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Abstract

Surge pricing, or dynamic pricing as it's also known, has been a topic of discussion among users and drivers of ride-
sourcing services. While some practitioners view it as an incentive mechanism, others question its fairness and impact.
Dhaka City is the focus of this study on the impacts of surge pricing from the drivers and users’ perspectives. This
research is divided into three parts: first, a Bayesian Belief Network is applied to pinpoint the optimal earning hours
for drivers; second, in Python, a linear regression model analyzes a driver’s investment in waiting time and fuel cost;
and third, using an online survey, users’ behavior and attitudes are captured and analyzed under different pricing
scenarios. Findings reveal key insights into earning patterns, operational costs, and user attitudes toward surge pricing.
Based on the results, policy recommendations are proposed to enhance fairness and efficiency in ride-sourcing services
in Dhaka. This study captures the essence of the impacts of surge pricing on the ride-sourcing industry in an emerging
city.
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1. Introduction

Over the years, ride-sourcing platforms have gained much popularity worldwide. Ride-sourcing is a practice of sharing
automobile trips, which has recently become technology-based. Nowadays, websites or mobile apps are being used to
connect drivers and those seeking rides. This method is a sustainable and environmentally friendly mode of
commute.(Thangaraj et al., 2017) And so following global trends, some of the ride-sharing companies started their
operations in Bangladesh like Uber, Pathao, Amarbike, Taxiwala, Garivara, Chalo, Shohoz ride, Obhai, Obon, and
others.(Islam et al., 2019) Gaining market share, ride-sharing companies have given rise to heated discussion over the
market’s regulation. One such issues is “Surge-pricing or peak-hour pricing”, which is a dynamic pricing method or
time- based pricing system. This temporarily increases the price with the increasing demand and limited
supply.(UBER, 2019) Peak-hour pricing adjusts the time out fare in real-time based on the market scenario of a
geographic area, the base day out fare is adjusted by using ability of a multiplier automatically generated from the
platform’s algorithm.(Zha et al., 2017) This pricing system has received sizeable criticism leaving many people in
confusion with questions such as, Is it really good or bad? Who benefits from surge pricing? Some think that surge
pricing can hurt the riders as a form of price discrimination, while others think that it can be a drawback for the drivers
who do not share rides in peak-hour. But, despite all the debates, peak-hour pricing has proved to be economically
efficient. It has increased the total welfare by 1.59% of gross revenue—or $0.19 per trip—relative to uniform
pricing.(Castillo, 2018) The peak-hour pricing came to be a holistic metric that measures the relation
of vehicle provide and rider demand, every temporally and spatially. As much as riders and drivers would like to
forecast peak-hour pricing for trip/business planning, it would benefit ride-sourcing companiesto pro-
actively manage fleet operation with information of the distribution of vehicles and drivers in advance.(Battifarano &
Sean, 2019)

Ride-sourcing services like Uber and Pathao have transformed urban mobility by leveraging technology to connect
drivers and passengers. A critical feature of these platforms is surge pricing, which adjusts fares based on real-time
demand and supply. While surge pricing aims to optimize driver supply and reduce wait times, its implications for
drivers and users remain contentious. This study investigates surge pricing in Dhaka City, focusing on:

e Peak-hour income analysis to identify when drivers earn the most.

e Driver investment in terms of waiting time and fuel costs.

e  User behavior to understand sensitivity to price changes and alternatives like the metro rail.
The findings aim to inform policy recommendations for equitable and efficient ride-sourcing practices.
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2. Methodology
2.1 Peak hour income analysis of Pathao drivers

Bayesian Belief Network as our main tool for analyzing the obtained data. here used the software Genie which is a
Bayesian network inference software to analyze the data. After analyzing used the software SPSS for determining if
this data set was normally distributed.

2.1.1 Bayesian Belief Network

This study analyzed surge pricing impacts through three approaches. Driver data was collected from forty Pathao
motorbike drivers in Mirpur-Shewrapara, focusing on peak earnings, trip frequency, waiting times, and fuel costs. A
Bayesian Belief Network modeled income probabilities using Genie software, leveraging its ability to represent
variable dependencies graphically.(NIKKARILA Juha-Pekka KANGASNIEMI Ilmari VALTONEN Janne BAYESIAN
NETWORKS — AN EXAMPLE OF SOFTWARE AND SOME DEFENCE APPLICATIONS Introduction to Bayesian
Networks, n.d.) Complementary linear regression in Python examined relationships between waiting times, trip
frequency, and fuel expenditures. User behavior was assessed through a 164-response survey measuring price
sensitivity and transport alternatives. The mixed-methods approach enabled comprehensive evaluation of stakeholder

impacts.

