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Abstract— This paper aims to understand the public attitude
toward crimes in the subway system using social media data.
In particular, we focus on the users who tweeted about New
York City (NYC)’s subway crimes in the past two years. The
association between the sentiment of the tweets and the demo-
graphics of the users is analyzed to better help us understand
which population are most affected by the rising subway crimes.
We analyze textual contents of Tweets and perform sentiment
analysis with a transformer-based tool to gain insight into public
attitudes and concerns regarding crimes in the NYC subway
system. Negative sentiments, which arise from crimes in subway
system, indicate a sense of fear among the public and can
consequently result in a decrease in subway ridership. We also
accompany such analysis by regression between Twitter users’
sentiment and their demographics to better understand whose
attitudes toward taking public transit are most affected by
these crimes. Such understanding could identify the population
who has the most severe concerns about transit safety, and
how these concerns affect their willingness to take subway.
We find that age, gender and ethnicity are important factors
influencing people’s sentiments toward crimes. Compared to
others, women have more concerns about their safety while
riding public transportation in NYC. Such analysis would help
better understand the association between rising crimes and
people’s attitudes toward taking public transit, so as to assist
transit planners and policymakers to urgently create a safer
environment to recover low transit affected substantially by
the pandemic.

Key-words: Social Media, Crime, Subway

I. INTRODUCTION

This paper aims to understand the public attitude toward
crimes in the subway system using social media data. In
particular, we focus on the users who tweeted about New
York City (NYC)’s subway crimes in the past two years.
The association between the sentiment of the Tweets and
the demographics of the users is analyzed to better help us
understand which population is most affected by the rising
subway crimes.

Violent crimes in NYC subway system have more than
doubled since 2019 [1]. A mass shooting that resulted in 29
injuries took place on the New York City (NYC) subway in
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Brooklyn on April 12, 2022, sparking heated conversations
about gun violence. Police statistics show that subway crime
had increased by 68% as of April 2022 compared to that
in the same period of 2021 [2]. The general public has
accessible information about reported crimes through social
media. However, it is worth noting that this information is
predominantly presented in a negative manner, particularly
in the aftermath of such crimes.

Textual contents of tweets are used to perform sentiment
analysis in order to gain insight into public attitudes and con-
cerns regarding crimes in the NYC subway system. We also
accompany such analysis by Twitter users’ demographics to
better understand whose attitudes toward taking public transit
are most affected by these crimes. Such understanding could
identify the population who has the most severe concerns
about transit safety, and how these concerns affect their
willingness to take subway. Such analysis would further
help inform the police and policymakers to tailor public
communication strategies and to prioritize resources to the
neighborhoods where the most affected populations reside.

A. Related Work

A majority of studies utilize crime data from police
statistics to investigate how transportation system design
[3]-[6] can impact crimes. Ridership data is also used to
study relationships between neighborhood crimes and public
transit usage [7], [8]. [9] conducts a survey to investigate the
relationship between users’ travel behavior and fear of crime.
However, these studies primarily focus on the aggregate
crime rate in urban systems. To investigate the impact of
crime events, we employ the social media data to gather
opinions from individual users. This approach is advanta-
geous, as the majority of people obtain news and post their
comments on the social media platforms [10]. Collecting
social media data is also less costly compared to conducting
surveys, allowing us to reach a larger and more diverse
demographic of people. In recent years, there has been a
growing trend of using social media data [11] to investigate
people’s attitudes toward incidents in transportation systems,
such as car crashes [12], [13] and murder [14]. In this
research, we leverage sentiment and demographic analysis to
target groups with more negative opinions regarding crimes
in the subway system.

