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ABSTRACT

Amid-pandemic, ridesharing companies provide a lot of discount policies to face the influence of the
pandemic, but those policies have different effects in various countries and user groups. The Latent
Dirichlet Allocation is used for topic modeling, then the distribution of price topics is extracted and labeled
in topic graphs, each graph represents the difference of specific groups™ (divided based on users’
characteristics and countries) topics between pre-and amid-pandemic eras. The result of topic modeling
shows that topics have a significant difference between the USA and India. Results from this paper can be
used for ridesharing industries in enhancing the service and providing a suitable price standard amid-
pandemic.

Keywords: ridesharing, travel cost, topic modeling, sentiment analysis, Twitter data, COVID-19

INTRODUCTION
Overview

With the emergence of ride-hailing and ridesharing systems, a huge transformation occurred in
transportation and travel behaviors. A ridesharing system can reduce travel time, contribute to air quality
and reduce pollution, lead to a reduction in Vehicle Miles Traveled (VMT), and support economic growth
(1). In fact, people reduce travel costs by sharing their vehicles with others and becoming travel
companions (2). In the United States, the Uber and Lyft platforms are among the largest programs of this
type of service, of which Uber has the largest share of users (3). If these systems cannot meet the demands
and preferences of users, such as low cost, short travel time, and boarding and disembarking time, no one
may use them in the future (4). Yan et al. consider ride matching and dynamic pricing as two problems in
ridesharing systems and believe that these two problems cause the system to lose its efficiency (5).

WHO reported that until mid-July 2022, COVID-19 caused the deaths of more than 6.3 million people
and nearly 558 million infected people worldwide (6). The disease has affected the global economy as
well as transportation, causing changes in departure times, mode selection, travel destinations, and route
selection, and VMT has also decreased due to the spread of telecommuting during the COVID-19 era, but
the total number of trips has increased. Cost and convenience, which played a key role in modality
selection decisions, are replaced by a reduced risk of infection. Such behavior could return travel demand
to private cars, cycling, and even walking amid-COVID-19, as seen during the pandemic. Therefore, the
public transportation sector, ridesharing, and other emerging platforms are expected to face serious
financial problems as a result of the loss of revenue during the quarantine period and the subsequent
reduction in demand (7). As mentioned, cost reduction is one of the goals of ridesharing, which forces
users and drivers to use these systems. If this demand is not met, they will switch to other modes of travel.
For example, a study in Spain showed that the highest percentage of people after the quarantine period of
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COVID-19 tend to use public transportation because it is cheaper, and they believe that taxis and ride-
hailing services are luxury services and only when those companies pay for their work trips or use these
services at night when there is no public transportation (§). Many studies proposed algorithms to reduce
travel costs and match users' wishes for platforms, which we discuss in the literature review section.
However, few pieces of research have been conducted on the opinions of users on the cost of traveling
with ridesharing and ride-hailing platforms, which seems to be a gap in current research, especially in the
pre-and amid-COVID-19 eras in America and India. In this research, our main question is: what are the
opinions of American and Indian users about the cost of traveling with ridesharing services, especially in
the era pre-and amid-COVID-19?

Research context

In order to answer this question in the present study, the reduction of users and trips in ridesharing systems
in different age and gender groups in terms of travel costs in the Twitter application was investigated in
order to determine what changes in users' opinions on travel costs and willingness to pay were made. The
purpose of this study is to investigate the views of a large community of ridesharing users on the Twitter
application for the United States and India, which can cause differences in cultural exchange activities
due to unstable economic conditions, cultural norms, lack of infrastructure, and movement habits in these
countries. The results of this study can help governments better plan for transportation systems, especially
ride-hailing and ridesharing platforms. To do this research, 63,800 tweets were collected from Twitter
using text mining methods, specifying age, gender, and country in the pre- and amid-COVID-19 pandemic
era. According to the data collected from USA and India our goal is to compare the two countries. The
methods we chose for data analysis are the Bidirectional Encoder Representations from Transformers
model (BERT), the Valence Aware Dictionary and sEntiment Reasoner (VADER) for sentiment analysis,
and Latent Dirichlet Allocation (LDA) for topic modeling.

