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Abstract

Background: As the global population ages, concerns about older drivers are intensifying. Although older drivers are not
inherently more dangerous than other age groups, traditional surveys in Japan reveal persistent negative sentiments toward them.
This discrepancy suggests the importance of analyzing discourse on social media, where public perceptions and societal attitudes
toward older drivers are actively shaped.

Objective: This study aims to quantify long-term public discourse on older drivers in Japan through Twitter, a leading social
media platform. The specific objectives are to: (1) examine the sentiments toward older drivers in tweets, (2) identify the textual
contents and topics discussed in the tweets, and (3) analyze how sentiments are associated with these textual contents.

M ethods: We collected Japanese tweet related to older drivers from 2010 to 2022. Each quarter, we (1) applied to the JLIWC
and JMFD dictionaries for sentiment analysis, (2) employed two-layer Non-negative Matrix Factorization for dynamic topic
modeling, and (3) applied logistic regression analyses to explore the relationships between sentiments and topics.

Results: We obtained 2,625,807 tweets from 1,052,976 unique users discussing older drivers. The number of tweets has steadily
increased, with a significant peak in 2016, 2019, and 2021, coinciding with high-profile traffic crashes. Sentiment anaysis
revedled a predominance of negative emotion (62.4%), anger (17.4%), anxiety (18.6%), and risk (58.2%). Topic modeling
identified 29 dynamic topics, including those related to driving licenses, traffic crashes, personal perspectives, and traffic issues.
The Crash events topic, which increased by 0.08% per quarter, showed a strong correlation with negative emotion (B = 23.39, P
<.001) andrisk (B = 24.1, P < .001).

Conclusions: This 13-year study quantified public discourse on older drivers using Twitter data, revealing a paradoxical increase
in negative sentiment and perceived risk, despite a decline in the actual crash rate among older drivers. These findings
underscore the importance of more accurate communication about the crashed caused by older drivers to mitigate undue
prejudice and avoid unnecessary disadvantages for them.
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Original Paper

Public Discourse Toward Older Drivers in Japan: Longitudinal
Analysis of Social Media Data from 2010 to 2022

Abstract

Background: As the global population ages, concerns about older drivers are intensifying. Although
older drivers are not inherently more dangerous than other age groups, traditional surveys in Japan
reveal persistent negative sentiments toward them. This discrepancy suggests the importance of
analyzing discourse on social media, where public perceptions and societal attitudes toward older
drivers are actively shaped.

Objective: This study aims to quantify long-term public discourse on older drivers in Japan through
Twitter, a leading social media platform. The specific objectives are to: (1) examine the sentiments
toward older drivers in tweets, (2) identify the textual contents and topics discussed in the tweets,
and (3) analyze how sentiments correlate with various variables.

Methods: We collected Japanese tweets related to older drivers from 2010 to 2022. Each quarter, we
(1) applied to the J-LIWC dictionary for sentiment analysis, (2) employed two-layer Non-negative
Matrix Factorization for dynamic topic modeling, and (3) applied correlation analyses to explore the
relationships of sentiments with crash rates, data counts, and topics.

Results: We obtained 2,625,807 tweets from 1,052,976 unique users discussing older drivers. The
number of tweets has steadily increased, with significant peaks in 2016, 2019, and 2021, coinciding
with high-profile traffic crashes. Sentiment analysis revealed a predominance of negative emotions
(62.4%), anger (17.4%), anxiety (18.6%), and risk (58.2%). Topic modeling identified 29 dynamic
topics, including those related to driving licenses, crash events, self-driving technology, and traffic
safety. The Crash events topic, which increased by 0.28% per year, showed a strong correlation with
negative emotion (r = 0.76, P < .001) and risk (r = 0.72, P < .001).

Conclusions: This 13-year study quantified public discourse on older drivers using Twitter data,
revealing a paradoxical increase in negative sentiment and perceived risk, despite a decline in the
actual crash rate among older drivers. These findings underscore the importance of reconsidering
licensing policies, promoting self-driving systems, and fostering a more balanced understanding to
mitigate undue prejudice and support continued safe mobility for older adults.

Keywords: older driver; older people; ageism; social media; Twitter; sentiment analysis; topic
modeling

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

Introduction

As the global population ages, concerns about older drivers are increasing. The share of the global
population aged 70 years or above is projected to rise from 6.4% in 2023 to 11.7% in 2050 [1]. Japan
is one of the most rapidly aging societies, with 23.6% of its population being 70 years or older in
2023. Concurrently, the proportion of driver’s license holders among older Japanese people is also
increasing, reaching 16.6% for those aged 70 years or more in 2023 [2]. In response to their decline
in physical and cognitive functions, as well as tragic traffic crashes involving them, the National
Police Agency of Japan has incrementally tightened licensing policies for them in 1998, 2002, 2009,
2017, and 2022 [3].

Research on older drivers’ traffic safety frequently examines their risk of traffic crashes, neurological
and physical impairments, and crash causes. A global meta-review [4] finds that older drivers have a
higher risk of crashes and injuries even when controlling for travel time or distance, partly because
they experience declines in vision, cognitive performance, reaction time, and physical ability, despite
their strong adherence to traffic laws. This makes older drivers a higher-risk group in traffic than
younger drivers, who are more likely to be involved in crashes due to law violations or careless
behavior. In addition to traffic crashes, studies have also discussed the effects of driving cessation,
such as increased depressive symptoms [5,6] and reduced quality of life [7]. In Japan, research on
older drivers is a relatively new field [8] and covers a range of topics, including dangerous driving
associated with dementia [9], qualitative surveys of older drivers and their families [10-12], and
discussions on licensing policies [13,14].

Although many studies highlight the risks associated with older drivers, they are not significantly
more dangerous than other age groups in Japan when considering both their at-fault crash rate and
the harm they cause to others. As shown in Figure 1, the at-fault crash rate (per 100,000 licensed
drivers) for car and motorcycle drivers aged 70 years or older was 384 in 2023, which was higher
than for those in middle age groups (30-59 years: 301, 60-69 years: 313), but lower than for those in
younger age groups (16-19 years: 1,025, 20-29 years: 497) [15]. Moreover, the rate among those
aged 70 years or older substantially decreased in the past decades from 874 in 2010 to 384 in 2023. It
is also noted that their at-fault fatal crashes tend to result in fewer fatalities for occupants of other
vehicles compared to fatal crashes caused by drivers in other age groups [16]. These statistics
demonstrate that the risk of traffic crashes and resultant injuries imposed by older drivers is not as
high as perceived, as driving failure frequencies do not significantly differ between age groups [4].

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]
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Figure 1: Traffic crash rates per 100,000 licensed drivers by year, categorized by age group (16-29,
30-59, 60-69, and 70 and above).

Despite the decreasing crash rate, negative sentiments towards older drivers are still persistent in
Japan. According to a survey by the National Police Agency, 85% of respondents (n=2,000, balanced
by age and sex) perceive older drivers as dangerous, and 80% believe that licensing for older drivers
should be revised [17]. Such sentiments are potentially influenced by media reports on older drivers
and their crashes as well as stereotypes about older people. Recent studies suggested negative tone
towards older drivers in news reports [18], the increase in newspaper articles about them [19] and
under-reported of their crashes killing themselves [20]. However, discourse regarding older drivers in
social media has not been explored despite widespread use of various social media platforms.

Today, social media plays various roles in formal and informal communication at individual to
organizational and societal levels. The number of social media users escalates globally [21], with
nearly 50% of Japan’s population uses Twitter (now X), a leading text-based social media platform
[22]. Social media not only facilitates access to a broad range of information but also serves as a
platform for public discussion, allowing individuals to express their views, opinions, and sentiments.
As the reliance on online health information also intensifies [23], research into health-related topics
on Twitter has expanded to include discussions on food security [24], type 1 diabetes [25], and
various aspects of COVID-19, such as mask-wearing [26], vaccines [27—-29], and the pandemic [30].
Consequently, applying text mining techniques, frequently employed to quantify the textual content
and sentiment of tweets in these fields, offers valuable insights to facilitate a direct interpretation of
societal discussions around health-related issues.

Given social media’s impacts on public opinions and policy-making, gaining insights on older
drivers and their crashes from social media—beyond conventional surveys [18, 31]—is crucial for
strategic planning of traffic safety. In this study, we aimed to (1) examine the sentiments toward
older drivers in tweets, (2) identify the textual contents and topics discussed in the tweets, and (3)
analyze how sentiments correlate with various variables. To achieve these goals, we conducted
sentiment analysis, topic modeling, and correlation analysis, using over 2.6 million tweets on older
drivers posted in the past 13 years.

