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Abstract

Background: Construction and nursing are critical industries. Although both careersinvolve physically and mentally demanding
work, the risks to workers during the COVID-19 pandemic are not well understood. Nurses (both younger and older) are more
likely to experience the ill effects of burnout and stress than construction workers, likely due to accelerated work demands and
increased pressure on nurses during the COVID-19 pandemic. In this study, we analyzed a large social media data set using
advanced natural language processing techniques to explore indicators of the mental status of workers across both industries
before and during the COVID-19 pandemic.

Objective: Thissocial mediaanalysisaimsto fill a knowledge gap by comparing the tweets of younger and older construction
workers and nurses to obtain insights into any potential risksto their mental health due to work health and safety issues.

Methods: We analyzed 1,505,638 tweets published on Twitter (subsequently rebranded as X) by younger and older (aged <45
vs >45 years) construction workers and nurses. The study period spanned 54 months, from January 2018 to June 2022, which
equates to approximately 27 months before and 27 months after the World Health Organization declared COVID-19 a global
pandemic on March 11, 2020. The tweets were analyzed using big data analytics and computational linguistic analyses.

Results: Text analysesrevealed that nurses made greater use of hashtags and keywords (both monograms and bigrams) associated
with burnout, health issues, and mental health compared to construction workers. The COVID-19 pandemic had a pronounced
effect on nurses' tweets, and this was especially noticeable in younger nurses. Tweets about health and well-being contained
more first-person singular pronouns and affect words, and health-rel ated tweets contained more affect words. Sentiment analyses
revealed that, overal, nurses had a higher proportion of positive sentiment in their tweets than construction workers. However,
this changed markedly during the COVID-19 pandemic. Since early 2020, sentiment switched, and negative sentiment dominated
the tweets of nurses. No such crossover was observed in the tweets of construction workers.

Conclusions: The socia media analysis revealed that younger nurses had language use patterns consistent with someone
experiencing theill effects of burnout and stress. Older construction workers had more negative sentiments than younger workers,
who were more focused on communicating about social and recreational activitiesrather than work matters. More broadly, these
findings demonstrate the utility of large data sets enabled by social media to understand the well-being of target populations,
especialy during times of rapid societal change.
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Introduction

Background

Construction and nursing are 2 critica industries for the
Australian economy and worldwide. Healthy construction
workers are needed to build homes, commercia stores, and
public infrastructure, affecting transport, health care services,
commerce, recreation, and all aspects of daily life. A healthy
and functioning nursing workforce is an essential resource for
public health, as recognized by the World Health Organization
(WHO). In the recent 2022 ills Priority List [1], which
identified the most in-demand professions of the coming decade,
both professions were listed in the top 10; specificaly,
construction managers claimed the top spot, whereasregistered
nurses secured the fourth position. Although both industries
undeniably serve critical functions, there are immediately
apparent differences between the 2 industries. These include
the nature of the work, size of the organizations (60% of
construction businesses are sole traders and 98.6% have <20
employees), and demographics of the 2 workforces (most
construction workersare male, and most nursesarefemale) [2].
Despite these differences, the 2 industries face common
challenges. They both have aging workforces, face worldwide
labor shortages, involve work that is physically demanding and
stressful, and need to retain and transfer older workers' expert
knowledge. Prior work suggests that workers across these 2
industries face different work-related pressures and stress
(particularly during the COVID-19 pandemic), which in turn
are likely to impact their job performance, health, and career
decisions[3]. The goa of this paper isto empirically examine
social media use in the construction and nursing industries to
provide insights into the challenges workers are facing and to
use big data analytics to compare issues between industries,
across age groups, and within Australia versus overseas.

Research Using Text Data From Social Media
Platforms

Sacial mediaplatforms provide workerswith channel sto express
their experiences and feelings [4]. Social media networks may
provide insights into the state of mind and the experiences of
users. Suchinsightsaretypically obtained by conducting surveys
or interviews with the samples drawn from the population or
populations of interest. Although social media data analytics
do not replace traditional face-to-face data collection methods
such assurveysor interviews, they complement such approaches
and make it possible to explore issues in ways that are not
possible using more traditional approaches. First, because social
media platforms are digitized, large data sets can be obtained
for empirical research. Therefore, trawling social media data
has become one of the best ways to analyze and predict trends
within industries [5]. Second, social mediamakesit possibleto
compare large data sets both across time and large geographic
distances. Third, the data can be subjected to state-of-the-art
computational linguistic and natural language processing
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techniques to understand the pressures and risks that workers
face within a given industry at a particular time and whether
these challenges differ for subgroups within an industry (eg,
younger vs older workers). The knowledge gained from such
analyses can inform the design of interventions and policiesto
safeguard workersfrom potential harm. For these reasons, socia
media data are being used to explore issues related to work
pressure, performance, career advancement, and work health
and safety.

Traditionally, the construction industry has not been closely
associated with the use of socia media platforms, but
construction companies are increasingly using social mediato
improve visibility and build brand awareness [6], share safety
knowledge[7], enhance daily operations[8], measure students
attitudes [9], and gauge public opinion of projects. Although
natural language processing is a growing area within the
construction industry [10], only a few studies have applied
computational linguistic techniques to social media data sets
[5,11]. A recent systematic review of the literature on big data
studies within construction called for research on how social
media big data analytics can be used to prevent threats such as
safety issues, injury, or mental illness caused by work-related
stress [12]. This study directly addresses this need.

In nursing, numerous studies have examined the use of social
media by nurses for a variety of purposes [13], including
delivering health care to patients [14,15], training nursing
students [16], and dissemination of communications during
conferences[17]. However, the possibility of analyzing nurses
activity on social media platforms such as Twitter (subsequently
rebranded as X) to understand their experiences of workplace
stress and risks to their work health and safety has received
surprisingly little attention to date.

An analysis of 53,063 tweets from January 2019 to December
2020 revealed that nurses experienced more frequent and intense
negative emotions (eg, decreased joy and increased sadness,
fear, and disgust) than in the year preceding the COVID-19
pandemic [18]. Notably, fear preceded the COVID-19 pandemic
waves by 2 weeks, suggesting that frontline workers are finely
attuned to increases in work pressure even in an aready
high-stress work environment. This has implications for
preventing fatigue, burnout, and mental health disordersrelated
to unhealthy or unsustainable work conditions via sensitive
detection of changes to well-being at the population level.

An analysis of 4.5 million tweets posted by US and UK nurses
revealed that health care providersin the 2 countries experienced
common challenges concerning public health (eg, policy and
COVID-19-related pressures), social values (related to aspects
of health), and politica issues related to the COVID-19
pandemic (more positivein the United Kingdom) [19]. However,
the experiences in the 2 countries reflected local sociopolitical
trends and the cultural normsregarding emotional display (more
accepted in the United States and more reserved in the United
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Kingdom). Both countries showed sharp increases in fear and
sadness during the first wave of the COVID-19 pandemic and
when therewas an increase in the virus reproduction rates. Fear
gradually reduced with time, but sadnesswas maintained. Anger
was experienced by both groups in response to arise in the
number of COVID-19 desths.

Thisraisesthe possibility that nurses are particularly vulnerable
to poor mental health (eg, concerns, fear, and anxiety) due to
the nature of their work, characterized by long working hours,
burnout, loneliness, fatigue, and occupational stigma [20,21].
These risks are magnified when needing to manage a
long-lasting emergency situation such as the COVID-19
pandemic, often with a lack of resources and under more
demanding conditions[22]. While nurses have been praised for
their frontline efforts in the care and treatment of patients with
COVID-19, very little is known regarding how nurses have
responded to the current emergency and how this is reflected
in the language of their social media posts [23]. Furthermore,
nurses have not been compared to workers in other industries.
This study will directly address this knowledge gap.

Comparing Age Groups and Industries

Studies comparing work health and safety issues across different
subgroups of workers (eg, younger vs older workers) and
industrieswith diverse demographical profiles (eg, nursing and
construction) are scarce. To our knowledge, thisisthefirst study
to compare construction and nursing industries with the goal of
developing a detailed understanding of both the common and
unique challenges faced by workers in these critical industries
and how these challenges and risks interact with aging.

Age may be akey differentiator between workers that impacts
their mental health and response to stress. In general, among
health care workers [24], older adults compared to younger
adults show better mental health and emotion regulation [25],
including during the COVID-19 pandemic [26]. This suggests
that although ol der workers are frequently depicted asfrail and
vulnerable, broader evidence from aging research suggeststhey
could be more resilient and better able to adapt and
accommodate periods of instability than younger workers. In
prior work, we conducted a scoping literature review to
understand the physical and mental factors that affect older
construction workers' work ability [2]. We found that the
literature was dominated by studiesfocusing on physical health
factors (eg, hearing loss, muscle pain, respiratory issues, and
conditions resulting from prolonged work in and around
construction sites), and although there was evidence of mental
health risks and harms [27], these were less well understood,
including their interaction with physically debilitating conditions
(eg, diminished mental health due to work-related stress is a
precursor of physical injuries and chronic pain).