To organize this article, the research conducted in the field of travel cost for different travel modes and the
proposed solutions to these studies are given in the Literature Review section, and then the methodology
and data collection methods are examined. Finally, we will discuss the results of this research.

LITERATURE REVIEW
Analysis of the ridesharing service

As we mentioned, COVID-19 has had a great impact on access, mobility, travel mode choices, and reduced
use of public transportation, ridesharing, and ride-hailing, which has hit the economy of these services.
Research results in China show that COVID-19 has a greater impact on reduced mobility and travel for
disadvantaged and low-income groups than others (9). Meanwhile, in two studies from Texas, America,
and Greece during the pandemic, unlike China, low-income travelers are likely to make more daily trips
because they have no choice but to leave home (70). In a study from America, it was found that disabled
people in low-income neighborhoods of Seattle, who have less access to private vehicles, are more
dependent on transportation services (1/). COVID-19 has also further exposed structural disparities in
3
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access to transportation services for low-income Americans of color (72). At the same time, according to
an online survey of 398 Uber users in Egypt, it was found that they used the system during the pandemic
because of its usefulness (saving time and money), its speed, efficiency, and convenience, and they think
that this service is more valuable than other modes of transportation. In a study about public transportation
in three large regions of Sweden, it was found that public transport users decreased by between 40 and
60% (13), and in another study in Budapest, this number was 80% (74), and also in Italy, this reduction
was seen in public transportation (75). Meanwhile, in a survey of an article from Spain in the spring of
2020, 89.7% of people want to return to public transportation after the quarantine period, and this is only
because of the low cost of this type of service. Also, based on a survey in a study from Chile, it was found
that young and low-income people are relatively less sensitive to public transport congestion (76). In
another paper, the reduction in bus and subway use in areas of New York such as the Bronx and East
Brooklyn (lower income areas) was much less than in the CBD (77).

Currently, according to two studies, one of them was from India, it was found that people with higher
income tend to use ride-hailing and people with lower income choose ridesharing (18, 79). In a study
conducted with a survey of 4365 users in the United States, it was found that a price difference of $1 per
mile can increase the probability of sharing by more than 8% (7). But in the case of ride-hailing in the
three cities of Boston, San Francisco, and Washington DC, it was found that middle-income households
do not want to use these services (20). Passengers who use the Jetti platform in New Mexico City have
moderate to high incomes, and twice the national average own a private vehicle (2/). Based on data
collected from 532 people in China, it was found that tourists as well as people over 40 years old tend to
pay more for ridesharing than those under 30 years old to reduce waiting time and travel time (22). In
another study from China, it was found that with the increase in the price of ride-hailing or the travel
distance, the possibility of choosing ride-hailing decreases, and more passengers turn to taxis and
ridesharing, while the opposite is also true (23). In some studies, suggestions have been made to increase
users' trust in platforms and increase their satisfaction. For example, Morris et al. mention two cases of
reducing the cost of carpooling, especially the cost of ride-hailing, and reforming the pricing system by
giving discounts to passengers when their travel takes longer than estimated (24). On the other hand, it
suggests an appropriate cost-sharing mechanism that is understandable for users to ensure users balance
their interests with the system and increase demand (25). Financial reward, receiving a lower price from
a more reliable platform than a less reliable one (26), payment security, driver certification, feedback
mechanism, and incremental pricing are among the things that make customers trust the system (27) and,
ultimately, demand can be increased with appropriate pricing (28).

It is very important to consider the needs of all users of ridesharing and ride-hailing services and to plan
properly for the future of these systems. In general, incentives, financial benefits, and sharing of travel
expenses may encourage people to share their trips (4). In a research, Hasanpour Jesri and Akbarpour
Shirazi consider the costs of ridesharing services to include fixed costs related to the number of vehicles
and variable costs related to the distance traveled by vehicles (29). On the other hand, Yan et al. believe
that the existing pricing methods in ridesharing systems may lead to the loss of efficiency of these systems
(5). To solve this problem, it can be said that the synergy of Dynamic Pricing and Dynamic Waiting can
reduce price fluctuation, and by improving the pricing programs, it is possible to control and choose the

best price (30). In order to improve the pricing, research has been done, among which we can mention the
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ADAPT-Pricing method from Asghari and Shahabi in New York, in which the revenue created for the
platform in each period is up to 5% and 15%, respectively, increase, while reducing the travel cost by 5%