Methods

Figure 2 illustrates the workflow of this study, covering data collection and processing, sentiment

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]
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analysis, topic modeling, and correlation analysis.
Crash rate
{Figure 1}
Collacting twests atout older drivers 5 Data count
using query between 2010 and 2022 (Figure 3}
Preprocessing twess.
inc ludinge wkinizing, lemmatizing and age eregaing
L
Santiment analysis Semtiment trend Caorrelation analysis
using J-LI'WC dictionary {Tahle 1, Figure 4) {Tahle 3)

L ¢ . . ,

) Topic modding Topic trend
‘ using two layers of NMF {Table 2, Figure 5)

Figure 2: Diagram of the study workflow. Tweets are collected and preprocessed, followed by
sentiment analysis, topic modeling, and correlation analysis. Each figure and table number
corresponds to the main text.

Data Collection and Processing

We collected tweets about older drivers posted between January 1, 2010 and December 31, 2022,
using the Twitter API (Application Programming Interface) v2 [21] with Japanese keywords of “(00
OR [O0) AND (OO0 OR Q0O00O0O0)”, or literally, “(old age OR older people) AND (driving OR driver)”.
To ensure the relevance of collected tweets, we examined the contents in a random sample of 1,000
tweets and determined that 967 tweets pertained to older drivers or their transportation issues.

As part of text preprocessing, we removed symbols, emojis [33], URLs, and hashtags (#...), and
normalized characters by converting them to lowercase and half-width forms. Tweets were then
tokenized into words using MeCab with the mecab-ipadic dictionary [34], with stopwords removed
(see Multimedia Appendix 1, “S1. Stopwords List”) and verbs and adjectives lemmatized.
Additionally, we consolidated tweets from the same user within the same quarter by merging their
tokenized word lists into single documents. This approach reduces individual biases, enables
dynamic trend analysis by quarter, and improves topic modeling accuracy by processing aggregated
and extended textual content [35]. After pooling tweets by user and quarter, we removed words with
an occurrence rate of less than 0.1% per quarter, resulting in 9,287 unique words. Hereafter, we refer
to the collection of quarterly tweets aggregated by each user as a “document.”

Sentiment Analysis

To clarify the Twitter users' feelings toward older drivers, we first conducted sentiment analysis
using the Japanese version of the Linguistic Inquiry and Word Count Dictionary (J-LIWC) [36].
Sentiment analysis quantifies the sentiment expressed in documents, utilizing techniques ranging
from word-based and context-based methods to deep-learning approaches. We adopted a word-based
method for its interpretability and consistency with topic modeling, specifically using J-LIWC,
which is psychologically validated and reliable in both English and Japanese.

The J-LIWC includes 69 categories in four broad categories: “psychological processes” (37

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]
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categories), “linguistic processes” (14 categories), “punctuation” (12 categories) and “other
grammar” (6 categories). For this study, we used the “psychological processes” of the J-LIWC,
aligning with our research objectives. The “psychological processes” consists of 10 subcategories,
namely “affective processes,” “negative emotions,” “social processes,” “cognitive processes,”
“perceptual processes,” “biological processes,” “drives,” “relativity,” “personal concerns,” and
“informal language,” and under these subcategories, there are several further subcategories, as shown
in Table 1. The further subcategories of the J-LIWC are hereinafter referred to as “sentiments” and
shown in Italics.

» (13 » 13

» (13

Topic Modeling

Next, we employed two layers of Non-negative Matrix Factorization (NMF) [37], a form of dynamic
topic modeling. Topic modeling aims to extract latent textual data and generate topic distributions
categorized as “static” (ignoring time) and “dynamic” (incorporating temporal variation) [38,39].
While many previous studies utilize Latent Dirichlet Allocation (LDA) [40], it does not account for
temporal trends, thus unsuitable for longitudinal studies. Several types of dynamic topic models are
available such as Dynamic Topic Model (DTM) [41], which is an extended version of LDA, two
layers of NMF [36], and BERTopic [42]. DTM and two layers of NMF rely on a bag-of-words
approach, whereas BERTopic utilize word embeddings. This study opted for two layers of NMF as it
provides a richer set of top words, higher coherence scores, faster performance than DTM, and,
compared to BERTopic, offers objective evaluation metrics, enables topic distribution generation for
each document, and eliminates the need for labor-intensive testing [37, 43].

Two layers of NMF is a method for extracting dynamic topic distributions by applying a two-stage
NMEF, an unsupervised dimensionality reduction technique that decomposes data into non-negative
factors. In the first stage, document-term matrix A, for each time unit (quarter) t undergoes NMF,
producing a “window topic,” which represents topic distributions within each time unit. In the
second stage, all “window topic”-term matrix B (a combination of all A,) are further decomposed via
NME, resulting in “dynamic topic,” which incorporate temporal changes.

Following the previous study [37], we determined the optimal number of dynamic topics by testing a
range between 25 and 90, selecting the one with the highest TC-W2V coherence score [44]. TC-
W2V score is defined as the mean pairwise cosine similarity between term vectors embedded using
the word2vec model [45]. In this study, we employed the Japanese Social Media Corpus [46] as a
large-scale word2vec model, trained on approximately two million Japanese words from social
media and web sources (Multimedia Appendix 1, “S3. Topic Modeling Details™).

Statistical Tests

In each section, we employ simple linear regression to analyze temporal trends in data counts,
sentiments, and topics. The simple linear regression model is expressed as follows:
Y =B+, X +e,

where Y, represents the dependent variable (e.g., tweet count at quarter t) and X, denotes the
independent variable (e.g., quarter t). The coefficient f, indicates the rate of change, while the
intercept P, represents the baseline value when X, is zero. The term ¢ accounts for random
fluctuations not explained by the model. For this analysis, we use the actual data count, the
proportion of documents containing a given sentiment, and the mean topic proportion per time unit.

Additionally, we examine the correlation between sentiments and traffic crash rates, data counts, and
topics using Pearson’s correlation analysis. The correlation coefficient (r) is computed as follows:

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]
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r= Z(X[—X)(Yt—i])
VX (X=X (Y -7 )

where X, (e.g., negative emotions at quarter t) and Y, (e.g. tweet count at quarter t) represent the
paired values of the independent and dependent variables, respectively, and ¥ and Y denote their
mean values. A positive r indicates a positive correlation, while a negative r suggests an inverse
relationship.

To quantify the proportion of variance explained, we also compute the coefficient of determination
(R for regression models and the squared correlation coefficient (r°) for correlation analysis.
Significance levels are calculated under the null hypotheses of ;=0 for linear regression and r=0
for correlation analysis.

Ethics Statement

This study did not require an institutional review board approval because it is an observational study
that used only publicly accessible data and reported aggregate results with no personal identifiers. To
maintain privacy and confidentiality, all personal identifiers were removed during data processing.
Transparency was maintained throughout the study, with clear communication of its purpose,
methods, and findings.

Results
Summary of Tweet Counts and Users

Our dataset contained 2,625,807 tweets from 1,052,976 unique users, comprising original tweets
(29.2%), retweets (63.9%), replies (6.5%), and quoted tweets (0.3%). To analyze primary opinions or
original tweets, we excluded retweets and eliminated referenced text from quoted tweets and replies.
Figure 3 illustrates the quarterly counts of original tweets and unique users discussing older drivers
over a 13-year period. There has been a consistent presence of tweets and users, with a moderate
increase over time. This trend is supported by linear regression (tweet count: f, = -3011.09, B, =
832.75, R? = 0.256, P < .001; user count: B, =-1325.86, , = 534.90, R = 0.238, P <.001).

Since 2016, the number of tweets per quarter has exceeded 10,000, rising to over 20,000 per quarter
from 2019 onward. The highest peak occurred in the fourth quarter of 2019 (approximately 162,000
tweets), driven by a crash on April 19, 2019, in Higashi-Ikebukuro, Tokyo, where an 87-year-old
man mistakenly stepped on the accelerator, killing a three-year-old child and her mother and injuring
nine others [47]. The second peak, in the fourth quarter of 2016 (approximately 67,000 tweets),
coincided with a series of crashes in Tochigi (November 10, 2016), Tokyo (November 12, 2016), and
Miyazaki (November 13, 2016), where older drivers struck and killed pedestrians, sparking active
public debate about older drivers [48]. Another significant peak in the fourth quarter of 2021
(approximately 60,000 tweets) followed a crash in Osaka, where an 89-year-old man mistakenly
stepped on the accelerator, resulting in pedestrian casualties [49]. Hereinafter, we plot black dotted
lines to indicate the three major tweet peaks in each figure.

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]
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Figure 3:
Tweet and user counts related to older drivers by quarter from 2010 to 2022. Black vertical dotted
lines indicate the three major tweet peaks.