In contrast to the paucity of research on the mental health of
construction workers, many reviews have been published on
thework health and safety of nurses, including reviewsfocusing
specifically on older nurses [28,29]. However, most of these
reviews focused on macrolevel issuesthat affect workers at the
organizational level. Consequently, in a systematic review of
evaluated programs and interventions intended to support the
health, well-being, and retention of aging nurses, we discovered
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that the interventions were often mismatched to the needs of
the nursesthe program wastrying to address [ 30]. For example,
wellness interventions that focus on healthy eating or yoga are
unlikely to address the underlying systemic workplace
challenges that nurses encounter as they age at work.
Furthermore, support programs and interventions for nurses
need to be both sustainable at the organizational level as well
as adaptable to the workers' changing circumstances, as
determined by their health and aging.

In addition, arecent survey of construction workers and nurses
within New South Wales revealed that nurses were far more
likely to experience the effects of stress, burnout, and workload
pressures (LM Tang et al, unpublished data, September 2021).
These effects were exacerbated by the COVID-19 pandemicin
nurses, whereas construction workers reported being far less
affected by the pandemic. Age differences were also observed.

Taken together, the findings from the abovementioned studies
provide converging evidence from which a pictureisbeginning
to emerge concerning the pressures under which workers in
each industry are having to operate.

This Study

In this study, we conducted a detailed linguistic analysis of a
large data set of social media posts from younger and older
individuals working in the construction and nursing industries.
Industry membership was determined by sourcing data from
industry-based groups and Twitter hashtags and then filtering
the data. Big data analytics and computational linguistics were
used to examine patterns of word use relating to industry, age,
location, and mental and physical health. Content and sentiment
analyses allowed us to determine common issues discussed on
social media across individuals working in nursing and
construction industries and how they are associated with age.
On the basis of the emerging picture of the work pressures
within the nursing and construction industries reviewed in the
earlier sections, we hypothesized that our analysis of tweets
would detect greater effects of stress, burnout, and workload
pressures in nurses, and these mental health effects would be
exacerbated by the COVID-19 pandemic. An additional
consideration was whether any observed barriers to well-being
would vary across ages (ie, younger vs older workers) and
locations (ie, Australiavs overseas).

Methods

Ethical Considerations

This study was conducted in full compliance with the National
Statement on Ethical Conduct in Human Research and approved
by the Western Sydney University Human Ethics Committee
(approval number: H14518).

Platform

Twitter is a social media platform that allows users to publish
short posts, called tweets, consisting of up to 280 characters
about any topic, including their thoughts, daily activities,
political opinions, and news. Twitter enables users to follow
others without requiring confirmation, making tweets public.
In total, >240 million active users access the Twitter service.
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Approximately 6000 tweets are posted every second, which
equates to 350,000 tweets per minute, 500 million tweets per
day, and a staggering 200 billion tweets per year [31]. It has
become one of the most important social media platforms in
the world. At the time, Twitter had a publicly available
application programming interface that developers and
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researchers could access to download Twitter data that fit a
specific combination of criteria. For this study, data collection
and processing were performed as illustrated in Figure 1.
Notably, there were 2 steps: first, the data were harvested and
filtered, and second, we performed data analytics, processing,
and mining knowledge from the data.

Figure 1. Data collection, processing, and analysis workflow. LIWC: Linguistic Inquiry and Word Count.
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To identify workerswithin construction and nursing professions,
we first collected tweets together with their metadata using
keywords such as registered nurse and construction worker.
From these tweets and metadata, we identified alist of Twitter
accounts of the relevant unions, companies, and organizations
for each industry. Then, we collected the large lists of followers
of these accounts. Next, we identified which of these followers
were construction workers and nurses and used a combination
of their publicly available metadata to determine their location
(in or outside Australia) and their age category (eg, using their
name and short biographical profile). Thisprocesswas partially
automated but also involved a manual component, particularly
for determining the age category (>45 years or <45 years). We
adopted the definition provided by the Australian Department
of Employment and Workplace Relations [32], which
categorizes mature-age workers as those aged >45 years.
Determining the age of users involved some combination of
looking a the user's profile picture, name or handle,
cross-referencing with other social mediaaccounts (eg, Linkedin
[Microsoft Corp] or Facebook [Meta Platforms, Inc]) or
professiona profile pages (eg, company, hospital, and university
websites) that provide age data, or some proxy for estimating
age (eg, the year a professiona qualification was awarded).
Users for whom we could not confidently determine their age
category were excluded.

Data Collection

Datawere collected from the Twitter platform using the Twitter
application programming interface and were subject to the
privacy policy regarding the release of the data held by the social
media platforms to the public. Furthermore, keywords such as
construction worker and registered nurse were used to retrieve
potential nurses and construction workers and their tweets as
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language; hashtags; tweet time; and number of likes, replies,
and retweets were collected simultaneously using Twint and
Tweepy, Twitter scraping packages written in Python (Python
Software Foundation) that allow for data collection from Twitter
profiles.

Data Filtering and Preparation

Only tweets written in English were included in the analyses.
URLSs, punctuation marks, symbols, and emojiswere removed.
Sanza developed by Stanford Natural Language Processing
Group and Python Natural Language Toolkit package were
used for tokenization (ie, breaking a sentence into small units
for subsequent analysis), removing stop words (eg, are, is, an,
this, and that; the complete list is available on GitHub [33]),
sentiment analysis, and monogram and bigram keyword analysis
(ie, 1 word vs 2 words that co-occur, eg, bigrams involving
mask included “wear mask” vs“anti mask”).

Analysis

Hashtag Topics

A hashtag is aword or combination of words preceded by a#
symbol, which is used to index topics on Twitter (eg,
#construction, #nursing, and #COVID). This function was
created on Twitter and allows people to easily follow topics
they are interested in. We took advantage of this functionality
to conduct a series of data visualizations and quantitative
analysesto explore trending topics within and across industries
and age categories.

Keywords

In addition to the abovementioned hashtag analysis, we analyzed
the keywords contained in tweets (ie, the content words that
remained after stop words, punctuation marks, and so on were
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removed). This analysis provided a more detailed exploration
of the themes raised by the hashtag topic analyses.

Word Counts Analysis

The Linguistic Inquiry and Word Count (LIWC) application
[34] is the most widely used corpus of dictionaries for
computational linguistic analyses of text data. Numerous studies
on menta health topicsusing L1WC have shown strong evidence
of particular patterns of language use that are highly relevant
to certain mental healthissues. Notably, LIWC compareswords
appearing in an input text file with the words listed in its
customizable dictionary. Then, LIWC uses its algorithms to
sort words into predefined and psychologically meaningful
categories and performs a series of calculations. The end result
is a summary of the statistical distribution of words within a
given text into those that fal into LIWC categories, which
include function words, pronouns, impersonal pronouns, verbs,
auxiliary verbs, and past-tense words.

For this study, we used the latest version of LIWC (LIWC-22;
Pennebaker Conglomerates, Inc) and the built-in English
dictionary. Tweets containing <10 words were not included in
the LIWC anaysis, as they are unlikely to satisfy the
requirements of LIWC and will not produce meaningful results.

Sentiment Analysis

Sentiment analysis was conducted using Sanza, the Python
package of Stanford Core Natural Language Processing Group
[35,36], which is based on deep learning and has been shown
to have state-of-the-art performance [37]. Sentiment analysis
is a powerful technique used to understand the public opinion
of social mediausersand issuitablefor use with short text posts
such as tweets [38]. Using this approach, text can be classified
as either positive, negative, or neutral sentiments. Examples of
positive, negative, and neutral sentiments are as follows:

Great choice and important area that needs exploring.
I would be confident even if you found someone
exploring similar, you would be able to provide
unique new knowledge. The anxiety element is real
and recognised though! Good luck and feel free to
DM. [Positive sentiment]

Nope, so much bad energy used to devalue and treat
ordinary Australians like cattle. Fascism, led by the
religiousright, will destroy thiscountry. There hasn't
been atime, in my life, when AU wellbeing is so low.
[Negative sentiment]

| was watching a show on tv last night re improving
mental health which was timely given the day | had
yesterday. It mentioned effects of social media on
mental health. [Neutral sentiment]

Results

Data Summary

The data set consisted of 1,505,638 tweets from 395 Twitter
users, as presented in Multimedia Appendix 1. The data were
collected across a period spanning 54 months, from January
2018 to June 2022, which equates to approximately 27 months
before and 27 months after the WHO declared COVID-19 a
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global pandemic on March 11, 2020. Data were separated into
those that originated in Australia versus those that originated
in other parts of the world because tweets are known to reflect
local sociopalitical trendsand cultural norms (eg, regarding the
display of emotions [19]). Furthermore, we divided usersinto
younger and older workers to explore whether the challenges
that workers face interact with age.

