
thor-selected keywords from term function perspectives,
in our view, is of great benefit for improving keyword in-
dexing and keyword analysis in bibliometric tasks.
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3.0 Methodology

This section examines the overall process of the method-
ology, as illustrated in Figure 1. To investigate the author-
selected keyword patterns, the approach is designed to be
executed in four discrete steps: 1) data collection and pre-
processing; 2) term function annotation; 3) indicator com-
puting; and, 4) patterns analysis.

3.1 Step 1: data collection and processing

In this step, we collected the publication records from the
Journal of Informetrics (JOI). To probe the author-selected key-
word patterns from the term function (TF) perspective in
scientific manuscripts, all 842 articles published between

2007 to 2017 from JOI were manually collected from the
Web of Science. A total of 149 articles were excluded, be-
cause they were not articles but, for example, brief commu-
nications, book reviews, editorial statements, errata or ctiti-
cal remarks. Finally, 693 articles were selected as the dataset
in this study. For each of these articles, we have not only
obtained the author-selected keyword lists, but have also ex-
tracted the title, abstract and the hyperlink to its detailed in-
formation page for term function annotation in the subse-
quent step. To investigate the relationship between term
functions and the ranking of keywords, we also recovered
the position of each author-selected keyword in the key-
word lists.

The distribution of the number of author-selected key-
words per paper is shown in Figure 2. There are a total of

Figure 1. Framework of author keyword pattern analysis from the term function (TF) perspective.
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Figure 2. Histogram of the number of keywords in the
Journal of Informetrics (JOI). An irregular distribution is
found, in which most of the papers include three to six
keywords.
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3,311 author-selected keywords in all 693 articles, and the
average number of author-selected keywords per article is
found to be 4.78. It is also found that the range of author-
selected keywords for each paper varied from one to thir-
teen. A few papers contained fewer than two keywords or
more than eight keywords (approximately 1.9%), while
most papers contained three to six keywords (approxi-
mately 89.9%).

3.2 Step 2: term function annotation
3.2.1 Annotation scheme design

In prior studies regarding term function recognition (TFR),
words in scientific papers that have been recognized include
method,”
ogy,” “focus,” “domain,” etc. (Heffernan and Teufel 2018;
Xin, Qikai and Wei 2017; Tsai, Kundu and Roth 2013;
Kondo et al. 2009; Gupta and Manning 2011; Huang and
Wan 2013). Concerning the term function of each author-

< 113 2 ¢ <

“topic, problem,” “solution,” “goal,” “technol-

selected keyword in each article, we present an annotation
scheme for author-selected keywords, based on empirical
work in content analysis. In the first place, we captured all
possible term functions of author-selected keywords. Then,
to simplify our analysis, these term functions were inte-
grated and reduced to a smaller set comprising only the most
frequent term functions. This set, ie., the annotation
scheme for term functions of author-selected keywords in-
cludes the following categories: 1) research topic; 2) research
method; 3) research object; 4) research area; 5) data; and, 0)
others. The detailed description and source for each cate-
gory of term function is shown in Table 1.

In order to guarantee the precision of term function
annotation, the method of human annotation is selected.
The term function of author-selected keywords is difficult
to annotate, because, in principle, it requires interpretation
of the authot’s intentions and the content of the entite
paper. Consequently, in most cases, it is impossible to
know exact term function without understanding aca-
demic context, because the same keyword can have a to-
tally different term function in different conditions.

3.2.2 Annotators selection and training

Before term function annotating, four PhD students were
selected from the School of Information management,
Wuhan University. Four criteria were used in the selection
of annotators. Specifically, the annotators had to: 1) be
very familiar with informetrics and bibliometrics; 2) have
good English reading and writing skills; 3) have published
more than two academic articles in peer-reviewed journals
in the field of informetrics; and, 4) be in or beyond their
second year in the PhD program. Then, the selected anno-
tators were trained and asked to point to textual evidence
for assigning a particular term function.

