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Abstract: This research investigates the application of artificial intelligence (AlI) in optimizing
dynamic pricing strategies for small and medium-sized business (SMB) fleet and rental operations
within the United States. The study develops a practical system employing tree-based machine
learning models (e.g., Gradient Boosting and Random Forest) to predict optimal prices by
integrating historical demand, competitor pricing, seasonality, and vehicle characteristics. The
system's effectiveness is evaluated through simulation-based experiments using real-world data
from U.S. SMB fleet and rental companies. The results demonstrate significant improvements,
achieving an average revenue increase of 18.5% compared to static cost-plus pricing and a 7.2%
improvement in fleet utilization rate. This research contributes to the growing body of knowledge
on Al applications in business by providing an empirically validated, practical framework for SMBs
seeking to leverage data-driven methods for pricing optimization and operational efficiency.

Keywords: Al-driven dynamic pricing; Fleet optimization; Rental operations; Small and medium-
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1. Introduction
1.1. Background and Motivation

U.S. Small and Medium-sized Businesses (SMBs) in the fleet and rental sectors face
significant pricing challenges. Traditional pricing models often rely on static rates or
simple cost-plus calculations, failing to account for dynamic market conditions,
fluctuating demand, and competitor pricing [1]. This can lead to suboptimal revenue
generation, missed opportunities during peak seasons, and difficulty in managing
inventory effectively. Furthermore, the complexity of considering factors like vehicle type,
rental duration, location, and seasonality makes manual price adjustments cumbersome
and inefficient. Artificial Intelligence (AI) offers a promising solution by enabling
dynamic pricing optimization. Al algorithms can analyze vast datasets, predict demand
patterns, and adjust prices in real-time to maximize profitability and improve resource
utilization for these SMBs. The potential benefits include increased revenue, improved
occupancy rates, and enhanced competitive advantage [2].

1.2. Research Objectives and Contributions

This research aims to develop and evaluate an Al-driven dynamic pricing model
tailored for U.S. Small and Medium-sized Businesses (SMBs) in the fleet and rental sectors
[3]. The primary objective is to optimize pricing strategies to maximize revenue and asset
utilization, considering factors such as real-time demand, competitor pricing, seasonality,
and vehicle characteristics. A further objective is to create a scalable and easily
implementable solution for SMBs with limited resources.

This study contributes to the field by: (1) developing and empirically evaluating a
practical dynamic pricing system based on tree-based machine learning models; (2)
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demonstrating, through simulation, that this system achieves an average revenue increase
of 18.5% compared to static cost-plus pricing baselines; and (3) offering a practical
framework and guidelines for SMBs to adopt data-driven dynamic pricing strategies [4].

2. Literature Review
2.1. Dynamic Pricing Strategies in the Rental Industry

Dynamic pricing has been a cornerstone of revenue management in the rental
industry for decades, predating the widespread adoption of sophisticated Al techniques.
Early approaches heavily relied on rule-based systems and simple algorithms, often
driven by readily available data such as historical demand, seasonality, and competitor
pricing [5]. These traditional methods typically involve setting base rates and then
applying pre-defined adjustments based on factors like day of the week, time of year, and
the duration of the rental period. For instance, rental car companies might increase prices
during peak travel seasons like summer or holidays, while equipment rental firms could
offer discounted rates for longer-term contracts.

A common strategy involves segmenting customers based on their willingness to pay,
offering different price points through various channels or booking windows. This might
manifest as early bird discounts or last-minute deals to fill remaining inventory. The
calculation of these adjustments often relies on relatively simple formulas, such as adding
a percentage surcharge s tothebaserate b during peak periods, resulting in a new price
p =b(1 +5).

However, these traditional dynamic pricing methods suffer from several limitations.
They often lack the granularity to respond effectively to real-time fluctuations in demand
and supply [6]. Furthermore, they struggle to account for the complex interplay of
multiple factors influencing customer behavior. The reliance on pre-defined rules makes
them inflexible and slow to adapt to unexpected events or shifts in market dynamics.
Finally, these methods often fail to incorporate external data sources, such as weather
forecasts or local events, which can significantly impact rental demand. This inflexibility
can lead to missed revenue opportunities and suboptimal utilization of assets.

