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Abstract

This study explores economic factors influencing ride-sharing pricing models, focusing on Uber in New
Delhi, India, while examining technological solutions for multi-platform integration. Author analyse
how variables, including time, day, location types, and weather conditions, impact surge pricing.
Additionally, authors evaluate ride-comparison applications, using Cab 2 Compare as a case study. Our
research combines econometric models with software development analysis to demonstrate how
urban transportation systems can be optimized through economic understanding and technological
innovation. Results indicate that time-based factors strongly correlate with pricing variability
(R? = 0.601 for residential locations), while weather introduces unpredictable effects. Multi-platform
integration shows promise for improving consumer decision-making with potential fare savings

averaging %200 per ride and 43% faster booking decisions.
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1. Introduction

Urban transportation networks represent complex ecosystems combining traditional travel modes
with innovative platform-based solutions. The sharing economy's rise, accelerated by rapid
urbanization, has transformed how city dwellers navigate metropolitan environments. As noted by
the United Nations' Department of Economic and Social Affairs (2018), 55% of the world's population
now resides in urban areas, with expected growth in the coming decades.

Ride-hailing platforms like Uber and Ola have created economic mechanisms that respond
dynamically to market conditions through sophisticated pricing algorithms. Understanding these
algorithms and their determining factors is crucial for urban planning, consumer decision-making, and
economic analysis.

New Delhi provides an ideal environment for studying ride-hailing economics with its diverse
neighbourhoods, commercial centres, tourism destinations, and complex transportation
infrastructure. The city's high population density, varied destination types, multiple transportation
options, and distinctive traffic patterns create unique characteristics in ride-hailing usage and pricing.

This research makes two primary contributions: (1) examining how specific variables influence ride
pricing in New Delhi, focusing on surge pricing mechanisms, and (2) analysing emerging technological
solutions in the ride-comparison space, exploring how multi-platform integration can optimize
consumer decision-making.

2. Literature Review and Theoretical Background

2.1 Ride-Hailing Economic Models

As authors, conclusion of the following based on the pricing structures observed in New Delhi’s ride-
hailing and traditional transport systems:

Ride-hailing services like Uber typically use a formula that combines a base fare with time- and
distance-based charges, and adjusts dynamically during peak demand periods. For example, Uber Go
in New Delhi calculates fares as X50 base fare + X1 per minute + X12 per kilometer. This structure
offers a transparent baseline but becomes more complex with surge pricing, which increases rates
when demand spikes, as described by Cohen et al. (2016).

In contrast, traditional auto rickshaws in the city follow a simpler, more static pricing model—charging
a base fare of X50 and 12 per kilometer, with fixed evening surcharges instead of dynamic
adjustments. This comparison highlights the evolving nature of urban transportation pricing, where
digital platforms leverage real-time data for flexibility, while conventional systems remain largely
standardized.

2.2 Factors Influencing Dynamic Pricing

As authors, conclusion of the following based on prior research and industry practices regarding
surge pricing:

Building on the findings of Chen and Sheldon (2015), it's clear that surge pricing plays a dual role in
ride-hailing platforms—it helps manage rider demand while also encouraging more drivers to get on
the road when they’re needed most. When prices go up during busy times, cost-sensitive users may
delay or skip rides, which eases demand. At the same time, higher fares make it more appealing for
drivers to log in and accept trips, increasing supply.

While the exact workings of surge pricing algorithms are kept confidential by the platforms, studies
suggest the factor in a mix of elements—such as past demand trends, real-time imbalances between
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Together, these components allow platforms to respond dynamically to changing conditions and keep
their systems running efficiently, even during peak times.

2.3 Multi-Platform Integration Technologies

As authors, conclusion of the following based on our observations of the current ride-hailing
landscape:

With the rise of multiple ride-hailing apps, users often face the hassle of jumping between platforms
just to find the best deal or quickest ride. This has led to the emergence of meta-booking services that
bring everything into one place, aiming to simplify the process. However, building such services isn't
straightforward. There are real technical hurdles—like connecting APIs from different platforms that
use varying data formats, ensuring all the information stays updated in real time, and creating a
smooth, unified system for booking and payments. On top of that, making smart, personalized
suggestions for users requires sophisticated recommendation algorithms. These challenges highlight
the complexity behind what may seem like a simple solution, and they underline the need for
thoughtful design and strong technical foundations in creating truly user-friendly mobility tools.