Hashtag Topics

The large data set contained a wide variety of hashtag topics.
Overall, younger workers tended to use a wider variety of
hashtag topicsthan ol der workers, and this pattern held for both
industries. Comparing industries, nurses tended to use more
hashtag topi cs than construction workers (M ultimedia A ppendix
2). Our large data set contained thousands of hashtag topics,
with a very long tail in their distribution (ie, some obscure
hashtags had only 1 or 2 times). To reduce the datafor analysis,
we grouped the top 200 hashtag topics into groups based on
themes, and 10 unique thematic categoriesemerged (Multimedia
Appendix 3).

Political hashtagswere popular in both industries. In particular,
older workers made greater use of political hashtags than
younger workers, and this difference was especially pronounced
in construction workers. Younger construction workers were
by far the most likely to tweet about “life,” including various
entertainment activities, such as sports, eating out, camping,
television shows, shopping, hobbies, and pets. This suggests
the presence of a work-life balance disparity across the 2
industries. Delving deeper, we found that construction workers
had awork-lifetopicsratio >1, whereastheratio for nurseswas
<1, indicating that work was taking a disproportionate amount
of nurses’ time and attention, and this could be interpreted as
an indicator of nurses being overworked. This pattern was
exacerbated in the younger groups of workers: the work and
life topics ratio of younger construction workers was 5 times
higher than that of younger nurses.

Consistent with the expectations, nursesused COVID-19—+elated
hashtags (eg, #COV I D-19, #coronavirus, #mask, #vaccination,
#lockdown, and #ppe) to afar greater extent than construction
workers. Thislikely reflectstheir practice scope, expertise, and
daily experiencesin the course of performing their professional
duties. Furthermore, nurseswere morelikely to include hashtags
intheir tweetsfalling within the“ campaign” and “ organization”
categories, which included social media calls for action to
improve working conditions (not relating to political purposes)
and to voice support. Nurses, and especially older nurses, were
more likely to use “positive words’ in their hashtags, which
consisted of SM Stext messages voicing support for colleagues
and others facing challenging circumstances in their industry
(eg, #kind, #kindnessmatters, #respect, #grateful, #empathy,
and #teamwork).

As shown in Table 1, nurses were far more likely to tweet
hashtags about their well-being; mental health issues; and the
deleterious effects of burnout, fatigue, and tiredness. Younger
nurses tended to focus on mental health issues and burnout or
fatigue, whereas older nurses were more likely to tweet about
well-being. Older construction workers were more likely to
tweet about pains, aches, and physical health issues.
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Table 1. Hashtag topics used by younger and older nurses and construction workers directly related to health, well-being, and the COVID-19 pandemic

(n=349,790).

Hashtag topic Nurses (n=217,510, 62.18%), n (%) Construction workers (n=132,460, 37.82%), n (%)
Younger (n=152,570, Older (n=64,940, Younger (n=77,929 Older (n=54,531,
70.14%) 29.86%) 58.83%) 41.67%)

Burnout, fatigue, tiredness, and sleepis- 93 (0.06) 37 (0.06) 10 (0.02) 6 (0.01)

sues

Pain, ache, and physica health 42 (0.03) 10 (0.01) 10 (0.03) 52 (0.10)

Mental health 479 (0.31) 100 (0.15) 26 (0.03) 14 (0.03)

Well-being 210 (0.14) 189 (0.29) 17 (0.02) 2(0.004)

COVID-19 pandemic 7031 (4.61) 1723 (2.65) 1488 (1.91) 1132 (2.08)

Tweets with hashtag topics had a higher average number of
likes, replies, and retweets than topics without hashtags
(Multimedia Appendix 4). Furthermore, tweets containing
hashtag topics related to health and well-being had a higher
average number of likes and retweets than those with hashtag
topics other than health and well-being. Overall, tweets with
hashtag topics received more attention and engagement,
especially those about health and well-being topics.

Keywords

Monogram Keywords

Monogram keywords refer to individual content words within
tweets that convey meaning. Compared to hashtags, keywords

aremoreindicative of the content of the tweet, in that they better
reflect the author's intended meaning. A summary of the
monogram keyword data is provided in Multimedia Appendix
5.

Consistent with what was observed for hashtags, monogram
keyword counts revealed that nurses made greater use of
keywords associated with burnout, health issues, and mental
health compared to construction workers (Table 2).
Compounding the above, COVID-19 aso had a huge effect on
nurses, and this was especially pronounced for younger nurses.

Table 2. Monogram keywords used by younger and older nurses and construction workers directly related to health, well-being, and the COVID-19

pandemic (n=9,076,641).

Monogram keywords Nurses (n=5,621,926, 61.94%), n (%)

Younger (n=3,979,076,

Older (n=1,642,850,

Construction workers (n=3,454,715, 38.06%), n (%)
Younger (n=2,167,081, Older (n=1,287,634,

70.78%) 29.22%) 62.73%) 37.27%)
Burnout, fatigue, tiredness, and 6066 (0.15) 1466 (0.09) 1643 (0.08) 724 (0.06)
sleep issues
Pain, ache, and physical health 6989 (0.18) 2410 (0.15) 1063 (0.05) 670 (0.05)
Mental health 7113 (0.18) 2256 (0.14) 1682 (0.08) 791 (0.06)
Well-being 622 (0.02) 802 (0.05) 112 (0.005) 57 (0.004)
COVID-19 pandemic 34,084 (0.86) 13,516 (0.82) 4484 (0.21) 4132 (0.32)

An analysis of likes, replies, and retweets revealed that tweets
containing health and well-being keywords were more likely
to gain the attention of other Twitter users, resulting in more
engagement (Multimedia Appendix 6).

Monogram keywords directly related to physical and mental
health and well-being were visualized as word clouds to
illustrate the differences between industries and the age
subgroups (Multimedia Appendix 7). Within each word cloud,
the size of each word represents its frequency of occurrence,
and the density of the cloud depicts the number of different
keywords used. Differing patterns were observed for the 4
subgroups. Younger workersin both industries had word clouds
that were denser, indicating that they posted about a wider
variety of topics and problems. Younger nurses tweeted most
frequently about “mental” and “sleep,” whereas older nurses
mentioned “pain” and “well-being” to afar greater extent and
placed much lessfocuson “deep.” Among construction workers,

https://www.jmir.org/2024/1/e49450

both younger and ol der workers mentioned “sleep,” “pain,” and
“tired.” The older construction workers had the sparsest word
cloud.

Bigram Keywords

Bigram keywords refer to pairs of content words that co-occur
within tweets and convey additional context and the author’s
intended meaning (eg, the monogram “mask” has different
connotations in the bigrams “wear mask” vs “anti mask”). A
summary of bigrams is presented in Multimedia Appendix 8.
Nurses consistently used more bigrams than construction
workers.

Consistent with what was observed for hashtag topics and
monograms, nurses made greater use of bigram keywords
associated with burnout and physical and mental health issues
(Table 3). Furthermore, the COVID-19 pandemic
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disproportionately affected nurses, and this effect was magnified
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for younger nurses.

Table 3. Bigram keywords used by younger and older nurses and construction workers directly related to health, well-being, and the COVID-19

pandemic (n=3,528,198).

Monogram keywords Nurses (n=2,155,270, 61.09%), n (%) Construction workers (n=1,372,928, 38.91%), n (%)
Younger (n=1,490,264, Older (n=665,006, Younger (n=891,042, Older (n=481,886, 35.1%)
69.15%) 30.85%) 64.9%)

Burnout, fatigue, tiredness, and 2093 (0.14) 551 (0.08) 614 (0.07) 315 (0.06)

sleep issues

Pain, ache, and physical health 3371 (0.23) 1038 (0.16) 591 (0.07) 236 (0.05)

Mental health 4882 (0.33) 1510 (0.23) 1023 (0.11) 564 (0.12)

Well-being 498 (0.03) 447 (0.07) 49 (0.005) 24 (0.005)

COVID-19 pandemic 12,281 (0.82) 4036 (0.61) 1571 (0.18) 1520 (0.32)

Bigram word cloudsrelated to physical and mental health issues
and well-being are presented in Multimedia Appendix 9. The
bigrams reveal additional details that were obscured in the
monogram clouds. “Mental health” was the most frequently
occurring bigram for al groups. “Mental illness’ featured
prominently for younger nurses and both groups of construction
workers, but “mental well-being” occurred more frequently for
older nurses. Furthermore, older nurses posted about physical
well-being more than the other groups. Notably, density
increased for the older groupsrelative to their monogram clouds.
Younger nurses still had the densest cloud, and the bigrams
within indicated that they were experiencing the most distress
of al the groups (eg, “fall asleep,” “I am tired,” “not sleep,”
“sleep tonight,” and “pain relief”). Older construction workers
made frequent reference to specific medical conditions such as
cardiovascular disease. Younger construction workers posted
about nerve pain and neuropathic pain, likely related to the
physical nature of construction work.