(31).
Method of Ridesharing Service

Among topic models, LDA (32) is a valid and widely used model, which assumes that there is an exchange
between words and documents in a corpus represented by bag-of-words. LDA has been used in both long-
length (e.g., abstracts) and short-length (e.g., tweets) corpora for different applications such as health (33-
34), e-petitions (35), politics (36), and investigation of social media strategy (37). For example,
Pournarakis (38) has carried out the topic modeling for transportation services based on LDA. For the task
of clustering tweets into the different topics, this study designed and implemented a Genetic Algorithm
based on LDA which improved the K-means clustering approach. Another relevant study has been carried
out to analyze ridesharing services based on the Twitter data, the result shows that LDA topic modeling
could provide the capacity to extract the most discussed topics in a large dataset in a short period of
computing time (39).

When it comes to sentiment analysis, BERT has been popular recently, which is designed to help
computers understand the sentiment of ambiguous language in the text by using surrounding text to
establish context. For example, Sun et. al. (40) created an auxiliary sentence to convert (T)ABSA from a
single sentence classification task to a sentence pair classification task based on BERT. The result shows
that BERT-pair beats other models on aspect detection and sentiment analysis by a significant margin on
the SentiHood dataset. Historically, language models could only read text input sequentially, but couldn't
do both at the same time (41). BERT is different because it is designed to read in both directions at once.
This capability, enabled by the introduction of Transformers, is known as directionality (42). Meanwhile,
the BERT framework was pre-trained using text from Wikipedia and can be fine-tuned with a question
and answer datasets. This method achieves the drawback of the supervised method in dataset transfer and
a limited amount of data. The BERT was utilized as a reference model in this study, after the sentiment is
extracted, the sensitive and correlation analysis are based on logistic regression.

METHODOLOGY FRAMEWORK

Figure 1 shows the methodology's flowchart.. First, this paper collects text data consisting of all
characterization indicators from Twitter. Then text data is filtered based on error deletion, and the noise
of text is reduced based on the text's meaning. Secondly, the keyword of all texts is extracted and sorted
based on the word’s frequency using the flash-text method, then the price-related texts are selected from
those keywords. Then, the clusters are modeled based on the price-related dataset using LDA, 5 clusters
are modeled, each cluster has 20 keywords, and the topics are extracted based on those keywords manually.
Furthermore, the topics’ differences between each group and pre-and amid-pandemic are compared. Third,
this paper uses VADER and BERT to model the sentiment of each sentence of Twitter text, and a more
suitable model is chosen for further analysis. Sensitivity and significance analyses are used to examine
pre- and amid-pandemic gender, age, and country differences, as well as pre- and amid-pandemic gender
5
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groups, age groups, and pre- and amid-pandemic USA/India. The multi-logit regression model is then
used to assess the correlation and regression between each variable.

Keyword Sentiment analysis

2 Twitter data extraction
E, collection ;
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FIGURE 1 THE METHODOLOGY FRAMEWORK'S FLOWCHART
Data Collection and Filtering

The tweets were gathered using Twitter Intelligence Tool (43), a sophisticated Twitter scraping tool. The
text data is gathered from 1 January 2019 to 4 May 2022 using the terms "Uber Pool,” "Uber Black,"
"Uber Comfort,” "Uber X," "Lyft XL,"” "Lyft Lux," "Lyft Black,” "Lyft Line,” "Lyft Shared,” "Ola
KaaliPeeli,"” "BlaBlaCar Carpool,” "Sride,” "Ibibo Ryde,"” "Meru". The texts were chosen based on the
following criteria: they were written in English, they were located in the United States and India,
duplicated texts were eliminated, and spam content was removed using a method for identifying spammers
(44).The Twitter database has data problems, such as missing data, characters that make no sense, and
noise in the data. The phrases are cleaned up of any nonsensical characters, such as emojis, emoticons,
URL paths, digits, punctuation marks, symbols, English stop words, non-alphabetical words, and tokens
with less than one character.Then, the dimensionality of the text is reduced based on Part of Speech
Tagging method, and each sentence is changed into nouns, verbs, adverbs, and adjectives. The words are
stemmed based on the Snowball method; the empty text whose length was less than five characters are
deleted from the dataset since this paper considers an English word must have at least five characters to
provide any signification information (44). Descriptions of the data are provided in Table 1.

