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ABSTRACT 

 

In this study, our aim was to investigate the opinions of users on the Twitter application pre- and post-

pandemic about travel time in ridesharing. Our results show that trip time happening, such as mornings 

and other times, became more important after COVID-19 and users` concern about waiting time has 

increased. We also found that women and US users were more positive than others about ridesharing trip 

time in the pre-pandemic era. Our results can be used to analyze the sentiments of ridesharing industry 

users in order to compete with other companies by providing better services and designing a standard to 

improve travel time. 
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INTRODUCTION 

 

Overview  

The increase in traffic congestion and the subsequent increase in travel time and pollution caused by it, as 

well as the growth of technology and the Internet, prompted researchers to create an integrated and flexible 

system to solve these problems by using a combination of public transportation and the Internet. The 

advent of ride-sharing systems is a response to the growing demand for technology-driven travel that has 

spread around the world over the past decade, and in America, Uber grew as a ride-hailing service system 

(1). Although Lyft is also present in the US market, Uber dominates the current market share (2). However, 

if we're being realistic, this system increases traffic and congestion, the Vehicle Kilometers Traveled 

(VKT) index, and the subsequent accidents when it takes the place of public transportation, notably 

traditional taxis (3). 

After a while, the ride-sharing system did not have much effect on traffic reduction (4, 5) and was not 

suitable for people with lower incomes (6), and experts thought of creating a system that reduces traffic 

and VKT and costs less for different people. Users who are temporary owners of goods and services 

supplied by others are connected by the platform's service providers in sharing services (7, 8). Ridesharing 

is defined as the sharing of an automobile trip by two or more people traveling to a particular destination 

(9). Passengers have the option to use the service for all or a portion of their trip, according to Transport 

for London (10). Different mobile applications are used to manage and schedule ride-sharing. A study 

found that ride-sharing services like Uber have the power to decrease car use, switch traffic from single 

occupancy to ride-sharing, and postpone travel plans during rush hours, hence reducing overall traffic 

congestion in urban areas (11).  

According to a paper, at first, during the COVID-19 epidemic, ride-sharing traffic was drastically cut. The 

drop in ride-hailing trips was significantly greater than the overall traffic volume drop. Second, during the 

epidemic, non-shared trips had significantly higher travel distances, yet travel times were not necessarily 

longer due to decreased overall traffic network congestion. Third, while the number of inter-census-tract 

short trips decreased, their distances grew (12). However, due to the COVID-19 pandemic, many ride-

sharing service providers experienced disruption because most large cities have been in lockdown (13). 

According to Smith (14), reports from the official Uber website, the number of Uber users and trips has 

been on the rise until 2019, but after the start of the COVID-19 pandemic, the growth rate of users and 

trips of this platform has sharply decreased. This rate has also decreased for the Lyft platform during 

COVID-19 (15). 

 

Research context 

In this study, the decrease of users and travels in ride-sharing systems of different age and gender groups 

was examined in terms of travel time to determine what changes in travel time, waiting time, and the time 

of travel during the day were from the perspective of users. The pandemic forced many people to switch 

to private transportation, which led to a reduction in the number of public transport passengers and a 

significant change in travel behavior in urban areas (16). The purpose of this study is to examine the views 

of a large community of users of ride-sharing in the Twitter application for the United States and India. 

The first one is a developed country, and the second is a developing country with many cultural differences 

that can help in crises such as pandemics to better manage ride-sharing systems and to make this system 

stable over time. 63800 data from Twitter were collected using Text Mining methods, specifying age, 

gender, and country in the pre-and amid- Pandemics. 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 
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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. 