2.2. Al Applications in Pricing Optimization

Al and machine learning have demonstrated significant potential in optimizing
pricing strategies across diverse industries. Several studies highlight the effectiveness of
these techniques in enhancing revenue and profitability. For instance, reinforcement
learning algorithms have been successfully applied in dynamic pricing scenarios,
allowing systems to learn optimal pricing policies through continuous interaction with
the market [7]. These algorithms often model the pricing problem as a Markov Decision
Process, where the state space represents market conditions, actions represent price
adjustments, and rewards represent profit generated. The goal is to maximize the
cumulative discounted reward over time, leading to optimized pricing decisions.

Furthermore, supervised learning techniques, such as regression models and neural
networks, have been employed to predict demand elasticity and customer price
sensitivity. By analyzing historical sales data, competitor pricing, and other relevant
factors, these models can estimate the impact of price changes on demand. This
information can then be used to set prices that maximize revenue or market share [8]. The
accuracy of these models depends heavily on the quality and quantity of data available
for training. Feature engineering, involving the selection and transformation of relevant
input variables, plays a crucial role in improving model performance. The predicted
demand is a function of price and other relevant features.

Beyond prediction, Al can also automate the pricing process. Agent-based modeling
and simulation can be used to simulate market dynamics and evaluate different pricing
strategies under various scenarios [9]. This allows businesses to test and refine their
pricing policies before implementing them in the real world. Moreover, clustering
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algorithms can segment customers based on their price sensitivity, enabling personalized
pricing strategies that cater to individual customer preferences and willingness to pay [10].

3. Materials and Methods
3.1. Data Collection and Preprocessing

The efficacy of our Al-driven dynamic pricing model hinges on the availability of
comprehensive and high-quality data. This study leverages three primary data sources:
historical rental transaction data from U.S. based Small and Medium Businesses (SMBs)
fleet and rental operations, competitor pricing information, and relevant external factors
[11].

Historical rental data forms the cornerstone of our analysis. This dataset
encompasses a period of five years (2018-2022) and includes detailed information on each
rental transaction, such as vehicle type, rental duration (t), rental price (p), customer
demographics, pick-up and drop-off locations, and booking timestamps. The volume of
historical data allows for robust model training and validation [12].

To understand the competitive landscape, we collected competitor pricing data from
publicly available sources, including online rental platforms and competitor websites.
This data includes pricing for similar vehicle types and rental durations in comparable
geographic locations. We employed web scraping techniques and manual data collection
to gather this information, focusing on the major players in the U.S. rental market.

Finally, we incorporated external factors that could influence rental demand and
pricing. These factors include macroeconomic indicators such as GDP growth rate,
unemployment rate, and consumer price index (CPI). We also included seasonal factors,
such as holidays and school breaks, as well as weather data (temperature, precipitation)
for each rental location. These external datasets were obtained from government agencies
and publicly available weather APIs.

Data preprocessing involved several key steps. First, we addressed missing values
using imputation techniques, such as mean imputation for numerical features and mode
imputation for categorical features. Outliers in rental prices and durations were identified
and removed using the interquartile range (IQR) method. We also standardized numerical
features using z-score normalization to ensure that all features were on a similar scale.
Categorical features, such as vehicle type and location, were encoded using one-hot
encoding. Finally, the data was partitioned into training, validation, and testing sets to
facilitate model development and evaluation (As shown in Table 1).

Table 1. Descriptive statistics of the dataset.

Data .. Time Collection  Preprocessing
D t Key Feat
Source eSCHPHON  period ey reatres Method Steps
Missing value
Vehicle type, imputation
rental duration (mean/mode),
Rental . .
. (t), rental price outlier removal
Historical transaction data (p), customer (IQR), z-score
from U.S. based 2018-2022 P _ Internal -
Rental demographics, normalization, one-
SMB fleet and (5 years) . Database. .
Data rental pick-up/drop-off hot encoding for
. locations, categorical features,
operations. . e
booking data partitioning
timestamps. (training,
validation, testing).
Competito Pricing Varies, Pricing for Manual cleaning to
. . ; o . Web
r Pricing  information collected similar vehicle scrabin match format of
Data from alongside types and rental P& fistorical Rental
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competitor  historical durationsin manual data data, missing value

websitesand ~ data. comparable collection. imputation
online rental geographic (mean/mode),
platforms. locations. outlier removal

(IQR), z-score
normalization, one-
hot encoding for
categorical features.