2.4 Consumer Behaviour and Price Sensitivity in Ride-Hailing

As authors, conclusion of the following based on consumer behaviour studies in dynamic pricing
environments:

Research shows that consumer decisions in ride-hailing are highly sensitive to price changes,
especially among non-essential or discretionary users. According to Hall et al. (2015), short-term
demand tends to decline sharply with even modest increases in fare due to surge pricing. This price
elasticity varies based on trip purpose, urgency, and availability of alternatives such as public transport
or walking. Moreover, consumers tend to check multiple apps before booking, reinforcing the
importance of transparency and perceived fairness in pricing. These behaviours have prompted
platforms to experiment with fare caps, upfront pricing, and real-time notifications to improve trust
and reduce churn.

2.5 Platform Competition and Market Structure

As authors, conclusion of the following based on economic models of platform competition in the
ride-hailing industry:

Ride-hailing markets are shaped by network effects, where the value of a platform increases with the
number of users and drivers participating. According to Zha et al. (2020), this creates a winner-takes-
most dynamic, leading to aggressive pricing strategies, driver incentives, and geographic expansion.
In highly competitive markets like New Delhi, platforms may temporarily suppress prices or waive
commissions to attract users and drivers, influencing short-term pricing patterns beyond algorithmic
surge logic. These practices not only affect consumer welfare but also raise policy and regulatory
guestions about long-term sustainability, labour practices, and market dominance.

3. Methodology

Author collected high-frequency ride-hailing data using the Uber Developer API for multiple origin-
destination pairs in New Delhi over a 3.5-month period, recording pricing and trip details at two-
minute intervals. The data was then analysed to identify patterns related to demand fluctuations,
pricing behaviour, and external factors such as weather and time of day.

3.1 Data Collection
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To better understand pricing trends, Uber Developer APl is used to gather real-time data in New Delhi.
This included details like fare estimates, arrival times, and trip specifics across different origin-
destination routes. The data collection took place over about three and a half months, from February
17 to June 5, 2024. During this period, research outcome is captured for pricing information every
minute, which gave us a rich dataset of around 149,000 observations for each route. This high-
frequency sampling allowed us to closely track how prices fluctuated throughout the day and under
different conditions, laying a strong foundation for detailed analysis and meaningful insights into
urban mobility patterns.

Origin points were categorized into five location types: we

Residential areas (e.g., Lajpat Nagar)

Metro stations (e.g., Rajiv Chowk)

Entertainment venues (e.g., PVR Priya)

Airports (e.g., Indira Gandhi International Airport T3)
Tourist attractions (e.g., India Gate)

vk wnN e

As authors, conclusion of the following is based on the data gathered:

Our analysis of each observation encompassing price range, weather conditions, time and date, as
well as trip duration and distance reveals significant patterns and correlations. Notably, variations in
weather were found to influence both trip duration and pricing, with inclement conditions often
corresponding to longer travel times and higher fares. Similarly, peak hours and weekends consistently
showed elevated price ranges, likely due to increased demand. Trip distance remained a strong
predictor of both cost and duration, but was occasionally offset by external factors such as traffic
congestion and weather disruptions. These insights suggest that dynamic pricing models are sensitive
to a combination of environmental and temporal variables, offering opportunities for more accurate
forecasting and optimization in transportation services.

For multi-platform integration analysis, we examined the technical architecture, development
approach, and expected outcomes of the Cab 2 Compare application.

3.2 Statistical Analysis

Deployed both linear and logistic regression models to analyse the impact of various factors on Uber
pricing:

Linear regression model: price = Bo + B1[Hour] + PB2[Weather] + B3[Day]

Logistic regression model:
Prob(surge) = 1/ (1+ e”*-(Bo + B1[Hour] + B2 [Weather] + P3[Day]))

Additionally, author performed time series analysis to identify seasonality and trends in pricing data,
using weekly mean resampling and rolling averages.

4. Results

4.1 Impact of Time of Day on Pricing

Our analysis reveals distinctive patterns in how time of day influences Uber pricing across different
location types.

