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Abstract

Aim: To derive latent topics from free-text responses on the negative impact of

the pandemic on research activities and determine similarities and differences

in the resulting themes between academic-based and clinical-based researchers.

Methods: We performed a secondary analysis of free-text responses from a

cross-sectional online survey conducted by the Japan Academy of Nursing Sci-

ence of its members in early 2020. The participants were categorized into two

groups by workplace (academic-based and clinical-based researchers). Latent

Dirichlet allocation (LDA) topic modeling was used to extract latent topics sta-

tistically and list important keywords/text associated with the topics. After

organizing similar topics by principal component analysis (PCA), we finally

derived topic-associated themes by reading the keywords/texts and determin-

ing the similarity and differences of the themes between the two groups.

Results: A total of 201 respondents (163 academic-based and 38 clinical-based

researchers) provided free-text responses. LDA identified eight and three latent

topics for the academic-based and clinical-based researchers, respectively.

While PCA re-grouped the eight topics derived from the former group into four

themes, no merging of the topics from the latter group was performed resulting

in three themes. The only theme common to the two groups was “barriers to
conducting research,” with the remaining themes differing between the

groups.

Conclusions: Using LDA topic modeling with PCA, we identified similarities

and differences in the themes described in free-text responses about the nega-

tive impact of the pandemic between academic-based and clinical-based

researchers. Measures to mitigate the negative impact of pandemics on nursing

research may need to be tailored separately.
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1 | INTRODUCTION

With the high infectivity and morbidity of the novel coro-
navirus disease (COVID-19), the first few months of the
pandemic saw restrictions imposed on clinical sites at the
request of the Japanese government, thereby making
clinical research challenging (Prime Minister of Japan
and His Cabinet, 2020). Many nursing research activities
were blocked or delayed, especially in terms of data col-
lection, as it often requires direct interaction with
patients. In light of these circumstances, the Japan Acad-
emy of Nursing Science (JANS) cross-sectionally sur-
veyed its members online in early 2020 about the
negative impacts of the pandemic on their research activ-
ities to ascertain areas in need of support (Japan Acad-
emy of Nursing Science, 2020). Since the JANS members
mainly comprise researchers engaging in either academic
or clinical activities, and each research environment is
different, it is essential to understand their needs sepa-
rately. Nevertheless, only one study investigated the neg-
ative impacts of the pandemic on research activities by
comparing the above two groups in Japan. Inoue et al.
(2022) determined that consulting support on informa-
tion and communication technology (ICT)-related issues
for academic-based researchers, as well as counseling for
research concerns for clinical-based researchers, were
urgently needed. However, that study analyzed only pre-
defined responses. Hitherto, few studies have explored
free-text responses to identify the negative impacts on
research that pre-defined responses may not capture.

There are significant discrepancies between free-text
and pre-defined responses to the same question
(Ogden & Lo, 2012). Specifically, free-text responses
usually provide more detailed and broader information
than pre-defined ones (Friborg & Rosenvinge, 2011).
Despite this, the analysis of free-text responses is often
costly and laborious as it involves several steps by multi-
ple coders, including the development of a categoriza-
tion scheme, coder training, coding, and a reliability
check (Züll, 2016). Due to these complexities, the analy-
sis of free-text responses is prone to inefficiency in cod-
ing and disagreement among coders.

Today, as digitized data are more available and text-
mining software becomes more accessible than before,
many researchers have come to use topic modeling
(Buenano-Fernandez et al., 2020; Chung et al., 2022;
Pietsch & Lessmann, 2019; Vijayan, 2021). Topic model-
ing is one of the natural language processing (NLP) tech-
niques in the field of machine learning. It considers that

documents include a mixture of latent topics and pro-
vides each document with probabilities that the docu-
ment is associated with each topic using various
statistical methods such as latent Dirichlet allocation
(LDA). LDA has been used for a variety of research in
topic extraction (Bashri & Kusumaningrum, 2017;
Onan, 2019; Onan et al., 2016). Although there are other
methods in topic modeling, including Latent Semantic
Index and Probabilistic Latent Semantic Indexing, LDA
provides better topic coherence than others (Garbhapu &
Bodapati, 2020). Since topic modeling can be performed
by computer software, this technique may make up for
the shortcomings of traditional methods that analyze
free-text responses. Nonetheless, few nursing studies
have applied this technique, especially to fully disclose
the impact on research activities posed by the pandemic.

