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Text as data: narrative mining of non-collision injury incidents 
on public buses by structural topic modeling 

Abstract 1 

Introduction: Although numerous studies have investigated collisions involving 2 
public buses, there has been inadequate research on passenger injuries caused by 3 
non-collision incidents on public buses. One major obstacle is that the manual 4 
extraction of thematic information from massive document repositories is 5 
exceedingly labor intensive, cumbersome, and inaccurate. Our study thereby 6 
illustrated how to automatically characterize non-collision injury incidents on 7 
public buses by fusing advanced language processing techniques and large-scale 8 
incident reports. 9 
Methods: Based on the 12,823 textural narratives recorded by police during 10 
2010−2019 in Hong Kong, the structural topic modeling was developed to uncover 11 
underlying themes, quantify topic prevalence, and portray complex 12 
interconnectedness. 13 
Results: Thirty-three topics were successfully labeled, with the topic stand and 14 
lost balance being the most prevalent. Non-collisions were more likely to result in 15 
serious consequences when incidents occurred because the bus skidded, when a 16 
passenger was boarding, and when a standing passenger lost the balance. Six 17 
unique patterns were uncovered, i.e., the failure to hold handrails accompanied by 18 
inappropriate behaviors of bus drivers when approaching bus stations, loss of 19 
balance among standing passengers due to the sharp braking of bus drivers in 20 
response to red traffic lights ahead, alighting passengers being hit by the door, 21 
passengers falling while climbing staircases, passengers being injured because of 22 
bus driver’s emergency maneuvers to avoid collisions with nearside pedestrians, 23 
and passengers being injured due to the careless lane-changing of bus drivers 24 
when weaving through roundabouts. 25 
Conclusions: By leveraging the emerging text mining techniques, unstructured 26 
narratives written by the police can provide valuable and organized information 27 
for regular injury surveillance. Tailor-made countermeasures were proposed to 28 
prevent non-collision injury incidents on public buses. 29 
Keywords: Text mining; structural topic modeling; network topology; non-collision 30 
injuries; public bus  31 
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1. Introduction 32 

Many cities worldwide encourage the use of public buses to promote 33 
sustainable, accessible, and equitable mobility in urban settings (Tao et al., 2024). 34 
In Hong Kong, approximately 30% of commuting trips are made via public buses 35 
(HKTD, 2014), and more than 1800 passengers are unexpectedly injured on public 36 
buses each year (HKTD, 2024). Although the share of traffic injuries involving 37 
public bus passengers is low, the risk of injury on a bus is far from negligible 38 
(Akintayo and Adibeli, 2022). Previous studies on public bus safety have focused 39 
primarily on collisions with roadside objects, pedestrians, cyclists, or other 40 
vehicles, as these incidents are expected to result in more serious consequences 41 
(Chen et al., 2022). Recently, researchers have shifted their attention to non-42 
collision injuries on public buses because of their overrepresentation (Kendrick et 43 
al., 2015; Elvik, 2019; Chen et al., 2024). For example, in Hong Kong, nearly 70% 44 
of injuries to public bus passengers are attributed to non-collision incidents (Zhou 45 
et al., 2020), whereas in Tanzania, 71% of bus commuters have experienced non-46 
collision injuries during their lifetime (Lwanga et al., 2022). These non-collision 47 
incidents typically occur when onboard passengers fall due to improper 48 
maneuvers by bus drivers such as sudden decelerations or sharp turning, and 49 
when passengers fall while boarding or alighting from the bus (Elvik, 2019). 50 

Over the past decades, a few studies have investigated the determinants of 51 
passenger falls on public buses by conducting biomechanical experiments under 52 
controllable, reproducible, and ideal conditions (Karekla and Tyler, 2018; 2019; 53 
Arabian et al., 2020; Karekla and Fang, 2021; Elawad et al., 2024). Most research, 54 
however, has relied on available injury records routinely reported by local 55 
authorities such as the police (Barnes et al., 2016; Zhou et al., 2020) or hospitals 56 
(Björnstig et al., 2005; Halpern et al., 2005; Zunjic et al., 2012; Silvano and Ohlin, 57 
2019; Siman-Tov et al., 2019; Chen et al., 2024). Through a descriptive analysis of 58 
established variables captured using forced-choice fields such as checkboxes and 59 
dropdown menus, contextual characteristics of non-collision injury incidents on 60 
public buses can be coarsely profiled. Such practice, however, may be inadequate, 61 
because the injury mechanism is unlikely to be completely captured by the 62 
restrictive, predefined options of tabular forms (Lopez et al., 2022). This is 63 
particularly true for non-collision injury incidents compiled by the police, given 64 
that the reporting system is designated specifically for the collection of collision 65 
incidents (Abay, 2015). In comparison, open-ended narratives, which have long 66 
been an integral part of injury report templates, may provide valuable yet hidden 67 
information in addition to the organized tabulated data (Ahmed et al., 2019; 68 
Alambeigi et al., 2020; Arteaga et al., 2020; Kwayu et al., 2021; Wali et al., 2021; 69 
Goldberg, 2022; Kutela et al., 2022a; Wang et al., 2022), even though these 70 
narratives have not been fully utilized. One major obstacle might be that the 71 
manual examination of unstructured text narratives and extraction of thematic 72 
information from massive document repositories one by one are exceedingly labor 73 
intensive, cumbersome, and inaccurate. 74 

Fortunately, with the unprecedented breakthroughs in natural language 75 
processing techniques that facilitate the automatic identification of categories or 76 
latent themes within large document corpora (Grimmer and Stewart, 2013; 77 
Cambria and White, 2014; Young et al., 2018), descriptive narratives written by 78 
the police might be revitalized as a complementary source of information. As the 79 
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police has recorded in detail what occurred before, during, and after an incident 80 
by answering who, what, why, and how questions, these narratives have a huge 81 
potential to characterize the nature of non-collision injury incidents on public 82 
buses by leveraging emerging text-mining techniques such as the structural topic 83 
modeling (STM; Roberts et al., 2016; Roberts et al., 2019). 84 