Sentiments Toward Older drivers

After processing, our final dataset comprised 614,429 documents posted by 404,689 unique users.
Table 1 presents the proportion of documents containing words associated with sentiments in the
primary emotional subcategories (“affective processes” and “negative emotions”) as well as “drives.”

Across all quarters, negative emotions (62.4%) were more prevalent than positive emotions (35.4%)
in “affective processes.” Within the subcategory of “negative emotions,” anxiety (18.6%) and anger
(17.4%) were more frequent than sadness (3.8%). In “drives,” risk (58.2%) was the most frequently
observed sentiment. Sentiments in other categories, none of which exceeded an average proportion
of 50%, are presented in Multimedia Appendix 1, “S2. Sentiment analysis Details.” For instance,
family (10.6%) in “social processes,” insights (38.5%) in “cognitive processes,” and health (13.2%)
in “biological processes” were the most predominant sentiments in their respective categories.

Table 1. Proportion of documents containing words corresponding to 10 sentiments in the J-LIWC’s
“affective processes”, “negative emotions” and “drives” within 614,429 documents discussing older
drivers posted from 2010 to 2022. In addition to proportions, results of linear regression (the formula

Y,=By*+B, X, +¢,) are represented by P, f;, R’ and P-values.

Subcategor Proportio
y Sentiment n (%) B, B, R’ P value
Affective
processes
Positive
emotions 354 31.0 0.11 0.154 0.004
Negative
emotions 62.4 46.1 0.36 0.462 <.001
Negative Anxiety 18.6 14.0 0.12 0.395 <.001
emotions Anger 17.4 11.0 0.17 0.686 <.001
Sadness 3.8 1.7 0.05 0.230 <.001
Drives Affiliation 17.3 15.6 0.04 0.049 0.117

https://preprints.jmir.org/preprint/69321
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Achievement 29.3 21.7 0.18 0.416 <.001
Power 34.8 28.1 0.15 0.362 <.001
Reward 17.1 13.1 0.10 0.412 <.001
Risk 58.2 42.8 0.33 0.384 <.001

Temporal trends of sentiments are plotted in Figure 4, with the numeric results of linear regression
presented in Table 1. Regarding “affective processes”, while positive emotions shows a slight
increase (f; = 0.11, P = 0.004), negative emotions increased more prominently by 0.36% per quarter
(P < .001), rising from approximately 40% to 60%, with spikes aligning with the three previously
discussed data peaks, as indicated by black dotted lines. All sentiments in “negative emotions”
display an increasing trend, with anxiety (18.6%, B, = 0.12%, P < .001) and anger (17.4%, B, =
0.17%, P < .001) showing relatively strong upward trends compared to sadness (3.8%, B, = 0.05%,
P < .001). Regarding “drives”, risk remained consistently above 40% and showed a noticeable
increase over time (f; = 0.33%, P < .001) relative to other sentiments. Additional analyses can be
found in Multimedia Appendix 1, “S2. Sentiment Analysis Details” indicate that insights (42.5%, P,
= 0.25%, P < .001) and hear (14.2%, B, = 0.19%, P < .001) were relatively dominant and exhibited
increasing trends.

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]
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Figure 4:

J-LIWC quarterly trends in “affective processes”, “negative emotions” and “drives.” Black vertical
dotted lines indicate the three major tweet peaks as shown in Fig. 3.
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Topics about Older Drivers

Topic modeling with two layers of NMF identified 29 dynamic topics that achieved the highest
coherence score of 0.22 in an experiment varying the number of topics between 25 and 90
(Multimedia Appendix 1, “S3.1 Setting of Two Layers of NMF”).

We further selected 16 topics that constituted at least 3.5% of all documents on average, naming
them based on the top-weighted words and representative original tweets for each topic, with topic
names shown in Italics. Finally, we selected nine topics where the R* value exceeded 0.1 in simple
linear regression, represented by a red dashed line, as shown in Table 2. The details of all 16 topics,
including typical tweets (in both Japanese and English), as well as the regression results for the seven
topics whose R? did not exceed 0.1, are provided in the Multimedia Appendix, “S3.2 Results of Two
Layers of NMF”.

The most prevalent topics were License surrender (7.0%) and Crash events (5.8%), followed by
Traffic safety, Ikebukuro incident, Self-driving technology, License renewal, Discussing senior
driving, and Driving errors. Other topics include Thoughts on older drivers, Prevalent older drivers
and News media (Multimedia Appendix 1. “S3. Topic Modeling Details”).

Table 2. Description of nine topics, including topic names, top 10 weighted words, proportions, and
results of linear regression (the formula Y,=p+p, X +€,).

Topic name Top 10 weighted words Pro?(;)r)tlon 6, B, R? P value
Topic 1: return license voluntary 7.04 | 4.37| 0.08| 0.278 <.001
License revoke system forcefully
surrender surrender certificate

revocation discount
Topic 2: crash cause increase traffic 576 | 2.73| 0.07| 0.358 <.001
Crash events report  death  decrease

frequent occur prevention
Topic 5: traffic ~ safety = campaign 4.09| 6.13| -0.05| 0.123 0.011
Traffic safety | prevention bicycle drinking

nationwide walking public

child
Topic 6: runaway lkebukuro Tokyo 398| -0.1| 0.09| 0.343 <.001
Ikebukuro NHK  defendant  crash
incident bereaved family memorial®
Topic 7: self-driving  social Japan 3.94| 195| 0.05| 0.151 0.004
Self-driving technology necessary safety
technology soon experiment

popularization development
Topic 8: issue social consider life 3.90| 1.57| 0.05| 0.294 <.001
Social issues rural  solution necessary

difficult traffic local
Topic 9: renewal license course take 3.83| 5.83]|-0.05| 0.126 0.01
License exam test center excellent
renewal Emperor Kobe
Topic 10: say bad hear go oneself 3.83 1.3 ] 0.07 | 0.402 <.001
Discussing come same can young
senior driving | complain
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Topic 14: brake  accelerator  step 3.54| 223| 0.04| 0.199 <.001
Driving errors | mistake wrong pedal crash
parking MT operation

“ We masked the frequently mentioned name of the individual involved in this crash to consider
ethical concerns.

Figure 5 illustrates the temporal trends of topic proportions for nine topics with a red dashed line,
representing the simple linear regression result for each topic. The proportions of topics 1 (License
surrender, B, = 0.08, P <.001), 2 (Crash event, , = 0.07, P <.001), 6 (Ikebukuro incident, p, = 0.09,
P <.001), 8 (Social issues, p; = 0.05, P <.001), 10 (Discussing senior driving, p; = 0.07, P <.001)
and 14 (Driving errors, B, = 0.04, P <.001) show consistent increases over time. Notably, topic 1
peaks in 2016, when measures to promote license surrender in rural areas gained attention. Topics 2
and 8 correspond to tweet count peaks, while topic 6 coincides specifically with the fourth quarter of
2019 subsequent periods. Although less pronounced, topic 7 (Self-driving technology, B, = 0.05, P
=.004) also exhibit an increasing trend, whereas topics 5 (Trdffic safety, B, = -0.05, P = .011) and 9
(License renewal, B, = -0.05, P = .001) are declining. Additional analysis can be found in
Multimedia Appendix 1, “S3. Topic Modeling Details”). Notably, News media exhibits peaks in the
fourth quarter of 2016, reflecting unique characteristics not captured by simple linear regression.

Topicl: License surrender Topic 2: Crash events Topic 5: Traffic safety
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Figure 5:
Temporal trends of nine topic mean proportions, shown as solid blue lines, with red dashed lines

representing regression lines. Gray shaded areas represent 95% confidence intervals for the
regression lines. Black vertical dotted lines indicate the three major tweet peaks as shown in Fig. 3.

Correlation Analysis on Sentiments

Table 3 presents the results of the correlation analysis for positive emotions and negative emotions in
“affective processes”, risk in “drives” and anxiety, anger, and sadness in “negative emotions”, across
two crash rates, two data counts, and nine topics. While the correlation analysis for crash rates
among individuals aged over 70 and 80 is based on yearly data ( n=13 ) due to the limited availability
of statistical data [15], the other analyses are based on quarterly data (n=52).
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For the crash rate of individuals aged between 60 and 69, negative emotions (r =-0.80, P = .001) and
anxiety (r =-0.82, P = .001) exhibit strong negative correlations, similar to those observed for
individuals aged over 70. Reversely, anger exhibits the strongest negative correlation with the
youngest age group (16-29). Regarding the tweet count, negative emotions (r =0.68, P < .001), risk
(r =0.68, P < .001) and anger (r = 0.52, P<.001) exhibit moderate to strong positive correlations,
similar to the user count.