Table 1. Clustered data for Bayesian modelling

Highest Earning Time Trip Time Daily Income % Income in Total Trips
peak hour
8 AM - 12 PM 5-7H 500 - 700 40-50 57T
5PM-9PM 8-10H 500 - 700 60-70 8-10T
5PM-9PM 2-4H 200 - 400 80-90 2-4T
5PM-9PM 8-10H 500 - 700 40-50 8-10T
5PM-9PM 2-4H 200 - 400 80-90 24T
8 AM - 12 PM 2-4H 200 - 400 80-90 24T
5PM-9PM 2-4H 200 - 400 60-70 2-4T
5PM-9PM 8-10H 800 - 1000 40-50 8-10T
5PM-9PM 8-10H 800 - 1000 60-70 8-10T
5PM-9PM 5-7H 200 - 400 40-50 57T
5PM-9PM 5-7H 500 - 700 40-50 57T
5PM-9PM 5-7H 500 - 700 60-70 57T
5PM-9PM 5-7H 500 - 700 80-90 57T
8 AM - 12 PM 2-4H 200 - 400 80-90 2-4T
8 AM - 12 PM 2-4H 200 - 400 80-90 24T
5PM-9PM 2-4H 200 - 400 60-70 2-4T
5PM-9PM 8-10H 800 - 1000 40-50 8-10T
8 AM - 12 PM 2-4H 200 - 400 80-90 2-4T
8 AM - 12 PM 2-4H 200 - 400 80-90 24T
5PM-9PM 5-7H 500 - 700 60-70 57T
9PM-11PM 2-4H 200 - 400 40-50 2-4T
9PM-11PM 2-4H 200 - 400 40-50 24T
9PM-11PM 2-4H 200 - 400 40-50 2-4T
9PM-11PM 2-4H 200 - 400 40-50 2-4T
9PM-11PM 2-4H 200 - 400 40-50 24T
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9PM-11PM 2-4H 200 - 400 40-50 2-4T
9PM-11PM 2-4H 200 - 400 40-50 2-4T
9PM-11PM 2-4H 200 - 400 40-50 2-4T
SPM-9PM 8-10H 800 - 1000 60-70 8-10T
8 AM - 12 PM 2-4H 200 - 400 80-90 2-4T
5PM-9PM 2-4H 200 - 400 80-90 2-4T
8 AM - 12 PM 2-4H 200 - 400 60-70 2-4T
8 AM - 12 PM 5-7H 200 - 400 60-70 2-4T
5PM-9PM 2-4H 200 - 400 80-90 2-4T
5PM -9PM 8-10H 500 - 700 40-50 8-10T
SPM-9PM 2-4H 200 - 400 40-50 2-4T
5SPM-9PM 2-4H 200 - 400 60-70 2-4T
5PM-9PM 2-4H 200 - 400 80-90 2-4T
8 AM - 12 PM 2-4H 200 - 400 40-50 2-4T
S5SPM-9PM 8-10H 800 - 1000 40-50 8-10T

2.1.2 Hypothesis Testing

Hypothesis testing is a statistical inference operation that determines whether the available data can support the
assumptions made or not. To determine if our dataset was sufficient, we used the SPSS software, which is a statistical
software suite. Using SPSS, we determined whether our data was normally distributed or not.

2.1.3 Genie Modeler Analysis
The analysis began by developing a dynamic Bayesian network in Genie, followed by sequential evidence testing: first

setting high-income parameters, then middle-income, and finally low-income scenarios, with each step generating
corresponding probability distributions to evaluate
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Figure 1. Evidence set to high income
Figure 2. Evidence set to middle income
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Figure 3. Evidence set to high income Figure 4. Evidence set to middle income
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2.1.4 SPSS Analysis
SPSS analyzed the dataset's normal distribution, generating corresponding histograms and graphs.

[DatasSetl]

Case Processing Summary Normal Q-Q Plot of highest earning time

Cases 5
Valid Missing Total
N Percent N Percent N Percent
highest eaming time 40 100.0% 0 0.0% 40 100.0% °
4
Descriptives =
Statistic =~ Std. Error %
highest eaming time Mean 1.95 107 i o
95% Confidence Interval for Lower Bound 173 %
Mean Upper Bound 217 g
5% Trimmed Mean 194 w
Median 200 A °
Variance 459
Std. Deviation 677
Minimum 1
Maximum 3 *
F!ange 2 05 10 15 20 25 30 35
Interquartile Range 1 Observed Value
Skewness 060 374
Kurtosis -708 733
Figure 5. SPSS Figure 6. Graph

Histogram

highest earning time

Figure 7. Histogram

2.1.5 Discussion

The Genie analysis revealed distinct earning patterns: high-income drivers (earning primarily 5pm-9pm) completed 8-
10 trips over 8-10 hours daily, while middle-income drivers worked 5-7 hours (5-7 trips). Low-income drivers operated
sporadically (2-4 hours, 2-4 trips) throughout the day.

SPSS analysis confirmed normal data distribution (skewness=0.060, kurtosis=-0.708), though the small sample size
may introduce marginal error.