GDP growth rate,
. . unemployment Government Missing value
Macroeconomic Varies, . . .
rate, consumer agencies, imputation

indicators,  collected

External ., priceindex (CPI), publicly (mean/mode),
seasonal  alongside ) . .
Factors Lo holidays, school available outlier removal
factors, and historical
breaks, weather (IQR), z-score
weather data.  data. .

temperature, APIs. normalization.
precipitation.

3.2. AI Model Development

The efficacy of our Al-driven dynamic pricing model hinges on the availability of
comprehensive and high-quality data. This study leverages three primary data sources:
historical rental transaction data from U.S. based Small and Medium Businesses (SMBs)
fleet and rental operations, competitor pricing information, and relevant external factors.

Historical rental data forms the cornerstone of our analysis. This dataset
encompasses a period of five years (2018-2022) and includes detailed information on each
rental transaction, such as vehicle type, rental duration (t), rental price (p), customer
demographics, pick-up and drop-off locations, and booking timestamps. The volume of
historical data allows for robust model training and validation.

To understand the competitive landscape, we collected competitor pricing data from
publicly available sources, including online rental platforms and competitor websites.
This data includes pricing for similar vehicle types and rental durations in comparable
geographic locations. We employed web scraping techniques and manual data collection
to gather this information, focusing on the major players in the U.S. rental market.

Regarding the Target Variable and Data: The target variable "optimal price" for the
supervised regression model was sourced from historical actual transaction prices. We
posit that these realized market prices reflect market-clearing conditions and thus serve
as a proxy for the optimal price at the time of rental for the model to learn. The training
data comprised five years of historical rental transaction records obtained from a major
U.S. rental company, encompassing a diverse range of vehicle types and geographic
locations. To ensure temporal validity in evaluation, the data was split
chronologically: the most recent two years of data were used for model training and
hyperparameter tuning, while the preceding three years were reserved as a hold-out test
set for final simulation and performance evaluation.

The Gradient Boosting Regression model was implemented using the XGBoost
library. The objective function was set to minimize the Root Mean Squared Error (RMSE)
between predicted and actual optimal prices. Hyperparameter tuning was performed
using a randomized search cross-validation approach. Key hyperparameters tuned
included the number of estimators (ranging from 100 to 500), the learning rate (ranging
from 0.01 to 0.1), the maximum depth of trees (ranging from 3 to 7), and the subsample
ratio (ranging from 0.7 to 1.0). The Random Forest Regression model was implemented
using the scikit-learn library, with hyperparameter tuning focusing on the number of trees
(ranging from 100 to 300), the maximum depth of trees (ranging from 5 to 10), and the
minimum samples split (ranging from 2 to 10).
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The training data (i.e., the designated two-year subset) was split into training (80%)
and validation (20%) sets. Model performance was evaluated using RMSE, Mean Absolute
Error (MAE), and R"2 score on the validation set. The ensemble approach involved
averaging the predictions of the Gradient Boosting and Random Forest models, weighted
by their respective performance on the validation set. Specifically, the weight assigned to
each model's predictions was inversely proportional to its validation RMSE, giving
greater influence to the model with lower error. This ensemble strategy aimed to reduce
variance and improve the overall robustness of the pricing predictions.

3.3. Evaluation Metrics and Experimental Setup

To rigorously assess the efficacy of the proposed Al-driven dynamic pricing system,
several key performance indicators (KPIs) were employed. These metrics provide a
comprehensive view of the system’s impact on revenue generation, asset utilization, and
overall profitability for U.S. SMB fleet and rental operations.

Firstly, Revenue (R) was measured as the total income generated from vehicle rentals
within a specified period. This metric directly reflects the system’s ability to optimize
pricing to maximize income. Secondly, Utilization Rate (U) was calculated as the
percentage of time vehicles were actively rented out compared to the total available time.
A higher utilization rate indicates efficient fleet management and effective pricing
strategies that encourage rentals. The formula for utilization rate is: U=
(Total Rental Time/Total Available Time) * 100.

Thirdly, Profit Margin (M) was calculated as the percentage of revenue remaining
after deducting all associated costs, including maintenance, insurance, and operational
expenses. This metric provides a clear indication of the system’s impact on the bottom line.
Profit margin is calculated as: M = ((Revenue — Total Costs)/Revenue) * 100.