For topics, topics 2 (Crash events, r = 0.76, P < .001), 6 (Ikebukuro incident, r = 0.55, P < .001), 8
(Social issues, r = 0.51, P < .001) and 9 (License renewal, r = -0.50, P < .001) are significantly
correlated with negative emotions, similar to risk. Moreover, while positive emotions do not show
significant correlations with any topic, other sentiments are correlated with multiple topics: anxiety
with topics 2, 8, and 9; anger with topics 2, 6, 8, and 10 (Discussing senior driving); and sadness
with topic 6.

Table 3: Results of the correlation analysis for positive emotions, negative emotions, risk, anxiety,
anger, and sadness.

Variables Positive emotions Negative emotions Risk
r | | Pvalue r | ¥ [ Pvalue r | | Pvalue
Crash rate (n=13)
16-29 -0.747 | 0.559 | 0.003 |-0.750 | 0.563 | 0.003 |-0.702 | 0.493 | 0.007
30-59 -0.714 | 0.510 | 0.006 | -0.784 | 0.615 | 0.002 | -0.739 | 0.546 | 0.004
60-69 -0.687 | 0.473 | 0.009 [-0.799 | 0.638 | 0.001 |-0.754| 0.568 | 0.003
Over 70 -0.712 | 0.507 | 0.006 | -0.787 | 0.619 | 0.001 | -0.744 | 0.554 | 0.004

Data count (n=52)
Tweet count | 0.317 | 0.101 | 0.022 | 0.683 | 0.466 | <.001 | 0.677 | 0.459 | <.001
User count | 0.311 | 0.097 | 0.025 | 0.674 | 0.454 | <.001 | 0.671 | 0.45 <.001
Topic (n=52)

Topic 1 0.039 | 0.002 | 0.782 | 0.396 | 0.157 | 0.004 | 0.364 | 0.132 | 0.008
Topic 2 0.173 | 0.030 0.22 0.761 | 0.579 | <001 | 0.719 | 0.517 | <.001
Topic 5 -0.037 | 0.001 | 0.793 | -0.173 | 0.03 0.22 |-0.111 | 0.012 | 0.432
Topic 6 0.425 | 0.180 | 0.002 | 0.546 | 0.298 | <.001 | 0.554 | 0.306 | <.001
Topic 7 0.003 | 0.000 | 0.984 | 0.351 | 0.123 | 0.011 | 0.381 | 0.146 | 0.005
Topic 8 0.27 |1 0.073 | 0.053 | 0.714 | 0.51 <.001 | 0.693 | 0.48 <.001
Topic 9 0.217 | 0.047 | 0.122 | -0.496 | 0.246 | <.001 |-0.526 | 0.277 | <.001

Topic 10 0.264 | 0.069 | 0.059 | 0.425 | 0.181 | 0.002 | 0.365 | 0.133 | 0.008
Topic 14 0.177 | 0.031 0.21 0.43 | 0.185 | 0.001 0.41 | 0.168 | 0.003

Variables Anxiety Anger Sadness
r | R* | Pvalue r | R | Pvalue r | R | Pvalue
Crash rate (n=13)
16-29 -0.754 | 0.568 | 0.003 | -0.938 | 0.881 | <.001 |-0.742 | 0.550 | 0.004
30-59 -0.795 | 0.631 | 0.001 | -0.925| 0.856 | <.001 | -0.744 | 0.554 | 0.004
60-69 -0.818 | 0.669 | <.001 |-0.913| 0.833 | <.001 |-0.743| 0.551 | 0.004
Over 70 -0.788 | 0.620 | 0.001 | -0.920 | 0.847 | <.001 |-0.735| 0.540 | 0.004

Data count (n=52)
Tweet count | 0.409 | 0.168 | 0.003 | 0.519 | 0.269 | <.001 | 0.442 | 0.196 | 0.001
User count | 0.407 | 0.166 | 0.003 | 0.516 | 0.266 | <.001 | 0.438 | 0.192 | 0.001
Topic (n=52)

Topic 1 | 0.419 | 0.175 | 0.002 | 0.297 | 0.088 | 0.033 | 0.158 | 0.025 | 0.263
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Topic 2 0.526 | 0.277 | <.001 | 0.548 0.3 <.001 0.38 | 0.144 | 0.005
Topic 5 -0.121 | 0.015 | 0.391 | -0.186| 0.035 | 0.186 |-0.132 | 0.017 0.35
Topic 6 0.375 | 0.141 | 0.006 | 0.677 | 0.459 | <.001 | 0.512 | 0.262 | <.001
Topic 7 0.291 | 0.085 | 0.036 | 0.235 | 0.055 | 0.094 | 0.000 | 0.000 | 0.998
Topic 8 0.497 | 0.247 | <.001 | 0.485 | 0.235 | <.001 | 0.396 | 0.157 | 0.004
Topic 9 -0.514 | 0.264 | <.001 | -0.386| 0.149 | 0.005 |-0.028 | 0.001 | 0.842
Topic 10 0.385 | 0.148 | 0.005 | 0.682 | 0.465 | <.001 | 0.287 | 0.082 | 0.039
Topic 14 0.246 | 0.061 | 0.079 | 0.258 | 0.066 | 0.065 | 0.366 | 0.134 | 0.008

Discussion
Principal Findings

In this study, we conducted a quantitative analysis of discourse regarding older drivers from 2010 to
2022 in Japan using Twitter. The number of tweets and users discussing older drivers has increased
since 2016, with peaks observed in 2016, 2019, and 2021. Sentiment analysis revealed that negative
emotions were more prevalent and increased over time compared to positive emotions. Additionally,
contexts related to anxiety, anger, and risk were prevalent and showed an upward trend. Topic
modeling identified themes primarily related to driving licenses, crash events, personal perspectives,
and traffic issues. Chronologically, despite decreasing trends in Traffic safety and License renewal,
topics such as Crash events and License surrender are increasing. Finally, correlation analysis
revealed that negative emotions were negatively correlated with crash rates among older drivers,
positively correlated with tweet counts, and positively associated with topics such as Crash events
and Ikebukuro incident.

This study quantified issues surrounding older drivers through Twitter, a leading social media
platform, contributing to advancements in research on public health and ageism. The function of
social media, such as posting and sharing tweets on any subject along with figures and URLs in
Twitter, enable to prompt the swift dissemination of information [50] and derive population-level
inferences. These have fostered new fields in public health sectors such as infoveillance [51], digital
epidemiology [52], and digital disease detection [53]. They also led to an increase in health-related
studies in Japan including hospitals [54], disease information [55], and eHealth literacy [56]. In
addition to public health, the issue of older drivers has the aspects of ageism, which encompasses our
thoughts (stereotypes), emotions (prejudice), and behaviors (discrimination) towards others based on
age [57]. Ageism toward older people is especially high [58] and can adversely affect physical and
mental health, such as reduced cognitive function [59], shorter life expectancy [60], deteriorated
mental health [61], and increased isolation [62], prompting initiatives to counteract it [63]. Research
on ageism is seen across multiple domains including health research [64], mental health services
[65], long-term care facilities [66,67], workplaces [68,69], and media representations [70-72], with
recent Twitter-based approaches employing thematic [73-77], descriptive [76,77], computational
modeling [78,79], and quantitative text analyses [80-83]. This study, therefore, addresses issue
surrounding older drivers from both public health and ageism perspectives, contributing insights
toward mitigating these challenges.

An abrupt increase in tweet counts sporadically observed over time is likely attributable to high-
profile crashes caused by older drivers. The highest peak in the second quarter of 2019
corresponding to topic 6 (Ikebukuro incident) coincided with a crash that occurred in Higashi-
Ikebukuro, Tokyo, drawing significant media and online attentions for several months due to
widespread sadness and anger toward the man, leading to the highest recorded number of driver’s
license surrenders in 2019 [2]. The peak in the fourth quarter of 2016, associated with topic 8 (Social
issues) and topic 11 (News media) coincided with a series of crashes, and the peak in the fourth
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quarter of 2021, followed by a crash in Osaka, leads to an increase in tweets related to topic 2 (Crash
events) and topic 14 (Driving errors).

Regarding sentiments, all three peaks coincided with peaks in negative emotions and risk, with
average proportions remaining somewhat higher after the peaks than before, while positive emotions
were less relevant. Thus, the data peaks of tweets about older drivers are largely facilitated by
contexts of negative and risks, supported by the trends in their specific crashes aggregated by topics.