Unlike manual labeling that depends strongly on a subjective and arbitrary 85 
predefinition of association rules, topic modeling can uncover latent topics across 86 
all documents more efficiently and objectively by identifying clusters of words. 87 
Recent studies have extensively demonstrated topic modeling as a powerful and 88 
promising tool for automatic mining of versatile textual data, such as white papers 89 
(Bongini et al., 2022), newspapers (Adämmer and Schüssler, 2020; Huang and Loo, 90 
2023), open-ended survey responses (Roberts et al., 2014; Baburajan et al., 2022; 91 
Kutela et al., 2022b), medical prescriptions (Zafari and Ekin, 2019), Facebook 92 
feeds (Ravenda et al., 2022), Twitter feeds (Ramondt et al., 2022), Sina Weibo feeds 93 
(Jing et al., 2023), aviation incident reports (Kuhn, 2018; Rose et al., 2022), and 94 
transit card data (Aminpour and Saidi, 2025). In road safety domain, pioneering 95 
research has also been conducted to garner in-depth insights into crash causes by 96 
mining official reports (Alambeigi et al., 2020; Kwayu et al., 2021; Wali et al., 2021). 97 
Specifically, Alambeigi et al. (2020) used probabilistic topic modeling to 98 
characterize crashes involving automated vehicles by mining 114 narratives 99 
released by the California Department of Motor Vehicles from October 214 to June 100 
2019. Five topics pertaining to transitions of control, collisions at intersections in 101 
a right-turn lane, collisions at intersections in non-turn lanes, sideswipe crashes 102 
during a left-overtake, and collisions at intersections involving oncoming traffic 103 
were successfully identified. Despite being informative, their study hardly drawn 104 
definitive conclusions given a limited sample size. Wali et al. (2021) applied factor 105 
analysis to generate 13 new variables that were not captured by traditional tabular 106 
forms from 6470 crash narratives, which substantially enriched the results of 107 
injury severity analysis for pedestrian and bicyclist trespassing crashes. Similarly, 108 
based on 9209 crash narratives recorded by the police in Michigan, United States, 109 
Kwayu et al. (2021) used STM to reveal the prevalence of latent themes in fatal 110 
crash narratives. Their proposed framework extended understanding of 111 
contextual factors associated with fatal crashes. For example, topics such as 112 
involvement of passengers, crossing the centerline, driving under the influence, 113 
and speeding were prevalent for fatal crashes involving young drivers, while topics 114 
such as turning left, failure to yield, and lane changing were closely related with 115 
fatal crashes involving older drivers. 116 

To propose effective safety strategies, decision makers need to explicitly 117 
understand the complex relationships among various contributing factors. By 118 
mapping the generated topics and connections between topics as nodes and edges, 119 
respectively, network topology analysis allows the visualization of complex 120 
interconnectedness between topics in terms of network properties and node 121 
centrality measures (Radicchi et al., 2004; Kwayu et al., 2021; Kutela et al., 2022a). 122 
As a non-collision injury incident is an aggregative consequence of multiple factors, 123 
the topological network is also capable of revealing common patterns by 124 
identifying topics that tend to co-occur frequently (Chang et al., 2019; Liu and Yang, 125 
2022). Herein, to demonstrate how valuable and organized information can be 126 
automatically extracted from massive, unstructured, and open-ended injury 127 
reports, based on the 12,823 narratives recorded by the police within the last 128 
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decade in Hong Kong, we attempt to mine the underlying themes of non-collision 129 
injury incidents on public buses, to portray their dynamic patterns, and to 130 
untangle their interactions and co-occurrences by leveraging STM and network 131 
typology techniques. To the best of knowledge, our study is among the first to 132 
uncover the unique features of non-collision injury incidents on public buses by 133 
integrating state-of-the-art natural language processing techniques and large-134 
scale textual data. This analysis not only aids to propose a range of evidence-based, 135 
actionable countermeasures to productively curb public bus passenger injuries 136 
resulting from non-collision incidents, but also incentivizes stakeholders to 137 
rethink and reshape their current incident reporting paradigms, thereby 138 
promoting the penetration of digitized narratives for regular safety monitoring. 139 

The remainder of the paper is organized as follows. After a detailed description 140 
of the formulated topic modeling technique, the data collected for analysis are 141 
introduced and processed. We then present and interpret results, demonstrate the 142 
potential of STM for semantic mining of unstructured and unorganized injury 143 
narratives, acknowledge the limitations, and conclude our study with a discussion 144 
on promising directions for future studies. 145 

2. Methods 146 

Unlike supervised learning that trains a classifier to correctly categorize a specific 147 
type of incidents (Arteaga et al., 2020; Goldberg, 2022; Liu and Yang, 2022), topic 148 
modeling, as an unsupervised learning method, enables users to identify latent 149 
topics that form a document. A topic here consists of several words, and a 150 
document is a mixture of topics. Therefore, a single document may comprise 151 
multiple topics, and topics are more likely to appear in the same document if they 152 
share similar semantically interpretable themes. In the present study, a novel topic 153 
model namely STM is harnessed to explore the pattern of incident narratives. STM 154 
synthesizes the merits of several topic modeling approaches, including the 155 
Dirichlet multinomial regression topic model, correlated topic model, and sparse 156 
additive generative topic model (Roberts et al., 2019). Another sound advantage 157 
of STM lies in its ability to uncover the relationship between topics and document 158 
metadata, which allows us to quantify the prevalence of textual topics among 159 
documents across different stratifications. 160 
2.1 Formulation of STM 161 
Like other topic models, as a generative model of word counts, the STM 162 
progressively generates document–topic and topic–word distributions by 163 
maximizing their likelihoods, given the metadata and prespecified functional 164 
forms. The document here is represented by a single incident narrative written by 165 
a police officer. For document d   with vocabulary of size 

dV  , the generative 166 

process of STM with K  topics is expressed as follows. 167 
(1) A logistic-normal generalized linear model is formulated to describe the 168 

document-level probability for each topic based on a vector of words dX  for 169 

document d : 170 

                  ∑ = ∑, ~ Logist ic Normal ( , )dθ γ µ γd dX X
r

               (1) 171 

where dX  is a 1 p×  vector, γ  is a ( 1)p K× −  matrix of coefficients, and 172 

∑   is a ( 1) ( 1)K K− × −  covariance matrix. Compared with the latent 173 
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Dirichlet allocation adopted by Pereira et al. (2013), Hasan and Ukkusuri 174 
(2014), Roque et al. (2019), Alambeigi et al. (2020), Wang et al. (2022), Jing et 175 
al. (2023), and Aminpour and Saidi (2025) which assumes independence 176 
between topics (Blei et al., 2003), the use of a logistic-normal distribution is 177 
more flexible, as it allows topics to be correlated. 178 

(2) Given the baseline word distribution m , a document-level covariate 
dy  that 179 

explains the thematic content, the topic specific deviation 
( )t
kk , the covariate 180 

group deviation ( )

d

c
yk  , and the interaction between 

( )t
kk   and 

( )

d

c
yk   denoted as 181 

( )
,d

i
y kk , the document-specific distribution over words representing topic k  is 182 

then computed as: 183 

                       
( ) ( ) ( )

, ,exp( )
d d

t c i
d k k y y km k k kβ ∝ + + +                     (2) 184 

where m , ( )t
kk , ( )

d

c
yk , and ( )

,d

i
y kk  are V-length vectors with the corresponding 185 

one-on-one entry for each word in the vocabulary. In addition, the document 186 

proportions or probabilities are formulated as ( )
, exp( )t

d k km kβ ∝ +   if no 187 

content covariates exist. 188 
(3) For each word v   ( (1,2,..., )dv V∈  ) in document d  , we use the document-189 

specific distribution across topics to draw the word’s topic assignment: 190 

                           ∝, Mult inomial( )dd vz θ
r

                        (3) 191 

(4) Finally, conditional on the chosen topic ,d vz , the representative word for topic 192 

k  is obtained as: 193 

                    = =, ,, , , ,, ~ Mult inomial( )
d v d vk v d v d k z d k zzβ β β                 (4) 194 