LIWC Results

For the LIWC analyses, tweetswere grouped into those that did
or did not contain hedth and well-being keywords. In
MultimediaAppendix 10, we present the basic LIWC summary
variables. Authenticity scores suggest that tweets were equally
truthful regardless of whether the tweet was about a
health-related topic or other topics. Analytical thinking, clout,
and positive emotional tone were greater in tweets about
non—health-related topics.

Aspresented in MultimediaAppendix 11, overal, tweet authors
used more first-person singular pronouns and affect wordswhen

https://www.jmir.org/2024/1/e49450

posting about health and well-being. Increased use of
first-person singular pronounsisareliable predictor of elevated
levels of stress, depression, and suicidal ideation [39,40].
Furthermore, we found more affect words in heath-related
tweets. As expected, non—health-rel ated tweets contained more
words associated with the social category.

LIWC analyses of positive versus negative emotions and tone
reveal ed that tweets about health and well-being were far more
likely to convey negative emotions, perhaps reflecting fear,
despair, sadness, or anger (Multimedia Appendix 12). Central
to our research question and aims, we observed that words
falling within the LIWC categories of health, fatigue, illness,
wellness, and mental were far more likely to occur in tweets
about health and well-being.

Then, we further examined the LIWC indicators for the tweets
with health and well-being keywords. Comparing younger and
older workers acrossindustries, we observed that younger nurses
showed language use patterns, suggesting that they were
experiencing the deleterious effects of suboptimal work
conditions (Multimedia Appendix 13). Younger nurses used
words within the fatigue, illness, and mental categories more
often than their older colleagues. Older nurses made greater use
of wordsin thewellness category. These differencesal reached
statistical significance (Table 4). In contrast, no differences
werefound between the younger and ol der construction workers.
In general, construction workers spent less time posting about
health and well-being topics, and no differences were observed
between younger and older construction workers.
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Table4. ANOVA testsfor the Linguistic Inquiry and Word Count (LIWC) indicators health, fatigue, illness, wellness, and mental comparing younger

versus older workers in the nursing and construction industries.

LIWC indicators Younger vs older nurses Younger vs older construction workers

F test (df) P value F test (df) P value
Health 1.18(1, 16,183) 28 2.72 (1, 4138) .10
Fatigue 21.82(1, 16,183) <.001 0.33 (1, 4138) .56
lliness 17.12 (1, 16,183) <.001 0.52 (1, 4138) 47
Wellness 228(1, 16,183) <.001 0.07 (1, 4138) .79
Mental 18.58 (1, 16,183) <.001 0.08 (1, 4138) 78

Sentiment Analysis

Sentiment analysis revealed that, overall, older construction
workers made more tweets with negative sentiment (Figure 2).

Younger construction workers were the most neutral. Older
nurses tended to be more positive. Other than that, the
differences between the younger and older nurseswererelatively
minor.

Figure 2. Percentage of tweets with negative, neutral, and positive sentiments among younger and older nurses and construction workers.
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Next, we conducted a sentiment analysis of the tweets that did
or did not contain keywords related to health and well-being.
Theright panel of Multimedia Appendix 14 presentsthe tweets
without health and well-being keywords and servesasabaseline.
The left panel of Multimedia Appendix 14 shows an increase
in negative sentiment when tweeting about health or well-being
topics. Younger nursesand older construction workerswerethe
most negative, whereas older nurses were the most positive.

Australian Worker s Ver sus Non-Australian Workers
(LIWC Analysis)

To explore whether our observations were specific to the
Australian context or reflected trends observable in other
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nations, we compared LIWC categories in Australian and
non-Australian workers (Multimedia Appendix 15). In total,
51.5% (53/103) of the non-Australian construction workers
come from Europe and North America, whereas 48.5% (50/103)
comefrom Africa, Asia, and Latin America. Regarding nurses,
75% (78/104) of the non-Australian workers come from Europe
and North America, and 25% (26/104) comefrom Africa, Asia,
and Latin America. We observed that Australian workers in
both industries used more words falling within the mental
category, which was significant as confirmed by ANOVA tests
(Table 5).
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Table5. ANOVA testsfor the Linguistic Inquiry and Word Count (LIWC) indicators health, fatigue, illness, wellness, and mental comparing younger

versus older workers in the nursing and construction industries.

LIWC indicators Australian nurses vs non-Australian nurses Australian construction workers vs non-Australian construction
workers
Younger nurses Older nurses Younger construction workers  Older construction workers
F test (df) P value F test (df) P value F test (df) P vaue F test (df) P vaue
Headlth 2.69 (1, 12329) .10 479 (1, 3852) .03 0.1(1,2732) 75 59.95(1, 1404) <.001
Fatigue 3.64(1,12329) .06 2.17(1,3852) .14 8.04(1,2732) .005 15.8(1,1404)  <.001
IlIness 1.42(1,12329) .23 46.05 (1, <.001 14.98 (1, 2732) <.001 2259 (1, 1404) <.001
3852)
Wellness 0.59 (1, 12329) .44 64.73 (1, <.001 18.59(1, 2732), <.001 32.78(1, 1404) <.001
3852)
Mental 23.85(1, <.001 55.57 (1, <.001 30.99 (1, 2732) <.001 23.44 (1, 1404) <.001
12329) 3852)

This could be a sign of greater stress in Australian workers,
potentially leading to future mental health concerns.
Furthermore, Australians made more frequent referenceto health
and ilIness (with the exception of younger construction workers),
suggesting that their health had been adversely affected, or at
least that it was on their mind. Use of health-, fatigue-, illness-,
and wellness-rel ated words by younger nurseswithin and outside
Australia were similar, whereas older Australian nurses made
significantly more use of health- and illness-related words and
less use of wellness-related words than their peers outside
Austraia. Similar results were found for older Australian
construction workers compared to those outside Australia
(except for more use of wellness-related words). On the other
hand, younger Australian construction workers had less use of
fatigue- and illness-related words, which might suggest that
they are in a better condition compared to their colleagues
worldwide.

The COVID-19 Pandemic I nfluence

The average number of tweets per user over the 54-month period
between January 2018 and June 2022 increased more for both
younger and older nurses than construction workers, especially
since the COVID-19 pandemic. Furthermore, we observed
marked differences in the 4 subgroups regarding sentiment at
baseline and changes that occurred during the COVID-19
pandemic (Figure 3). Overal, nurses had a higher proportion
of positive sentiment in their tweets than construction workers.
However, this changed markedly in early 2020 as the positive
and negative sentiments crossed over in the months leading up
to the WHO's declaration of COVID-19 asaglobal pandemic.
Since that time, negative sentiment dominated the tweets of
nurses. No such crossover was observed among construction
workers, in part because both younger and older construction
workers consistently had more negative sentiments dating back
to January 2018.

Figure 3. Percentage of tweets with negative, neutral, and positive sentiment changes by month for (A) younger nurses, (B) older nurses, (C) younger
construction workers, and (D) older construction workers. The dashed vertical line indicates the announcement of the COVID-19 pandemic by the

World Health Organization on March 11, 2020.
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For all groups, LIWC for illness, mental, and fatigue categories
were the most prominent, whereas the LIWC for the wellness
category either declined or remained low across the 54-month
period (Figure 4). For the older nurses, LIWC for the wellness
category decreased but showed abump that peaked in mid-2021,
although the peak was considerably lower than the
pre-COVID-19 pandemic levels. Younger nurses showed a

Lietd

substantial increase in mental words leading up to the WHO's
COVID-19 pandemic declaration in March 2020. Younger
construction workerswere the only group for whom the fatigue
category had a higher percentage than the mental category,
indicating that their focus was on their physical health rather
than mental health during the sampling period.