3.2.3 Pre-annotation and consistency test

To guarantee annotation consistency, prior to starting the
annotating, we randomly chose sixty-nine articles (9.96%)
comprising of 337 author-selected keywords from the JOI
dataset and arranged for four annotators to annotate term
functions in two parallel groups. Then, the kappa coeffi-
cient (Catletta 1996), which is a statistic measuring pairwise

No. | Categories Description

Source

1 Research Topic (T)

Problems or topics discussed in research articles.

Hoey 2013; Kondo et al. 2009; Heffernan and
Teufel 2018; Xin, Qikai and Wei 2017)

Methods or solutions used in research articles, in-
cluding theories, bibliometric indicators, algo-

Augenstein et al. 2017; Heffernan and Teufel
2018; Xin, Qikai and Wei 2017; Mesbah et al.

2 Research Method (M)

rithms, math formulas, models, etc. For examples,
“Bradford’s law;” “h-index,” “PageRank algo-
rithm,” “Hall’s model.”

2017; Tsai, Kundu and Roth 2013; Sahragard
and Meihami 2016

The object that the research studied, including

Xin, Qikai and Wei 2017; Tsai, Kundu, and Roth

3 Research Object (O) people, group, organization, materials or objects. 2013

The academic area or background of the article,

for instance, “bibliometrics,” “physics,” “science Hoey 2013; Carletta 1996; Sahragard and
4 Rescarch Area () of science,” and “library and information science Meihami 2016

(LIS).”

The dataset used in the stufl‘y or the data”c ‘r‘eated Kondo et al. 2009; Mesbah et al. 2017; Sahragard
5 Data (D) by the study, for examples, “APS dataset,” “X cor- S

T : » and Meihami 2016

pus,” or “Web of Science,” etc.

6 Others (OT) Cannot be included in the former categories. Kondo et al. 2009; Xin, Qikai and Wei 2017

Table 1. The detailed description for each category of term function of author-selected keywords.
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agreements among a set of coders’ category judgements,
was used for quantifying the consistency. Finally, the coef-
ficients were 0.843 and 0.817 respectively (average 0.830 >
0.75), which was considered sufficiently high for annotat-
ing to proceed separately, particular given the conservative
nature of the kappa coefficient.

3.2.4 Annotation

In the process of annotating, annotators wete asked to care-
fully read the title and abstract for a comprehensive under-
standing of the academic context of each keyword in the
original dataset and were encouraged to click the hyperlink
for its full text to make a further confirmation. Moreover,
annotators were asked to record the Annotation
Confidence (ac) of each article. The value of ac €
[1,2,3,4,5], in which a higher value of ac represents that
the annotator is mote confident in his or her work. If an
article’s value of ac is below four, the article will be anno-
tated again by all annotators together.

3.3 Step 3: indicator computing

To quantify the intensity of individual term functions in a
papert, as well as the diversity and symmetry of term func-
tions of author-selected keywords in each article, the in-
formation provided in each article of our dataset is treated
as a bipartite network (Newman 2010), which is a network
with links established only among nodes and belonging to
distinct groups. As shown in Figure 3, the bipartite net-
work derived from each paper establishes links between

Term Functions

o

..... P s .-

Research Topic (T) .<
Research Method (M) .*

Research Object (0) .—-
i Research Area (A) .\ :f%g:{ 4'h keyword
Data (D) -\

author-selected keywords and their possible term func-
tions. As can be seen from Figure 3, each author-selected
keyword is annotated to one term function, while one term
function can have multiple author-selected keywords as-
signed, which can represent the regularity of term func-
tions of author-selected keywords in a paper.