B. Contributions of this paper

This work focuses on understanding public attitudes and
concerns regarding crimes in the NYC subway system
through the analysis of social media data. The ultimate
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Id Time Summary Source Numberv

of tweets

1 Feb 05, 2021 A man was slashed across the face during a | https://abc7ny.com/subway-slashin 501

dispute on a subway train in Manhattan. g-l-train-man-slashed-on-1lst-avenu
e-station/10312535/

2 Feb 13, 2021 A man stabbed four people who were sleep- | https://www.nytimes.com/2021/02/14 578

ing in the subway, killing two of them. /nyregion/nyc-subway-stabbing-arres
t.html

3 Apr 17, 2021 A man with AK-47 and gas mask arrested | https://www.kiro7.com/news/trendin 528

in Times Square subway station. g/ohio-man-arrested-times-square-s
ubway-station-with-ak-47-rifle-pol
ice-say/5A4JPC7LOSCNXM7S4E30DF4X7Q/

4 May 31, 2021 | A 64-year-old man was slashed, beaten, and | https://www.wftv.com/news/trending 508

robbed inside a subway station. /thieves—-cut-beat-rob-64-year-old
-man-new-york-city-subway-station
/GIQJKEGCMNHBPMP 7FQSCKZQVUA/

5 Oct 25, 2021 A man was shot at a subway station. https://www.nbcnewyork.com/news/lo 512
cal/man-shot-at-union-square-subwa
y-station-police/3350441/

6 Nov 21, 2021 A soccer player was randomly stabbed to | https://www.nbcnewyork.com/news/lo 500

death when sleeping on the subway. cal/crime—-and-courts/soccer-playe
r-was-sleeping-on-subway-when-ran
domly-stabbed-to-death-ny-only/3413
943/
7 Jan 15, 2022 A woman died after she was pushed onto | https://www.cnn.com/2022/01/15/us/ 3578
subway tracks. nypd-make-arrest-connected-to-asian
-woman—death-subway/index.html
8 Apr 12, 2022 | A mass shooting on the Brooklyn subway | https://www.nytimes.com/live/2022/ 20022
left 29 people injured. 04/12/nyregion/brooklyn-subway-sho
oting
9 May 22, 2022 | A man was fatally shot on NYC subway’s | https://www.nytimes.com/2022/05/22 2920
Q train. /nyregion/nyc-subway-shooting.html

TABLE I: Crimes in NYC subway system

goal is to understand the association between rising crimes
and people’s attitudes toward taking public transit, so as to
assist transit planners and policymakers to create a safer
environment to restore transit ridership, which suffered from
a substantial drop during the pandemic. The study leverages
sentiment analysis and demographic analysis to gain insights
into people’s sentiments and the factors that influence their
attitudes towards nine subway crimes. The specific crimes
of interest are crime 7 (a woman pushed onto the subway
tracks) and crime 8 (a mass shooting on the subway). The
contribution of this work lies in providing valuable insights
into public attitudes regarding crimes in the NYC subway
system and highlighting the factors that influence people’s
attitudes towards subway crimes.

The rest of the paper is organized as follows. Section II
describes the data sample. Section III presents sentiment
results of individual tweets corresponding to each crime
event. Section IV conducts demographic analysis. Section V
concludes.

II. DATA COLLECTION

In this section, we present the data sample collected from
social media and the NYC open data source, focusing on
crime events in the NYC subway system. Table I displays
nine specific crimes that occurred in the NYC subway
system between January 2021 and June 2022. Each crime
is assigned a unique event ID, listed in chronological order.
For simplicity and easy reference, we will use the event
ID to refer to each crime in the rest of the paper. More
detailed information regarding each crime can be found in
the provided source links.

A. Social media data

Textual data: In order to obtain textual data related to
each crime, we utilized the Twitter API to fetch tweets asso-
ciated with the corresponding crime hashtags. The retrieved
tweets contain valuable information, including the user ID,
username, tweet ID, tweet text, and timestamp. The number
of collected tweets for each event is summarized in Table I.
Note that the size of data sample regarding crime 1-6 is
relatively small, indicating that these events did not lead
to a hot discussion on Twitter. It means public interest in
different crime events may vary based on the severity and
scope of crimes. More severe and high-impact incidents tend
to attract greater attention from the public, as they are more
concerning. In this study, we aim to analyze the sentiment
results following each crime and delve into the details of
crimes 7 and 8, which have gained broader attention.

User demographic data: In this study, we investigate the
potential impact of user demographics on sentiment results
for crime 7, which involved a woman being pushed onto the
subway tracks, and crime 8, which involved a mass shooting
incident. To explore this relationship, we leverage available
demographic information provided by Twitter users, assum-
ing there are no privacy restrictions on their profiles. For
each crime event, we collect demographic information from
2000 users. Specifically, we utilize user IDs to manually
collect demographic details such as gender, ethnicity, age,
and occupation (as outlined in Section IV).