2.2 Driver’s investment in ride-sourcing services

This section analyzed driver investment patterns in ride-sourcing platforms by examining two key operational costs:
waiting time between trips and daily fuel expenditures. Using linear regression models implemented in Python, the
research evaluated how this investment factors correlate with driver earnings.”! The waiting time model treated waiting
duration as the dependent variable, with daily trip frequency, total trip hours, income levels, and fuel costs as
independent variables. Conversely, the fuel cost model inverted this relationship, assessing how waiting times and trip
patterns affect fuel expenditures.

Data was collected through structured interviews with Pathao motorbike drivers in Dhaka, capturing their operational
patterns during both peak and off-peak hours. The methodology builds upon established ride-sourcing research
frameworks but adapts them to Dhaka's unique urban mobility context. Reference was made to Castillo et al.'s work

1028



Khan, S. Bhuiyan, M. B., Ali,

ICCEI 2025

on rider elasticity and Ehsani's waiting time optimization models, though the focus remained specifically on driver-
side economics rather than passenger experience. The regression analysis aimed to determine whether the time and
fuel investments yield proportional returns for drivers across different income tiers, particularly during surge pricing
periods. All statistical modeling was performed using Python's scikit-learn library with results validated through
standard goodness-of-fit measures.

2.2.1 Data
Table 2. Data collected for waiting time and fuel cost analysis

Sl. No. Avg. Trip Waiting Time Earning Time Fuel Cost Daily Income
1 30 30 3 100-150 500
2 25 25 2 >150 600
3 30 30 2 100 300
4 25 25 1 100-150 700
5 20 20 2 100 300
6 15 15 1 <100 200
7 25 25 2 100 300
8 15 15 2 100-150 800
9 15 15 2 100-150 >1000
10 25 25 3 100-150 400
11 30 30 2 100-150 500
12 30 30 2 100-150 600
13 30 30 1 100-150 500
14 20 20 1 <100 200
15 25 25 2 <100 200
16 20 20 3 100 300
17 15 15 1 100-150 800
18 35 35 2 <100 300
19 30 30 1 100 300
20 25 25 1 100-150 600
21 30 30 1 <100 200
22 40 40 1 <100 200
23 45 45 1 <100 200
24 35 35 1 <100 200
25 45 45 1 <100 200
26 30 30 1 <100 200
27 45 45 1 <100 200
28 30 30 2 <100 200
29 15 15 3 100-150 >1000
30 25 25 1 100 300
31 20 20 3 <100 200
32 20 20 2 100 300
33 25 25 3 100-150 400
34 20 20 3 100 300
35 15 15 3 100-150 700
36 25 25 1 100 400
37 20 20 2 100 300
38 25 25 1 100 300
39 40 40 2 <100 200
40 15 15 3 100-150 800
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2.2.2 Analysis

For waiting time analysis, the dependent variable was average waiting time during normal hours, with daily trips, trip
time, income, and fuel cost as inputs and for fuel cost analysis, the dependent variable was average daily fuel cost,
with daily trips, trip time, income, and waiting time as inputs

2.2.3 Discussion

Linear regression reveals that Pathao drivers in Dhaka wait an average of 26.25 minutes during normal hours, dropping
to 8-20 minutes in peak times. Occasional drivers experience longer waits due to fewer trips and lower trip durations,
while peak hours show higher trip frequency. The model's R? value of 0.59 indicates a moderately strong fit. For fuel
cost, the average daily expense is around BDT 100, with a consistent average income of BDT 273 across driver types.
Fuel costs rise with trip volume, as expected. The R2 value of 0.80 suggests a strong model fit. Overall, the data
indicates that regular drivers benefit more from the ride-sharing platform than occasional ones.

2.3 Behavior pattern and user characteristics of ride-sourcing service users

This chapter explores user behavior and preferences regarding ride-sourcing services. A questionnaire was designed
focusing on factors such as pricing, peak hours, metro rail influence, and travel timing. The insights gained here will
inform surge pricing policy recommendations in the next chapter. An online survey was conducted via social media,
yielding over 160 responses. However, demographic segmentation was not considered during data collection.

2.3.1 Findings

The survey focused on understanding user responses to fluctuations in ride-sharing prices, particularly how fare
increases or decreases influence their decision to use such services. It also examined the extent to which users rely on
ride-sourcing during specific times of the day. Additionally, the analysis explored potential shifts in user behavior and
preferences with the anticipated full operation of the Metro Rail system in Dhaka city.

3. Recommendations

Ridesharing aims to improve mobility, lower costs, reduce emissions, and ease congestion—not to promote full-time
driving. In Dhaka, Pathao drivers earn the most between 5-9 PM. Based on this, we recommend the government
impose a tax on surge pricing during these hours to encourage public transport use. The Metro Rail can further support
this shift.

4. Conclusion
o Drivers earn the most during evening peak hours (5-9 PM), indicating high ride demand in this period.
e Drivers with longer active hours during peak times face higher fuel costs but enjoy lower waiting times
between rides.
e  Only full-time drivers gain noticeable financial benefits from surge pricing, as they can fully utilize the price
hike.
e A 20% increase in ride-sharing fares would likely push users toward public transport, showing high price
sensitivity.
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