3.3.1 Term function intensity

The term function intensity measure was used to calculate
the strength of an individual term function in a scientific
paper’s author-selected keyword list. In this paper, we first
define f as the matrix storing the relationship between au-
thor-selected keywords and their term functions in the bi-
partite network. The following equation was used:

In the example provided in Figure 3, f;; = 1 only for j =
“Istkeyword” and j = “4* keyword.” Then the intensity of
a given term function is given by the following equation:

where wj is the weight associated to the j-th author-se-
lected keyword. Differently from Edilson et al. (2017), we
weighted the importance of each author-selected keyword
to the research according to its rank in the keyword list, as
defined by the following equation:

Author Keywords

15t keyword

sssssssmsnsssnnar®

2nd keyword

3rd keyword

~4 5% keyword

Figure 3. Example of a bipartite network representing the relationship between author-se-
lected keywords and their term functions. Note that the total amount of keywords and
particular term functions vary according to article.
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3.3.2 Term function diversity

For an article, the “term function diversity” measure calcu-
lates the level of variety of the term functions for author
keyword lists. Drawing on the accessibility concept, a cen-
trality measurement that can be understood as a normaliza-
tion for the Shannon entropy was employed in this study.
This measurement was originally proposed by Travencolo
and Costa (2008) to compute the effective number of access
nodes when an agent walks randomly on a network from a
starting node. Compared to the traditional measurements,
network features are used that go beyond the simple static
network topology and can be utilized to quantify the effec-
tive number of neighbors (Amancio, Oliveira jr, and da E
Costa 2015). In this paper, a simple interpretation of the di-
versity measure in terms of network quantities was used to
compute term function diversity, which has been extensively
done in several studies (Corréa Jr et al. 2017; Silva et al. 2016;
Travencolo and Costa 2008). Notably, the “term function
intensity” of each term function ranges in the interval [0,1],
and thus we can measure its distribution of it using the en-
tropy concept for all elements in the set of term functions.
The following equation was then used to calculate the “term
function diversity” of an article:

3.3.3 Term function symmetry

The measure of “term function symmetry” examines the
distributions of the “term function intensity” of each term
function in a scientific paper. Thus, this measure repre-
sents how intensity varies across different term functions
in a paper using a normalization of “term function diver-
sity.”” The normalized TF diversity, referred to as a sym-
metry of the intensity of individual term function in a pa-
per, takes a range of values restricted in the interval [0,1].
Therefore, the term function symmetry was represented
by the following equation:

where n; € [1,6] is the total number of term functions in
the paper. Note that 0 is a symmetry measure, because it
reaches its maximum value (@ = 1) when all term func-
tions are assigned equally to the paper.

3.4 Step 4: patterns analysis

In this paper, we reveal the patterns of author-selected
keywords from four aspects. First, we described the distri-
bution of author-selected keyword term functions using a
statistical method. Second, the results of indicators includ-
ing “term function diversity” and “term function sym-

>

metry” were employed to represent the regularity of au-
thor-selected keyword term functions in a scientific man-
uscript. Third, we also used the indicator “term function
intensity” to depict the distribution of the strength of in-
dividual term functions in the dataset. Finally, the relation-
ships between author-selected keyword ranking in the arti-
cle’s keyword list and their term functions were identified

to analyze the authot’s potential indexing patterns.

Term Function Percentage
Research Topic (T) 40.75%
Research Method (M) 37.79%
Research Object (O) 7.66%
Research Area (A) 9.55%
Data (D) 1.05%
Others (OT) 3.19%

Table 2. Frequency of appearance for each type of keyword term
function, considering all of the papers in the dataset. Each au-
thor-selected keyword was counted as a distinct occurrence, even
if it appeared in more than one paper in the dataset.

4.0 Results

4.1 The distribution of author-selected keyword
term functions

The overall count for the author-selected keyword term
functions in the dataset are shown in Table 2. The most
common was “research topic,” accounting for 40.75% of
the total. “Research method” was a clear second, compris-
ing more than a third of the total (37.79%). The other term
functions scored between 7% and 10%, except for “data,”
which had very low frequency. In addition, the average
number of “research topic[s|” per paper was 2.19, which
is the highest among the five term functions. The average
number of “research method(s]” per paper is 1.90, ranking
second. The other term functions’ average number per pa-
per scored around 0.50, except for “data,” whose average
number was very low (0.18).