This study aimed to derive latent topics from free-text
responses to the JANS survey question about the negative
impact of the early COVID-19 pandemic on nursing
research, and determine the similarities and differences
between academic-based and clinical-based researchers
in the themes of topics in their responses.

2 | METHODS

2.1 | Study setting and period

We performed a secondary analysis of free-text responses
from a cross-sectional online survey conducted by the
JANS of its members (Japan Academy of Nursing
Science, 2020). The JANS survey was written in Japanese
and investigated the impacts on research activities experi-
enced during the first few months of the COVID-19 pan-
demic, and was distributed between July 1 and August
10, 2020. The details of this JANS online survey with the
statement of the Checklist for Reporting Results of Inter-
net E-Surveys (CHERRIES) were published elsewhere by
the authors (Inoue et al., 2022).

2.2 | Inclusion criteria and subjects of
this study

Among all participants, we included those who pro-
vided free-text responses to the following survey
question: “Factors that have negatively impacted your
research activities during the COVID-19 pandemic.”
Based on their workplaces, we first classified the
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included participants into two groups (academic-based
and clinical-based researchers). For example, the for-
mer group includes those working in academic environ-
ments (e.g., university, college and/or research
institute), and the latter was those working in clinical
environments (e.g., hospitals, clinics and/or care facili-
ties). We classified those who did not provide a type of
workplace in the latter group.

2.3 | The investigative process of free-
text responses

Figure 1 shows a flowchart that outlines the processing
of free-text responses to the question, which takes
10 steps, including LDA topic modeling and principal
component analysis (PCA). The details of LDA and PCA
are described in a later section. In this study, we began
by extracting free-text responses to the question and pro-
cessed the responses for each participant group separately
(Figure 1, Step 1).

2.4 | Data pre-processing steps

We pre-processed the extracted free-text responses using
Python and its libraries as follows. In contrast to English
or other Western languages, words are not separated by
spaces in Japanese. Therefore, texts need to be segmented
first into words before further analysis (Figure 1, Step 2).
We used Janome (version 0.4.1) for this purpose
(“Janome v0.4 documentation (en)”, 2020). After the text
segmentation, nouns were extracted (Figure 1, Step 3), and
all punctuation and pre-selected stop words, a set of com-
monly used words with little meaningful information
(e.g.,私 [the first person singular pronoun in English]), were
removed (Figure 1, Step 4). After this removal, we derived a
corpus including words (unigram) and two and three con-
secutive words (bigrams and trigrams, respectively) using
the remaining words (Figure 1, Step 5). We collectively refer
to unigram, bigram, and trigram as ngrams hereafter.
Finally, we computed the term frequency-inverse document
frequency (tf-idf) weights to quantify the importance of
ngrams (Jurafsky & Martin, 2009) (Figure 1, Step 6). The tf-
idf is the most commonly used weighting method of ngrams
in NLP (Beel et al., 2015). The value of a tf-idf weight is a
product of the frequency of an ngram in a text and a loga-
rithmized inverse of the proportion of texts in the corpus
that contain the ngram. Hence, the value of the tf-idf weight
is greater when an ngram frequently appears in a text but
does not appear in other texts. We separately derived sets of
tf-idf weights for academic-based and clinical-based
researchers using Python's gensim library (version 4.1.2).

2.5 | Latent Dirichlet allocation (LDA)
topic modeling and principal component
analysis (PCA)

We performed topic modeling with the tf-idf weights.
Topic modeling is the mathematical method for NLP,
including classifying words with similar patterns to infer
latent documented topics. We used the LDA for this pur-
pose (Blei et al., 2003). LDA is known as an unsupervised
method and considers that each ngram is associated with
a specific latent topic and uses the ngrams to determine
the topics of documents. For example, “tire,” “handle,”
and “wiper” are likely to be associated with cars;

FIGURE 1 Flowchart of data processing and modeling. LDA,

latent Dirichlet allocation; tf-idf, term frequency-inverse document

frequency
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therefore, documents in which these words frequently
appear can be considered to include a topic about cars. If
multiple topics were identified in a particular response,
LDA provides probabilities associated with the topics.
LDA also provides each ngram with probabilities that the
ngram belongs to various topics.