The detected topics help us understand how society forms opinions and perceptions toward older
drivers in the long run. Among the 16 topics accounting for over 3.5%, we identified seven
increasing topics and two decreasing topics. Driving licenses are discussed in both topics 1 and 9,
with public discourse increasingly focusing on license surrender (topic 1 is rising) rather than
renewal (topic 9 is declining), suggesting a social shift toward discouraging older adults from driving
and a potential impact on the number of license surrenders [2]. Topic 2 (Crash events), including
tweets like such as “It seems that crashes involving older drivers are occurring frequently” and “Let’s
prevent crashes involving older drivers,” reflects general discussions about such events, often
triggered by specific incidents, as seen in data peaks in 2016 and 2019. In contrast, topic 6
(Ikebukuro incident) includes a summary of the Ikebukuro incident and the perpetrator [47], showing
a notable increase in 2019, and topic 14 (Driving errors) highlights that crashes caused by older
drivers often occur due to physical or operational limitations, as shown in meta-review [4]. Over the
data collection period, topic proportions shifted from topic 5 (Traffic safety; prominent until 2015)
and topic 7 (Self-driving technology; high between 2013 and 2019) to topics 8 (Social issues) and 10
(Discussing senior driving), both of which have recently increased. These topics express concerns
about older drivers from societal (topic 8) and family (topic 10) perspectives. Other recurring topics
include Thoughts on older drivers, Prevalent older drivers, and News media, which consistently
appear in this discourse. Notably, topic 11 (News media), which includes references to major media
outlets, showed a high proportion between 2016 and 2017, suggesting a potential media
overemphasis on older-related issues. (Example tweets for these and other topics not discussed in the
main text are provided in Multimedia Appendix 1. “S3. Topic Modeling Details”).

Our analysis clarifies the sentiments in public discourse and their correlations, particularly negative
emotion, anxiety, anger, and risk, which have shown a persistent and increasing trend over time. The
proportion of documents expressing negative emotions rose from approximately 40% to 60%,
accounting for an increase of 1.4% per year. This trend is strongly positively correlated with data
count and with topics 2 (Crash events), 6 (Ikebukuro incident), and 8 (Social issues). In contrast,
negative emotions are most significantly and strongly negatively correlated with the crash rates of
older adults (aged 60s and 70+) (P = 0.001), although similar trends are also observed in other age
groups. These suggest that negative perceptions toward older drivers arise from heightened attention
to their crash events and recognition of the issue as a social problem. Similar to negative emotions,
the sentiment of risk increased from 40% to 60% (1.3% per year), with peaks around 70% in 2016
and 2019. This indicates that public perception includes not only negativity toward older drivers but
also a sense of danger regarding their driving. Within “negative emotions,” anxiety and anger, each
accounting for approximately 20%, are more prevalent than sadness. Although they do not show
sharp peaks, both have steadily increased over time. While their correlation patterns are similar to
those of negative emotions, stronger correlations are observed: the negative correlation between
anxiety and topic 9 (License renewal) suggests decreasing focus on continued driving, while the
positive correlation between anger and topic 10 (Discussing senior driving) indicates emotional
overrepresentation of older drivers in discourse. Positive emotions show no significant correlation
with any of the variables. Sadness, however, is correlated with topic 6 (Ikebukuro incident),
suggesting compassion for the mother and child who were victims in the incident. Overall, driving
by older people is increasingly perceived as negative and risk, and this perception is influenced by
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strong negative emotions such as anxiety and anger, which amplify public discourse on the topic
despite a declining trend in their actual crash rates.

Finally, we present our perspectives. First, negative stereotypes and prevailing public sentiment
toward older drivers may influence licensing policies [3]. Our analysis reveals contrasting trends
between topics related to license renewal and license surrender, suggesting a shift in public
perception toward encouraging older individuals to stop driving. However, this shift tends to
overlook the potential adverse effects of driving cessation, as noted in previous studies [5-7].
Although analysis of the relationship between public discourse and licensing policies remains
limited, it is essential to reconsider current policies that may discourage older people from driving—
such as overly strict licensing requirements [4,5] and campaigns promoting license surrender [2]—in
favor of approaches that both reduce traffic crashes and ensure their safety.

Second, the disproportionate public attention given to traffic crashes involving older drivers is a
significant concern. Although the anger directed at tragic crashes involving older drivers is
understandable, many older individuals follow traffic laws and drive responsibly [4], therefore it is
unfair that the entire older population faces negative consequences as a result. To address this, it is
necessary to implement risk-based licensing policies that focus on high-risk individuals, as well as to
promote autonomous driving technologies and infrastructure that support continued safe mobility for
older adults.

Third, public debate following crashes involving older drivers often centers on specific high-profile
incidents rather than on the overall frequency or statistical context of such crashes. This may be
partly due to media tendencies to sensationalize older driver involvement, as seen in the temporary
increase in topic 11 (News Media). Media use influences the formation and stability of public
opinion clusters [84] and can contribute to heightened public anxiety during periods of uncertainty,
such as pandemics [85]. Providing the public with a more accurate and balanced understanding of
older drivers—including countering media-driven bias—is crucial to fostering constructive
discourse. This may involve encouraging more responsible media reporting and promoting public
access to objective information on older driver safety.

In summary, this study offers a long-term analytical approach that integrates sentiment and textual
content, contributing to research on public discourse related to aging issues and, more broadly, public
health. Our findings enhance the understanding of societal perceptions and policy implications
surrounding older drivers in Japan and may inform future discussions on aging societies around the
world.

Limitations

Our study had several limitations. First, while Twitter is one of the most widely used social media
platforms in Japan [86], Twitter users do not necessarily represent the general population [87].
Moreover, Twitter provides access only to tweets from public accounts, deterring extreme or
controversial textual contents to be tweeted or we might have missed such tweets because past tweets
can be deleted. Further, display algorithms were modified around 2011 due to a rapid increase in
Twitter users, resulting in non-stationarities in the dataset. To mitigate such user biases, several
approaches have been proposed, including evaluating users based on the authenticity and bias of
their engagements [88], and accounting for population demographics and word ambiguity [89].

Second, while the keyword (“(00 OR [J0J) AND (OO OR J0O000)” in Japanese) effectively targets
discussions about older drivers, there is still room for refinement. “[J[0” (driving) and “O0Q0000"
(driver) are the words related to driving, representing specifically on older driving by combing words

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

of “00" (denoting old age) or “[J[]” (denoting older people). Although adding “[J[J” (crash) was
considered, this word could collect data unrelated to crashes like falls in daily life, without words
related to driving. Other age-related words like “80 OO00000" (80-year-old drivers) or “[00]”
(grandfather) specify too detailed ages or familial relations, which are less general and more
restrictive, so we didn’t use them aligning with our research objectives. Additionally, we found that a
small portion (3.3%) of the sampled tweets were not related to older drivers but represented older
people in non-driving contexts such as riding the bus or being crash victims. Therefore, while the
data from this study appears to be sufficiently valid, there is a need to refine the keyword or explore
other methods to collect more accurate data on older drivers.

Third, our methods have room for improvement. Word-based approaches for sentiment analysis and
topic modeling offer valid and intuitive interpretations for emerging themes such as older driver-
related discourse, but they may not fully capture contextual nuances such as negations or compound
expressions. Although the J-LIWC dictionary covered 48.0% (4,458 out of 9,287) of the words used
in this study—indicating substantial coverage with room for refinement—our findings remain
persuasive, especially when compared to the Japanese version of the Moral Foundations Dictionary
(J-MFD) [90], which covers only 3.0% (275 words) (Multimedia Appendix 1, “S3. Sentiment
Analysis Details”). Moreover, the coherence score for the dynamic topic model was 0.22, lower than
the commonly accepted baseline of 0.36 [37]. This may be influenced by the linguistic characteristics
of Japanese and the use of a Japanese word2vec model. Finally, as correlation analysis does not
imply causation, more rigorous statistical testing is needed. Therefore, although our word-based
method using reliable dictionaries offers high interpretability, future work should explore alternative
methods—such as deep-learning-based sentiment analysis or BERTopic for topic modeling—and
incorporate techniques like supervised machine learning or community detection to gain deeper
insights [25,42,91,92].

Conclusions

Despite the actual decline in crash rates among older drivers, previous surveys in Japan reveal
persistent negative sentiments toward them, suggesting the need to understand discourse on social
media, which serves as a platform for public debate. To quantitatively assess public awareness, we
collected and analyzed tweets related to older drivers. The results revealed an increase in the number
of tweets from 2010 to 2022, with certain peaks aligning with heightened attention to crashes
involving older drivers. Negative emotions and risk consistently displayed high and rising levels,
primarily correlated with the topic of crash events. Moreover, there are diverse topics of related to
drivers’ licenses, crash events, and traffic safety. These imply unfair public recognition toward older
drivers, suggesting the need for reconsidering current license policies, promoting self-driving
systems, and facilitating accurate and balanced understanding, in order to provide continued safe
mobility for older adults.