VOLUME 15, ISSUE 5, 2025 PAGE NO: 4



Journal Of Electronics Information Technology Science And Management ISSN NO : 0258-7982

Residential Areas
Metro Stations
Entertainment Venues
Tourist Attractions
Airports

N
| ol | ]

Price Coefficient

o 2 4 6 8 10 12 14 16 18 20 22 24
Hour of Day

Figure 1: Time of Day vs. Price Coefficient by Location Type
We observed clear patterns corresponding to traditional rush hour periods:

Residential areas: Peak price coefficients at 9:00 (2.67) and 18:00 (1.85), corresponding to morning
and evening commutes, Metro stations: Highest coefficients at 9:00 (2.45) and 19:00 (2.32), reflecting
commuter patterns, Entertainment venues: Peak at 20:00 (1.93), aligning with show timings, Tourist
attractions: Elevated coefficients between 10:00-12:00 (1.12-1.46) and again at 17:00-19:00 (1.23 -
1.33), Airports: More variable pricing with peaks at late night/early morning (2.15 at midnight) and
evening (2.78 at 21:00)

These patterns demonstrate how location-specific usage patterns drive surge pricing mechanisms,
with the strongest correlations observed for commuter-focused origin-destination pairs. The morning
peak for New Delhi is notably higher than the evening peak, potentially reflecting a greater
concentration of office hours start times compared to more distributed evening departures.

4.2 Day of Week Effects

Analysis of day-of-week effects revealed consistent patterns across most location types.
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Figure 2: Day of Week vs. Price Coefficient by Location Type
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Key findings include:

Saturday shows consistently higher coefficients across all non-airport locations, suggesting combined
effects of weekend social activities and limited public transit options weekends generally show higher
coefficients than Sundays for metro stations and residential areas, Airport pricing follows a different
pattern with highest coefficients on Sunday and Monday and Friday evening demonstrates a
significant spike related to weekend travel commencing like tourist.

4.3 Weather Effects on Pricing

Weather conditions demonstrated a significant impact on pricing, with extreme weather events
showing the strongest correlation with higher prices.
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Figure 3: Weather Condition vs. Price Coefficient by Location Type

The most dramatic effects were observed with severe weather conditions like Monsoon rainfall
showed extremely high coefficients across all location types (8.65-12.48), Dust storms demonstrated
significant but more moderate effects (5.15-7.47), Heavy fog impacted pricing, particularly at airports
(3.24) and residential areas (2.93) and Clear and cloudy conditions had minimal impact on pricing.

4.4 Regression Model Results

The linear regression models yielded varying R? values dependent on location type, indicating
differences in the predictability of pricing based on selected variables:

Dataset O-D Pair Starting point R?

IGIA_T3India_Gate airport-attraction 0.535
PVR Priya-Rajiv Chowk entertainment-metro station 0.434
Lajpat Nagar-Mandi House residential-metro station 0.601
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Raji Chowk-Saket metro station-residential 0.353

India Gate-Connaught Place attraction-commercial 0.226

Residential-metro station pairs showed the highest predictability (R? = 0.601), suggesting commuter
patterns are most effectively captured by our model variables. Attraction-based routes demonstrated
the lowest predictability (R?> = 0.226), indicating that additional variables not captured likely influence
pricing for tourist-oriented locations.

4.5 Seasonal Air Quality Effects

A unique aspect of our New Delhi analysis was the significant impact of seasonal air quality variations
on ride-hailing dynamics.

AQI Levels vs. Average Surge Multiplier
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Figure 4: AQI Levels vs. Average Surge Multiplier

During extreme pollution events (AQIl > 400), it is observed that average surge multipliers increased
by 1.8x across all location types, driver availability decreased by approximately 22% and trip
cancellation rates increased by 35%.

These finding suggest environmental condition specific to New Delhi create additional pressures on
the ride-hailing ecosystem not commonly observed in global metropolitan areas.

4.6 Multi-Platform Integration Solution Analysis

Analysis of the Cab2Compare platform reveals a promising approach to solving cross-platform
comparison problems in ride-hailing. The application employs a Flutter-based front-end with a
Firebase backend architecture capable of handling 1000+ daily API calls with 86.9% uptime.
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Fig. 5 Platform Comparison - Average Fares by Time of Day

Key performance metrics from initial testing include, 43% faster booking decisions through
streamlined comparison by this people can save their precious time and utilize in other firms.

Average savings of 200 per ride through comprehensive price comparison, which can attract more
users as it is budget friendly, fast and relevant. Effective route optimization through alternate
pickup/drop-off suggestions so that the rider can save their time from stuck in traffic through this
feature. The technical architecture enables the following features like, Real-time fare comparisons
across Uber, Ola, and Rapido so that the user can access the prices from one platform, saving from
wastage of time. Direct booking through unified APl integrations, this feature can help in automatically
select the cheapest price of the ride. Personalized ride suggestions based on historical user data, can
help user to book faster without giving source and destination address in each instance of booking.
Route-specific price alerts with automatic notifications, this feature will notify the user the price of

ride during any weather changes, blockage of road etc.