Three parameters need to be set to gain optimal topic
modeling by LDA. These parameters include the number
of latent topics included in the text and two hyperpara-
meters (alpha and beta) that determine the shape of
Dirichlet distribution. Because we neither know how
many latent topics are included nor what values for the
hyperparameters are the most appropriate, we derived as
many as 540 LDA models by changing the number of
topics and values of the two hyperparameters for each
participant group (Figure 1, Step 7). We used coherence
as a performance measure to determine the best-
performing LDA models. Coherence represents the simi-
larity between words in a given topic (Mimno
et al., 2011). The greater the coherence is, the better the
model becomes. We selected a model with hyperpara-
meters by which an LDA model yielded the greatest
coherence. This process was repeated for each group. We
integrated similar topics yielded from the LDA models by
PCA (Figure 1, Step 9). PCA is a dimensionality reduc-
tion technique to extract core components with as little
loss of the original information as possible (Salih
Hasan & Abdulazeez, 2021). We applied PCA to ease the
data visualization and avoid the curse of dimensionality,
which may produce unreliable results (Verleysen &
Francois, 2005). An intertopic distance map was drawn
to demonstrate the distance among the topics on a
2-dimensional plane using pyLDAvis (version 3.3.1)
(Figure 3). On the map, each topic was drawn in the
space by a circle. The radius of the circles is proportional
to the word amount belonging to the topic in the free-text
responses. The distance between circles shows the close-
ness between the topics. The closer the circles are, the
more similar are the topics. We considered that topics
were similar if circles overlapped and integrated topics of
those circles into a single group. This process usually is
only performed if the sample size of the groups is 40 or
greater (Shaukat et al., 2016). In this study, we undertook
this process only for academic-based researchers due to
their sample including over 40 members.

2.6 | Interpretation

After the integration of the topics, we determined the
themes of topics by reading actual texts and keywords
associated with the topics (Figure 1, step 10). All authors

independently conducted this process. Disagreements
among the authors were solved by consensus. Keywords
belonging to a given topic (topic keywords) were drawn
in bar charts in descending order of topic-word proba-
bility, the probability that a keyword is likely to belong
to that topic (Figure 2). We also summarized each topic
using the keywords in Figure 2 corresponding to the
actual texts. Word clouds were generated to present the
keywords of a topic visually. In the word clouds, the size
of the word is proportional to the value of the tf-idf of
the word in the texts. Hence, words drawn in a large size
in a word cloud for a given topic are exclusively used in
texts belonging to the topic but less common in other
topics. Due to the nature of the original language used
in the survey, that is, Japanese, the results of word cloud
generation are shown in Appendix S1 in the Supporting
Information. Similarities and differences in the themes
between the participant groups were determined based
on the groups of words without being based on any
quantity after clustering groups of words using the
vectors.

2.7 | Analysis

We performed Chi-square or Fisher's exact tests, where
appropriate, to compare baseline characteristics of the
respondents, and set the significance level at .05. We
excluded cases with missing data in the comparisons. We
used Python (version 3.8.11) to manage data and the gen-
sim library (version 3.8.3) for NLP, including pre-proces-
sing and LDA modeling.

2.8 | Ethical consideration

This study was approved by the Research Ethics Commit-
tee of the University of Miyazaki (Approved Number: O-
0733). Due to the nature of the study design, we also held
multiple discussions with the COVID-19 Nursing
Research Countermeasures Committee of JANS, and
with the other five research groups that planned to use
the JANS data for their studies to avoid duplicated or
data-fragmented publications. Currently, four articles
have been published (https://www.jans.or.jp/modules/
en/index.php?content_id=80#covid-19pu). We confirmed
that each study had different research questions,
methods, subjects, and analyses, and finally obtained per-
mission from the JANS committee to carry out the analy-
sis of this study (https://www.jans.or.jp/modules/en/
index.php?content_id=80#covid-19pu) (Japan Academy
of Nursing Science, 2020).
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FIGURE 2 (a) The 10 most associated words with each topic for academic-based researchers. (b) The 10 most associated words with

each topic for clinical-based researchers
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3 | RESULTS