2.2 Selection of the optimal number of topics 195 
One practical challenge faced by STM is the absence of unified and incontrovertible 196 
criteria to judge the appropriate number of topics (Roberts et al., 2019; Kwayu et 197 
al., 2021; Rose et al., 2022). The optimal number of topics is typically determined 198 
by combining the judgments of domain experts and estimation results (Roberts et 199 
al., 2016; Zafari and Ekin, 2019; Kwayu et al., 2021). Fortunately, several data-200 
driven diagnostic indicators, such as the residuals, semantic coherence, and 201 
exclusivity, can help justify the optimal number. Residuals measure the 202 
multinomial variance during the data generation process of STM. A model with a 203 
lower residual value is more desirable, because higher residuals suggest that more 204 
topics are required to capture extra variance present in the data. Semantic 205 
coherence is closely related to the pointwise mutual information, whose value is 206 
maximized when the most probable words in a specific topic frequently appear 207 

together (Mimno et al., 2011). Formally, let ( , )i jD v v  be the number of times that 208 

word 
iv  and word jv  co-occur in a document. For topic k  with the M  most 209 

probable words, the semantic coherence 
kC  is calculated as: 210 
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1

2 1

( , ) 1
log( )

( )

M i
i j

k
i j j

D v v
C

D v

−

= =

+
= ∑∑                      (5) 211 

The dependency on semantic coherence alone, however, might produce 212 
meaningless topics dominated by overly ubiquitous words, which are unlikely to 213 
capture the unique contents (Bischof and Airoldi, 2012; Airoldi and Bischof, 2016). 214 
Therefore, in addition to the semantic coherence, FREX (Bischof and Airoldi, 2012) 215 
is used as a measure of exclusivity. Mathematically, for word v  in topic k , FREX 216 
is parametrized as: 217 

              1
,

,, ,1

1( )
( )( )k v K

k vk v j vj

w wFREX
ECDFECDF ββ β

−

=

−
= +

∑
          (6) 218 

where ECDF  refers to the empirical cumulative distribution function and w  is 219 
the weight of exclusivity. Following Roberts et al. (2019), w  is set at 0.7 in favor 220 
of exclusivity. A higher score of FREX represents better exclusivity. 221 

All in all, regardless of what diagnostic tools are used, manual review of each 222 
topic is indispensable in discerning its semantic interpretations. 223 
2.3 Topic–word assignment 224 
Once the optimal number of topics is determined, the following procedure aims to 225 
explore feature words representing a topic. One simplest means is to extract words 226 
with the highest probability of presence. This practice, however, tends to produce 227 
results biased toward commonly used words that spread across multiple topics. 228 
Several refined metrics, such as FREX, Lift, and Score, have therefore been 229 
proposed. Unlike FREX which calculates the harmonic mean of a word by 230 
accounting for both the exclusivity and overall frequency presented in Eq. (6), Lift 231 
weights a word by dividing by its frequency in other topics, thereby reducing the 232 
weight of words that frequently appear in other topics (Taddy, 2013): 233 

                            ,
,

,1

k v
k v K

k vk

f
Li ft

f K
=

=
∑

                         (7) 234 

where ,k vf  is the frequency of word v  in topic k . 235 

Slightly different from Lift, Score divides the frequency of word v  in topic k  236 
by its frequency in other topics after a natural logarithmic transformation: 237 

                         ,
,

,1

log( )

log( )
k v

k v K

k vk

f
Score

f K
=

=
∑

                     (8) 238 

2.4 Topic interpretation and validation 239 
After assigning words to each topic, researchers need to interpret their semantic 240 
implications. This is one of the most important steps, as it directly affects 241 
subsequent inferences. The aforementioned metrics (i.e., the highest probability, 242 
FREX, Lift, and Score) provide a preliminary impression of feature words assigned 243 
for each topic. Afterward, by revisiting original document narratives that are 244 
estimated to be highly associated with a given topic, researchers can gain a more 245 
thorough understanding of textual contexts for the generated topics, by which the 246 
quality of topic labeling process can be guaranteed. 247 
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3. Data Preparation 248 

Historical data on non-collision injury incidents on public buses were extracted 249 
from the Traffic Road Accident Database System maintained by the Hong Kong 250 
Police Force and Hong Kong Transport Department (Xu et al., 2019, 2021, 2022; 251 
Chen et al., 2022; Zeng et al., 2023; Ye et al., 2024). These non-collision incidents 252 
were collected by well-trained police officers alerted by bus operators, bus 253 
passengers, or witnesses at the scene. By retrieving information on the type of 254 
casualty, vehicle, and collision simultaneously (i.e., casualty type = passenger, 255 
vehicle type = public bus, and collision type = non-collision), 13,402 records 256 
describing public bus passenger injuries as a result of non-collision incidents 257 
during 2010–2019 were extracted. After excluding observations with incomplete 258 
information, 12,823 (95.68%) valid samples were retained for analysis. Among 259 
these, 89.32% were slight injuries, whereas severe injuries and fatalities 260 
accounted for 10.59% and 0.09%, respectively. Here, victims who died 261 
immediately or within 30 days of the incident were recorded as fatalities, while 262 
those admitted to hospitals for more than or less than 24 hours were counted as 263 
the severe or slight injuries, respectively (Zhou et al., 2020). 264 

After trimming extraneous whitespace and special characters, the raw 265 
narratives were filtered by two wordlists, i.e., a general stop word list including 266 
prepositions, pronouns, articles, and common verbs and a local street name list 267 
crawled from OpenStreetMap. As Fig. 1 illustrates, after removing words that were 268 
semantically irrelevant, the effective length of narratives under investigation 269 
ranged from 8 to 69 words, with the average length being 19 words. 270 

 271 
Fig. 1. Illustration of word filtering. 272 

Overall, our corpus contained 6425 unique words. Fig. 2 shows that the top 10 273 
most frequently used words were lost, balance, along, travel, stop, fell, bus, deck, 274 
lane, and reach, with a frequency of 6974, 6228, 5271, 5134, 5057, 4935, 4926, 275 
4228, 4083, and 3653, respectively.  276 

We then used incident ID to link the extracted narratives with other structured 277 
metadata. The metadata used in the present study were the year of incident 278 
occurrence and the injury severity of public bus passengers. The estimation of STM, 279 
selection of the optimal number of topics, assignment of representative words to 280 
each topic, and semantic interpretation of topics were implemented using the 281 
freeware R studio (R Core Team, 2019) with the recently released stm package 282 
(Roberts et al., 2019). 283 
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 284 
Fig. 2. High-frequency words in the corpus. 285 

4. Results and Discussions 286 

This section sequentially presents and discusses the results of various analyses 287 
performed, including the topic selection, topic prevalence, and topic co-occurrence. 288 
The discussion highlights particularly how the large-scale but unstructured 289 
narratives recorded by the police can be mined by leveraging emerging techniques 290 
in natural language processing to elicit the unique characteristics of non-collision 291 
injury incidents on public buses. 292 
4.1 Topic selection 293 
The first step was to determine the optimal number of topics given document 294 
corpus. Fig. 3 presents the diagnostic results for models with topic numbers 295 
ranging from 10 to 100. The left panel shows the relationship between residuals 296 
and number of topics, whereas the right part illustrates the plot of semantic 297 
coherence against exclusivity. According to Robert et al. (2019), the preferable 298 
model is the one with a low residuals value and high scores for semantic coherence 299 
and exclusivity. Therefore, the model with 40 topics outperformed, as it yielded 300 
the lowest residual value, with relatively higher levels of overall exclusivity and 301 
semantic coherence. 302 