 

LITERATURE REVIEW 

 

Travel time has long been an important issue for everyone in transportation, and the occurrence of the 

COVID-19 pandemic may have an impact on it, especially for ride-sharing users, which is the subject of 

our discussion in the literature. According to a study in the United States, in addition to existing barriers, 

the disease has created new barriers to transportation (17), leading to reduced mobility at the peak of the 

epidemic compared to before in many countries, such as China (18), America (19), Canada up to 50% 

(20), Germany (21), Greece up to 50% (22), Japan (10 to 50% intra-provincial travel and 70% inter-

provincial travel in Tokyo) (23), and a 70% reduction in public transport travel in Tampere, Finland (24). 

Although the Vehicle Miles Traveled (VMT) decreased due to telecommuting, the total number of trips 

during this period increased (25), and most of the trips were made by car. One reason for the decline in 

travel can be attributed to strict government policies and regulations to control the disease (26). Work 

away from home and participation in activities such as meeting friends and family, leisure activities, and 

bulk shopping also declined. However, men, lower-income groups, and healthcare professionals are more 

likely to experience an increase in out-of-home travel activities. According to a study conducted by Ye et 

al. (27) using Twitter data and social media mobility trends before and after COVID in New York, they 

concluded that in addition to government policies, social media also influences user mobility behaviors. 

It is a transition. They believe that trending tweets lead to changes in driving, transportation, and mobility. 

Another study of 15,776 English-language tweets found that during the pandemic, people did not use 

public transportation for fear of the disease and instead turned to private cars, bicycles, and walking (28). 

In general, this disease has changed people's mobility choices, which has had a great impact on public 

transportation due to people's perception of its dangers. Two studies from China and the United States 

have shown how the disease has affected taxis and reduced their travel (29, 30). Also, pedestrian travel 

increased, private cars were mainly used for transportation (31), and demand for public transport such as 

buses and subways fell sharply (32, 33). A survey of travel behavior for users of the GIRA shared bicycle 

system in Lisbon showed that the share of trips made by the system increased, while the percentage of 

combined trips by public transport decreased. Before the epidemic, the perceived safety of using public 

transport was similar to other modes. Now it is considered by far the most unsafe mode in Lisbon (34). 

This is very important because if public transport is considered unsafe and unhealthy by people during 

this period, it will not be able to play the social roles it is supposed to play, including accessibility, 

sustainability, and equality (35). According to data from 964 potential users of passenger sharing services, 

a study showed that tolerating ambiguity and environmental concerns of COVID-19 directly and 

positively affects the intention of potential users to accept passenger sharing services, and consumers who 

understand high health threats are less likely to accept ride-sharing services (36). 

But the views of different social groups of men and women of all ages may differ. For example, Young & 

Farber (37) believe that ride-hailing services are a wealthy phenomenon of the younger generation because 

younger riders use Uber more than older riders (38). A study in Malaysia shows that young people aged 

20 to 29 are more likely to prefer shared autonomous vehicles (39). According to a study in Greece, older 

travelers generally maintained their mobility patterns despite their higher vulnerability to COVID-19 

disease (22). According to an online questionnaire for 26 Texas rural transportation leaders, they believe 

that the number of elderly riders is declining and that they may suffer from social isolation (40). In India, 

it has been found that women generally prefer more security and less waiting time than comfort in ride 

sharing (41). 

The main issues discussed in this article are travel time in ride-sharing systems such as Uber and the 

effects of COVID-19 disease on travel time, and we also look at what users of the wider space, such as 
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Twitter, have to say about it, although there is little literature on it. To determine the importance of this 

issue, we examined the pre-and amid-COVID-19 literature. In fact, a shared future can reduce congestion, 

reduce Vehicle Miles Traveled (VMT), lead to better air quality, support economic growth (42), and 

improve travel time for all road users (9), as well as travel time by ride-sharing is more valuable than by 

train or bus in France (43), For this reason, high-income people value their travel time more, and ride-

sharing has been an attractive option for them more than other travel modes (44). A study showed that the 

value of users’ time and also travel time uncertainty has significant effects on the performance of sharing 