3.1 | Baseline characteristics

Among 9524 JANS members, 1532 completed the survey
with a response rate of 16.8%. Of the 1532 respondents,
201 (163 academic-based and 38 clinical-based
researchers) provided free-text responses to the above
question (Table 1). Those aged 46–55 years accounted for
37.4%, followed by those aged ≥56 years (28.3%) and
those aged 36–45 years (25.7%) (Table 1). Females were
dominant (90.8%), with 72.1% of the respondents living
in one of the prefectures under the special precautions
against COVID-19. Most of the baseline characteristics
were similar between the two groups, except for the types
of workplace (p < .001), job titles (p < .001), and the dis-
tribution of the attained highest academic degree
(p = .01) (Table 1).

3.2 | Topic modeling

Figure 2 presents the word probabilities of the top
10 words in each latent topic of the two participant
groups. The LDA found eight latent topics in the free-text
responses for academic-based researchers (Figure 2a) and
three topics for clinical-based researchers (Figure 2b).
While the top five examples of descriptions in each topic
by workplace written in Japanese are provided in

Appendix S2, English summaries of each topic are as
follows.

3.2.1 | Academic-based researchers

• Topic 1 described that research-related administrative
areas, including the ethics committee and research
governance department, stopped their activities, slow-
ing the progression of research. It also described that
many meetings/conferences were canceled. The partic-
ipants felt that everything had stagnated. Preventative
measures against the pandemic implemented at work-
places led to losing communication with collaborators
and other people.

• Topic 2 was related to the extra burden placed on par-
ticipants’ work that evoked negative emotions. The par-
ticipants were anxious and exhausted from responding
to the changes in providing classes online and in their
schedules. Some were frustrated because they could not
go to their study sites to conduct research. These
changes or responses created an extra burden.

• Topic 3 was mainly about restrictions implemented at
the workplace, including in universities and hospitals.
In particular, the participants who resided in the areas
under the emergency alert could not go to these facili-
ties or required special permission when entering clini-
cal placement sites or contacting their study subjects
and targets.

FIGURE 2 (Continued)
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• Topic 4 mentioned the uncertainty of future outlook.
The participants became capable at working from
home and giving lectures online. However, their own
studies, experiments, or library use were limited or
interrupted, provoking apprehension and confusion
about their futures.

• Topic 5 was about the many changes in their own
lives. Some stated that they needed to adjust their
schedules of clinical practice to respond to the requests
from clinical sites because of the efforts at infection
control.

• Topic 6 included keywords relating to various measures
against the pandemic that had a deleterious impact on
research activities, resulting in work overload. These
include changes involving time, changes in the method
of teaching from face-to-face to web-based lectures, and
the cases they were allocated at clinical sites.

• Topic 7 focused on the disruptions of research activities
by the pandemic. Some described that the recruitment

of study subjects for interviews was suspended or the
library was inaccessible; others commented on the
increased educational workload for students.

• Topic 8 was associated with the impacts and difficul-
ties of implementing preventive measures and keeping
social and physical distance. The participants had to
deal with the protocols of coronavirus measures and
follow the rules formulated at workplaces to prevent
the spread of coronavirus infection.

3.2.2 | Clinical-based researchers

• Topic 1 described obstacles to research activities. Some
stated that they had to stay home with their children
due to temporary closures and thus could not go to a
university or clinical site.

• Topic 2 was related to increased clinical duties. The
participants had to deal with the infection

FIGURE 3 Results of

principal component analysis for

academic-based researchers.