The distribution of the article numbers of different
term functions in the dataset are presented in Figure 4
from which it can also be seen that “research topic” and
“research method” are the top two term functions. We also
find that the range of the number of “research topic” or

“research method” for a paper varies from one to eight. A

https://doi.c 2019-6-402
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Figure 4. The distribution of the article numbers of different term functions in the dataset.

few papers (less than 15%) contain more than three “re-
search topic” or “research method” keywords, while the
most common scenatio covers papers that contain one or
two individual term functions (more than 50%). Moreover,
the range of the number of the other three term functions
for a paper is between one and four, while very few papers
contain five “research area” or seven “research object”
term functions. Most individual term functions have only
occurred once in a paper, 70.6% for “research object,”
75.1% for “research area” and 66.7% for “data.”

4.2 The regularity of author-selected keyword term
functions in papers

4.2.1 The diversity of author-selected keyword term
functions

To investigate how keyword term functions vary in scien-
tific papers, we used the “diversity of term functions in a
paper” (@) as a measure of the variability, as defined in
Section 3.3.2. Considering that the value of wjfjj varies ac-
cording to the number of author-selected keywords (1)
and the ranking of author-selected keywords (R), we de-
cided to separately compute the values of ¢ for each ng.
As shown in Figure 5, the red line is the reference curve
when the number of keywords assigned to each term func-
tion is equal; and if the keyword ranking (i.e. w; = 1) is
ignored, the reference will fit to the curve ¢ = ng. The
other curve denotes the points observed in our JOI dataset,

from which one can find that, when ng increases, the di-
versity of term functions of author-selected keywords in a
paper also increases, thus confirming a relatively strong
correlation between these quantities. Moreover, it reaches
its highest point (¢ is approximately 2.5) when the number
of authot-selected keywords is six. When ng = 1,¢ =
1, as one should anticipate from the equation above. One
can also find that the largest deviations between these
quantities (i.e.,n, — @) were found for the papers
tagged by many author-selected keywords. Note that, in
general, the number of “research topic” keywords in pa-
pers tagged by more than eight author-selected keywords
was usually more than five, which makes the diversity of
term functions quite irregular. Considering that this set of
articles has eight author-selected keywords, the paper with
the most irregular distribution of keyword term functions
has a total diversity of term functions of only approxi-
mately two. Despite these discrepancies, we can conclude
that, in a typical paper tagged by three to six author-se-
lected keywords, the diversity of term functions is rela-
tively high and the difference between ng and @ is rela-
tively small, as the differences in the number of keyword
term functions tagged in these studies is insignificant.

4.2.2 The symmetry of author-selected keyword
term functions

The irregularity of author-selected keyword term func-
tions was also investigated in terms of “symmetry of term
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functions” (0), as defined in Section 3.3.3. As illustrated in
Figure 6, for each value of ng, we can obtain the corre-
sponding value of TF symmetry. The blue dotted line is
the reference line Opaximum = 1, and the other line rep-
resents the curve obtained by linking the points represent-
ing the average symmetry obtained for each ng, when
ng = 1,0 = 1. Overall, one can find that the average
symmetry of author-selected keyword term functions

monotonically decreases when the number of author-se-
lected keywords increases from ng = 1 to ng = 6. How-
ever, when the number of author-selected keywords is
more than five, the falling rate of the symmetry decreases
significantly. This indicates that the distribution of key-
word term functions becomes more irregular when the
number of author-selected keywords increases. Howevet,
the average value of symmetry is always above 0.80. So, we
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further count the number of papers whose symmetry is
below 0.8 and find that most of them are in the ng = 4 or
ng = 5 group. The reason for this phenomenon might be
that due to the large number of papers tagged by four to
five keywords, outliers are more common in this subset of
papers. In addition, it is evident that values of o < 0.8 are
not frequent in the dataset with more than six or fewer
than four keywords.