 303 
Fig. 3. Results of diagnostic indicators for models with different topics (semantic 304 
coherence and exclusivity were computed by Eqs. (5) and (6), respectively). 305 
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4.2 Topic labeling and interpretation 306 
The next task was to interpret the thematic structure given a specific number of 307 
topics. Data-driven diagnostic measures including the highest probability, FREX, 308 
Score, and Lift were first used to identify the most representative words. The 309 
context of each topic was then inferred by reviewing the original documents that 310 
were most relevant to the given topic. We thereafter presented the generated 311 
topics and associated narratives to subject matter experts, including public health 312 
specialists, traffic engineers, and public bus operators, to ensure consistent and 313 
unambiguous interpretations of topic implications. Evidently, each topic, as 314 
presented in Table 1, was deliberately labeled through an integration of 315 
representative words, raw narratives, and expert judgements. 316 

Among the 40 generated topics, seven were not successfully labeled. The main 317 
reason was that we failed to explicitly infer the content of topics by reviewing the 318 
representative words identified by diagnostic measures, given that the feature 319 
words of these topics were either semantically meaningless, redundant, or 320 
incoherent (e.g., the topic characterized by drive, drove, and public). We therefore 321 
removed these seven topics and retained the remainder for analysis. 322 
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Table 1. Feature words assigned for each topic. 323 
Topic label Category† Highest probability FREX Lift Score 
NWFB driver 2 driver, found, NWFB victim, sound, previous driver, NWFB, eastward driver, victim, found 
door 1 door, passenger, alight door, open, trap button, door, open door, alight, close 
passenger alighting 1 passenger, balance, alighting passenger, balance, avoid balance, alighting, passenger balance, passenger, stair 
unknown NA unknown, change, avoid unknown, pedestrian, avoid avoid, unknown, lane unknown, change, lane 
unknown NA information, told, hours information, hours, now address, alight, told information, hours, told 
unknown NA street, short, junction KMB, years, estate,  chap, NWFB, street street, estate, years 
MTR station 3 station, onboard, MTR Kowloon, trip, station fill, Kowloon, trend station, bay, MTR 
traveling along 2 road, travel, along way, two, toward convey, along, road road, toward, travel 
unknown NA terminus, accord, park know, office, terminus argument, awake, know know, terminus, office 
injured person 1 injury, just, person investigate, proceed, lamp engage, red-sign, lamp investigate, injury, person 
dashcam 3 took, case, report took, dashcam, notify dashcam, barrier, took took, install, dashcam 
stand and lost balance 1 lost, balance, fell balance, lost, ground passenger, driving, duck lost, balance, stand 
left/right turn 2 left, right, turn right, turn, knee chafe, stretch, surgery right, turn, left 
KMB bus 2 road, KMB, route weather, KMB, route head, arm, KMB route, road, KMB 
case handled by 3 case, handle, enquiry action, enquiry, take action, attention, log case, enquiry, action 
wheelchair 1 witness, exit, seat belt, wheelchair, chair wheelchair, belt, disability witness, chair, wheel 
red traffic light 3 traffic, light, red light, red, signal red, signal, traffic traffic, light, red 
approaching station 2 approaching, convey, station pend, luggage, approaching airport, baggage, mention pend, approaching, station 
change lanes carelessly 2 lane, travel, left careless, lane, cut careless, cut, lane lane, cut, careless 
stopped bus 3 stopped, bus, start bus, cause, stopped KMB, stopped, CityBus stopped, cause, bus 
lower-deck seats 1 lower, seat, deck row, rear, window handcart, comfort, row seat, lower, deck 
unknown NA drive, drove, public,  drive, drove, public hole, continue, drive drive, drove, public 
ahead condition 2 ahead, condition, time relevant, injury, condition offence, walkway, convict ahead, condition, injury 
CCTV 3 alleged, CCTV, intend prior, list. camera access, CCTV, footage access, CCTV, prior 
mother 1 east, mother, twist east, yet, mother yet, southern, mother yet, east, mother 
ambulance arrived 3 arrive, made, ambulance report, hospital, ambulance hospital, uptown, lost ambulance, arrive, made 
minor injury 1 injury, passenger, conscious injury, sustain, minor conscious, passenger, move passenger, injury, minor 
unknown NA claim, body, run run, carry, turn run, construct, site claim, run, body 
nearside pedestrian 3 cross, nearside, pedestrian pedestrian, cross, nearside auto, bell, alarm cross, nearside, pedestrian 
bus terminus 3 bus, board, stop bus, terminus, board alight, hospital, chest bus, board, terminus 
driving inattentively 2 lose, drive, inattentive inattentive, code, road inattentive, road, dissatisfied inattentive, lose, drive 
feel painful and report later 1 report, felt, pain sought, felt, later felt, treatment, report report, felt, later 
vehicle slips 2 travel, slip, along vehicle, destination, slip slip, vehicle, destination vehicle, slip, earlier 
sudden/hard brake 2 brake, sudden, front hard, brake, prevent collision, brake, wind brake, hard, sudden 
fail to hold handrail 1 handrail, hold, hand hold, tight, firm Bag, firm, grab handrail, hold, fail 
roundabout 3 taxi, roundabout, front outer, taxi, circle circle, cyclist, outer taxi, white, roundabout 
walk upstairs 1 deck, upper, walk upper, staircase, upstairs grasp, junction, balance upper, staircase, walk 
fall onto floor 1 time, fall, floor location, floor, fall collision, somehow, fall fall, floor, location 
avoid collision 2 avoid, collision, abrupt collision, abrupt, avoid disappear, incorrect, unexpected avoid, collision, abrupt 
unknown NA reach, near, compartment compartment, reach, near wait, compartment, reach wait, reach, compartment 

Note: NWFB, KMB, MTR, and CCTV refer to New World First Bus Company, Kowloon Motor Bus Company, MTR Corporation Limited, and closed-circuit television, respectively. 324 
Categories labeled as 1, 2, and 3 represent passenger-related, bus-related, and incident-related characteristics, respectively.325 
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Following Zhou et al. (2020), we further stratified the topics of interest as three 326 
broad categories, which described the characteristics of injured passengers, buses, 327 
and incidents, respectively. Table 1 shows that 12 topics were determined as 328 
passenger-related characteristics, because these topics were closely related to 329 
locations (i.e., topics labeled door and lower-deck seats), actions (i.e., topics labeled 330 
passenger alighting, stand and lost balance, fail to hold handrail, walk upstairs, and 331 
fall onto floors), injury outcomes (i.e., topics labeled feel painful and report later, 332 
injured person, and minor injury), and identities (i.e., topics labeled wheelchair and 333 
mother) of injured passengers. Likewise, topics indicative of bus driver identities 334 
(i.e., NWFB driver and KMB bus), bus driver maneuvers (i.e., change lanes carelessly, 335 
ahead condition, driving inattentively, sudden/hard brake, and avoid collision), and 336 
bus operating states (i.e., traveling along, left/right turn, approaching station, 337 
stopped bus, and vehicle slips) were categorized as bus-related characteristics.  338 