Numbers represent the topics

identified in responses by latent

Dirichlet allocation
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TABLE 1 Baseline characteristics of the respondents

Academic-based
researchers

Clinical-based
researchers All p-value

Total N 163 38 201

Age ≤35 12, 7.5% (3.4%–11.5%) 4, 15.4% (1.5%–29.3%) 16, 8.6% (4.5%–12.6%) .158

36–45 43, 26.7% (19.9%–33.5%) 5, 19.2% (4.1%–34.4%) 48, 25.7% (19.4%–31.9%)

46–55 57, 35.4% (28.0%–42.8%) 13, 50.0% (30.8%–
69.2%)

70, 37.4% (30.5%–44.4%)

≥56 49, 30.4% (23.3%–37.5%) 4, 15.4% (1.5%–29.3%) 53, 28.3% (21.9%–34.8%)

Unknown 2 12 14

Sex Female 145, 91.2% (86.8%–95.6%) 23, 88.5% (76.2%–
100.0%)

168, 90.8% (86.6%–95.0%) .65

Male 14, 8.8% (4.4%–13.2%) 3, 11.5% (0.0%–23.8%) 17, 9.2% (5.0%–13.4%)

Unknown 4 12 16

Workplace University 161, 98.8% (97.1%–
100.0%)

0 161, 85.6% (80.6%–90.7%) <.001

Research institute 2, 1.2% (0.0%–2.9%) 0 2, 1.1% (0.0%–2.5%)

Hospital/clinic 0 17, 68.0% (49.7%–
86.3%)

17, 9.0% (4.9%–13.1%)

Others 0 4, 16.0% (1.6%–30.4%) 4, 2.1% (0.1%–4.2%)

Unemployed 0 4, 16.0% (1.6%–30.4%) 4, 2.1% (0.1%–4.2%)

Unknown 0 13 13

Job title Professor 46, 28.4% (21.5%–35.3%) 1, 4.0% (0.0%–11.7%) 47, 25.1% (18.9%–31.4%) <.001

Associate
professor

33, 20.4% (14.2%–26.6%) 0 33, 17.6% (12.2%–23.1%)

Lecturer 40, 24.7% (18.1%–31.3%) 1, 4.0% (0.0%–11.7%) 41, 21.9% (16.0%–27.9%)

Assistant professor 37, 22.8% (16.4%–29.3%) 0 37, 19.8% (14.1%–25.5%)

Teaching associate 3, 1.9% (0.0%–3.9%) 1, 4.0% (0.0%–11.7%) 4, 2.1% (0.1%–4.2%)

Nurse manager 0 8, 32.0% (13.7%–50.3%) 8, 4.3% (1.4%–7.2%)

Full-time clinical
nurse

0 3, 12.0% (0.0%–24.7%) 3, 1.6% (0.0%–3.4%)

Part-time clinical
nurse

0 3, 12.0% (0.0%–24.7%) 3, 1.6% (0.0%–3.4%)

Other 0 0 0

Unknown 1 13 14

Employment type Full-time (fixed
term)

65, 40.4% (32.8%–48.0%) 5, 20.0% (4.3%–35.7%) 70, 37.6% (30.7%–44.6%) <.001

Full-time
(permanent)

93, 57.8% (50.1%–65.4%) 13, 52.0% (32.4%–
71.6%)

106, 57.0% (49.9%–64.1%)

Part-time 3, 1.9% (0.0%–4.0%) 5, 20.0% (4.3%–35.7%) 8, 4.3% (1.4%–7.2%)

Other 0 2, 8.0% (0.0%–18.6%) 2, 1.1% (0.0%–2.6%)

Unknown 2 13 15

Lived in a special
alert area

Yes 117, 71.8% (64.9%–78.7%) 20, 74.1% (57.5%–
90.6%)

137, 72.1% (65.7%–78.5%) .81

No 46, 28.2% (21.3%–35.1%) 7, 25.9% (9.4%–42.5%) 53, 27.9% (21.5%–34.3%)

Unknown 0 11 11
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countermeasures and protocols of COVID-19. These
non-research activities or online work caused stress.

• Topic 3 focused on the difficulty for teaching activities
or learning opportunities because of the limited time
and indirect communication. Some described that they
consumed considerable portions of their time coordi-
nating with various areas and explaining situations to
students and other stakeholders.

The word frequency in the actual text using word
clouds is visually represented in Appendix S1. Some
words in Figure 2 appeared more prominent than other
words because they were mentioned more within the
texts.