4.3 The distribution of the individual term
function’s intensity

In this section, we will investigate which term functions
tend to be tagged more frequently by an author when in-
dexing keywords for a scientific paper. Although no
straightforward studies currently exist regarding this issue,
the consensus among scientists is that the nature of a re-
search process can be viewed as a problem-solving activity
(Heffernan and Teufel 2018; Jordan 1980). When indexing
keywords for a paper, authors are asked to use phrases that
constitute an adequate description of the paper’s content
(Ding, Chowdhury and Foo 2001; Gil-Leiva 2017). A per-
tinent question is then which keywords are indexed more
by authors, “research topic” or “research method”? “Data”
is also of major significance to scientific research, especially
in the field of information science, in which data constitute

the essential materials. In addition, “research object” and

“research area” are also essential for a rigorous design of
scientific activity. This analysis illustrates the frequent oc-
currence of all five of these term functions of author-se-
lected keywords. However, what are the differences among
the five individual term functions according to the indexing
behavior of authors?

To answer the question above, we described the distri-
bution of the “intensity of individual term function” (I;).
We also analyzed the term function as a function of rank-
ings to identify whether there is an implicit factor leading
to the organization of rankings according to term func-
tions.

In Figure 7, the distribution of the intensity of individ-
ual term functions of the JOI dataset is shown. The results
are organized by the total number of author-selected key-
words considered in Figure 7, with papers tagged by: a) 2
b) 3; ¢) 4; d) 5; €) 6; and, (f) all author-selected keywords in
the JOI dataset. In Figure 7, as expected (Heffernan and
Teufel 2018; Ding, Chowdhury and Foo 2001; Jordan
1980), it is evident that “research topic” and “research
method,” in general, obtain higher intensity than the oth-
ers. Nonetheless, the values of TF intensity are not very
different, since, on average, “research topic” and “research
method” comprise approximately 40% and 30% of the in-
tensity in paper level, respectively. When more author-se-
lected keywords are included, one can observe a very sim-
ilar pattern: while “research topic” obtain most of the in-
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tensity, “research method” is usually ranked as the second
most common term function; and “research object”
(about 15%) and “research area” (10%) are third and
fourth, respectively. “Data” has the least value of TF in-
tensity in all conditions (less than 5%).

These patterns can also be observed in in Figure 8,
which summarizes the average intensity of individual term
function (I;) in terms of the number of keywords. “Re-
search topic” (upper red curve) always obtains most of the
intensity, while “research method” usually appears in the
second position in the ranking of average intensity. As the
number of author-selected keywords increases, however,
there is not a larger difference between the ranking of the
five term functions on the value of TF intensity (i.e., “re-
search topic” > “research method” > “research object” >
“research area” > “data”).

4.4 The relationship between the keyword’s rank
and its term function

Itis conjectured that, in general, the first keywords are more
frequently tagged as “research topic” or “research method,”
which are considered as the core part of a paper, while the
last keywords have the least significance, such as “others.”
However, guidelines for ranking author-selected keywords
are not always strictly followed, and thus there is no wide-
spread evidence that exists relating ranking of author-se-
lected keywords and specific term functions. To highlight
the potential patterns in ranking keywords according to the
type of their term functions, Figure 9 and Table 3 show the
total amount of keywords in a particular ranking that made
specific term functions. In Figure 9(a), it can be seen that,
in papers tagged by only two author-selected keywords, both
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Figure 8. Average intensity of individual term function (I;) as a function

of the number of author-selected keywords (ng) in the dataset. In gen-
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eral, “research topic
search object” > “data.”