systems (45). Accordingly, immediate and optimal compliance is one of the ways to succeed in ridesharing 

services (46). For this reason, the ride subscription provider must provide users with information on arrival 

time, travel time, and financial benefits (47). Otherwise, according to a survey in Delhi, India, the 

unpredictability of estimated travel time and waiting time will lead to the cancellation of 28.4% of 

requested trips (48). Another study of 309 ride-sharing drivers found that users were upset by the length 

of their travel time (49). A survey in China found that travel time was more valuable to tourists, and they 

were willing to pay more to shorten their travel time. Older residents are also likely to pay more to reduce 

waiting times (50). In another study from China, by calculating the cost of travel time and waiting time, it 

was found that from 2016 to 2018, more than 1.7 billion hours of travel time were saved by ride-sharing 

users (51). A study in India shows that for the people of Mumbai, travel comfort is more important than 

security and waiting time (41). According to a survey of 4,365 people in the United States, reducing 

relative travel time by one minute per mile increased sharing by 33 percent (42). A large portion of travel 

was canceled or rescheduled in a study on long travel duration in Canada during the COVID period (20). 

After the pandemic in China, we saw an improvement in the number of trips, although travelers tended to 

travel shorter distances (18). But in Greece, the travel time became longer during COVID-19 (22). In 

general, in the short term, COVID-19 has changed the departure time, mode, destination, and route choices 

(25). 

 

Method of Ridesharing Service 

 

LDA (52) is a robust and popular topic model that presupposes communication between words and 

documents in a corpus represented by bag-of-words. LDA has been employed in a number of applications, 

including health (53-54), e-petitions (55), politics (56), and the evaluation of social media strategy, in both 

long-length (e.g., abstracts) and short-length (e.g., tweets) datasets (57). Pournarakis (58), for example, 

utilized LDA for topic modeling of transportation services. This work created and implemented a Genetic 

Algorithm based on LDA to the task of sorting tweets into the various subjects, which outperformed the 

K-means clustering approach. Another pertinent study that uses Twitter data to examine ride-sharing 

services has been done, and the findings indicate that LDA topic modeling may well be able to extract the 

most prevalent topics from large datasets pretty quickly (59). 

In terms of sentiment analysis, BERT has lately gained popularity. It is intended to assist computers in 

understanding the sentiment of confusing language in the text by establishing context through the use of 

surrounding text. For instance, Sun et al. (60) developed an auxiliary sentence to transform (T)ABSA from 

a single sentence classification problem to a sentence pair classification task based on BERT. The outcome 

demonstrates that, using the SentiHood dataset, BERT-pair significantly beats other models in aspect 

detection and sentiment analysis. Language models historically could only read text input sequentially; 

they couldn't do both at once (61). BERT is unique since it can concurrently read in both directions. The 

arrival of Transformers made this ability known as directionality possible (62). The BERT framework, 

meanwhile, was pre-trained on text from Wikipedia and may be fine-tuned using a dataset of questions 

and answers. This method overcomes the supervised method's limitation on data volume and dataset 

transfer. In this work, the BERT was used as a reference model, and once the sentiment was retrieved, 

logistic regression was used for the sensitive and correlation analysis. 
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METHODOLOGY FRAMEWORK 

 

The flowchart of the methodology is presented in Figure 1. The process has three parts: i) Data gathering 

and filtering. This part collects ridesharing time-related Tweets using the keyword search method of 

Twitter API. Then all tweets are cleaned and filtered based on error deleting, and text noise reduction 

methods. ii) Ride-sharing trip time-related topic modeling. This part extracted trip time-related keywords 

based on the word frequency and correlation analysis. Then the time-related texts are extracted based on 

those keywords. The trip time clusters and topics are modeled using LDA based on text distribution. To 

present the influence of passengers’ characteristics and pandemics on the topics’ changing, the topics’ 

differences between each gender, age, and country group pre-and amid-pandemic are compared. iii) 

Sentiment analysis of ridesharing trip time. This part uses VADER and BERT to model the sentiment of 

each Twitter text, then, a more suitable model is chosen for further analysis based on model performance. 