The PCA was conducted only for academic-based
researchers and displayed using the intertopic distance
map (Figure 3). Each numbered circle represented a topic
from Topic 1 to Topic 8. We found similarities within one
group of four topics (Topics 3, 5, 6, and 8) and another of

two topics (Topics 2 and 4), as the circles of the topics in
each group overlapped (Figure 3). These two groups of
overlapping topics were thus each integrated into a sepa-
rate theme, resulting in four separate themes from the
eight latent topics for academic-based researchers. On the
other hand, PCA was not performed for clinical-based
researchers because there were fewer than 40 respondents,
the final result remained as three themes from three latent
topics (Table 2).

Table 2 outlines the themes derived after reading and
analyzing the actual free-text responses from academic-
based and clinical-based researchers. It also describes the
relationships among the topics, topic groups, and themes
(Table 2). The theme of “Barriers to conducting research”
was commonly derived for both participant groups, while
the rest of the themes differed between the groups. Spe-
cifically, the academic-based researchers generated three
unique themes, comprising “Stagnation of research sup-
port environment,” “Unpredictability of own future,” and

TABLE 1 (Continued)

Academic-based
researchers

Clinical-based
researchers All p-value

Job change Yes 16, 9.8% (5.2%–14.4%) 5, 18.5% (3.9%–33.2%) 21, 11.1% (6.6%–15.5%) .18

No 147, 90.2% (85.6%–94.8%) 22, 81.5% (66.8%–
96.1%)

169, 88.9% (84.5%–93.4%)

Unknown 0 11 11

Highest degree PhD 84, 51.9% (44.2%–59.5%) 9, 32.1% (14.8%–49.4%) 93, 48.9% (41.8%–56.1%) .01

Master 77, 47.5% (39.8%–55.2%) 16, 57.1% (38.8%–
75.5%)

93, 48.9% (41.8%–56.1%)

Bachelor 1, 0.6% (0.0%–1.8%) 1, 3.6% (0.0%–10.4%) 2, 1.1% (0.0%–2.5%)

Other 0 2, 7.1% (0.0%–16.7%) 2, 1.1% (0.0%–2.5%)

Unknown 1 10 11

Early, mid-career
researcher

Yes 38, 46.3% (35.5%–57.1%) 5, 55.6% (23.1%–88.0%) 43, 47.3% (37.0%–57.5%) .58

No 44, 53.7% (42.9%–64.5%) 4, 44.4% (12.0%–76.9%) 48, 52.7% (42.5%–63.0%)

Unknown 2 0 2

Live with a
spouse/partner

Yes 97, 62.2% (54.6%–69.8%) 15, 60.0% (40.8%–
79.2%)

112, 61.9% (54.8%–69.0%) .83

No 59, 37.8% (30.2%–45.4%) 10, 40.0% (20.8%–
59.2%)

69, 38.1% (31.0%–45.2%)

Unknown 7 13 20

Currently raising
a child/children

Yes 56, 35.9% (28.4%–43.4%) 8, 32.0% (13.7%–50.3%) 64, 35.4% (28.4%–42.3%) .71

No 100, 64.1% (56.6%–71.6%) 17, 68.0% (49.7%–
86.3%)

117, 64.6% (57.7%–71.6%)

Unknown 7 13 20

Currently caring
for the elderly

Yes 23, 14.7% (9.2%–20.3%) 4, 16.0% (1.6%–30.4%) 27, 14.9% (9.7%–20.1%) .87

No 133, 85.3% (79.7%–90.8%) 21, 84.0% (69.6%–
98.4%)

154, 85.1% (79.9%–90.3%)

Unknown 7 13 20
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“Impacts of restrictions,” whereas the clinical-based
researchers produced two additional themes, “Increased
burden on clinical work” and “Barriers to teaching/
learning opportunities.”

4 | DISCUSSION

This study identified the negative impacts on research
activities in the workplace at the outbreak of COVID-19
by investigating free-text responses to a question from a
cross-sectional online survey using LDA topic modeling
along with PCA. The one theme common in the responses
of both academic-based and clinical-based researchers was
“Barriers to conducting research.”