Acknowledgements

This work was supported by the Japan Society for the Promotion of Science (JSPS) KAKENHI
Grant Numbers 23K21516, 23K28192.

Conflicts of Interest

None declared.

Abbreviations

None.

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

Multimedia Appendix 1

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

References

1.

2.

10.

11.

12.

13.

14.

15.

16.

17.

18.

United Nations. Population division world population prospects 2024: Download files. 2022.
URL: https://population.un.org/wpp/Download/Standard/Population/ [accessed 2024-08-18]
National Police Agency. Driver’s license statistics: 2024. 2024. URL: https://www.npa.go.jp/
publications/statistics/koutsuu/menkyo.html [accessed 2024-07-16]

National Police Agency. Report on measures against older drivers ’traffic crashes. 2020.
URL: https://www.npa.go.jp/koutsuu/kikaku/koureiunten/menkyoseido-bunkakai/prevention/
final report.pdf [accessed 2024-08-12]

Nguyen DUC-NGHIEM, Nguyen HOANG-TUNG, Kojima A, Kubota H. Traffic safety of
elderly road users: The global trend and the Japanese case. J Jpn Soc Civ Eng Ser D3
2016;72(5):1_1249-1_1264.

Marottoli RA, Mendes De Leon CF, Glass TA, Williams CS, Cooney LM Jr, Berkman LF,
Tinetti ME. Driving cessation and increased depressive symptoms: Prospective evidence
from the New Haven EPESE. J Am Geriatr Soc 1997;45(2):202—-206.

Chihuri S, Mielenz TJ, DiMaggio CJ, Betz ME, DiGuiseppi C, Jones VC, Li G. Driving
cessation and health outcomes in older adults. J Am Geriatr Soc 2016;64(2):332—-341.
Farquhar M. Elderly people's definitions of quality of life. Soc Sci Med 1995;41(10):1439—
1446.

Asahara K, Joichi Y, Tanimoto Y, Hikawa Y, Miyoshi Y. Trends and issues in research on
older adults' driving: A text mining analysis using KH Coder. J Yonago Med Assoc
2020;71(1-3):18-26.

Nakano T, Ogura Y, Yamasaki H, Yamada M. Assessment method of elderly cognitive
function while driving. IEEJ Trans Electron Inf Syst 2016;136(4):502-508. [DOI:
10.1541/ieejeiss.136.502]

Nakahira Y, Okuda M, Torii J. Perceptions of care managers and community welfare
volunteers on elderly drivers. Bull Ehime Pref Univ Health Sci 2011;8(1):19-25. URL:
https://cir.nii.ac.jp/crid/1520853834764493440

Asahara K, Joichi Y, Tanimoto Y, Hikawa Y, Miyoshi Y. Literature review of research trends
on older adult drivers in Japan from 2009 to 2019: Analysis by text mining. J Yonago Med
Assoc 2020;71:18-26.

Watanabe T, Fujikake K, Suzuki R. Survey on driving behavior of elderly drivers with
dementia from the perspective of caregiving families. J Jpn Med J 2009;4443:89-93. URL.:
https://cir.nii.ac.jp/crid/1522262178388046464

Ichikawa M, Inada H, Nakahara S. Effect of a cognitive test at license renewal for older
drivers on their crash risk in Japan. Inj Prev 2020;26(3):234-239.

Ichikawa M, Hirai N, Nakahara S. Increased traffic injuries among older unprotected road
users following the introduction of an age-based cognitive test to the driver's license renewal
procedure in Japan. Accid Anal Prev 2020;136:105440.

National Police Agency. Traffic accident statistics: Annual report 2023. 2023. URL:
https://www.npa.go.jp/publications/statistics/koutsuu/toukeihyo e.html [accessed 2024-07-
16]

Ichikawa M, Nakahara S, Taniguchi A. Older drivers’ risks of at-fault motor vehicle
collisions. Accid Anal Prev 2015;81:120-123. [Medline: 25980917] [DOI:
10.1016/j.aap.2015.05.004]

National Police Agency of Japan. Materials for the prevention measures for older drivers.
2019. URL: https://www.npa.go.jp/koutsuu/kikaku/koureiunten/menkyoseido-bunkakai/
prevention/5/haifusirvou-ichiran.html [accessed 2024-06-12]

Hoshi M. Is driving by the elderly dangerous? Economic Prism 2015;187:1-22 URL: https://
cir.nii.ac.jp/crid/1520010380785444992 [accessed 2024-07-17]

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.
33.

34.

Nemoto M, Taniguchi A. Qualitative analysis of newspaper of traffic safety for older drivers.
Proceedings of the 62nd Conference on Infrastructure Planning and Management of the
Japan  Society of Civil Engineers; Nov 2020; Nagano, Japan. URL:
http://library.jsce.or.jp/jsce/open/00039/202011 no62/62-29-01.pdf [accessed 2024-11-08]
Ichikawa M, Tanaka R, Nakanishi A, Sano Y. News coverage of older drivers’ fatal car
crashes: is it over-represented? J Epidemiol 2024;advpub:JE202402 [Medline: 39462539]
[DOI: 10.2188/jea.JE20240299]

Kemp S. Digital  2024: Global  overview report, 2024. URL:
https://datareportal.com/reports/digital-2024-global-overview-report [accessed: 2024-08-15]
World Population Review. Twitter users by country / X users by country 2024. 2024. URL:
https://worldpopulationreview.com/country-rankings/twitter-users-by-country [accessed:
2024-08-15].

Song H, Omori K, Kim J, Tenzek KE, Hawkins JM, Lin WY, Kim YC, Jung JY. Trusting
social media as a source of health information: Online surveys comparing the United States,
Korea, and Hong Kong. J Med Internet Res 2016;18(3):e25 [Medline: 26976273] [PMCID:
PM(C4810010] [DOI: 10.2196/jmir.4193]

Molenaar A, Lukose D, Brennan L, Jenkins EL, McCaffrey TA. Using natural language
processing to explore social media opinions on food security: Sentiment analysis and topic
modeling study. J Med Internet Res 2024;26:e47826 [Medline: 38512326] [PMCID:
PMC10995791] [DOI: 10.2196/47826]

Bedford-Petersen C, Weston SJ. Mapping individual differences on the internet: Case study
of the type 1 diabetes community. JMIR Diabetes 2021;6(4):e30756 [Medline: 34652277]
[PMCID: PMC8556640] [DOI: 10.2196/30756]

Xu WW, Tshimula JM, Dubé E, Graham JE, Greyson D, MacDonald NE, Meyer SB.
Unmasking the twitter discourses on masks during the covid-19 pandemic: User cluster-
based BERT topic modeling approach. JMIR Infodemiology 2022;2(2):e41198 [Medline:
36536763] [PMCID: PMC9749113] [DOI: 10.2196/41198]

Zhang J, Wang Y, Shi M, Wang X. Factors driving the popularity and virality of covid-19
vaccine discourse on Twitter: Text mining and data visualization study. JMIR Public Health
Surveill 2021;7(12):e32814 [Medline: 34665761] [PMCID: PMC8647971] [DOI:
10.2196/32814]

Boon-Itt S, Skunkan Y. Public perception of the COVID-19 pandemic on twitter: Sentiment
analysis and topic modeling study. JMIR Public Health Surveill 2020;6(4):e21978 [Medline:
33108310] [PMCID: PMC7661106] [DOI: 10.2196/21978]

Kobayashi R, Takedomi Y, Nakayama Y, Suda T, Uno T, Hashimoto T, Toyoda M, Yoshinaga
N, Kitsuregawa M, Rocha LEC. Evolution of public opinion on COVID-19 vaccination in
Japan: Large-scale Twitter data analysis. J Med Internet Res 2022;24(12):e41928 [Medline:
36343186] [PMCID: PM(C9856430] [DOI: 10.2196/41928]

Xue J, Chen J, Chen C, Zheng C, Li S. Public discourse and sentiment during the COVID-19
pandemic: Using Latent Dirichlet Allocation for topic modeling on Twitter. PLOS ONE
2020;15(9):e0239441.  [Medline:  32976519] [PMCID: PMC7518625] [DOI:
10.1371/journal.pone.0239441]

Japan Safe Driving Center. Showa 59th year research report: Study on the actual conditions
and awareness of elderly drivers. 1985. URL:
https://www.jsdc.or.jp/Portals/0/pdf/library/research/s59 1.pdf [accessed: 2024-07-18]
Twitter API. 2023. URL: http://apiwiki.twitter.com/ [accessed 2023-01-10]

kyokomi. Emoji, 2024. URL: https:/github.com/kyokomi/emoji?tab=readme-ov-file
[accessed: 2024-07-18]

Sato T. Neologism dictionary based on the language resources on the web for mecab, 2015.
URL: https://github.com/neologd/mecab-unidic-neologd [accessed: 2024-07-18].