Figure4. Changesin the Linguistic Inquiry and Word Count (LIWC) indicatorsillness, wellness, mental, and fatigue by month for (A) younger nurses,
(B) older nurses, (C) younger construction workers, and (D) older construction workers. The dashed vertical line indicates the announcement of the
COVID-19 pandemic. The calculation of LIWC indicators used only the tweets containing health and well-being keywords.
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Discussion

Principal Findings

Thisisthefirst social media analysis to compare the tweets of
younger and older workers in the construction and nursing
industries with aview to understanding the common and unique
work health and safety challenges they face and subsequent
risks to their mental health. A robust observation across each
type of analysis was that younger nurses were facing very
challenging working conditions (eg, understaffing, high
workload, and poor management and communication) that
presented barriers to their mental health and well-being. Older
nursesfaced similar challenges but tended to place greater focus
on promoting well-being in their tweets than their younger
counterparts. Overall, nurses were unquestionably negatively
impacted by the COVID-19 pandemic. In contrast, construction
workers showed minimal impacts due to the COVID-19
pandemic. Older construction workers tended to post more
negative tweets, however, construction workers in general
tended to post less about work-related topics and more about
life-related topics, indicating a better work-life balance than
was observed in nurses. Younger construction workers posted
mostly about life events, suggesting that they faced fewer mental
health risks than the other groups.
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Comparison With Prior Work

The most concerning observation that was borne out in each of
our different social media analyses was that nurses (and
especially younger nurses) were under morework pressure and
stress and experienced greater and more intense negative
emotions. Moreover, all these emotions were exacerbated by
the COVID-19 pandemic. This putsyounger nursesat increased
risk of burnout and mental harm that may lead to attrition. This
pattern of findingsis consistent with a recent report that found
al131.5% increasein job vacancies under “ health care and social
assistance” industries between February 2020 and May 2022
[41]. Although there is a high attrition rate among our older
nursing population through retirement, there may be higher
attrition among the next generation of nurses through burnout.
Previous research has shown that nurses' mental state plays a
critical role in how they respond to situations, patients, and
colleagues, as well as their clinica judgment and
communication, potentially affecting patient safety [42].

Furthermore, we observed more negative sentiment in tweets
about health and well-being topics. This does not align with
prior reports that tweets with health care hashtags expressed
more positivity and more action-oriented language than
non-health care-initiated hashtags[19,43]. It has been suggested
that nurses may be reluctant to share negative events on social
media due to societal expectations of professionalism from
medical experts[13]. It ispossiblethat the discrepancy between
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prior findings and our results may reflect Australian cultural
norms and the extreme pressure that Australian health care
workers were experiencing during the study period [13].
Notably, an analysis of tweets comparing UK and US health
care workers revealed that while they experienced common
challenges during the COV1D-19 pandemic, nurses’ experiences
in the 2 countries reflected local sociopolitical trends and
cultural norms regarding emotional display [19]. Future work
should systematically investigate such processes in the
Australian context.

Similar to their younger colleagues, older nurses faced
challenging work conditions. Furthermore, athough they
showed signs of elevated distress and negative effects, we found
evidence that older nurses possess more effective tools and
strategies for dealing with periods of increased uncertainty,
stress, and accel erated work demands (eg, emotional regulation
and big picture thinking). A common assumption is that older
workers are frail and vulnerable; however, evidence suggests
that this is an inaccurate stereotype. A lifetime of experience
seems to have equipped older workers with resilience and the
ability to take a long-term view that permits them to better
accommodate periods of instability. These suggestions in our
data are consistent with broader research on cognitive aging,
which suggeststhat older adults are skilled at emotion regulation
[25]. Moreover, the findings are consistent with prior work on
the effects of the COVI1D-19 pandemic on health care workers,
which suggested that younger workers were most at risk of
mental illness [26].

Overadll, construction workers were less affected by the
COVID-19 pandemic. Younger construction workers were
mostly focused on posting about life events, including
socializing, participating in hobbies, and engaging in recreationa
activities. Their tweets suggested that they had the best work-life
balance, were not preoccupied with work, and showed minimal
signs of mental distress. We did find evidence of concern with
physical pains and injuries, which is notable given their young
age. Older construction workers were more likely to post with
more negative sentiment. However, these tweets tended to be
regarding issues and events outside of their work, such as
politics and current events, rather than about issues concerning
their job role or working conditions (in contrast to what was
observed for the nurses).

Unlike prior reports [44-46], we did not find evidence of
widespread ageism (or reverse ageism) in either industry,
although aspects of workplace culture could be improved.
Instances of bullying were observed in both industries,
originating from various sources, but they did not seem to be
widespread. Differences in well-being were primarily related
to age, job role, and job type. The findings of this study are
compatible with the abovementioned observations and
complement the datato provide adetailed insight into the mental
health challenges faced by workersin each industry.

This work introduced several innovations. Our team applied
social mediabased big data analysis to inform our
understanding of work health and safety issues. Furthermore,
this was the first study to pay particular attention to issues
concerning older workers mental health by comparing findings
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and trends across 2 industries as well as comparing patternsin
Australia versus oversess.

Implications

Computationd linguistic tools and algorithmsare ableto reliably
predict risks of future mental illness [47,48]. The patterns
observed in this study strongly suggested that nurses were
experiencing stress and negative emotions, and this was more
extreme in younger nurses. A well-developed literature has
established which linguistic indicators are reliable predictors
of mental ill health (eg, first-person pronouns and negative
emotion words) [39]. Language analysistechnol ogies represent
an important advancement in mental heath care for the
prevention and early diagnosis of mental health problems. These
tools may aid professionals in identifying at-risk individuals
and the follow-up and prognosis of patients[49].

Limitations

Therewere several limitationsinherent to social mediaanalysis
when attempting to extrapolate to real-world work settings.
First, not everyone (especially older workers) uses socia media;
therefore, we cannot assume that the comments, word use
patterns, or sentiments of social media users accurately capture
those of all construction workers or nurses. To address this
limitation, we advocate not relying on any individual tool or
method when attempting to develop a deep and holistic
understanding of the issues facing an industry or workforce. It
is for this reason that, in the present line of research, our team
has conducted multiple literature reviews, a survey study, and
now a social media analysis before attempting to design an
intervention to improve the mental well-being of workers in
these 2 industries.

A second limitation is that people whose data were included in
this study tend to be those either who have sufficient free time
or those who have strong opinions on the subject being studied.
Thislimitation is somewhat circumvented by conducting abig
dataanalysis on tweetsthat were already publicly available and
freely expressed in different contexts. Furthermore, the fact that
our observations converge with what we observed in our prior
work gives us a high level of confidence that the conclusions
drawn from these data are valid.

Conclusions

This study has advanced our understanding of the well-being
of younger and older construction workers and nurses in
Australia. The analyses have revealed that nurses (both younger
and older) more often communi cated about burnout, stress, and
ill effects dueto poor working conditions during the COVID-19
pandemic than construction workers. However, older nurses
tended to promote well-being in their tweets more than their
younger counterparts, suggesting that they could be more
resilient and better able to adapt and accommodate periods of
instability. Older construction workers had more negative
sentiments than younger workers, who were more focused on
communicating about social and recreational activities rather
than work matters. These findingswill inform the devel opment
of interventions that will protect the mental health of workers
in highly demanding work environments such as nursing and
construction. In arecent strategic report, the WHO [50] advised

JMed Internet Res 2024 | vol. 26 | e49450 | p. 11
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

that social media accounts (eg, Twitter) could be used for to gain insights into the well-being of workers in target
monitoring and provisioning training and educational materials  industries and during key social challenges. These tools, and
for health care professionals and the evaluation of action plans.  the evidence they generate, should be used to improve the lives
Our findings support the value of analyzing social mediaposts  of workers, especially those in critical industries.

Acknowledgments

This study was supported by funding from the New South Wales Government Centre for Work Health and Safety (tender
SAFE/1848—CWHS RP_091).

Data Availability

The data sets generated and analyzed during this study are available in the Western Sydney University Research Direct repository
[51].

Conflictsof Interest
None declared.

Multimedia Appendix 1

Summary of users and tweets collected during the study period (January 2018 to June 2022).
[DOCX File, 13 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Summary of the hashtag topics used by younger and older workers in the nursing and construction industries.
[DOCX File, 13 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Distribution of the top 200 hashtag topics used by nurses (top panel) and construction workers (bottom panel) expressed as a
percentage of the 10 most popular categories.
[PNG File, 122 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Average (SE) number of likes, replies, and retweets for tweets with hashtag topics related to health and well-being, with other
hashtag topics and topics without hashtags.
[DOCX File, 13 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Summary of the monogram keywords used in tweets by younger and older nurses and construction workers.
[DOCX File, 13 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Average (SE) number of likes, replies, and retweets for tweets with and without health and well-being keywords.
[DOCX File, 13 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Word clouds summarizing the monogram keywords related to physical and mental health issues and well-being for younger
nurses (top left), older nurses (top right), younger construction workers (bottom left), and older construction workers (bottom
right).