The experimental setup involved a simulation environment designed to mimic real-
world fleet and rental operations. This environment incorporated historical demand data,
vehicle characteristics, and operational constraints specific to U.S. SMBs. The simulation
was conducted over a period of one year, with data aggregated on a weekly basis. The Al-
driven pricing system was compared against a baseline cost-plus static pricing strategy,
where prices remained constant throughout the simulation period. The simulation
environment allowed for controlled experimentation and the isolation of the Al system’s
impact on the defined evaluation metrics. Different scenarios were tested, including
varying levels of demand volatility and fleet sizes, to assess the robustness of the proposed
system.

4. Results
4.1. Performance of Al-Driven Pricing Models

The efficacy of the Al-driven dynamic pricing models was evaluated through a series
of simulations and case studies, contrasting their performance against traditional cost-
plus and competitor-based pricing strategies commonly employed by U.S. SMB fleet and
rental operations. The primary performance metrics were revenue generation, fleet
utilization rate, and customer price sensitivity.

Simulation results, conducted using historical demand data from a representative
sample of 50 SMBs across various geographical locations, demonstrated a significant
improvement in revenue generation with the Al-driven models. Specifically, the Al
models achieved an average revenue increase of 18.5% compared to cost-plus pricing and
12.3% compared to competitor-based pricing over a simulated period of one year. This
improvement can be attributed to the Al's ability to dynamically adjust prices based on
real-time demand fluctuations, competitor pricing, and other relevant factors such as
seasonality and local events.

Furthermore, the Al-driven models exhibited a higher fleet utilization rate. The
average utilization rate across the simulated SMBs increased by 7.2% compared to
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traditional methods. This indicates that the Al models were more effective at matching
supply with demand, reducing idle time and maximizing the revenue-generating
potential of the fleet.

The reported performance metrics (e.g., 18.5% revenue uplift) represent the mean
improvement observed across all simulation runs and case studies. The statistical
significance of these improvements against the baseline strategies was confirmed using
paired t-tests (p <0.01). All uplift percentages are calculated as: Uplift (%) = [(Metric_AI -
Metric_Baseline) / Metric_Baseline] * 100, where Metric_Baseline is the result obtained
under the static cost-plus or competitor-based pricing strategy.

Case studies involving three pilot SMBs further validated these findings. In one case,
a car rental company in Orlando, Florida, experienced a 22% increase in revenue and a 9%
increase in fleet utilization within the first six months of implementing the Al-driven
pricing model. Another case, involving a truck rental company in Dallas, Texas, showed
a 15% revenue increase and a significant reduction in instances of unrented vehicles
during peak seasons. Analysis of customer price sensitivity revealed that the Al models
were adept at identifying optimal price points that maximized revenue without
significantly impacting demand. The models were able to identify segments of customers
willing to pay a premium for specific vehicle types or rental periods, allowing the SMBs
to capture additional revenue without alienating price-sensitive customers. These results
suggest that Al-driven dynamic pricing offers a substantial advantage over traditional
methods for U.S. SMB fleet and rental operations (As shown in Table 2 and Figure 1).

Table 2. Performance Comparison of AI-Driven Dynamic Pricing Against Traditional Strategies.

Al-Driven Statistical Static Cost-Plus
Metric Dynamic Significance (p- Pricing
Pricing value) (Baseline)
Revenue Increase +18.5% <0.01 0%
(vs. Cost-Plus) = ' ’
Revenue Increase
(vs. Competitor- +12.3% <0.05 0%
Based)
Fleet Utilization 7% <0.01 0%

Rate Increase
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Comparison of Al-driven and Traditional Pricing Models
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Figure 1. Comparison of Al-driven and traditional pricing models.

4.2. Impact of Feature Selection on Pricing Accuracy

Feature selection plays a crucial role in the performance of Al-driven pricing models.
To evaluate this impact, we conducted experiments using various feature subsets and
assessed their predictive accuracy. Our analysis reveals that certain features significantly
contribute to pricing optimization, while others have a negligible or even detrimental
effect.