In this part, the sentiment differences between pre-and amid-pandemic, gender groups, age groups, and 

countries are compared. Meanwhile, the difference in the gender groups pre- and amid-pandemic, age 

groups pre- and amid-pandemic, and USA/India pre- and amid-pandemic, are also compared. Then, the 

correlation and regression between each variable with sentiment are analyzed using the multi-logit 

regression model. 

 

 
FIGURE 1 FLOWCHART OF THE METHODOLOGY FRAMEWORK 

 

Data Collection and Filtering 

The collection of tweets was done through an advanced Twitter scraping tool called Twitter Intelligence 

Tool (63). The keywords “Uber Pool”, “Uber Black”, “Uber Comfort”, “Uber X”, “Lyft XL”, “Lyft 

Shared”, “Lyft Lux”, “Lyft Black”, “Ola KaaliPeeli”, “Lyft Line”, “BlaBlaCar Carpool”, “Sride”, “Ibibo 

Ryde”, “Meru Carpool”, “Ola Share”, “Ola Carpool” and their derivative terms are also used to acquire 

the data in the form of text from 1 January 2019 to 04 May 2022. The data were selected through the 

following criteria: the location is the USA and India, and the text is English written; Duplicated texts were 

eliminated; Spam text was deleted using the detecting spammers method as (64). Data issues, including 

missing information, no-sense characters, and noise in data, exist in the Twitter database. The no-sense 

characters, like emojis, emoticons, URL paths, numbers, punctuation marks, symbols, English stop words, 

non-alphabetical words, and tokens with less than one character, are removed from the sentences. 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. 

Descriptions of the data are provided in Table 1.  



 

6 

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

TABLE 1 DESCRIPTION OF THE TWITTER DATA 

Data type Description 

Users’ 

characteristics  

Gender, age, user name, user ID, 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 the 

filter 

Before filter: @Uber### I like 😊 and miss # uberpull much, 

prices are odeeeeeeeeer cheaper #uber. 

https://t.co/OOLOYLexyC 

After filter: I like and miss uberpool, these prices are 

cheaper. 

 

Topic Modeling of Ridesharing Service 

 

Time-related tweet extraction: The main focus of this paper was the ridesharing trip time. Therefore, the 

tweets related to our research are kept for further analysis. To extract the related tweets, the high-

frequency words of the original dataset are extracted based on the flash-text model in Python. 2000 high-

frequency words are collected from the dataset. Then, the words related to ride-sharing trip time, such as 

time cost, wait, tonight, etc., are selected from the 2000 words, and used for selecting the ridesharing trip 

time-related tweets. After the data selection, 6130 texts related to ridesharing trip time from 5593 

Twitter users are kept for analysis. In this paper, the pandemic event threshold is chosen as March 2020. 

The data pre-pandemic includes 3621 texts, and amid-pandemic includes 2509 texts. When it comes to 

the comparison of gender, 3268 text belongs to males and 2862 to females. The mean users' age is 29.12, 

with an S.D. of 6.07. This paper chooses the age of 35 (only using this threshold, the data show the 

significance) to divide the users into younger and older categories (number of tweets belonging to 

younger = 4030, older = 2100). Note that the countries in this paper include the USA and India; 5330 

text belongs to the USA; and 800 to India. 

Keywords Extraction: This paper uses the LDA to extract ridesharing trip time keywords and clusters. 

The LDA is a dynamic statistical model that enables unobserved groups to explain why some areas of 

the data are similar by sets of observations. For instance, if observations are words gathered into 

documents, it is hypothesized that each document is a combination of a few different subjects and that 

each word's appearance is related to one of those topics.  