TABLE 1 DESCRIPTION OF THE TWITTER DATA
Data type Description
Users’ characteristics | Gender, age, user name, user 1D, followers.

Timestamp The timestamp of each tweet publishes.

Location The county and location of the user.

Tweet The content of the tweet, the situation of the tweet (rewrite
or not).

Sample of the tweet
before and after
filtering prices are odeeeeeeeeer cheaper #uber.

Before filter: @Uber### 1 like (&) and miss # uberpool much,

6

Western Decision Sciences Institute 51st Conference, April 4-7, 2023



https://t.co/OOLOY LexyC
After filter: I like and miss uber pool, prices are cheaper.

TOPIC MODELING OF RIDESHARING MONEY COST

Time-related tweet extraction

The main content of this paper concentrated on the ridesharing money cost, therefore the tweets related to
this topic are kept for further analysis. To extract the related tweets about ridesharing money costs, the
words of the original dataset are extracted and sorted based on the word frequency based on the flash-text
model in Python. 2000 words are found from the dataset, then, the words related to ridesharing money
cost, such as “pay”, “expansive”, “cheaper”, etc., are selected from those keywords, then used for selecting
the ridesharing money cost-related tweets. After the data collection and cleaning, 2406 texts related to
ridesharing money costs based on 2219 Twitter users are kept in the dataset. In this paper, the happen
threshold of a pandemic is chosen as March 2020, the data pre-pandemic includes 1286 texts, and amid-
pandemic has 1120 texts. When it comes to gender, 1440 text belongs to males, and 966 to females. The
mean of users age = 32.03, S.D. = 5.32, this paper chooses age =37 (only using this threshold, the data
show the significance) to divide the users as younger and older (number of tweets belonging to younger =
1858, older = 548). Note that, the countries in this paper include USA and India, 2094 tweets belong to
the US users, and 312 to Indian users.

Keywords Extraction : This paper extract keywords based on LDA. A generative statistical model called
the LDA enables unobserved groups to explain sets of observations, which explains why some portions
of the data are similar.For example, if observations are words collected into documents, it posits that
each document is a mixture of a small number of topics and that each word's presence is attributable to
one of the document's topics.

To obtain the underlying structure of latent topics in our dataset based on LDA, Python’s Gensim library
(45) is used, which allows the execution of the algorithm with multi-threads, resulting in effectiveness and
fast calculation. This paper concentrates on exploring the difference between the countries, gender, and
ages pre- and amid-pandemic, the data is divided into 7 groups (all tweets, USA tweets, India tweets, male
tweets, female tweets, younger tweets, and older tweets). Then, 14 documents, which include 7 groups,
pre- and amid-pandemic from 2019.01 to 2022.05, are used for topic modeling based on the 5 clusters'
LDA model (46). Finally, 35 clusters, each cluster has 20 keywords, are collected.

Topic labeling based on keywords combination:As discussed in the previous section, the keywords of 5
clusters are created in each group. However, the result of LDA does not provide the documents’ topic
but only a distribution of probabilities to the different topics. Some studies considered the use of several
clustering techniques to group keywords of clusters into predefined topics, such as Moreno (47) use
method involves the use of a K-mean clustering algorithm and Genetic Algorithm combined with a local
convergence algorithm to integrate the topics based on LDA result. However, those methods have the
same disadvantage in grouping the topics, researchers still need to label the topics from the clustering
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result manually. As the main problem of the supervised method, researchers need to pre-define the
number of topics, which reduces the information of text and the hidden variables of topics.