In addition, nine out of 33 topics were judged as incident-related 339 
characteristics, because these topics briefly described the locations of incidents 340 
(i.e., topics entitled MTR station, red traffic light, bus terminus, and roundabout), 341 
information sources (i.e., topics labeled dashcam and CCTV), involved third-parties 342 
(i.e., topic namely nearside pedestrians), and first-aid responses (i.e., topics labeled 343 
case handled by and ambulance arrived). Compared with previous studies (Silvano 344 
and Ohlin, 2019; Siman-Tov et al., 2019; Zhou et al., 2020) which depended on 345 
predefined variables collected in tabulated forms, our generated topics portray a 346 
more holistic picture of non-collision injury incidents on public buses, which has 347 
not previously been reported.  348 
4.3 Topic prevalence 349 
Fig. 4 illustrates the overall prevalence of topics across all the samples over the 350 
studied period. Interestingly, the topics with the highest proportions were mainly 351 
those that described the pre-injury actions of passengers (i.e., stand and lost 352 
balance), bus company (i.e., KMB bus), operating states of buses (i.e., vehicle slips), 353 
and inappropriate maneuvers of bus drivers (i.e., change lanes carelessly), followed 354 
by the topics labeled walk upstairs, fall onto floors, feel painful and report later, door, 355 
and lower-deck seats. All these topics with higher rankings pertain to either 356 
passenger- or bus-related characteristics. Likewise, the three most prevalent 357 
topics in relation to incident characteristics were ambulance arrived, bus terminus, 358 
and red traffic light. It is worth mentioning that, as the most dominant topic with 359 
a proportion as high as 14.8%, the stand and lost balance topic generally expresses 360 
two main implications. First, it indicates the condition of passengers at the time of 361 
injury, which is standing on the bus instead of sitting on a seat, climbing stairs, 362 
boarding, or alighting from the bus. Second, it describes the cause of bus 363 
passengers being injured, highlighting particularly the importance of keeping 364 
balance, e.g., by holding handrails while standing on the bus. This finding is 365 
consistent with Silvano and Ohlin (2019) and Siman-Tov et al. (2019), who found 366 
that standing passengers were overrepresented among non-collision injuries on 367 
public buses, primarily because they were more frequently subject to acceleration 368 
and braking maneuvers. An elaborate biomechanical experiment conducted by 369 
Karekla and Tyler (2018) also demonstrated that standing passengers struggled 370 
to maintain balance if a bus accelerated at a rate of 2.0 m/s2 or above. 371 
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 372 
Fig. 4. Graphical display of the topic prevalence (NWFB, KMB, MTR, and CCTV refer 373 
to the New World First Bus Company, Kowloon Motor Bus Company, MTR 374 
Corporation Limited, and closed-circuit television, respectively). 375 

4.3.1 Topic prevalence stratified by injury outcomes 376 
One major advantage of STM is the ability to easily link topics with metadata. Given 377 
the inherent differences in risk factors associated with injury severity among 378 
public bus passengers (Zhou et al., 2020), the prevalence of topics is expected to 379 
vary substantially across incidents with different injury outcomes. We thereby 380 
stratified the topic proportion by slight or fatal/severe injuries. The combination 381 
of fatalities with severe injuries here was unlikely to affect inferences, as fatal 382 
incidents accounted for far less than 1% of our sample.  383 

Fig. 5 presents topic prevalence stratified by the severity of injuries sustained 384 
by public bus passengers in non-collision incidents. Broadly, the ranking of topics 385 
in narratives resulting in fatal and severe injuries was similar to that of slight 386 
injuries. A closer look at topic proportions across these two categories, however, 387 
indicates subtle discrepancies. Specifically, topics namely vehicle slips, walk 388 
upstairs, and ambulance arrived were more dominant in incidents with fatal and 389 
severe injuries, as they ranked relatively higher (i.e., the second, third, and fifth, 390 
respectively) in the right panel of Fig. 5.  391 
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 392 
Fig. 5. Topic prevalence stratified by the injury severity of onboard passengers 393 
(NWFB, KMB, MTR, and CCTV refer to the New World First Bus Company, Kowloon 394 
Motor Bus Company, MTR Corporation Limited, and closed-circuit television, 395 
respectively). 396 

Based on the feature words associated with each topic, 27 unique variables 397 
were constructed through content analysis and keyword extraction (Wali et al., 398 
2021). Specifically, topics such as injured person, feel painful and report later, minor 399 
injury, case handle by, and ahead condition failed to generate new variables, either 400 
because of semantic redundancy or lack of semantic integrity. A Chi-square test 401 
was conducted to investigate whether the distribution of contextual variables 402 
differed significantly from injury outcomes. To quantify the effects of various 403 
factors, odds ratios (Zeng et al., 2023) were estimated by the fixed-parameter 404 
logistic regression model, as none of the explanatory variables resulted in 405 
significantly heterogeneous effects in the random-parameter model. The results 406 
are presented in Table 2. 407 

As table 2 indicates, seven factors were significantly associated with the 408 
severity of injuries to public bus passengers in non-collision incidents. Consistent 409 
with the findings of Siman-Tov et al. (2019), standing and boarding passengers 410 
sustained a substantially higher likelihood of fatal and severe injuries, with the 411 
odds increasing by 34% and 37%, respectively. Similarly, when a bus skidded, the 412 
odds of passengers being fatally and severely injured increased by 38%. Zhou et al. 413 
(2020) also reported that bus passengers were more likely to suffer from fatal and 414 
severe injuries when non-collision incidents occurred during heavy rain. This 415 
result is expected because wet road surfaces greatly reduce friction, which may 416 
lead to a loss of vehicle control such as skidding and brake failure. 417 

Interestingly, the odds of fatal and severe injuries decreased by as much as 72% 418 
when a mother with a child was injured on a public bus. This reduced likelihood 419 
may be attributable to risk compensation. That is, the mother tends to be more 420 
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cautious with the child when taking a bus, which helps decrease the risk of serious 421 
injury outcomes. 422 

Passengers not holding handrails when boarding, standing on the deck, or 423 
alighting experienced a 34% decrease in the odds of fatal and severe injuries. This 424 
counterintuitive result arises likely from the absence of standardized and uniform 425 
guidelines for police officers to write narratives (Lopez et al., 2022), along with 426 
potential underreporting (Abay, 2015) or missing imperative incident details 427 
(Ahmed et al., 2019). We therefore call for future studies to leverage data derived 428 
from other sources, such as the vehicle-mounted videos, to validate this finding. 429 
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Table 2. Effects of contextual variables derived from STM on the injury severity of public bus passengers in non-collision incidents. 430 

Variables Coding Fatal or severe injury Slight injury p-value 
Unadjusted odds ratio Adjusted odds ratio 
Mean 95% CI Mean 95% CI 

Passenger related 
Standing and losing balance Yes 747 (11.82%) 5574 (88.18%) 0.00** 1.30** (1.16, 1.45) 1.34** (1.19, 1.50) 

 No† 609 (9.37%) 5893 (90.63%)      
Walking upstairs Yes 32 (13.97%) 197 (86.03%) 0.09* 1.38* (0.95, 2.02) 1.26 (0.86, 1.84) 

 No† 1324 (10.51%) 11,269 (89.49%)      
Falling onto �loor Yes 85 (12.21%) 611 (87.79%) 0.15 1.19 (0.94, 1.50) 1.15 (0.91, 1.46) 

 No† 1271 (10.48%) 10,856 (89.52%)      
Boarding Yes 75 (14.15%) 455 (85.85%) 0.01** 1.42** (1.10, 1.82) 1.37** (1.06, 1.76) 