To acquire the underlying structure of latent topics in the dataset based on LDA, Python’s Gensim library 

(65) is utilized, which allows the execution of the algorithm with multi-threads, resulting in effectiveness 

and fast calculation. This paper concentrate on exploring the topic difference between the country, gender, 

and age groups pre- and amid-pandemic. Therefore, the data is divided into 7 groups (all tweets, USA user 

tweets, India user tweets, male user tweets, female user tweets, younger user tweets, and older user 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 LDA model (5 clusters based) (66). Finally, 35 clusters, each cluster has 

20 keywords, are collected. 

Topic labeling based on keywords combination: The result of LDA does not provide the documents’ 

topics but only a distribution of probabilities for the different topics. Some studies explored the usage of 

several clustering techniques to arrange and group keywords into topics that are predefined, such as the 

Moreno (67) method, which involves the use of a K-mean clustering algorithm and a Genetic Algorithm 

combined with a local convergence algorithm to integrate the topics based on LDA results. However, 

https://t.co/OOLOYLexyC
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those methods have the same disadvantage in grouping the topics; researchers still need to label the 

topics from the clustering result manually. As the main problem of the supervised method, researchers 

need to pre-define the number of topics, which reduces the informational value of text and the hidden 

variables of topics. 

This paper proposes a new topic label method that includes 3 steps: cluster ordering, topic generation, and 

dataset labeling. The first step re-orders the clusters based on the coherence 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 good performance in the model. Therefore, five 

clusters are sorted based on the enhancement of the coherence score. The topic generation step is the main 

step. The three most discussed topics in the latest research (2) including trip time cost, waiting time, and 

trip happen time, are chosen as reference topics at first in this step. Each keyword in the clusters is scored 

based on the correlation with three topics based on a 10-Likert scale (1–10). A 10 score means the keyword 

has a high probability of belonging to a certain topic. Once the keyword has got 1 score in all topics, a 

new topic will be created based on the meaning of this keyword. For example, the word "pandemic" does 

not belong to any topic. Therefore, the pandemic is created as the fourth topic. In the dataset labeling step, 

after all of the keywords are scored, topics are generated and labeled as topic-1..., topic-4. Then, each 

cluster is labeled as a topic based on the frequency of keywords belonging. Take the amid-pandemic, male, 

cluster 1 as an example, as can be seen in Figure 2, each keyword in the cluster is transferred to the topic 

label, and the cluster is labeled as topic 2 based on the keywords’ belonging frequency. 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. 

 

 
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 model is used for extracting the sentiment of each text, then, the data description and 

significance pre- and amid-pandemic are analyzed. The logistic regression model is used for interpreting 

the correlation between passengers' characteristics, countries, pre-and amid-pandemic, and sentiment, and 

construing the regression model 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 adjusted to sentiments 

conveyed on social media. VADER method employs a variety of A sentiment lexicon is a collection of 

lexical features (e.g., words) that are typically classified either positive or negative depending on their 

semantic orientation. VADER not only informs about the Positivity and Negativity scores but also of how 

positive or negative a sentiment is. The VADER lexicon operates remarkably well in the are of social 

media. The correlation coefficient illustrates that VADER (r = 0.881) operates as well as actual human 
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raters (r = 0.888) at matching ground truth (collected group mean from 20 human raters for sentiment 

intensity of each tweet). In this article, the VADER model is constructed based on the Vader module 

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 instance, the term “okay” holds a positive valence of 0.9, “good” is at 1.9, 

and “great” is at 3.1, while “horrible” is at –2.5, the frowning emoticon “:(” is at –2.2, and both “sucks” 

and “sux” are at –1.5. More details and is available for download and can be found in (68). 