[DOCX File, 661 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Summary of the bigram keywords used by younger and older nurses and construction workers.
[DOCX File, 13 KB-Multimedia Appendix 8]

https://www.jmir.org/2024/1/e49450 JMed Internet Res 2024 | vol. 26 | e49450 | p. 12
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app1.docx&filename=620cd3ce7e6494a5df6963339d4c3e43.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app1.docx&filename=620cd3ce7e6494a5df6963339d4c3e43.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app2.docx&filename=9959d7b5094add00fd56af2d84553d9e.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app2.docx&filename=9959d7b5094add00fd56af2d84553d9e.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app3.png&filename=38dbcca32ceb253c363e9eb246deaef2.png
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app3.png&filename=38dbcca32ceb253c363e9eb246deaef2.png
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app4.docx&filename=4fdbec223e2949a7dee1565808efaa47.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app4.docx&filename=4fdbec223e2949a7dee1565808efaa47.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app5.docx&filename=dd2ffb4ca3f570d82d4f29452d2a8a61.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app5.docx&filename=dd2ffb4ca3f570d82d4f29452d2a8a61.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app6.docx&filename=03714fb00d3f90508d9ff4c8870e9b8a.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app6.docx&filename=03714fb00d3f90508d9ff4c8870e9b8a.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app7.docx&filename=07aefe205fc979046c7fcd01a58d4b16.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app7.docx&filename=07aefe205fc979046c7fcd01a58d4b16.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app8.docx&filename=eeceddaa665adf7403ba633b52e53aed.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app8.docx&filename=eeceddaa665adf7403ba633b52e53aed.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

Multimedia Appendix 9

Word clouds summarizing the bigram keywords related to physical and mental health issues and well-being for younger nurses
(top l€eft), older nurses (top right), younger construction workers (bottom left), and older construction workers (bottom right).
[DOCX File, 790 KB-Multimedia Appendix 9]

Multimedia Appendix 10

Descriptive statistics of the Linguistic Inquiry and Word Count scores for the basic summary variables: analytical thinking, clout,
authenticity, and emotional tone. Average scores and SE are calculated based on the text from each tweet.
[DOCX File, 93 KB-Multimedia Appendix 10]

Multimedia Appendix 11

Percentage of words falling within the Linguistic Inquiry and Word Count categories: first-person singular pronouns, drives,
cognition, affect, and social. Average percentage and SE are calculated based on the text from each tweet.
[DOCX File, 91 KB-Multimedia Appendix 11]

Multimedia Appendix 12

Percentage of wordsfalling within the Linguistic Inquiry and Word Count categories: positive emotional tone, negative emotional
tone, positive emotion, negative emotion, health, fatigue, illness, wellness, and mental. Average percentage and SE are calculated
based on the text from each tweet.

[PNG File, 133 KB-Multimedia Appendix 12]

Multimedia Appendix 13

Percentage of wordsfalling within the Linguistic Inquiry and Word Count categories: health, fatigue, illness, wellness, and mental .
Average percentage and SE are calculated based on the text from each tweet containing health and well-being keywords. Error
bars show SE values.

[PNG File, 112 KB-Multimedia Appendix 13]

Multimedia Appendix 14

Percentage of tweets with negative, neutral, and positive sentiments for younger and older nurses and construction workers,
grouped by with and without keywords related to health and well-being in the tweets.
[DOCX File, 103 KB-Multimedia Appendix 14]

Multimedia Appendix 15

Percentage of wordsfalling within the Linguistic Inquiry and Word Count categories: health, fatigue, illness, wellness, and mental .
Average percentage and SE are calculated based on the text from each tweet containing health and well-being keywords.
[PNG File, 189 KB-Multimedia Appendix 15]

References

1. 2022 Skillspriority list: key findings report. National Skills Commission, Australian Government. Oct 6, 2022. URL: https:/
Iwww.j obsandskills.gov.au/sites/defaul t/fil es/2023-12/2022%620Skil | s%620Pri ority%620L i st%20K ey%20Findings¥:20Report_O.
pdf [accessed 2023-10-06]

2. Ranasinghe U, Tang LM, HarrisC, Li W, Montayre J, de Almeida Neto A, et al. A systematic review on workplace health
and safety of ageing construction workers. Saf Sci. Nov 2023;167:106276. [doi: 10.1016/].ssci.2023.106276]

3. ChenY, Ingram C, Downey V, Roe M, Drummond A, Sripaiboonkij P, et al. Employee mental health during COVID-19
adaptation: observations of occupational safety and heal th/human resource professionalsin Ireland. Int J Public Health.
2022;67:1604720. [doi: 10.3389/ijph.2022.1604720] [Medline: 36016962]

4.  boyd D. Social media: a phenomenon to be analyzed. Soc Media Soc. May 11, 2015;1(1):205630511558014. [doi:
10.1177/2056305115580148]

5. Tangl, ZhangY, Dai F, Yoon Y, Song Y, Sharma RS. Social media data analytics for the U.S. construction industry:
preliminary study on Twitter. JManage Eng. Sep 12, 2017;33(6). [doi: 10.1061/(ASCE)ME.1943-5479.0000554]

6.  Hendricks D. How construction companies are leveraging social media. Socialnomics. Jan 29, 2015. URL: https:/

/social nomics.net/2015/01/29/how-construction-companies-are-leveraging-socia -medial [accessed 2023-05-12]

7. Yao Q, Li RY, Song L, Crabbe MJ. Construction safety knowledge sharing on Twitter: a social network analysis. Saf Sci.

Nov 2021;143:105411. [doi: 10.1016/].ssci.2021.105411]

https://www.jmir.org/2024/1/e49450 JMed Internet Res 2024 | vol. 26 | e49450 | p. 13
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app9.docx&filename=ae3d3e93e1c14a7147849d381e834913.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app9.docx&filename=ae3d3e93e1c14a7147849d381e834913.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app10.docx&filename=66e85ff9d20720a83d14ea53f966095a.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app10.docx&filename=66e85ff9d20720a83d14ea53f966095a.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app11.docx&filename=a9d5a0b6549e196fe7345686a5d35fdb.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app11.docx&filename=a9d5a0b6549e196fe7345686a5d35fdb.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app12.png&filename=ea655195f55fb7d4a3fb52859db14980.png
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app12.png&filename=ea655195f55fb7d4a3fb52859db14980.png
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app13.png&filename=814c7d4d7b594b57f09d390a04af4df1.png
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app13.png&filename=814c7d4d7b594b57f09d390a04af4df1.png
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app14.docx&filename=6458c177b9d3c27409b862fca47cceb7.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app14.docx&filename=6458c177b9d3c27409b862fca47cceb7.docx
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app15.png&filename=bf391528c15119f48fe7873fdd7ce739.png
https://jmir.org/api/download?alt_name=jmir_v26i1e49450_app15.png&filename=bf391528c15119f48fe7873fdd7ce739.png
https://www.jobsandskills.gov.au/sites/default/files/2023-12/2022%20Skills%20Priority%20List%20Key%20Findings%20Report_0.pdf
https://www.jobsandskills.gov.au/sites/default/files/2023-12/2022%20Skills%20Priority%20List%20Key%20Findings%20Report_0.pdf
https://www.jobsandskills.gov.au/sites/default/files/2023-12/2022%20Skills%20Priority%20List%20Key%20Findings%20Report_0.pdf
http://dx.doi.org/10.1016/j.ssci.2023.106276
http://dx.doi.org/10.3389/ijph.2022.1604720
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36016962&dopt=Abstract
http://dx.doi.org/10.1177/2056305115580148
http://dx.doi.org/10.1061/(ASCE)ME.1943-5479.0000554
https://socialnomics.net/2015/01/29/how-construction-companies-are-leveraging-social-media/
https://socialnomics.net/2015/01/29/how-construction-companies-are-leveraging-social-media/
http://dx.doi.org/10.1016/j.ssci.2021.105411
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

8.

9.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

Azhar S, Riaz Z, Robinson D. Integration of social mediain day-to-day operations of construction firms. J Manag Eng.
Oct 15, 2018;35(1). [doi: 10.1061/(asce)me.1943-5479.0000660]

Yilmaz 1. Discussing future role of social media on construction and project management through eval uation of students
attitudes. Artium. 2020;8(2):128-134.