 No† 1281 (10.42%) 11,012 (89.58%)      
Alighting from the bus Yes 125 (11.15%) 996 (89.43%) 0.51 1.07 (0.88, 1.30) 1.10 (0.90, 1.34) 

 No† 1231 (10.52%) 10,471 (89.48%)      
Seated on lower deck Yes 82 (9.50%) 781 (90.50%) 0.29 0.88 (0.70, 1.11) 0.91 (0.72, 1.16) 

 No† 1274 (10.65%) 10,686 (89.35%)      
Failure to hold handrail Yes 57 (7.14%) 741 (92.86%) 0.00** 0.64** (0.48, 0.84) 0.66** (0.50, 0.87) 

 No† 1299 (10.80%) 10,726 (89.20%)      
Wheelchair Yes 5 (13.89%) 31 (86.11%) 0.52 1.37 (0.53, 3.52) 1.47 (0.57, 3.82) 

 No† 1351 (10.57%) 11,436 (89.43%)      
Mothers with children Yes 4 (3.08%) 126 (96.92%) 0.01** 0.27** (0.10, 0.72) 0.28** (0.10, 0.76) 

 No† 1352 (10.65%) 11,341 (89.35%)      
Bus related 

KMB bus Yes 158 (8.05%) 1804 (91.95%) 0.00** 0.71** (0.59, 0.84) 0.73** (0.61, 0.87) 
 No† 1198 (11.03%) 9663 (88.97%)      

NWFB bus Yes 32 (11.94%) 236 (88.06%) 0.46 1.15 (0.79, 1.67) 1.11 (0.76, 1.62) 
 No† 1324 (10.55%) 11,231 (89.45%)      

Vehicle slips Yes 136 (13.57%) 866 (86.43%) 0.00** 1.36** (1.13, 1.65) 1.38** (1.14, 1.68) 
 No† 1220 (10.32%) 10,601 (89.68%)      

Bus stopped Yes 14 (9.72%) 130 (90.28%) 0.74 0.91 (0.52, 1.58) 0.83 (0.47, 1.45) 
 No† 1342 (10.58%) 11,337 (89.42%)      
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Traveling along Yes 141 (9.78%) 1301 (90.22%) 0.30 0.91 (0.75, 1.09) 0.93 (0.77, 1.12) 
 No† 1215 (10.68%) 10,166 (89.32%)      

Turning left/right Yes 11 (7.64%) 133 (92.36%) 0.25 0.70 (0.38, 1.29) 0.69 (0.37, 1.28) 
 No† 1345 (10.61%) 11,334 (89.39%)      

Approaching station Yes 12 (10.34%) 104 (89.66%) 0.94 0.98 (0.54, 1.78) 0.96 (0.52, 1.75) 
 No† 1344 (10.58%) 11,363 (89.42%)      

Sudden/hard brake Yes 37 (10.95%) 301 (89.05%) 0.82 1.04 (0.74, 1.47) 1.11 (0.78, 1.58) 
 No† 1319 (10.56%) 11,166 (89.44%)      

Changing lane carelessly Yes 25 (7.18%) 323 (92.82%) 0.04** 0.65** (0.43, 0.98) 0.76 (0.50, 1.15) 
 No† 1331 (10.67%) 11,144 (89.33%)      

Driving inattentively Yes 3 (5.00%) 57 (95.00%) 0.16 0.44 (0.14, 1.42) 0.49 (0.15, 1.60) 
 No† 1353 (10.60%) 11,410 (89.40%)      

Avoiding collisions Yes 45 (6.44%) 654 (93.56%) 0.00** 0.57** (0.42, 0.77) 0.62** (0.46, 0.85) 
 No† 1311 (10.81%) 10,813 (89.19%)      
Incident related 

Ambulance arrived Yes 4 (7.41%) 50 (92.59%) 0.45 0.68 (0.24, 1.87) 0.67 (0.24, 1.88) 
 No† 1352 (10.59%) 11,417 (89.41%)      

Bus terminus Yes 53 (11.21%) 420 (88.79%) 0.65 1.07 (0.80, 1.43) 1.05 (0.78, 1.41) 
 No† 1303 (10.55%) 11,047 (89.45%)      

MTR station Yes 8 (11.59%) 61 (88.41%) 0.78 1.11 (0.53, 2.32) 1.25 (0.59, 2.63) 
 No† 1348 (10.57%) 11,406 (89.43%)      

Roundabout Yes 12 (10.81%) 99 (89.19%) 0.94 1.03 (0.56, 1.87) 1.03 (0.56, 1.90) 
 No† 1344 (10.57%) 11,368 (89.43%)      

Red traf�ic light Yes 37 (11.04%) 298 (88.96%) 0.78 1.05 (0.74, 1.49) 1.08 (0.76, 1.54) 
 No† 1319 (10.56%) 11,169 (89.44%)      

CCTV Yes 8 (6.40%) 117 (89.43%) 0.13 0.58 (0.28, 1.18) 0.59 (0.29, 1.22) 
 No† 1348 (10.62%) 11,350 (89.38%)      

Dashcam Yes 10 (12.66%) 69 (87.34%) 0.55 1.23 (0.63, 2.39) 1.22 (0.63, 2.39) 
 No† 1346 (10.56%) 11,398 (89.44%)      

†: reference category; **: signi�icant at 95% con�idence level; *: signi�icant at 90% con�idence level. All extracted variables were included during the estimation 431 
of adjusted odd ratios, because of the absence of strong collinearity. 432 
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Lastly, our study found that unlike improper driving drivers such as careless 433 
lane changing and inattentive driving, passengers were less likely to be fatally and 434 
severely injured in non-collision incidents if the bus driver was attempting to avoid 435 
a collision with other road users such as nearside pedestrians. One plausible 436 
explanation is that public bus drivers in Hong Kong, particularly those employed 437 
by the KMB, are well-trained to prioritize passenger safety in emergency 438 
situations such as collision avoidance (Chen et al., 2022; Loo et al., 2023). It is 439 
thereby unsurprising that the odds of fatal and severe injuries decreased by 27% 440 
for passengers on KMB buses. 441 
4.3.2 Topic prevalence stratified by year of occurrence 442 
To further uncover the temporal variations in topic prevalence across the period 443 
of interest, by stratifying the topics by temporal variable, the yearly dynamic of 444 
topic prevalence during 2010−2019 was profiled. As Fig. 6 shows, the left panel 445 
presents the cross-sectional distribution of topics over the observation period (i.e., 446 
the sum of topic proportions in a specific year is equal to 1), whereas the right 447 
panel illustrates the longitudinal imbalance of each topic (i.e., the sum of a specific 448 
topic proportion across the studied period is equal to 1). By assuming that each 449 
topic accounts for 10% each year if equally distributed over the 10-year period, 450 
the longitudinal imbalance of topics can then be quantified by the difference 451 
between the observed and expected values.  452 

 453 
Fig. 6. Dynamics of topic prevalence (the left side shows the cross-sectional 454 
distribution over the 10-year period, whereas the right side presents the 455 
longitudinal imbalance. NWFB, KMB, MTR, and CCTV refer to the New World First 456 
Bus Company, Kowloon Motor Bus Company, MTR Corporation Limited, and 457 
closed-circuit television, respectively). 458 