To deal with those drawbacks, this paper proposes a topic label method for topic labeling. At first, the
cluster ordering step is re-order the clusters based on the coherence measures of each cluster. The
coherence measures the score of a single cluster by measuring the degree of semantic similarity between
high-scoring words in the cluster. The high score means the cluster has a good performance in the model,
therefore, 5 clusters are sorted based on the enhancement of the coherence measure score. Then, this paper
selected the three most discussed topics in the latest research including price, expansive, and cheaper (2)
as references for topic labeling. Each keyword in the clusters is scored based on the correlation with four
topics manually. A 10 score means the keyword has a high probability of belonging to a certain topic.
Once the keyword has got a 1 score in all topics, the new topic would be created based on the meaning of
the keyword, for example, the word pandemic does not belong to any topics, therefore, the pandemic is
created as the fourth topic. Finally, after all of the keywords are scored, topics are generated and labeled
as topic-1, ..., topic-4. Then, each cluster is changed to a related topic based on the keywords labeled.
Take the amid-pandemic, male’s cluster 1 as an example, as can be seen in Figure 2, each keyword in the
clusters is transferred to the topic label, and the clusters are relabeled to topic 2 based on the keywords’
frequency in each cluster. Note that, only meaningful keywords are kept for topic modeling, and words
such as can, much, etc. which have no sense are deleted. After each cluster is labeled, the difference
between each group pre-and amid-pandemic is compared based on the hot topic difference, and topic
change trend.

Post-pandemic

| Cluster 1 | | Cluster 2 | | Cluster 3 | | Cluster 4 | | Cluster 5 |
[ Expansive || Cheaper | [ Expansive || Price |[ Pandemic
[ Topicz || Topicda || Topic2 |[ Topict |[ Topic4 |

FIGURE 2 EXAMPLE OF TOPIC LABELING
Sentiment Analysis

Sentiment analysis can be used to classify the polarity of a given document; it can assign a score to a
document to indicate whether the expressed opinion is positive, negative, or neutral. In this paper, the
VADER and BERT models are used for extracting the sentiment of each text, then, the sensitivity and
significance pre- and amid-pandemic are analyzed. The logistic regression model is used for interpreting
the correlation between passengers' characteristics, countries, pandemic, and sentiment. Then, the
regression model is modeled based on these variables. Therefore, the VADER and BERT models and
logistic regression, which are related to this paper, are introduced as follows.

VADER model: VADER is a lexicon and rule-based sentiment analysis tool that is specifically attuned to
sentiments expressed in social media. VADER uses a combination of A sentiment lexicon is a list of

lexical features (e.g., words) that are generally labeled according to their semantic orientation as either
8
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positive or negative. VADER not only tells about the Positivity and Negativity score but also tells us about
how positive or negative a sentiment is. The VADER lexicon performs exceptionally well in the social
media domain. The correlation coefficient shows that VADER (r = 0.881) performs as well as individual
human raters (r = 0.888) at matching ground truth (aggregated group mean from 20 human raters for
sentiment intensity of each tweet). In this paper, the VADER model is constructed based on the Vader
module which is installed in Python. Every lexical feature that had a non-zero mean rating, and whose
standard deviation was less than 2.5 as determined by the aggregate of ten independent raters is kept. The
sentiment intensity on a scale from —4 to +4. For example, the word “okay” has a positive valence of 0.9,
“good” is 1.9, and “great” is 3.1, whereas “horrible” is —2.5, the frowning emoticon “:(”’ is —2.2, and “sucks”
and “sux” are both —1.5. More details and is available for download can be found in (48).

BERT Model:The sentiment model attains a greater accuracy of 92% for sentiment when utilizing the
cased version of BERT analysis (41). The model is composed of one or more input sequences, added
with an initial token “CLS” and a token “SEP” to separate segments. All tokens are represented by word
embeddings, concatenated with position embeddings and segment embeddings. Each model is made of
two sublayers, one is a multi-head attention mechanism with A heads and hidden size H; the second is a
fully connected layer with a position-wise feed-forward. Each sublayer output is normalized and added
to the sublayer input. we define two vectors S and E (which will be learned during fine-tuning) both
having shapes (1x768). We then take a dot product of these vectors with the second sentence’s output
vectors from BERT, giving us some scores. We then apply SoftMax over these scores to get
probabilities. The training objective is the sum of the log-likelihoods of the correct start and end
positions.

In this paper, the BERT base model is employs L =12, A =12 and H = 768. normally, the BERT takes an
input of a sequence of no more than 512 tokens (which are lowered here to 128 dues to the small length
of tweets ). In this paper, the model parameter is set as learning rate: 0.0001, batch-size: 8, epochs 10,
max-seq-length: 128.