Ding Y, MaJ, Luo X. Applications of natural language processing in construction. Autom Constr. Apr 2022;136:104169.
[doi: 10.1016/j.autcon.2022.104169]

Tang L, Zhang Y, Dai F, Yoon Y, Song Y. What construction topics do they discussin social media? a case study of Weibo
in China. In: Proceedings of the Construction Research Congress 2018. 2018. Presented at: CRC 2018; April 2-4, 2018;
New Orleans, LA. [doi: 10.1061/9780784481264.060]

Madanayake UH, Egbu C. Critical analysisfor big datastudiesin construction: significant gapsin knowledge. Built Environ
Proj Asset Manag. Jul 17, 2019;9(4):530-547. [doi: 10.1108/BEPAM-04-2018-0074]

Wilson R, Ranse J, Cashin A, McNamara P. Nurses and Twitter: the good, the bad, and the reluctant. Collegian.
2014;21(2):111-119. [doi: 10.1016/j.colegn.2013.09.003] [Medline: 25109209]

Househ M, Borycki E, Kushniruk A. Empowering patients through socia media: the benefits and challenges. Health
Informatics J. Mar 2014;20(1):50-58. [FREE Full text] [doi: 10.1177/1460458213476969] [Medline: 24550564]
Smailhodzic E, Hooijsma W, Boonstra A, Langley DJ. Social media use in healthcare: a systematic review of effects on
patients and on their relationship with healthcare professionals. BMC Health Serv Res. Aug 26, 2016;16(1):442. [FREE
Full text] [doi: 10.1186/s12913-016-1691-0] [Medline: 27562728]

Jones R, Kelsey J, Nelmes P, Chinn N, Chinn T, Proctor-Childs T. Introducing Twitter as an assessed component of the
undergraduate nursing curriculum: case study. J Adv Nurs. Jul 2016;72(7):1638-1653. [doi: 10.1111/jan.12935] [Medline:
26861572]

Ferguson C, Inglis SC, Newton PJ, Cripps PJ, MacDonald PS, Davidson PM. Social media: atool to spread information:
a case study analysis of twitter conversation at the Cardiac Society of Australiaand New Zealand 61st annual scientific
meeting 2013. Collegian. 2014;21(2):89-93. [doi: 10.1016/j.colegn.2014.03.002] [Medline: 25109206]

Elyashar A, Plochotnikov I, Cohen IC, Puzis R, Cohen O. The state of mind of health care professionalsin light of the
COVID-19 pandemic: text analysis study of Twitter discourses. JMed Internet Res. Oct 22, 2021;23(10):€30217. [FREE
Full text] [doi: 10.2196/30217] [Medline: 34550899]

Slobodin O, Plochotnikov |, Cohen IC, Elyashar A, Cohen O, Puzis R. Global and local trends affecting the experience of
US and UK healthcare professionals during COVID-19: Twitter text analysis. Int J Environ Res Public Health. Jun 04,
2022;19(11):6895. [FREE Full text] [doi: 10.3390/ijerph19116895] [Medline: 35682477]

Apisarnthanarak A, Apisarnthanarak P, Siripraparat C, Saengaram P, Leeprechanon N, Weber DJ. Impact of anxiety and
fear for COVID-19 toward infection control practices among Thai healthcare workers. Infect Control Hosp Epidemiol. Sep
2020;41(9):1093-1094. [FREE Full text] [doi: 10.1017/ice.2020.280] [Medline: 32507115]

Thatrimontrichai A, Weber DJ, Apisarnthanarak A. Mental health among healthcare personnel during COVID-19 in Asia:
asystematic review. JFormos Med Assoc. Jun 2021;120(6):1296-1304. [ FREE Full text] [doi: 10.1016/j.jfma.2021.01.023]
[Medline: 33581962]

Adams JG, Walls RM. Supporting the health care workforce during the COVID-19 global epidemic. AMA. Apr 21,
2020;323(15):1439-1440. [doi: 10.1001/jama.2020.3972] [Medline: 32163102]

Dagyaran |, Risom SS, Berg SK, Hgjskov |E, Heiden M, Bernild C, et al. Like soldiers on the front - a qualitative study
understanding the frontline healthcare professionals experience of treating and caring for patients with COVID-19. BMC
Health Serv Res. Jul 07, 2021;21(1):666. [FREE Full text] [doi: 10.1186/s12913-021-06637-4] [Medline: 34229686]
Awano N, OyamaN, Akiyama K, Inomata M, Kuse N, Tone M, et al. Anxiety, depression, and resilience of healthcare
workers in Japan during the coronavirus disease 2019 outbreak. Intern Med. 2020;59(21):2693-2699. [FREE Full text]
[doi: 10.2169/internalmedicine.5694-20] [Medline: 33132305]

Gross JJ. Emotion regulation: current status and future prospects. Psychol Ing. Mar 09, 2015;26(1):1-26. [doi:
10.1080/1047840X.2014.940781]

VarmaP, Junge M, Meaklim H, Jackson ML. Younger people are more vulnerable to stress, anxiety and depression during
COVID-19 pandemic: aglobal cross-sectional survey. Prog Neuropsychopharmacol Biol Psychiatry. Jul 13, 2021;109:110236.
[FREE Full text] [doi: 10.1016/].pnpbp.2020.110236] [Medline: 33373680]

Ingram C, Downey V, Roe M, Chen Y, Archibald M, Kallas KA, et al. COVID-19 prevention and control measuresin
workplace settings: arapid review and meta-analysis. Int J Environ Res Public Health. Jul 24, 2021;18(15):7847. [FREE
Full text] [doi: 10.3390/ijerph18157847] [Medline: 34360142]

Denton J, EvansD, Xu Q. Older nursesand midwivesin theworkplace: ascoping review. Collegian. Apr 2021;28(2):222-229.
[doi: 10.1016/j.colegn.2020.06.004]

Markowski M, Cleaver K, Weldon SM. An integrative review of the factorsinfluencing older nurses timing of retirement.
JAdv Nurs. Sep 2020;76(9):2266-2285. [doi: 10.1111/jan.14442] [Medline: 32500926]

Montayre J, Knaggs G, Harris C, Li W, Tang LM, de Almeida Neto A, et al. What interventions and programmes are
available to support older nursesin the workplace? aliterature review of available evidence. Int J Nurs Stud. Mar
2023;139:104446. [FREE Full text] [doi: 10.1016/j.ijnurstu.2023.104446] [Medline: 36746012]

https://www.jmir.org/2024/1/e49450 JMed Internet Res 2024 | vol. 26 | e49450 | p. 14

(page number not for citation purposes)


http://dx.doi.org/10.1061/(asce)me.1943-5479.0000660
http://dx.doi.org/10.1016/j.autcon.2022.104169
http://dx.doi.org/10.1061/9780784481264.060
http://dx.doi.org/10.1108/BEPAM-04-2018-0074
http://dx.doi.org/10.1016/j.colegn.2013.09.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25109209&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/1460458213476969?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/1460458213476969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24550564&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-016-1691-0
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-016-1691-0
http://dx.doi.org/10.1186/s12913-016-1691-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27562728&dopt=Abstract
http://dx.doi.org/10.1111/jan.12935
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26861572&dopt=Abstract
http://dx.doi.org/10.1016/j.colegn.2014.03.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25109206&dopt=Abstract
https://www.jmir.org/2021/10/e30217/
https://www.jmir.org/2021/10/e30217/
http://dx.doi.org/10.2196/30217
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34550899&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph19116895
http://dx.doi.org/10.3390/ijerph19116895
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35682477&dopt=Abstract
https://europepmc.org/abstract/MED/32507115
http://dx.doi.org/10.1017/ice.2020.280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32507115&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0929-6646(21)00045-0
http://dx.doi.org/10.1016/j.jfma.2021.01.023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33581962&dopt=Abstract
http://dx.doi.org/10.1001/jama.2020.3972
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32163102&dopt=Abstract
https://bmchealthservres.biomedcentral.com/articles/10.1186/s12913-021-06637-4
http://dx.doi.org/10.1186/s12913-021-06637-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34229686&dopt=Abstract
https://dx.doi.org/10.2169/internalmedicine.5694-20
http://dx.doi.org/10.2169/internalmedicine.5694-20
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33132305&dopt=Abstract
http://dx.doi.org/10.1080/1047840X.2014.940781
https://europepmc.org/abstract/MED/33373680
http://dx.doi.org/10.1016/j.pnpbp.2020.110236
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33373680&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph18157847
https://www.mdpi.com/resolver?pii=ijerph18157847
http://dx.doi.org/10.3390/ijerph18157847
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34360142&dopt=Abstract
http://dx.doi.org/10.1016/j.colegn.2020.06.004
http://dx.doi.org/10.1111/jan.14442
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32500926&dopt=Abstract
https://europepmc.org/abstract/MED/36746012
http://dx.doi.org/10.1016/j.ijnurstu.2023.104446
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36746012&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

31.
32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

Twitter usage statistics. Internet Live Stats. URL : https.//www.internetlivestats.com/twitter-statistics/ [accessed 2023-10-26]
Mature age hub. Department of Employment and Workplace Relations, Australian Government. URL : https://www.
dewr.gov.au/mature-age-hub [accessed 2023-10-27]

NLTK'slist of english stopwords. GitHub. URL: https://gist.github.com/sebl eier/554280 [accessed 2023-05-04]
Pennebaker JW, Boyd RL, Jordan K, Blackburn K. The development and psychometric properties of LIWC2015. University
of Texas at Austin. 2015. URL: https://repositories.lib.utexas.edu/server/api/core/bitstreams/
b0d26dcf-2391-4701-88d0-3cf50ebee697/content [accessed 2023-05-04]

Manning C, Surdeanu M, Bauer J, Finkel J, Bethard S, McClosky D. The Stanford CoreNLP natural language processing
toolkit. In: Proceedings of 52nd Annual Meeting of the Association for Computational Linguistics: System Demonstrations.
2014. Presented at: ACL 2014; June 22-27, 2014, Batimore, MD. [doi: 10.3115/v1/p14-5010]

Qi P, Zhang Y, Zhang Y, Bolton J, Manning CD. Stanza: a Python natural language processing toolkit for many human
languages. In: Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics: System
Demonstrations. 2020. Presented at: ACL 2020; July 5-10, 2020; Online. [doi: 10.18653/v1/2020.acl-demos.14]

Socher R, Perelygin A, Wu J, Chuang J, Manning CD, Ng A, et al. Recursive deep models for semantic compositionality
over a sentiment treebank. In: Proceedings of the 2013 Conference on Empirical Methodsin Natural Language Processing.
2013. Presented at: EMNLP 2013; October 18-21, 2013; Washington, DC.