B. Subway ridership data

To better understand the impact of crimes in subway
system, we analyze mobility usage data [15] from the NYC
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open data source. We collect NYC subway turnstile data,
which is available at http://web.mta.info/devel
opers/turnstile.html.

III. SENTIMENT ANALYSIS

In this section, we use sentiment analysis to investigate
people’s attitudes toward each crime in NYC subway system.
The goals of sentiment analysis are to understand:

1) How do people’s attitudes change post each crime?

2) To which crime events are people more sensitive?

3) How do subway ridership change pre, during, and post
crime events?

A. Sentiment classifier

In this subsection, we provide a brief introduction to BERT
(Bidirectional Encoder Representation from Transformers), a
transformer-based natural language processing (NLP) model
[16]. BERT has gained popularity for its ability to understand
the context and meaning of words in a sentence by consid-
ering the surrounding words. We utilize BERT to develop
a sentiment classifier that can categorize the sentiment of
each tweet into either “positive” or “negative” categories.
By leveraging BERT’s powerful language understanding
capabilities, we determine the sentiment expressed in tweets.

To train the sentiment classifier [17], we first follow a
labeling process in which each tweet in a data sample is
assigned sentiment categories. The labeling task is performed
by graduate students. To measure the agreement between
labellers, we calculate the proportion of tweets labeled with
the same category for each pair of students, which measures
the consistency of their labeling. If the concordance score
falls below 0.9, indicating that more than 10% of the tweets
are marked with different categories, the data sample is then
reevaluated by another pair of labellers. This process ensures
that the sentiment labels assigned to the tweets are reliable
and consistent, and it helps mitigate potential biases.

We use the labeled data to train the classifier and apply
the trained model to determine the sentiment category. The
labeled data is split into training and validation sets. Each
sentence in the training data is tokenized and passed to a
pre-trained BERT encoding system with 12 encoder blocks.
Each BERT encoder block applies attention methods to the
input and a feed-forward network to pass the result to the
next block. After encoding, we only use the output from
the last BERT encoder block as the input for the sentiment
classifier. Here, we choose to build a neural network with
one input layer, three hidden layers, and one output layer
with the softmax function as the activation function. We
adopt weighted cross-entropy as our loss function due to the
imbalanced categories in the data sample. After fine-tuning
the parameters in the neural network, the sentiment classifier
achieves an 82.7% accuracy rate with our validation data. We
then apply the trained classifier to determine the sentiment
categories for the remaining data.

B. Results

Fig. 1 illustrates the sentiment results following each crime
event. The x-axis represents the event ID in Table. I. The
left and right y-axes indicate the proportions of negative
and positive tweets, respectively. The findings reveal that
the proportion of negative tweets associated with each crime
exceeds 80%. This observation suggests that crimes have a
significant impact on public discussions and debates regard-
ing subway safety.
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Fig. 1: Sentiment results of 9 crimes

Fig. 2(a) and Fig. 2(b) present the number of tweets
and sentiment results over a seven-day period following the
crimes. The figures reveal that the number of tweets related to
crime 7 decreased after January 15, indicating a diminishing
discussion among users. However, the proportion of negative
tweets remained consistently high. This suggests that users
did not alter their negative attitude toward the crime despite
the decrease in overall discussion volume. Fig. 3(a) and
Fig. 3(b) present the number of tweets and sentiment results
over a six-week period following the crimes. It is evident
that after the first week when the crime occurred, there was
a significant decrease in user discussions regarding the event
on social media. This trend can also be observed in the
sentiment results of crime 8, as depicted in Fig. 4 and Fig. 5.
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Fig. 2: Crime 7 - daily performance

Fig. 6 and Fig. 7 visualize the subway ridership in stations
where crimes 7 and 8 occurred. The turnstile data records
the number of exits and entries at each subway station
every 4 hours. We first look into crime 7 on January 15,
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Fig. 3: Crime 7 - weekly performance
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Fig. 4: Crime 8 - daily performance