Although our results were somewhat predictable from
previous literature, this study brought some noteworthy
discussions. These were (1) how the generated topics,
groups of topics/themes corresponded to the actual free-
text responses; (2) how the results were dissimilar to the
same question between the pre-defined and free-text
responses; and (3) how possibly LDA and PCA could be
integrated or incorporated into a process of qualitative
data analysis in the future.

Undeniably, the COVID-19 pandemic made it hard
for researchers in both groups to conduct their ongoing
or new research, especially in the early days. The word
cloud of the theme common to both groups visualizes the
word “investigation” (調査) as prominently sized, indicat-
ing this is the word that most frequently appeared in the
relevant free texts (Appendix S1). This result could be
explained by the restrictions, during this period, imposed
on access to clinical sites by outsiders, including visitors,
teaching staff, and students, that were put in place to
minimize the spread of the virus. Consequently,

researchers lost opportunities for communication or col-
laboration for their “investigations”, creating barriers.
The original JANS survey report demonstrated that
approximately 82% of the members (n = 899) felt a nega-
tive impact to their research activities (Japan Academy of
Nursing Science, 2020). This barrier may also have been
faced more by the academic-based researchers than by
their clinical counterparts because the theme, “Stagna-
tion of research support environment,” which is close to
the common theme in the intertopic distance map, also
was observed in responses by academic researchers. They
encountered various forms of “stagnation,” including a
hiatus in the activity on the part of the Research Ethics
Committee or research management department due to
the pandemic closure of educational facilities. Measures
to mitigate this negative impact on research activities
should be focused on providing alternatives means
within the research support environment and catering
more to the needs of academic-based researchers.

Interestingly, the sets of topic words generated by the
LDA for the one common theme were different between
the two groups. In particular, the words “month” (月),
“child” (子ども), and “time” (時間), which emerged only
among the clinical-based researchers, seemed to have dif-
ferent characteristics than other words belonging to the
common theme. In the actual text, these words were used
to describe the necessity of parenting during school hours
due to the nationwide school closures implemented in the
early “month[s]” of the pandemic. Accordingly, the
clinical-based researchers had to spend “time” on parent-
ing and housework when there was a “child” (or children)
at home. This extra time could have impacted their
research work. An online survey of 4189 Japanese parents
who care for young dependents (aged <12 years) revealed
that the mothers more than the fathers significantly
increased their time for childcare and housework during
the pandemic (Sakuragi et al., 2022). While no significant
difference in the demographics of parenting status between
the groups was observed in our study, the words noted
above could be the pain points for clinical-based
researchers who continuously work under challenging cir-
cumstances. They perhaps indicate a key point for consid-
erations of countermeasures, such as making the working
style and childcare support systems more flexible.

Additionally, our result could be indirectly linked with
the results from the aforementioned comparative study by
Inoue et al. (2022). They used the same JANS survey as in
our study but only examined several pre-defined responses.
They reported that several negative factors for research
activities were not statistically significant between aca-
demic and clinical-based researchers. In other words, these
factors negatively affected both groups. Nevertheless, our
results which matched those of Inoue et al. (2022) were

TABLE 2 Themes of topics derived from free-text responses for

academic-based and clinical based researchers

Group Topic Theme

Academic-based researchers

1 1 Stagnation of research support
environment

2 2, 4 Unpredictable own future

3 3, 5, 6, 8 Impacts of restrictions

4 7 Barriers to conducting research

Clinical-based researchers

1 1 Barriers to conducting research

2 2 Increased burden on clinical work

3 3 Barriers to learning/teaching
opportunities
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found only in one group of either academic- or clinical-
based researchers. These were “Unpredictable own future,”
“Impacts by restrictions,” and “Barriers to teaching/
learning opportunities.” These differences could be based
not only on the type of question but also on the respon-
dents' willingness to comment on the question. Participants
tend to avoid answering open-ended questions unless nec-
essary because of inconvenience (Zuell et al., 2015). Yet,
open-ended questions often include diverse answers incor-
porating respondents’ unique perspectives and experience,
unlike pre-defined questions (He & Schonlau, 2021; Ozuru
et al., 2013). In our study, the theme of “Increased burden
on clinical work” was uniquely noted by clinical-based
researchers. They have been usually placed in a unique
position in various situations such as conducting research,
engaging in clinical education, or studying for a higher
degree, while caring for patients. This uniqueness may
have influenced their research activities. When COVID-19
occurred, clinical-based researchers had to deal with ever-
changing measures of infection control, while continuing
their primary duties, resulting in increased workload and
burden. In contrast, academic-based researchers could have
moved to online-based work, except for the restrictions on
fieldwork. This change brought additional workload for
some people, but it also gave them time for research. While
the research environments were fundamentally different
between the two groups, our results highlighted the per-
spectives of clinical-based researchers who are a minority
in the JANS and yielded a weighty finding.