Logistic Regression Model: Logistic regression is a commonly used model in transportation studies.
Therefore, for brevity, logistic regression modeling is not provided in this paper. For more information
please see Agersti (49).

RESULTS

Topic Modeling Performances and Results

Keywords distribution and results: Tweets were collected from ridesharing customers addressing the

@ridesharing Twitter platform from 2019.01 to 2022.05. Then, each tweet related to ridesharing money

cost is collected based on the citation of the methodology section. After data collection and cleaning, the

frequency of tweets in each month is shown in Figure 3. The results show that the number of tweets has

a significant decrease in 2020.04. This decrease occurred with a high probability due to the ridesharing

users’ decrease during the pandemic. Then, the number of tweets increased after 2020.04, and the trend
9
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shows a stable wave, which means that people share their problems and opinion on other transport
platforms or other topics amid-pandemic at first, then come back to the ridesharing money cost topic
nowadays.
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FIGURE 3 THE TWEET FREQUENCY EACH MONTH

The frequency of keywords in each group (country, gender, and age) pre- and amid-pandemic are collected
for checking the most common and relevant issues posted on the platform in each time period. As shown
in Figure 4, the word cloud shows each word with different sizes according to the frequency of words on
the dataset. Before the pandemic, words like “Uber”, “price”, “driver”, and “cheaper” are the most
frequent words in all groups. These results show that people commonly tweet about ridesharing to discuss
problems or recommendations related to ridesharing companies, the ride money cost, and the feeling of
price change. In the USA, people care more about the ridesharing price than in India. When it comes to
gender and age groups, males and females have the same opinion, their hot topics are both focused on
ridesharing companies and drivers’ services. During the pandemic, “cheaper” become more popular in all
groups, this result shows that more people care about the discount on ridesharing amid-pandemic. In the
country group, the Indians more care about the money cost than the USA amid-pandemic. In the gender
and age group, the difference is small, they both care about the difference between ridesharing companies’
prices, and price changes amid-pandemic.
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Topic modeling and development trend analysis

As mentioned in the methodology section, to perform the task of extracting the most discussed topics in
each group pre- and amid-pandemic, the clusters of seven groups (all-USA-India-male-female-younger-
older) are extracted based on the LDA. Then, the clusters pre- and amid-pandemic are sorted based on the
coherence score, then change to the topics based on the proposed method. As a result, 4 topics are labeled,
the details of the topics and their content can be seen in Table 2.

TABLE 2 DESCRIPTION OF LABELED TOPICS AND THEIR CONTENTS

Item Label | Content Description
Ridesharing  money | 1 Price Money cost of the ride
cost 2 Expensive The feeling of the price rise
3 Cheaper The feeling of the price
discount
4 Pandemic Topic related to pandemic

The topic of each cluster is marked in the graph, as shown in Figure 5, the left of the graph shows the
group and ridesharing trip time label, then, the center of the graph shows the distribution of the topics. In
the graph, the F means the frequency of the hottest topic in all periods, pre-pandemic and amid-pandemic.
As a result, the discount of ridesharing price — cheaper (3) is the hottest topic in all periods, and hot topic
has difference between pre- and amid-pandemic, the topic of price discount — cheaper (2) gains more
attention amid-pandemic. It indicates that passengers more care about the discount on prices amid-
pandemic, and the companies put some discount policies to deal with the influence of the pandemic.

In the country groups, both USA and India paid attention to the price of ridesharing (1). In both groups,
they more care about topic “1” pre-pandemic, then the American passengers are more sensitive about the
price discount amid-pandemic than India. In the gender groups, both males and females paid attention to
the topic “1”. Males’ hottest frequency of topic is “1” pre-pandemic and changer to “3” amid-pandemic.
Different from males, the hottest topic of females is “1” pre-pandemic, which is changed to “1 & 3" amid-
pandemic. It indicated that both of them care about the discount of ridesharing amid-pandemic, and the
females are more concerned about how much the price decreases than males amid-pandemic. In the age