2022. The x-axis is the timeline and the y-axis denotes the
entries. The yellow line illustrates the trend of entries on
the day when the crime took place. The blue and green lines
represent the trends of entries one week prior to and after the
crime, respectively. The subway ridership first experienced a
significant decrease and then bounced back on January 15.
We now look into crime 8 where a mass shooting occured
on the subway starting from the station at 59th Street to the
station at 36th Street. In Fig. 7(b) and Fig. 7(a), we present
the plotted trends of ridership at the stations where the
shooting originated and ended, respectively. It was observed
that on April 12, the ridership at the 36th Street station
decreased to O after 13:00 due to a police lockdown. In
contrast, the ridership at the 59th Street station rebounded
to 600 after 16:00, which was 60% lower than the ridership
recorded one week prior to and after the crime. This indicates
that the mass shooting caused fear among the public, leading
to a decrease in ridership at the affected stations.
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Fig. 5: Crime 8 - weekly performance
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Fig. 7: Mass shooting - Crime 8

We delve into individual tweets post these two crimes. In
the aftermath of crime 7, where a woman was pushed onto
the subway tracks, there was a heated discussion on anti-
Asian hate crimes (See Table II). Many tweets exemplify
this sentiment. These tweets highlight the individual’s per-
sonal experience and acknowledge the existence of racism,
specifically in relation to anti-Asian sentiments. Similarly,
following the mass shooting on the subway (crime 8),
there was a debate surrounding gun violence. Some tweets
expressed the safety concern for the entire transportation
system. These tweets reflect a broader apprehension about
the safety within various modes of public transportation.

Tweets Event
100% of violent racism. I've experienced enough of 7

it to agree that Black on Asian racism has been a
thing since I've been alive.

I’m just curious what would happen if we actually 8
allowed the CDC to study the data surrounding gun
violence, instead of actively forbidding them from
doing so.

All public transportation is a cesspool and an abso- 8
lute hazard to Asians. I've read so many incidents in
subway trains, at subway stations, in public buses, at
bus stops, airplanes, and sidewalks.

I bet he would not escape NYC. 7
It would be nice if the richest city in the richest 8
nation on earth could afford barriers on their subway
stations.

I have lived in New York for 6 years now. I have 8
never felt unsafe on the subways.

TABLE II: Sample tweets

Negative|

Positive|

Note that there exists a small proportion of positive tweets
pertaining to each crime. Some tweets reflected a positive
outlook on the authorities’ ability. Additionally, there were
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tweets that conveyed a positive attitude toward the public
transit system. These tweets showed a positive sentiment to-
wards improving the safety measures of the subway system,
emphasizing the desire for better infrastructure. Some users
maintain a positive attitude toward subway safety. They have
consistently felt secure when taking public transits.

IV. DEMOGRAPHIC ANALYSIS

In this section, we study the relationship between user
demographics and their sentiments toward crimes in NYC
subway system. In particular, we implement regression anal-
ysis on the sentiment results regarding two highly discussed
crimes: pushed to track (i.e., crime 7) and mass shooting (i.e.,
crime 8). By performing the regression analysis, we aim to
gain insights into how user demographics may influence the
sentiments regarding specific crimes.

1. Pushed to track - Crime 7

Fig. 8 presents a summary of demographic information
obtained from 2076 users who posted tweets or comments
regarding crime 7. Among these users, 56% are male, while
44% are female. The users are further categorized into three
age groups: the young (age < 30), middle-age (age 30-65),
and the elderly (age > 65). The proportions of users in these
groups are 26%, 59%, and 15%, respectively. The distribu-
tion of ethnicity among the users is depicted in Fig. 8(c).
Furthermore, in Fig. 8(d), we provide a generalization of
several occupational categories among the users.

e
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D
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(b) Gender

P=

business
2%

(d) Occupation

Fig. 8: User demographic - Crime 7

Regression analysis is conducted using three different
approaches, which are briefly introduced as follows:

1) Logistic Regression: Logistic Regression is suitable
when the dependent variable is binary, such as positive
or negative sentiment. By applying this method, we can
examine the relationship between user demographics
and the likelihood of expressing a particular sentiment

category. We use the softmax function to normalize all
features and choose cross entropy as the loss function.
2) Random Forest: Random Forest is a machine learning
algorithm that constructs multiple decision trees and
combines their predictions to make a final prediction.
In this case, Random Forest can be applied to deter-
mine how user demographics contribute to predicting
sentiment categories.
3) XGBoost: XGBoost is an ensemble learning algorithm
that is commonly used for regression tasks. It builds
a strong predictive model by iteratively adding deci-
sion trees to minimize the prediction error. We apply
XGBoost to analyze the relationship between user
demographics and sentiment categories.
We divide the data into training and test sets using an 8:2
ratio. The data is split in a stratified manner to ensure that
both the training and test sets have balanced classes, includ-
ing positive and negative sentiments. To mitigate overfitting,
we employ the 10-fold cross-validation method during the
training process. The package “scikit-learn” in Python3 is
used to implement logistic regression and random forest.
The package “XGBoost” in Python3 is used to implement
XGBoost. The accuracy results of XGBoost, logistic regres-
sion and random forest are shown in Table. III. XGBoost
outperforms the other two.

Model Accuracy
XGBoost 75%
Logistic Regression 65%
Random Forest 73%

TABLE III: Accuracy

Fig. 9 illustrates the feature importance from XGBoost
results. It indicates that among the different demographic
groups, the middle-age group exhibits the highest sensitivity
to crime 7. Additionally, gender and ethnicity are identified
as important factors influencing people’s sentiments toward
crimes. Note that among all the ethnicity categories, the
Asian group demonstrates the highest sensitivity to the crime.
This sensitivity can be attributed to the fact that the woman
who tragically lost her life after being pushed onto the sub-
way tracks was of Asian descent. Consequently, the fear and
concern among the Asian community led to more discussions
and negative sentiments regarding anti-Asian hate crimes on
Twitter.
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icity_Asian
icity_white
Age_elderly
Married
icity_Africa

Occu_business I
Occu_service I
0 50 100 150 200 250 300 350

Fig. 9: Feature Importance ranking - Crime 7
2. Mass shooting - Crime 8
We now look into the demographic analysis of the mass
shooting crime. Fig. 10 presents a summary of demographic
information obtained from 1967 users who posted tweets or

4157

Authorized licensed use limited to: Columbia University Libraries. Downloaded on July 26,2024 at 14:36:47 UTC from IEEE Xplore. Restrictions apply.



comments regarding crime 8. The accuracy of XGBoost,
logistic regression and random forest are 78%, 60% and
72%, respectively. Fig. 11 illustrates the feature impor-
tance results. It reveals that among the various demographic
groups, females exhibit the highest sensitivity to the mass
shooting event. This finding aligns with the reality that
many women have concerns about their safety while using
public transportation in NYC [1]. Age and ethnicity are
also identified as important factors that influence people’s
sentiments toward crimes. The demographic analysis of both
crimes demonstrates that age, gender, and ethnicity have a
significant impact on people’s attitudes toward crimes.
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Fig. 10: User demographic - Crime 8
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Fig. 11: Feature Importance ranking - Crime 8
V. CONCLUSION

In this work, we analyze social media data to understand
the public opinion on rising subway crimes, particularly in
NYC. We focus on a series of 9 crimes, which happened
between Feb 2021 and May 2022 in NYC subway systems,
and extract 29647 tweets tweeted around these crimes. BERT
model is performed to analyze the sentiment of Tweets
toward the subway crimes. In particular, we study Asian hate
crimes and mass shooting, which have been rising all over
the country, especially post the pandemic [1]. Demographics
of 4043 twitter users are extracted, including age, gender,
ethnicity, and occupation. We find that (1) Negative attitudes
towards crimes indicate fear among the public and lead to a

decrease in subway ridership. (2) Age, gender and ethnicity
are important factors influencing people’s sentiments toward
crimes. (3) The fear and concern among the Asian commu-
nity lead to negative sentiments regarding anti-Asian hate
crimes. (4) Compared to others, women have more concerns
about their safety while using public transportation in NYC.

In the future, we will investigate the relationship between
crimes and other mode choices (e.g., bus, bike, taxi) and look
into populations who are most affected by these crimes and
may give up transit and switch to other travel modes in a
multimodal transportation system.
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