 

BERT Model: The sentiment model achieves a higher accuracy of 92% for sentiment when using the 

cased version of BERT analysis (61). The model is combined of one or more input sequences, added 

with an initial token “CLS” and a token “SEP” to divide segments. Word embeddings are utilized to 

represent every token, concatenated with position embeddings and segment embeddings. Every model 

consists 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. The sublayer input is added to the 

normalized sum of each sublayer output. Two vectors S and E (which will be learned during fine-tuning) 

with  shapes (1x768) have been defined. Afterwards a dot product of these vectors with the second 

sentence’s output vectors from BERT was obtained, giving us some scores. SoftMax was applied over 

these scores to get probabilities. The purpose of training is the sum total of the log-likelihoods of the 

correct start and end positions. 

In this paper, the BERT base model 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 (69). 

 

RESULTS 

 

Topic Modeling Performances and Results 

 

Keywords distribution and results: Tweets related to ridesharing trip time are collected from the original 

dataset. After collection and ridesharing trip time dataset construction, the frequency of tweets in each 

month is shown in Figure 3. The results show that the number of tweets decreased significantly during 

2020.01-04. This decrease occurred with a high probability due to the number of ridesharing users 

decreasing during the pandemic. Then, the number of tweets increased after 2021.02, and the trend 

shows a stable wave. This means that people share their problems and opinions on other transport 

platforms or other topics amid-pandemic at first, then come back to the ridesharing trip time topic. 
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FIGURE 3 THE TWEET FREQUENCY EACH MONTH 

 

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 are sorted based on the coherence score, and the topics are labeled based on the proposed 

method. As a result, four topics are labeled. The details of the topic and its content can be seen in Table 

2. 

 

TABLE 2 DESCRIPTION OF LABELED TOPICS AND THEIR CONTENTS 

Item Label Content Description 

Ridesharing trip time 1 Wait time Wait time for the car 

2 Time cost The time cost from entering 

the car to ending the trip 

3 Trip happen time Trip time of day 

4 Pandemic Topic related to pandemic 

 

The topic distribution of five clusters is marked in the graph as shown in Figure 4. The left side of the 

graph shows the group and ridesharing trip time labels. The center of the graph shows the distribution of 

the topics. Each topic is assigned a color. In the graph, the F means the frequency of the topic in all periods, 

pre-pandemic and amid-pandemic. As a result, the topic of trip happens time (3) is the hottest topic in all 

periods, and the hot topic distribution has a difference pre-and amid-pandemic. The topic of "wait time" 

(1) gains more attention amid-pandemic. It indicated that passengers more care about the trip time 

happening, such as in the morning and other times. Meanwhile, the wait time may increase with the 

pandemic, therefore gaining more concern from passengers amid-pandemic. 

In the country groups, both users from the USA and India paid attention to the topic "1". Users in the 

United States were more concerned about the pandemic than in India. In both groups, they more cared 

about topics "1" and "3" pre-pandemic, then decreased their concern about topic "3" amid-pandemic. It 

indicated that customers more cared about the service of the driver (pickup time) amid-pandemic. In the 

gender groups, both males and females paid attention to the topic "3", and males more cared about the 

topic "1" than females. Males’ hottest topics are "1 & 3", pre-and amid-pandemic. Unlike males, the hottest 

topic among females is "1 & 3" pre-pandemic, which has changed to "2 & 3" amid-pandemic. It indicates 

that females are more concerned about the time cost amid-pandemic. In age groups, both of them have the 

hot topic "2", but the younger ones have more concern about topic "3". When it comes to the difference 
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between pre-and amid-pandemic, both groups have significant differences. In the younger group, topic 

"2" gained more attention amid-pandemic than topic "3". It indicated that younger people are more 

concerned about the time cost amid-pandemic. When it comes to the older, the topic "2" is not popular 

during the pandemic, which shows that the older pay less attention to time cost amid-pandemic. 