> “research method” > “research area” > “re-

ng Term Function (TF)
Research Topic (T) Research Method (M) | Research Object (O) Research Area (A) Data (D)
ng =2 1st>20d 1st>20d 1st>20d 1st>20d 1st>20d
ng=3 | 3d>20d>1x 3rd>Dnd>]st 1st>20d> 3rd 1st>2nd> 3rd 156> 3rd>2nd
ng =4 | 15>204>3wd>4h 3rd>4th>1st>2nd 1st>2nd> 3rd>4th 1st>2nd>4th>3rd Dnd>4th>Frd> ] st
ng=>5 | 20d>1s>3u>4h>5h 4th>5th>3rd>2nd> st 15t>20d>3rd>4th>5th 1st>5th>2nd>4th>3rd 5th>4th>2nd>3rd> | st
Ng =6 | 15>20>30>4th>6h> | 5h>Gih>4ih>3rd>2nd 15t>20d>3rd>4th>5th 15t>20d> Gth>3rd>5th 3rd>Gth>1st>2nd> 5th
5th >1st >6th >4th >4th

Table 3. The relationship between the number of author-selected keywords tagged as specific term functions and their rankings in author-

selected keyword lists.
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Fignre 9. Author-selected keyword term functions organized by
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keywords are usually tagged as “research topic,” “research
method,” and “research area.” However, in most cases, the
first keywords are tagged as “research topic,” as could be
anticipated. Moreover, all of the “research areas” are tagged
by the second author-selected keywords.

Specific term functions tagged by author-selected key-
words in papers with three keywords are shown in Figure
9(b). Note that, when comparing the number of “research
topic” and “research method,” the proportions are very sim-
ilar. However, when considering the number according to
the ranking of author-selected keywords, the first keywords
obtain the largest number (1% keywords > 3™ keywords >
2nd keywords in “research topic,” 1% keywords > 20 key-
words > 3 keywords in “research method,” which is the
same as “research area”), which is different with “research
object” (274 keywords > 1% keywords > 3 keywords) and
“data” (31 keywords >1% keywords = 2°d keywords).

Regarding papers tagged by four author-selected key-
words, as shown in Figure 9(c) it can be observed that, the
least number of “research method” are tagged by first key-
words. Interestingly, the second-to-last keywords take the
largest number of “research method” (i.e., 3* keywords >
4% keywords > 27d keywords > 1t keywords). Similar pat-
terns of contributions have also been found for papers
tagged by five keywords (see Figure 9(d)) and six keywords
(see Figure 9(c)). However, the first keywords are always the
keywords that take the largest number of “research topic.”

According to Figure 9 and Table 3, we can summarize
the several patterns relating to author-selected keyword
rankings and their term functions as follows:

1) Pattern I: Overall, the total amount of “research topic”
and “research method” keywords possesses an absolute
advantage over keywords of other term functions. More
specifically, when the number of author-selected key-
words is less than four, the total amount of “research
topic” is predominant. Meanwhile, the total amount of
“research method” increases rapidly from four to more
keywords, and “research topic” and “research method”
are almost equal. This pattern reveals the significance of
topics and methods to a scientific research in the author’s
cognition, which is also in accordance with previous
studies that interpret scientific research as a problem-
solving activity (Heffernan and Teufel 2018; Jordan
1980). Interestingly, several studies maintain that the se-
mantic role of all domain-independent terms in a scien-
tific paper can be divided into topics or methods (Xin,
Qikai and Wei 2017).

2) Pattern II: Different keyword term functions have their

~

own preferential positions in author-selected keyword
lists, although all of these keyword term functions can
appear at every position. Specifically, “research topic”
tends more to be tagged by keywords at the first three

positions (i.e., 1%, 274, and 3" keyword in the list, see
Figure 9). Conversely, “research method” keywords are
more likely to appear at the last two keywords in the list.
Moreover, the first two and the last two positions are
where “research area” keywords always occur, which
exhibits a symmetric behavior as a function of keyword
ranking;

3

=

Pattern III: The number of “research topic” keywords
approximately decreases with keyword ranking, while
the number of “research method” keywords increases
with keyword ranking. This indicates that it is easier for
authors to think of the topic of the research than the
methods used in the study when they index keywords.