The method used in our study may suggest future
possibilities for integration or incorporation of topic
modeling into qualitative data analysis that requires
human coding in nursing research. One of our themes
was in close agreement with the findings from a qualita-
tive study using content analysis by Amano et al. (2021).
They explored the impediments to nursing research activ-
ities during the early stage of the pandemic and reported
12 categories within a framework of five research steps.
Although both their study and ours used the same JANS
survey data, our study analyzed a single specific open-
ended question. Contrary to this, the study by Amano
et al. (2021) used all of the open-ended questions in the
survey and was written in Japanese. This agreement in
our results could be because we followed a process of
naming the topics, groups of the topics, and themes to
accurately reflect the contexts by reading the actual
responses after LDA generated the keywords. The LDA
only derived lexical items based on a mathematical
model and does not read the nuances in the context or
phrases (Guetterman et al., 2018). However, using topic
modeling may enhance qualitative data analysis, which is
often criticized as being subjective in its results and time-
consuming for the processing of data, especially large

amounts of data, due to human coding (Linneberg &
Korsgaard, 2019). One study that compared LDA topic
modeling with traditional approaches using human cod-
ing, including the Heideggerian phenomenological
approach, in terms of the results, time, and costs spent
on the analysis of the same qualitative textual data, found
that topic modeling led to similar results (Abram, 2018;
Abram et al., 2020). The same study also showed that the
coding process was at least 120 h faster and about $1500
cheaper with LDA topic modeling compared to the tradi-
tional counterpart (Abram et al., 2020). Guetterman et al.
(2018) suggested that NLP could be incorporated into
qualitative data analysis to validate its findings. These
combined methods may increase not only the reproduc-
ibility but the reliability of qualitative data analysis by
saving time for coding and costs, even with larger sample
sizes. Follow-up studies with such combined methods
may allow us to explore more deeply the differences in
the impacts of COVID-19 between the two groups. How-
ever, the method used in this study will become an
emerging research area in nursing science.

Several limitations should take into account when
drawing conclusions from this study. First, the sample
size is relatively smaller, with a low response rate, com-
pared to other studies that use NLP methods. This
method usually performs better with larger sample sizes
to generate latent topics and themes. Hence the topic and
themes we identified may not fully represent the perspec-
tives of the participants. Second, we used LDA, one of the
most popular NLP techniques in machine learning. There
are many other techniques in this area that may produce
different results if the parameters of applied models or
the “random seed” values are different. Third, some key-
words may have been lost erroneously or assigned non-
sensically to a topic because some texts or contents were
not clear or had inadequate wording. As a result, some
topics or themes often contain various words, which are
often tricky for meaningful insights because topic model-
ing is driven by categorizing words only. Finally, our
analysis included the survey participants who only
answered the specific open-ended question. Some respon-
dents participated in the survey but were excluded unless
they responded to this question in free text. Hence, our
results might not be generalizable but still meaningful for
contextual understanding.

5 | CONCLUSION

Using LDA topic modeling with PCA, we identified similar-
ities and differences between academic-based and clinical-
based researchers in the themes described in free-text
responses to a question about the impact of the COVID-19
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pandemic on their research activities. Some of the themes
had not been identified in an analysis of pre-defined
responses to the same survey question. Measures to miti-
gate the negative impacts of the pandemic on nursing
research activities may need to be tailored for academic-
based and clinical-based researchers separately. Further,
the measures may be better if based on findings gained
from analyses of both pre-defined and free-text responses.
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