 

 
a) The trend graph of topics based on all tweet data 

 
b) The trend graph of topics in the country group 

 
c) The trend graph of topics in gender groups 

 
d) The trend graph of topics in the age group 

FIGURE 4 THE GRAPH OF RIDESHARING TRIP TIME TOPIC MODELING 

 

Sentiment analysis of ridesharing service 

 

Sensitive and significant analysis: The BERT model is approximated to the ground truth with high 

accuracy (87%) than the VADER model (61%). To further verify the applicability of the model, 400 

tweets’ sentiments are checked manually. The result shows that the BERT model still has high accuracy 

(72.3%) and less Mean Absolute Error (0.15) than VADER (accuracy = 52%, Mean Absolute Error = 
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0.32). The result means the BERT model has good performance in dealing with the sentiment analysis 

problem of Twitter data. Therefore, the sentiment result of the BERT model is used for further analysis. 

The sentiment result of BERT associated with the time series is shown in Figure 5. Based on the sentiment 

values, it is observed that there are 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 

people with a positive attitude increases at the beginning of the pandemic and then decreases amid-

pandemic. This result may be that the ridesharing company has put some discount policies for customers 

to respond to the pandemic at the beginning, which enhances the customer's positive sentiment. 

 

 
FIGURE 5 THE VOLUME OF RIDESHARING SENTIMENTS ASSOCIATED WITH THE 

TIME SERIES 

 

To further analyze the sentiment performance, 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 

differences between groups (pandemic, gender, and age), the mean and standard deviation (S.D.) of each 

group are compared. As can be seen in Figure 6 (a), the sentiment in the different pandemic periods and 

countries shows a significant difference. When comparing the mean of each group, customers show a 

more positive attitude amid-pandemic, and male and Indian customers have a more positive attitude 

toward ridesharing trip time. Meanwhile, as a result of S.D., the customer always keeps a more stable 

sentiment pre-pandemic. Similarly, females, younger people, and American customers have a more stable 

attitude toward ridesharing. Then, the difference between each group's pre-and amid-pandemic sentiment 

also is analyzed. As can be seen in Figure 6 (b), the result shows that the sentiment of gender and country 

groups is significantly different pre-pandemic, but there are no significant differences in each group amid-

pandemic. Meanwhile, female and American passengers are more positive about the ridesharing service 

in all periods. The older have a more positive attitude per-pandemic than the younger, but the opposite is 

true amid-pandemic. As a result of S.D., younger, males and American passengers keep a more stable 

attitude than others pre-pandemic, but only younger people keep a 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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a) The difference pre- and amid-pandemic, and customs’ characteristics 

 
b) The difference between customs’ characteristics pre- and amid-pandemic 

FIGURE 6 THE DESCRIPTION AND SIGNIFICANT ANALYSIS OF SENTIMENT IN EACH 

GROUP 

 

Ridesharing trip time sentiment multi-logit regression model: This paper analyzed the correlation 

between each customer's characteristics, country, pre-and amid-pandemic variables, and sentiment to 

model the relationship between these variables. There is a significant correlation between sentiment and 

country (0.028**), but no correlation exists between sentiment and other variables. It indicated that the 

sentiment was performed differently by users from the United States and India. Then, the regression 

model was modeled based on the multi-logit regression model, which was implemented by using the 

MATLAB built-in algorithm (70). Four parameters are used for validating the model performance: Log-

Likelihood Ratio, X2, the goodness of fit test, and model significance. As a result, the model shows good 

performance in modeling sentiment based on the higher significance (sig. = 0.03), lower error (Log-

Likelihood Ratio = 177.24, X2 = 12.31), and high model fitness (goodness of fit test = 0.623). Table 3 

shows the result of the sentiment regression model; the pandemic and country are the main factors 

influencing the sentiment. Amid-pandemic, the sentiment is more positive (OR = 1.05, P<0.05), and the 

USA’s passengers are more positive than India’s (OR = 1.01, P<0.05). 