According to the left panel of Fig. 6, the topic labeled stand and lost balance 459 
played the most dominant role over all topics but became increasingly less 460 
prevalent. One plausible explanation is that public transit service in Hong Kong 461 
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has improved (Tong and Ng, 2021) that fewer passengers have to stand during 462 
their journeys. For another, passengers might raise their safety awareness, e.g., by 463 
grasping handrails while walking or standing on the bus. Conversely, the share of 464 
topic labeled KMB bus increased steadily from 2% in 2010 to 13% in 2019. Actions 465 
such as initiation of education programs to bus drivers and passengers are needed 466 
to improve the safety performance of public buses operated by the Kowloon Motor 467 
Bus Company. 468 

Thanks to the untiring promotion of intelligent public transit systems in Hong 469 
Kong since 2016 (Chen et al., 2022), the dashcam is now widely used as a reliable 470 
source of information by police to investigate non-collision injury incidents on 471 
public buses. This fact is well reflected by our findings that the imbalance of the 472 
topic labeled dashcam increased dramatically, particularly during the last two 473 
years, as illustrated in the right panel of Fig. 6. In contrast, topic labeled driving 474 
inattentively has become gradually inappreciable since 2012, resulting in a more 475 
balanced pattern. This result suggests that the occurrence of non-collision injury 476 
incidents on public buses due to inattentive driving has reduced substantially. 477 
4.4 Topic co-occurrence 478 
Given the 33 topics generated by STM, a network topology comprising nodes and 479 
links was constructed to visualize the intricate relationship between inferred 480 
topics. Here, the nodes denote inferred topics, whereas the links between nodes 481 
describe the strength of associations, which were computed based on the co-482 
occurrence of words between two topics using the Pearson correlation matrix 483 
(Kwayu et al., 2021). The results are illustrated in Fig. 7. 484 

As Fig. 7 shows, the top five links connecting two topics were: 1) passenger 485 
alighting and stopped bus, 2) sudden/hard brake and change lanes carelessly, 3) 486 
stand and lost balance and stopped bus, 4) avoid collision and change lanes 487 
carelessly, and 5) avoid collision and sudden/hard brake. Such associations 488 
between topics might help clarify the causes of non-collision injury incidents on 489 
public buses. For example, the direct and strong connection between topics 490 
labeled avoid collision and sudden/hard brake indicates that non-collision 491 
incidents occurred because of the emergency braking maneuvers of bus drivers in 492 
an attempt to avoid collisions. Likewise, the topic labeled passenger alighting co-493 
occurred repeatedly with stopped bus, implying that passengers were injured 494 
when alighting from the bus, being hit by the doors or falling because of slippery 495 
floors. Another interesting finding is that bus-related topics such as the KMB bus, 496 
vehicle slips, left/right turn, and driving inattentively were located more centrally, 497 
as these topics were more accessibly connected with others. 498 
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 499 
Fig. 7. Network topology of topic co-occurrence (NWFB, KMB, MTR, and CCTV 500 
denote the New World First Bus Company, Kowloon Motor Bus Company, MTR 501 
Corporation Limited, and closed-circuit television, respectively). 502 

In addition to the pairwise association, we applied the modularity analysis 503 
(Chang et al., 2019) to figure out topics that were more likely to simultaneously 504 
appear in the same narratives. The results are presented in Table 3 and Fig. 8. 505 

Four clusters emerged with strong inner connections. Cluster 1 was 506 
characterized by topics labeled fall onto floor, fail to hold handrail, minor injury, 507 
feel painful and report later, injured person, KMB bus, driving inattentively, 508 
approaching station, CCTV, and dashcam, with the topic entitled fall onto floor 509 
being the most critical node of this modularity given the highest weighted degree 510 
(i.e., a value of 1.655). This cluster seems to describe non-collision incidents 511 
involving passenger falls on public buses operated by the Kowloon Motor Bus 512 
Company, potentially resulting from the failure of passengers to hold handrails and 513 
the inattentive behaviors of bus drivers when approaching bus stations. Such type 514 
of incidents was more likely to result in slight injuries, given the prevalence of 515 
topics labeled minor injury and feel painful and report later. 516 
Table 3. Results of modularity analysis. 517 

Topic label Role Cluster Weighted degree 
fall onto floor Passenger related 1 1.655  
fail to hold handrail Passenger related 1 0.396  
minor injury Passenger related 1 1.570  
feel painful and report later Passenger related 1 1.083  
injured person Passenger related 1 1.080  
KMB bus Bus related 1 0.770  
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driving inattentively Bus related 1 0.432  
approaching station Bus related 1 1.206  
CCTV Incident related 1 0.830  
dashcam Incident related 1 0.432  
stand and lost balance Passenger related 2 1.803  
passenger alighting Passenger related 2 1.409  
door Passenger related 2 0.682  
ahead condition Bus related 2 0.553  
stopped bus Bus related 2 1.694  
red traffic light Incident related 2 0.548  
mother Passenger related 3 1.706  
walk upstairs Passenger related 3 1.322  
vehicle slips Bus related 3 1.634  
NWFB driver Bus related 3 1.569  
bus terminus Incident related 3 2.155  
MTR station Incident related 3 0.713  
ambulance arrived Incident related 3 1.611  
case handled by Incident related 3 1.101  
lower-deck seats Passenger related 4 1.696  
wheelchair Passenger related 4 0.805  
sudden/hard brake Bus related 4 2.393  
change lanes carelessly Bus related 4 1.991  
avoid collision Bus related 4 1.963  
traveling along Bus related 4 1.513  
left/right turn Bus related 4 1.269  
roundabout Incident related 4 1.650  
nearside pedestrian Incident related 4 1.119  

Topics labeled stand and lost balance, ahead condition, red traffic light, 518 
passenger alighting, door, and stopped buses formulated Cluster 2, suggesting two 519 
scenarios typically associated with non-collision incidents on public buses. One 520 
might involve the loss of balance among standing passengers, owing to the sudden 521 
and sharp decelerations of bus drivers in response to red traffic lights ahead. This 522 
type of non-collision incidents is quite common, particularly among public buses 523 
operating in highly urbanized areas with dense road networks like Hong Kong 524 
(Zhou et al., 2020). The other pertains to passengers being hit by doors when 525 
alighting from the bus, probably because of the early discharges of bus drivers. 526 
Such an incident type is well supported by the strong connection of topics labeled 527 
passenger alighting and stopped bus, as illustrated in Fig. 7. As highlighted by 528 
Silvano and Ohlin (2019) and Siman-Tov et al. (2019), great stress resulting from 529 
a tight schedule might compel bus drivers to pull away from bus stations without 530 
waiting sufficient time for passengers to disembark. 531 
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 532 
Fig. 8. Modularity analysis of topic co-occurrence (NWFB, KMB, MTR, and CCTV 533 
refer to the New World First Bus Company, Kowloon Motor Bus Company, MTR 534 
Corporation Limited, and closed-circuit television, respectively). 535 