1
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groups, both groups have the hot topic “1”. When it comes to the difference between pre- and amid-
pandemic, the younger group has a significant difference, topic “2 & 3” gained more attention amid-
pandemic instead of topic “1” pre-pandemic. It indicates that younger users are more caring about price
changes amid-pandemic.
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Figure 5 The trend graph of ridesharing service topic modeling

Sentiment analysis of ridesharing service

Sensitive and significant analysis:In this section, the VADER and BERT models have been employed to
model the sentiment of each tweet. The proposed models have been implemented on Intel (R) Xeon (R)
Silver 4110 CPU @ 2.10 GHz with 64 GB RAM and IDE disk under Centos 7.6 operating system. The
Anaconda 2021.03, open-source software is used for developing the algorithm in Python. Then, the
NVIDIA V100 GPUs are used to fine-tune the models. To further verify the applicability of the model,
400 tweets’ sentiment is checked manually, the result shows that the BERT model still has high
accuracy (81.3%) and less Mean Absolute Error (0.12) than VADER (accuracy = 62%, Mean Absolute

Error = 0.25). The result means the BERT model has good performance in dealing with the sentiment
12
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analysis problem of Twitter data. Therefore, the sentiment result of the BERT model is used for further
analysis.

The sentiment results of BERT associated with the time series are shown in Figure 6. Based on the
sentiment values, it is observed that more negative tweets than positive ones. This result means that users
address the customer service platform (@ridesharing time) to tweet about complaints and problems with
a negative expression with more frequency than using positive expressions. Meanwhile, the percentage of
a positive attitude increases at the beginning of the pandemic, then, decreasing trend amid-pandemic. This
result may be that the ridesharing company has put some discount policy for customers to respond to the
pandemic at the beginning, which enhances the customer's positive sentiment.
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FIGURE 6 THE VOLUME OF RIDESHARING SENTIMENTS ASSOCIATED WITH THE
TIME SERIES

To further analyze the sentiment, the sentiment is assigned values based on the positive enhancement, as
the negative is 1, the neutral is 2, and the positive is 3. To explore the sentiment difference between groups
(pandemic, gender, age, and country), the mean and standard deviation (S.D.) of sentiment value are
compared. As can be seen in Figure 7 (a), the sentiment in the different gender groups shows a significant
difference. When comparing the mean of each group, customers show more positively amid-pandemic,
and the younger, male, Indian customers have a more positive attitude toward ridesharing money cost.
When it comes to S.D., the customer always keeps a more stable sentiment pre-pandemic. Similarly, older,
female, and American customers also have a more stable sentiment about ridesharing money costs than
others. Then, the difference between each group pre- and amid-pandemic also be analyzed, as can be seen
in Figure 7 (b), the result shows that the sentiment of gender and country groups have significantly
different pre-pandemic, but no significant differences in each group amid-pandemic. Meanwhile, younger,
females and Indian passengers are more positive about the ridesharing money cost pre-pandemic. The
older and the USA passengers enhance a positive attitude amid-pandemic, it may be those groups have
more sensitive to the price change, and change their attitude with the company putting some discount
policy. Meanwhile, only females enhance their negative thought significantly amid-pandemic, it's an

indicator that they may think the discount cannot cover the negative influence of the pandemic. As a result
13
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of S.D., older and Indian passengers keep a more stable attitude than others pre-pandemic, and females
enhance the stable trend amid-pandemic. Note that: * means that the difference was statistically significant
at the significance level of 5% (0.01< p-value <0.05).
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FIGURE 7 THE DESCRIPTION AND SIGNIFICANT ANALYSIS OF SENTIMENT IN EACH
GROUP

Ridesharing service multi-logit regression model:To model the relationship between sentiment and
customers’ characteristics, country, and pandemic, this paper analyzed the correlation between each
related variable and sentiment. The sentiment has a significant correlation with country (0.021*), but
there has no significant correlation with other variables. It indicated that the sentiment has different
performances in USA and India. Then, the regression model has be modeled based on the multi-logit
regression model, which was implemented by using the MATLAB built-in algorithm (50). Four
parameters are used for validating the model performance as Log-Likelihood Ratio, X2, the goodness of
fit test, and model significance. As a result, the model shows a good performance in modeling sentiment
based on the higher significance (sig.=0.05), and lower error (Log-Likelihood Ratio=213.47, X?=19.34).
Table 3 shows the result of the sentiment regression model; country and gender are the main factors to
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influence the sentiment. In India, the sentiment is more positive (OR=1.17, P<0.05), and the female
passengers are more positive than the male (OR=0.99, P<0.05).