Kiritchenko S, Zhu X, Mohammad SM. Sentiment analysis of short informal text. JArtif Intell Res. Aug 20, 2014;50:723-762.
[doi: 10.1613/jair.4272]

Brockmeyer T, Zimmermann J, Kulessa D, Hautzinger M, Bents H, Friederich HC, et al. Me, myself, and |: self-referent
word use asan indicator of self-focused attention in relation to depression and anxiety. Front Psychol. Oct 09, 2015;6:1564.
[FREE Full text] [doi: 10.3389/fpsyq.2015.01564] [Medline: 26500601]

Antoniou M, Estival D, Lam-Cassettari C, Li W, Dwyer A, Neto AA. Predicting mental health status in remote and rural
farming communities: computational analysis of text-based counseling. IMIR Form Res. Jun 21, 2022;6(6):€33036. [FREE
Full text] [doi: 10.2196/33036] [Medline: 35727623]

Job vacancies, Australia. Australian Bureau of Statistics. May 2022. URL: https://www.abs.gov.au/statistics/| abour/jobs/
job-vacancies-australia/may-2022 [accessed 2023-05-04]

Heyhoe J, Birks Y, Harrison R, O'Hara JK, Cracknell A, Lawton R. The role of emotion in patient safety: are we brave
enough to scratch beneath the surface? J R Soc Med. Feb 2016;109(2):52-58. [FREE Full text] [doi:
10.1177/0141076815620614] [Medline: 26682568]

Ojo A, Guntuku SC, Zheng M, Beidas RS, Ranney ML . How health care workerswield influence through Twitter hashtags:
retrospective cross-sectional study of the gun violence and COV1D-19 public health crises. IMIR Public Health Surveill.
Jan 06, 2021;7(1):e24562. [FREE Full text] [doi: 10.2196/24562] [Medline: 33315578]

Gillespie GL, Grubb PL, Brown K, Boesch MC, Ulrich DL. “Nurses eat their young” : anovel bullying educational program
for student nurses. J Nurse Educ Pract. 2017;7(7):11-21. [doi: 10.5430/jnep.v7n7pl1]

Kagan SH, Melendez-Torres GJ. Ageism in nursing. J Nurs Manag. Jul 2015;23(5):644-650. [doi: 10.1111/jonm.12191]
[Medline: 24238082]

Wilson DM, Errasti-Ibarrondo B, Low G. Where are we now in relation to determining the prevalence of ageismin this
era of escalating population ageing? Ageing Res Rev. May 2019;51:78-84. [doi: 10.1016/j.arr.2019.03.001] [Medline:
30858070]

TeferraBG, Borwein S, DeSouza DD, Simpson W, Rheault L, Rose J. Acoustic and linguistic features of impromptu speech
and their association with anxiety: validation study. IMIR Ment Health. Jul 08, 2022;9(7):e36828. [FREE Full text] [doi:
10.2196/36828] [Medline: 35802401]

Teferra BG, Rose J. Predicting generalized anxiety disorder from impromptu speech transcripts using context-aware
transformer-based neural networks: model evaluation study. IMIR Ment Health. Mar 28, 2023;10:e44325. [FREE Full text]
[doi: 10.2196/44325] [Medline: 36976636]

Loch AA, Lopes-RochaAC, AraA, Gondim JM, Cecchi GA, Corcoran CM, et a. Ethical implications of the use of language
analysistechnologiesfor thediagnosisand prediction of psychiatric disorders. IMIR Ment Health. Nov 01, 2022;9(11):e41014.
[FREE Full text] [doi: 10.2196/41014] [Medline: 36318266]

Effective risk communication for environment and health: a strategic report on recent trends, theories and concepts. World
Health Organization. Nov 21, 2021. URL : https.//www.who.int/europe/publications/i/item/
WHO-EURO-2021-4208-43967-61972 [accessed 2023-05-12]

Li W, Tang L, Montayre J, Harris C, West S, Antoniou M. Investigating health and wellbeing challenges facing an ageing
workforce in the construction and nursing industries: Twitter data set. Western Sydney University. 2023. URL : https:/
[research-data.westernsydney.edu.au/published/da3f70c07d1511eeabc4c9c26f8c077b/ [accessed 2024-05-21]

Abbreviations

LIWC: Linguistic Inquiry and Word Count
WHO: World Health Organization

https://www.jmir.org/2024/1/e49450 JMed Internet Res 2024 | vol. 26 | e49450 | p. 15

(page number not for citation purposes)


https://www.internetlivestats.com/twitter-statistics/
https://www.dewr.gov.au/mature-age-hub
https://www.dewr.gov.au/mature-age-hub
https://gist.github.com/sebleier/554280
https://repositories.lib.utexas.edu/server/api/core/bitstreams/b0d26dcf-2391-4701-88d0-3cf50ebee697/content
https://repositories.lib.utexas.edu/server/api/core/bitstreams/b0d26dcf-2391-4701-88d0-3cf50ebee697/content
http://dx.doi.org/10.3115/v1/p14-5010
http://dx.doi.org/10.18653/v1/2020.acl-demos.14
http://dx.doi.org/10.1613/jair.4272
https://europepmc.org/abstract/MED/26500601
http://dx.doi.org/10.3389/fpsyg.2015.01564
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26500601&dopt=Abstract
https://formative.jmir.org/2022/6/e33036/
https://formative.jmir.org/2022/6/e33036/
http://dx.doi.org/10.2196/33036
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35727623&dopt=Abstract
https://www.abs.gov.au/statistics/labour/jobs/job-vacancies-australia/may-2022
https://www.abs.gov.au/statistics/labour/jobs/job-vacancies-australia/may-2022
https://europepmc.org/abstract/MED/26682568
http://dx.doi.org/10.1177/0141076815620614
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26682568&dopt=Abstract
https://publichealth.jmir.org/2021/1/e24562/
http://dx.doi.org/10.2196/24562
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33315578&dopt=Abstract
http://dx.doi.org/10.5430/jnep.v7n7p11
http://dx.doi.org/10.1111/jonm.12191
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24238082&dopt=Abstract
http://dx.doi.org/10.1016/j.arr.2019.03.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30858070&dopt=Abstract
https://mental.jmir.org/2022/7/e36828/
http://dx.doi.org/10.2196/36828
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35802401&dopt=Abstract
https://mental.jmir.org/2023//e44325/
http://dx.doi.org/10.2196/44325
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36976636&dopt=Abstract
https://mental.jmir.org/2022/11/e41014/
http://dx.doi.org/10.2196/41014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36318266&dopt=Abstract
https://www.who.int/europe/publications/i/item/WHO-EURO-2021-4208-43967-61972
https://www.who.int/europe/publications/i/item/WHO-EURO-2021-4208-43967-61972
https://research-data.westernsydney.edu.au/published/da3f70c07d1511eea5c4c9c26f8c077b/
https://research-data.westernsydney.edu.au/published/da3f70c07d1511eea5c4c9c26f8c077b/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Lietd

Edited by A Mavragani; submitted 29.05.23; peer-reviewed by R Fang, Y Chen; commentsto author 18.10.23; revised version received
07.11.23; accepted 09.02.24; published 05.06.24

Please cite as:

Li W, Tang LM, Montayre J, Harris CB, West S, Antoniou M

Investigating Health and Well-Being Challenges Faced by an Aging Workforce in the Construction and Nursing Industries:
Computational Linguistic Analysis of Twitter Data

J Med Internet Res 2024;26:e49450

URL: https://mwww.jmir.org/2024/1/e49450

doi: 10.2196/49450

PMID:

©Weicong Li, Liyaning Maggie Tang, Jed Montayre, Celia B Harris, Sancia West, Mark Antoniou. Originally published in the
Journal of Medical Internet Research (https://www.jmir.org), 05.06.2024. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, alink to the original publication on https://www.jmir.org/,
aswell asthis copyright and license information must be included.

https://www.jmir.org/2024/1/e49450 JMed Internet Res 2024 | vol. 26 | e49450 | p. 16
(page number not for citation purposes)

RenderX


https://www.jmir.org/2024/1/e49450
http://dx.doi.org/10.2196/49450
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