On the whole, it can be concluded that the keyword rank-
ing, and its term function ate strongly related by evidence
of the aforementioned patterns. These patterns also con-
firm that there is no obvious relationship between the in-
tensity and ranking of keyword term functions, although
the rank of keywords is weighted in this study, as shown in
Section 3.3.1. For example, “research topic” ranked in the
first positions and has the maximum intensity, on average;
whereas, “research method” obtains the second largest in-
tensity and is always tagged by last two keywords in the list.
Meanwhile, from pattern I, one can find that the key factor
that affects the value of intensity of individual term func-
tions is the number of specific term function keywords in
author-selected keywords lists. In addition, we note here
that, since the scale of “data” keywords is very small, no
obvious regularity is found.

5.0 Conclusion and future work

Although author-selected keywords have long been utilized
in knowledge organization, information retrieval, social tags,
keyword extraction, indexing and thesaurus development,
few studies have investigated the patterns of author-selected
keywords in scientific papers. However, for a more fine-
grained indexing and retrieval of scientific papers, for exam-
ple, retrieving studies in which co-word analysis comprises
the “research topic” but not “research method,” it is neces-
sary to identify the term functions of keywords in scientific
papers. Additionally, analyzing the patterns of author-se-
lected keywords from the term function perspective also
constitutes the basis for the construction of a semantic net-
work of keywords, which will be of great significance for
knowledge organization and traditional bibliometric tasks,
such as hot spot identification, trends analysis and mapping
the knowledge structure of hard sciences and social sci-
ences. Therefore, in this paper, we have mainly analyzed the
potential patterns of author-selected keywords from the
perspective of term function (TF).
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The main contributions of this study are threefold. First,
in order to investigate the patterns of author-selected key-
words in scientific manuscripts, this paper, by treating the
relationship between author-selected keywords and term
functions as a bipartite network, proposes a new method
based on the concept of accessibility and true diversity to
quantify the diversity and symmetry of keyword term func-
tions (¢ and 0) at the paper level and the intensity of indi-
vidual term function (Ij) at the function level. These
measures can effectively describe the irregularity of author-
selected keywords from the term function perspective. Sec-
ond, this study also found that a strong relationship exists
between a keyword’s ranking and its term function. We con-
firmed that “research topic” and “research method” key-
words are the most frequent in scientific papers. Despite this
well-known pattern, three patterns of author-selected key-
words are also found, depending on the relationship be-
tween the amount of specific term function keywords and
their rankings. For instance, “research topic” tended to be
tagged more by keywords at the first three positions. Inter-
estingly, “research method” keywords were more likely to
appear at the last two keywords in the list, which indicates
that there is no obvious relationship between the intensity
and ranking of keyword term functions. Third, we also de-
signed an annotation scheme for author-selected keyword
term functions, with which a corpus comprising 3,311 au-
thor-selected keywords from 693 scientific papers (all origi-
nal research papers published between 2007 and 2017 in the
Journal of Informetrics) are obtained with rigorous human an-
notation. Great care was taken in constructing this corpus
by professionals to ensure the quality. Hence, this corpus
could be valuable for the tasks of term function recognition,
keyword extraction and more fine-grained co-word network
analysis in the further study.

The results of this study should be interpreted in the
context of its limitations. The main defect is that we ana-
lyzed the author-selected keywords only from the field of
informetrics and bibliometrics. The reason for this is that
the annotation of term functions manually for keywords is
difficult due to its huge workload to interpret author inten-
tions and the content of the whole article. In the future, we
will perform studies that analyze and compare patterns of
author-selected keywords among different natural sciences
and social sciences. Furthermore, we will also investigate the
patterns of other kinds of keywords from the perspective
of term function, for example, KeyWords Plus in the Web
of Science or MeSH (Medical Subject Headings) terms in Pub-
Med. Finally, we raise an open-ended question of whether
the diversity of keyword term functions (¢), the symmetry
of keyword term functions (0) and the intensity of individ-
ual term functon (I;) can affect scientific papers’ citations.
We believe that much room still exists for further research,
and we anticipate interesting results in consequent work.
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