 

 

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

MODEL 

Step Items B Stad. E. Wald Freedom Sig. 
Exp(B) 95% CI 

1 Intercept -0.48 0.15 10.19 1.00 0.00 
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Pandemic 0.22 0.11 3.67 1.00 0.03 1.01 0.89 1.13 

Gender 0.04 0.06 0.55 1.00 0.89 1.04 0.93 1.18 

Age -0.77 0.09 0.75 1.00 0.79 0.92 0.77 1.10 

Country 0.33 0.12 4.45 1.00 0.02 1.12 1.01 1.23 

2 

Intercept -0.49 0.16 9.65 1.00 0.02 - - - 

Pandemic 0.12 0.13 4.66 1.00 0.03 1.05 1.01 1.15 

Gender 0.01 0.12 0.01 1.00 0.97 1.00 0.79 1.27 

Age 0.09 0.67 2.12 1.00 0.12 1.11 0.96 1.26 

Country -0.18 0.09 3.48 1.00 0.02 1.01 0.99 1.22 

 

CONCLUSIONS 

 

This paper describes how to use an LDA to model the ridesharing trip time topic, as well as how to extract 

and analyze sentiment using the BERT and multi-logit models. Four topics including wait time, time cost, 

trip happening time, and a pandemic, are extracted from the original tweets. The paper compares the 

difference in ridesharing time topic distribution between gender, age, and country group before and after 

the pandemic. Meanwhile, the sentiment of each tweet in each group based on time series is extracted 

using the BERT model. The result shows the model has good performance. Then, the significance and 

correlation of sentiment with each variable are analyzed; the sentiment regression is modeled based on the 

multi-logit model, and the main factors influencing sentiment are found. The major findings are as follows: 

1. The distribution of topics in all groups shows that topics of trip happening time raise high 

concerns. Meanwhile, the topic of waiting time has gained more attention amid-pandemic. It 

indicated that passengers more care about the trip time happening, such as in the morning and 

other times. Meanwhile, the waiting time may increase with the pandemic, therefore gaining 

more concern from passengers. 

2. The USA and India have the same topics concerning pre-and amid-pandemic. The male is 

more concerned about the waiting time than the female. Males’ and females’ hottest frequency 

of topics is waiting and happening time of the trip, before the pandemic. Females are more 

concerned about the time cost amid-pandemic. The younger groups are more concerned about 

trips happening time before the pandemic and more concerned about the time cost after the 

pandemic. When it comes to the older, waiting time is a hot topic before the pandemic but not 

during the pandemic; they are more concerned with time cost and the happening time of the 

trip amid-pandemic. 

3. The sentiment of the pre-and amid-pandemic and countries' groups showed a significant 

difference. Customers show more positivity amid-pandemic, and in the USA, customers have 

a more positive attitude toward ridesharing trip time. Then, the sentiment of gender and 

country groups has a significant difference, which is that females and American passengers 

are more positive about the ridesharing trip time in pre-pandemic. But no significant difference 

in each group amid-pandemic. When comparing the differences between pre-and amid-

pandemic in each group, the sentiments of older and American passengers are shown to have 

significant differences. Positive sentiment is increased in those groups amid-pandemic, and 

the pandemic has different degrees of impact on individuals. 

4. As a result of the regression model, the pandemic and country are the main factors influencing 

the sentiment. In the amid-pandemic, the sentiment is more positive, and the USA’s 

passengers are more positive than India’s. 

This study provides a method for ridesharing trip time topic modeling and sentiment analysis. The 

framework of this paper considers topic occurrence and trend change, sentiment time series variables, 
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which has been hardly done before. Results from this paper can be used for the ridesharing industries' in-

service topic modeling and sentiment analysis. 

In future studies, additional research should be carried out on this topic to validate the modeling approach 

and the algorithm. More importantly, sentiment analysis should be associated with topic modeling. 

Emotion analysis can also be used to enhance the detailed analysis of sentiment. More variables such as 

sadness, happiness, wiled, etc., can be extracted based on the future study. 
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