TABLE 3 RESULT OF THE RIDESHARING REGRESSION BASED ON MULTI-LOGIT

This essay explores the issue of ridesharing's financial costs both before and after the pandemic. It also
takes into account factors like passenger profiles and regional disparities. The ridesharing money cost
subject is modeled using the LDA model, and the sentiment is examined using BERT and multi-logit
model. From the original tweets, four topics—price, costly, affordable, and pandemic—were taken out. A
graph is used to examine the subject distribution differences across gender, age, and country groups before
and after the epidemic. The BERT model is used to extract the emotion of each tweet in each group based
on time series. The outcome demonstrates that the BERT model outperforms the VADER model in terms
of sentiment extraction. The primary elements impacting sentiment are identified after significance and
correlation analysis, regression modeling using the multi-logit model, and sentiment analysis. The

following are the main conclusions:

The discount on ridesharing pricing is always a hot issue, but there are distinctions between hot topics
pre- and post-pandemic. Post-pandemic, passengers care more about the price discount, and businesses

have implemented several discount rules to deal with the pandemic's effects.

Both the USA and India included the cost of ridesharing while comparing the differences across
categories. American travelers are more sensitive than Indian travelers to the discount during the
epidemic. Both men and women in the study's gender-based groups were interested in ridesharing's
cost. Males worry more about the price discount than females do. The heated subject of pricing is
present in both age groups at all times, with the younger generation worrying more about discounts
and price increases due to the pandemic.

Prior to the epidemic, younger, female, and Indian passengers had a more optimistic attitude on the
cost of ridesharing; yet, after the pandemic, older, USA-based passengers had an even stronger sense

Western Decision Sciences Institute 51st Conference, April 4-7, 2023

MODEL
Step | Items B Stad. E. | Wald | Freedom | Sig.
Intercept 126 | 0.26 2254 | 1.00 000 | XP(B) | 95%Cl
Pandemic 0.05 0.19 0.79 1.00 0.13 1.05 0.87 1.21
Gender -0.05 | 0.19 0.08 1.00 0.05 0.98 0.65 1.34
Age -1.55 | 0.12 0.08 1.00 0.77 0.95 0.64 1.37
Country 0.33 0.16 1.07 1.00 0.03 1.18 0.86 1.64
Intercept 0.35 0.29 1.44 1.00 0.00 - - -
Pandemic 0.02 0.12 0.02 |1.00 0.13 1.02 0.98 1.23
Gender -0.09 |0.21 0.00 | 1.00 0.05 0.99 0.79 1.27
Age 0.09 0.67 2.12 | 1.00 0.97 0.99 0.66 1.49
Country 0.15 0.18 0.74 | 1.00 0.04 1.17 0.81 1.68
CONCLUSIONS




of optimism. It's possible that such groups are more sensitive to pricing changes and that the company's
decision to implement a discount strategy causes them to alter their behavior. Only women, however,
believed that the pandemic's effects could not be offset by the discount. Prior to the epidemic, older
and Indian travelers had more steady attitudes than other passengers, and female passengers now
further the stable tendency.

e According to the regression model's findings, gender and nation are the primary variables that affect
sentiment. Users are more optimistic in India, while female passengers are more optimistic than male
travelers.

This study's major contribution is a technique for sentiment analysis and trip money cost modeling for
ridesharing. Topic occurrence and trend shift, sentiment time series variables that have seldom been used
before, are taken into account in the paper's approach. Results from this study can be used for sentiment
analysis and topic modeling in the ridesharing area. On the basis of this article, those industries may
improve their services and offer a reasonable pricing design standard, which will increase affiliated firm
rivalry.

Future studies should investigate this issue further to validate the modeling strategy and the algorithm.

More crucially, subject modeling and sentiment analysis ought to be combined. Additional variables, such

as sad, joyful, wild, etc., may be retrieved based on further research and utilized to enhance the deep

analysis of sentiment using the emotion analysis.
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