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Hong L, Davison BD. Empirical study of topic modeling in Twitter. In Proceedings of the 1st
Workshop on Social Media Analytics; July 2010; Washington, DC, USA; p. 80-88 [doi:
10.1145/1964858.1964870]

Igarashi T, Okuda S, Sasahara K. Development of the Japanese version of the linguistic
inquiry and word count dictionary 2015. Front Psychol 2022;13:841534 [Medline:
35330723] [PMCID: PMC8940168] [DOI: 10.3389/fpsyg.2022.841534]

Greene D, Cross JP. Exploring the political agenda of the European parliament using a
dynamic topic modeling approach. Polit Anal 2017;25(1):77-94 [doi: 10.1017/pan.2016.7]
Blei DM. Probabilistic topic models. Commun ACM 2012;55(4):77-84 [doi:
10.1145/2133806.2133826]

Vayansky I, Kumar S. A review of topic modeling methods. Inf Syst 2020;94:101582 [doi:
10.1016/j.i5.2020.101582]

Blei DM, Ng AY, Jordan MI. Latent Dirichlet allocation. J Mach Learn Res 2003;3:993—
1022. [FREE Full Text: https://www.jmlr.org/papers/volume3/blei03a/blei03a.pdf]

Blei DM, Lafferty JD. Dynamic topic models. Proceedings of the 23rd International
Conference on Machine Learning; Jun 2006; Pittsburgh, PA; p. 113-120 [doi:
10.1145/1143844.1143859]

Grootendorst MR. BERTopic: Neural topic modeling with a class-based tf-idf procedure.
ArXiv. Preprint posted online on Mar 11, 2022. [doi: 10.48550/arXiv.2203.05794]

Egger R, Yu J. A topic modeling comparison between LDA, NMF, Top2Vec, and BERTopic
to demystify Twitter posts. Front Sociol 2022 [Medline: 35602001] [PMCID: PMC9120935]
[DOLI: 10.3389/fsoc.2022.886498]

O’ Callaghan D, Greene D, Carthy J, Cunningham P. An analysis of the coherence of
descriptors in topic modeling. Expert Syst Appl 2015;42(13):5645-5657 [doi:
10.1016/j.eswa.2015.02.055]

Tomas M. Efficient estimation of word representations in vector space. ArXiv. Preprint
posted online on Sep 7, 2013. [doi: 10.48550/arXiv.1301.3781]

Sakaki T, Mizuki S, Gunji N. BERT pre-trained model trained on large-scale Japanese social
media corpus, 2019. URL: https://github.com/hottolink/hottoSNS-bert [accessed: 2024-07-
18]

Asahi newspaper Digital. Older driver incident in Ikebukuro: 87-year-old driver hits 10
people, killing two including a young girl, 2019. URL:
https://www.asahi.com/articlessfASM4M46VCM4MUTIL.014.html [accessed 2024-08-13].
Transport Ministry of Land, Infrastructure and Japan Tourism. Fukuoka prefecture road
traffic environment safety promotion liaison committee 1st meeting: “Ansuiren seminar”,
2016. URL: https://www.gsr.mlit.go.jp/fukkoku/site files/file/iinkai kaigi/dourokoutuu/
161116shirvou.pdf [accessed 2024-08-13]

Asahi newspaper Digital. 89-year-old suspect: “It’s time to stop driving” - accidents
involving elderly drivers continue, 2021. URL:
https://www.asahi.com/articless/ASPCK6KS1PCKPTII.041.html [accessed 2024-08-13]
Kwak H, Lee C, Park H, Moon S. What is Twitter, a social network or a news media?
Proceedings of the 19th International Conference on World Wide Web; Apr 2010; North
Carolina, USA; p. 591-600. [doi: 10.1145/1772690.1772751]

Eysenbach G. Infodemiology and Infoveillance: Framework for an Emerging Set of Public
Health Informatics Methods to Analyze Search, Communication and Publication Behavior
on the Internet. J Med Internet Res 2009;11(1):el11 [Medline: 19329408] [PMCID:
PMC2762766] [DOI: 10.2196/jmir.1157]

Salathé M, Bengtsson L, Bodnar TJ, Brewer DD, Brownstein JS, Buckee C, Campbell EM,
Cattuto C, Khandelwal S, Mabry PL, Vespignani A. Digital Epidemiology. PLOS Comput
Biol 2012;8(7): e1002616. [Medline: 22844241] [PMCID: PMC3406005] [DOI:

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

10.1371/journal.pcbi.1002616]

Brownstein JS, Freifeld CC, Madoff LC. Digital disease detection--harnessing the Web for
public health surveillance. J Med 2009;21:360(21):2153-5, 2157. [Medline: 19423867]
[PMCID: PM(C2917042] [DOI: 10.1056/NEJMp0900702]

Sugawara Y, Murakami M, Narimatsu H. Use of social media by hospitals and clinics in
Japan: Descriptive study. JMIR Med Inform 2020;8(11):e18666 [doi: 10.2196/18666]
Mitsutake S, Takahashi Y, Otsuki A, Umezawa J, Yaguchi-Saito A, Saito J, Fujimori M,
Shimazu T, INFORM Study Group. Chronic diseases and sociodemographic characteristics
associated with online health information seeking and using social networking sites:
nationally representative cross-sectional survey in Japan. J Med Internet Res
2023;25:e44741 [Medline: 33245281] [PMCID: PMC7732712] [DOI: 10.2196/18666]
Mitsutake S, Oka K, Okan O, Dadaczynski K, Ishizaki T, Nakayama T, Takahashi Y. eHealth
Literacy and Web-Based Health Information—Seeking Behaviors on COVID-19 in Japan:
Internet-Based Mixed Methods Study. J Med Internet Res 2024;26:e57842 [Medline:
38990625] [PMCID: PMC11273073] [DOI: 10.2196/57842]

World  Health  Organization.  Global report on  ageism, 2021. URL:
https://www.who.int/publications/i/item/9789240016866 [accessed: 2024-07-18]

Officer A, Thiyagarajan JA, Schneiders ML, Nash P, de la Fuente-Nufiez V. Ageism, Healthy
Life Expectancy and Population Ageing: How Are They Related? Int J Environ Res Public
Health 2020;17(9):3159. [Medline: 32370093] [PMCID: PMC7246680] [DOI:
10.3390/ijerph17093159]

Lamont RA, Swift HJ, Abrams D. A review and meta-analysis of age-based stereotype
threat: Negative stereotypes, not facts, do the damage. Psychol Aging 2015;30(1):180-193
[Medline: 25621742] [PMCID: PMC4360754] [DOI: 10.1037/a0038586]

Levy BR, Slade MD, Kunkel SR, Kasl SV. Longevity increased by positive self-perceptions
of aging. J Pers Soc Psychol 2002;83:261 [Medline: 12150226] [DOI: 10.1037//0022-
3514.83.2.261]

Wurm S, Benyamini Y. Optimism buffers the detrimental effect of negative self-perceptions
of ageing on physical and mental health. Psychol Health 2014;29(7):832-848 [Medline:
24527737] [DOI: 10.1080/08870446.2014.891737]

Wethington E, Pillemer K, Principi A. Research in Social Gerontology: Social Exclusion of
Aging Adults. Social exclusion: Psychological approaches to understanding and reducing its
impact 2016;177-195 [doi: 10.1007/978-3-319-33033-4_9]

Officer A, de la Fuente-Nufiez V. A global campaign to combat ageism. Bull World Health
Organ 2018;96(4):295-296 [Medline: 29695887] [PMCID: PMC5872010] [DOI:
10.2471/BLT.17.202424]

Chang ES, Kannoth S, Levy S, Wang SY, Lee JE, Levy BR. Global reach of ageism on older
persons’ health: A systematic review. PLOS ONE 15(1): e0220857. [Medline: 31940338]
[PMCID: PMC6961830] [DOI: 10.1371/journal.pone.0220857]

Bodner E, Yuval P, Wyman MF. Ageism in mental health assessment and treatment of older
adults. Contemporary perspectives on ageism 2018;241-262 [doi: 10.1007/978-3-319-73820-
8]

Lagacé M, Tanguay A, Lavallée ML, Laplante J, Robichaud S. The silent impact of ageist
communication in long term care facilities: Elders’ perspectives on quality of life and coping
strategies. Journal of Aging Studies 2012;26(3):335-342 [doi: 10.1016/j.jaging.2012.03.002]
Band-Winterstein T. Health care provision for older persons: the interplay between ageism
and elder neglect. J Appl Gerontol 2015;34(3):Np113-Np127 [Medline: 24652870] [DOI:
10.1177/0733464812475308]

Bal AC, Reiss AE, Rudolph CW, Baltes BB. Examining positive and negative perceptions of
older workers: a meta-analysis. J Gerontol B Psychol Sci Soc Sci 2011;66(6):687—698

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

69.