5. Discussion

Here in this section, we will go through the factors which deals with the real time problems which are
faced by the user which our findings can give a satisfactory response and help the user in saving time
and money.

5.1 Economic Implications of Dynamic Pricing

Our findings demonstrate that ride-hailing platforms effectively implement dynamic pricing that
responds to predictable demand patterns, particularly associated with commuter traffic. Higher R?
values for residential and metro station locations indicate these patterns are more consistent and
therefore more easily captured by pricing algorithms.
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The economic efficiency of surge pricing can be viewed from multiple perspectives which includes
several factors, which are discussed below;

Market clearing mechanism can surge pricing effectively balances supply and demand during peak
periods, reducing wait times when implemented correctly. Consumer welfare effects help in surging
price which increases costs for those who continue to use the service, it creates welfare loss for price-
sensitive consumers who are priced out of the market. Labor market incentives are the higher prices
during peak demand periods provide effective incentives for drivers, increasing labour supply when
needed most. The predictable nature of surge pricing for certain route types suggests consumers
could optimize transportation choices by timing non-urgent rides to avoid peak pricing periods.

5.2 New Delhi-Specific Factors

Several factors unique to the New Delhi transportation environment emerged from our analysis:

Intermodal competition is the presence of multiple transportation alternatives creates price elasticity
variations not observed in markets with fewer options. Traffic congestion is extreme traffic conditions
lead to higher variability in time-based pricing components. Environmental factors are seasonal
variations in air quality significantly impact both supply and demand dynamics. Regulatory
environment is the periodic regulatory interventions create pricing discontinuities. These factors
suggest ride-hailing platforms in New Delhi require more complex pricing algorithms that incorporate
additional variables beyond those typically considered in other markets.

5.3 Technological Solutions for Consumer Optimization

The Cab2Compare platform represents an emerging category of consumer-oriented solutions that
address information asymmetries in the ride-hailing market. By aggregating pricing information across
multiple platforms, such solutions can be reducing search costs for consumers, increase price
competition among platforms and Optimize consumer decision-making through data-driven
recommendations. The development timeline and resource allocation for Cab 2 Compare (2-3 months
of development with frontend, backend, and API integration specialists) suggest such integration is
technically feasible despite potential API limitations imposed by ride-hailing platforms.

5.4 Limitations and Future Research

Several limitations to our study should be acknowledged:

Our findings are specific to New Delhi and may not generalize to other urban environments with
different transportation infrastructure and usage patterns. The data collection period (February-June
2024) may not capture all seasonal variations or longer-term trends. Our analysis is limited to data
made available through Uber's API, which may not include all variables used in their proprietary
pricing algorithms. The ride-hailing market continues to evolve rapidly, and competitive dynamics may
have shifted since data collection.

Future research directions could include:

Comparative analysis across multiple Indian cities to identify generalizable patterns, Inclusion of
additional variables such as local events, traffic conditions, and public transit disruptions, Direct
comparison of pricing algorithms across competing platforms, Longitudinal studies examining how
pricing models evolve over time, Analysis of consumer response to multi-platform comparison tools
and Investigation of how environmental factors unique to specific geographies impact ride hailing
economics.
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6. Conclusion

This research provides empirical evidence of how ride-hailing pricing responds to various factors,
including time, location, day of the week, and weather conditions in New Delhi, India. Our findings
demonstrate that surge pricing mechanisms operate predictably for certain route types, particularly
those associated with commuter patterns, while showing more variable behaviour for tourist-oriented
and airport routes. The analysis of the Cab 2 Compare platform illustrates how technological solutions
are emerging to address consumer challenges in navigating the increasingly complex ride-hailing
marketplace. Multi-platform integration represents a promising approach to optimizing consumer
decision-making and potentially increasing competition among service providers.

As urban transportation continues to evolve with the growth of the sharing economy, understanding
economic factors driving pricing decisions and developing tools to optimize consumer choices will
remain crucial areas of research. The integration of economic analysis with technological solution
development provides valuable insights for policymakers, platform developers, and urban planners
seeking to improve transportation efficiency and accessibility.
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