Interestingly, Cluster 3 constituted eight topics, namely mother, walk upstairs, 536 
vehicle slips, NWFB driver, bus terminus, MTR station, ambulance arrived, and case 537 
handled by. This cluster primarily portrayed non-collision incidents in which 538 
passengers were injured when climbing stairs, on buses operated by the New 539 
World First Bus Compony, near MTR stations or bus terminus, and because of 540 
vehicle skidding. Caution should be paid in particular to this type of incidents, 541 
given the prevalence of vulnerable bus commuters (i.e., mothers with children) 542 
and more serious injury outcomes (i.e., injured passengers were transferred to 543 
hospitals as indicated by the topic labeled ambulance arrived). 544 

Finally, Cluster 4 comprised nine topics labeled wheelchair, lower-deck seats, 545 
sudden/hard brake, change lanes carelessly, avoid collision, traveling along, 546 
left/right turn, roundabout, and nearside pedestrian. Specifically, disabled 547 
passengers with wheelchairs and passengers seated on the lower deck of a bus 548 
were overrepresented in this cluster, probably because of the sudden and hard 549 
braking of bus drivers in an effort to avoid collisions with nearside pedestrians or 550 
due to the careless lane-changing behaviors (e.g., abrupt turning) of bus drivers 551 
when weaving through roundabouts. Indeed, emergency braking is most likely to 552 
trigger non-collision injury incidents on public buses, as it is usually abrupt and 553 
unexpected, leaving little time for passengers to react. 554 
4.5 Implications 555 
Non-collision injuries to public bus passengers are undoubtedly evitable and 556 
preventable (Elvik, 2019). Based on the aforementioned findings, tailor-made 557 
countermeasures are proposed to reduce non-collision injury incidents on public 558 
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buses following the “4E” principle (i.e., engineering, education, enforcement, and 559 
emergency). Such safety measures might involve setting exclusive bus lanes to 560 
reduce conflicts with other road users, redesigning bus stops to reserve more 561 
room for public buses to pull in and out (Akintayo and Adibeli, 2022), prohibiting 562 
standing too close to doors, restricting the number of standing passengers, 563 
improving emergency treatments, and providing systematic training to public bus 564 
drivers to enhance their performance in handling urgent situations such as the loss 565 
of control of the vehicle, collision avoidance with pedestrians, and driving in heavy 566 
rain. To better cater for the needs of vulnerable bus commuters, particularly 567 
parents holding babies, the disabled, and the elderly, onboard facilities should be 568 
adjusted accordingly, e.g., by promoting the use of soft and textured floors 569 
(Halpern et al., 2005), lowering bus steps to improve accessibility (Siman-Tov et 570 
al., 2019), and replacing horizontal handholds with vertical ones near doors 571 
(Palacio et al., 2009). 572 

In addition, both bus drivers and passengers should raise their safety 573 
awareness and foster a greater appreciation of scenarios that are more likely to 574 
cause non-collision injuries on public buses. For example, keeping in mind that 575 
passengers seated on the upper deck, the elderly, parents with children, and the 576 
disabled require more time to alight from a bus, public bus drivers are likely to be 577 
more considerate of these passengers and avoid early departures from bus stops. 578 
Likewise, being aware that more muscle strength is required to maintain balance 579 
when climbing staircases, passengers should be more cautious when walking 580 
upstairs by grasping handrails tightly (Karekla and Tyler, 2019). Finally, to ensure 581 
the safe operation of public buses, it might be beneficial to deploy advanced driver 582 
assistance techniques (Yue et al., 2020), e.g., a holographic sensing system with the 583 
ability to proactively identify cutting-in vehicles and nearside pedestrians. An 584 
active voice broadcast system can also help remind standing passengers to hold 585 
handrails when the bus swerves away from stations, approaches signalized 586 
intersections, and weaves through roundabouts. 587 

5. Conclusions 588 

Based on a comprehensive dataset of 12,823 narratives recorded by police during 589 
2010−2019 in Hong Kong, we uncovered the underlying themes of non-collision 590 
injury incidents on public buses, revealed their dynamic patterns, and portrayed 591 
their co-occurrences by leveraging emerging natural language processing 592 
techniques. Unlike Alambeigi et al. (2020), Kwayu et al. (2021), and Rose et al. 593 
(2022) who only identified latent topics without further exploring their intricate 594 
interactions, by integration of STM and network topology analysis, our study 595 
provides a more panoramic view of public bus passenger injuries as a result of 596 
non-collision incidents, which helps deduce causation chains for different incident 597 
types. 598 

Several key findings are worth mentioning. First, standing passengers were 599 
overrepresented in non-collision injury incidents on public buses, given the 600 
dominant role of the topic labeled stand and lost balance. Second, public bus 601 
passengers were more likely to be fatally and severely injured, when the non-602 
collision incidents occurred because the bus skidded, when passengers were 603 
boarding, and when standing passengers lost their balance. Third, by fusing STM 604 
with network topology analysis, we provide new insights by figuring out topics 605 
that co-occur frequently. Specifically, six unique patterns associated with non-606 
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collision injury incidents on public buses were untangled, that is, the failure to hold 607 
handrails accompanied with the inappropriate behaviors of bus drivers when 608 
approaching bus stations, the loss of balance among standing passengers due to 609 
the sudden and sharp braking of bus drivers in response to red traffic lights ahead, 610 
passengers being hit by the door when alighting from a bus, passengers falling 611 
while climbing stairs to the upper deck, passengers being injured because of the 612 
emergency actions of bus drivers to avoid collisions with nearside pedestrians, 613 
and passengers being injured due to the careless lane changing of bus drivers 614 
when weaving through roundabouts. These scenarios have not yet been reported 615 
and should serve as a foundation for the formulation of evidence-based safety 616 
measures. Like Kwayu et al. (2021), Kutela et al. (2022b), and Jing et al. (2023), 617 
although the results mined by STM is primarily explanatory in nature, future 618 
studies can benefit from our study when designing biomechanical experiments to 619 
investigate the determinants of passenger injuries resulting from non-collision 620 
incidents on public buses. 621 

This study is not without limitations. Unlike epidemiological studies based on 622 
data retrieved from hospital admission reports (Björnstig et al., 2005; Halpern et 623 
al., 2005; Zunjic et al., 2012; Silvano and Ohlin, 2019; Siman-Tov et al., 2019; Chen 624 
et al., 2024), our non-collision incidents on public buses were regularly collected 625 
and complied by the police. As the sole representative and reliable data source 626 
publicly available over such a long timeslot in Hong Kong, these police reports have 627 
been routinely used by local authorities for decision making (Xu et al., 2019; 2022; 628 
Zhou et al., 2020; Chen et al., 2022; Zeng et al., 2023). The unambiguous and 629 
accordant interpretations of topic implications among subject matter experts 630 
further demonstrate that large-scale, unstructured textual narratives recorded by 631 
the police can serve as a valuable and organized information source for cause 632 
analysis by harnessing state-of-art natural language processing techniques. 633 
Additional studies with newly released injury reports from other regions are 634 
highly advocated to validate our findings. One fundamental assumption associated 635 
with STM is the bag-of-words (Grimmer and Stewart, 2013), which simplifies the 636 
raw narratives as collections of words without taking word sequence into account. 637 
In this regard, bus stopped and stopped bus share the same representation in bag-638 
of-words models despite their slightly different semantics. Researchers can 639 
leverage more advanced text-vectorization methods such as word embeddings to 640 
better capture semantic relationships (Goldberg, 2022; Liu and Yang, 2022). 641 
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