70.

71.

72.

73.

74.

75

76.

77.

78.

79.

80.

81.

82.

83.

[Medline: 21719634 DOI: 10.1093/geronb/gbr056]

Kluge A, Krings F. Attitudes toward older workers and human resource practices. Swiss J
Psychol 2008;67(1):61-64 [doi: 10.1024/1421-0185.67.1.61]

Bai X. Images of ageing in society: A literature review. Population Ageing 2014;7:231-253
[doi: 10.1007/s12062-014-9103-x]

Loos E, Ivan L. Visual ageism in the media. Contemporary perspectives on ageism
2018;163-176. [doi: 10.1007/978-3-319-73820-8]

Sanchez-Roman M, Autric-Tamayo G, Fernandez-Mayoralas G, Rojo-Perez F, Agull6-Tomas
MS, Sanchez-Gonzalez D, Rodriguez-Rodriguez V. Social Image of Old Age, Gendered
Ageism and Inclusive Places: Older People in the Media. Int J Environ Res Public Health
2022;19(24):17031 [Medline: 36554910] [PMCID: PMC9778791] [DOLI:
10.3390/ijerph192417031]

Bacsu JD, Fraser S, Chasteen AL, Cammer A, Grewal KS, Bechard LE, Bethell J, Green S,
McGilton KS, Morgan D, O’Rourke HM, Poole L, Spiteri RJ, and O’Connell ME. Using
twitter to examine stigma against people with dementia during COVID-19: Infodemiology
study. JMIR Aging 2022;5(1):e35677 [Medline: 35290197] [PMCID: PMC9015751] [DOI:
10.2196/35677]

Daneshvar H, Anderson S, Williams R, and Mozaffar H. How can social media lead to co-
production (co-delivery) of new services for the elderly population? A qualitative study.
JMIR Hum Factors 2018;5(1):e5. [Medline: 29434014] [PMCID: PMC5826974] [DOI:
10.2196/humanfactors.7856]

. Jimenez-Sotomayor MR, Gomez-Moreno C, Soto-Perez-de-Celis E. Coronavirus, ageism,

and Twitter: An evaluation of tweets about older adults and COVID-19. J Am Geriatr Soc
2020;68(8):1661-1665  [Medline:  32338787] [PMCID: PMC7267430] [DOI:
10.1111/jgs.16508]

Xi W, Xu W, Zhang X, and Ayalon L. A thematic analysis of Weibo topics (Chinese Twitter
hashtags) regarding older adults during the COVID-19 outbreak. J Gerontol B Psychol Sci
Soc Sci 2021;76(7):e306—-e312 [Medline: 32882029] [PMCID: PMC7499682] [DOI:
10.1093/geronb/gbaal48]

Litchman ML, Snider C, Edelman LS, Wawrzynski SE, and Gee PM. Diabetes online
community user perceptions of successful aging with diabetes: Analysis of a #DSMA tweet
chat. JMIR Aging 2018;1(1):e10176 [Medline: 31518231] [PMCID: PMC6716433] [DOI:
10.2196/10176]

Fraser KC, Kiritchenko S, Nejadgholi I. Computational modeling of stereotype content in
text. Front Artif Intell 2022;5:826207 [Medline: 35514953] [PMCID: PMC9063736] [DOI:
10.3389/frai.2022.826207]

Fraser KC, Kiritchenko S, Nejadgholi I. Extracting age-related stereotypes from social media
texts. Proceedings of the 13th LREC; June 2022; Marseille, France; 3183-3194. [FREE Full
Text: https://aclanthology.org/2022.Irec-1.341/]

Kong D, Chen A, Zhang J, Xiang X, Lou WQV, Kwok T, Wu B. Public discourse and
sentiment toward dementia on Chinese social media: Machine learning analysis of Weibo
posts. J Med Internet Res 2022;24(9):e39805 [Medline: 36053565] [PMCID: PMC9482068]
[DOI: 10.2196/39805]

Ng R, Indran N. Role-based framing of older adults linked to decreased ageism over 210
years: Evidence from a 600-million-word historical corpus. Gerontologist 2022;62(4):589—
597 [Medline: 34323967] [PMCID: PMC9019650] [DOI: 10.1093/geront/gnab108]

Ng R, Indran N. #ProtectOurElders: Analysis of tweets about older Asian Americans and
anti-asian sentiments during the COVID-19 pandemic. J Med Internet Res 2024;26:e45864
[Medline: 38551624] [PMCID: PMC10984343] [DOI: 10.2196/45864]

Stracqualursi L, Agati P. Covid-19 vaccines in Italian public opinion: Identifying key issues

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

84.

85.

86.

87.

88.

89.

90.

91.

92.

using Twitter and natural language processing. PLOS ONE 2022;17(11):e0277394 [Medline:
36395254] [PMCID: PM(C9671418] [DOI: 10.1371/journal.pone.0277394]

Glogger I, Shehata A, Hopmann DN, Kruikemeier S. The world around us and the picture(s)
in our heads: The effects of news media use on belief organization. Commun Monogr
2022;90(2):159-180 [DOI: 10.1080/03637751.2022.2149830]

Greenhawt M, Kimball S, DunnGalvin A, et al. Media influence on anxiety, health utility,
and health beliefs early in the SARS-CoV-2 pandemic—a survey study. J Gen Intern Med
2021;36:1327-1337 [DOI: 10.1007/s11606-020-06554-y]

Ministry of Internal Affairs and Communications. Digital information flow in Japan, 2023.
URL: https://www.soumu.go.jp/main_content/000919817.pdf [accessed 2024-11-25]

Mellon J, Prosser C. Twitter and Facebook are not representative of the general population:
Political attitudes and demographics of British social media users. Res Politics 2017;4(3)
[doi: 10.1177/2053168017720008]

Uppada SK, Manasa K, Vidhathri B, et al. Novel approaches to fake news and fake account
detection in OSNs: user social engagement and visual content centric model. Soc Netw Anal
Min 2022;12:52 [DOI: 10.1007/s13278-022-00878-9]

Weeg C, Schwartz HA, Hill S, Merchant RM, Arango C, Ungar L. Using Twitter to measure
public discussion of diseases: a case study. JMIR Public Health Surveill 2015;1(1):e6
[Medline: 26925459] [PMCID: PMC4763717] [DOI: 10.2196/publichealth.3953]

Matsuo A, Sasahara K, Taguchi Y, Karasawa M. Development and validation of the Japanese
moral foundations dictionary. PLOS ONE 2019; 14(3):e0213343, 2019. [Medline:
30908489] [PMCID: PMC6433225] [DOI: 10.1371/journal.pone.0213343]

Wu Q, Sano Y, Takayasu H, Havlin S, Takayasu M. Social communities are associated with
changing individuals’ opinions towards COVID-19 vaccine on Japanese Twitter. Sci Rep
2025;15:11716 [PMCID: PMC11972375] [DOI: 10.1038/s41598-025-95595-6]

Sano Y, Hori A. 12-year observation of tweets about rubella in Japan: A retrospective
infodemiology study. PLOS ONE 2023;18(5):e0285101 [DOI:
10.1371/journal.pone.0285101]

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

Supplementary Files

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints Nakanishi et al

Figures

https://preprints.jmir.org/preprint/69321 [unpublished, peer-reviewed preprint]



JMIR Preprints

Nakanishi et a

Traffic crash rates per 100,000 licensed drivers by year, categorized by age group (16-29, 30-59, 6069, and 70 and above).
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Diagram of the study workflow. Tweets are collected and preprocessed, followed by sentiment analysis, topic modeling, and
correlation analysis. Each figure and table number corresponds to the main text.
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Tweet and user counts related to older drivers by quarter from 2010 to 2022. Black vertical dotted lines indicate the three major
tweet peaks.
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JLIWC quarterly trends in "affective processes’, "negative emotions' and "drives." Black vertical dotted lines indicate the

three major tweet peaks as shown in Fig. 3.
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Temporal trends of nine topic mean proportions, shown as solid blue lines, with red dashed lines representing regression lines.

Gray shaded areas represent 95% confidence intervals for the regression lines. Black vertical dotted linesindicate the three
major tweet peaks as shown in Fig. 3.
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