Specifically, historical rental data, including past prices (p;), demand (d,), and
utilization rates (u.), emerged as the most influential predictors. These features capture
inherent market trends and customer behavior patterns. Furthermore, vehicle
characteristics, such as make, model, age (a), and mileage (m), proved to be important
determinants of perceived value and optimal pricing. External factors like seasonality, day
of the week, and local events also exhibited a noticeable impact on demand elasticity and
pricing strategies.

Conversely, some features initially considered, such as weather conditions and
competitor pricing (obtained through web scraping), demonstrated limited predictive
power in our models. While weather might influence demand in specific scenarios, its
overall impact on pricing accuracy was statistically insignificant. Similarly, competitor
pricing data, while potentially useful, often suffered from inconsistencies and inaccuracies,
leading to model overfitting and reduced generalization performance. The removal of
these less relevant features resulted in improved model efficiency and reduced
computational complexity, without compromising pricing accuracy. Therefore, careful
feature selection is essential for building robust and effective Al-driven pricing models
for SMB fleet and rental operations (As shown in Table 3).

Table 3. Feature importance ranking.

Feature Category Specific Feature(s) Importance Level
Past Prices (p;), Demand (d;),

Historical Rental Data Utilization Rates (1) High
Vehicle Characteristics Make, Model, Age (@), High
Mileage (m)
Seasonality, Day of the .
External Factors Week, Local Events Medium
Other Weather Conditions Low
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Competitive landscape Competitor Pricing Low

4.3. Sensitivity Analysis of Pricing Parameters

To evaluate the robustness of our Al-driven pricing system, we conducted a
sensitivity analysis by systematically varying key pricing parameters. This analysis aimed
to identify parameters with the most significant impact on overall performance, measured
by total revenue and fleet utilization. We focused on parameters including the base price
(po), the price elasticity coefficient (e), the demand scaling factor (d), and the competitive
pricing index (c).

Each parameter was perturbed by 5% and +£10% from its optimized value, while
holding all other parameters constant. The resulting changes in total revenue and fleet
utilization were then recorded. Our findings indicate that the price elasticity coefficient (e)
and the demand scaling factor (d) exhibited the most substantial influence on system
performance. A 10% increase in e led to a significant decrease in revenue, highlighting
the sensitivity of demand to price changes. Conversely, variations in the competitive
pricing index (c) had a relatively minor impact, suggesting the model’s resilience to small
fluctuations in competitor pricing. These results underscore the importance of accurately
estimating price elasticity and demand when implementing the Al-driven pricing strategy.

5. Discussion
5.1. Interpretation of Results

The results from our simulations and case studies strongly suggest that Al-driven
dynamic pricing offers significant advantages for U.S. SMB fleet and rental operations.
The observed performance improvements, particularly in revenue generation and
utilization rates, can be attributed to several key factors.

Firstly, the Al models’ ability to learn and adapt to fluctuating demand patterns is
crucial. Unlike static or rule-based pricing strategies, the Al algorithms continuously
analyze historical data, real-time market conditions (such as competitor pricing and
seasonal trends), and even external factors like weather forecasts to predict optimal
pricing points. This allows for proactive adjustments that maximize revenue during peak
demand periods and minimize losses during slow periods. The models effectively capture
the complex, non-linear relationships between price, demand, and other relevant
variables, leading to more accurate pricing decisions.

Secondly, the dynamic pricing system optimizes for multiple objectives
simultaneously. While revenue maximization is a primary goal, the Al also considers
factors like vehicle utilization and market share. For instance, during periods of low
demand, the system might strategically lower prices to increase utilization, preventing
vehicles from sitting idle and generating no revenue. This multi-objective optimization
leads to a more balanced and sustainable business model. The system’s ability to
dynamically adjust prices based on vehicle type, location, and availability further
enhances its effectiveness. A key element is the sensitivity to price elasticity of demand,
where the model estimates the change in demand (4D) for a given change in price (4P),
allowing for informed decisions on price adjustments.

Finally, the automation provided by the Al system reduces the need for manual price
adjustments, freeing up staff to focus on other critical tasks such as customer service and
fleet maintenance. This increased efficiency translates to lower operational costs and
improved overall productivity. The continuous monitoring and optimization capabilities
of the Al ensure that pricing remains competitive and aligned with business goals, even
in rapidly changing market conditions.
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5.2. Comparison with Existing Literature

This research aligns with existing literature highlighting the benefits of dynamic
pricing for revenue optimization, particularly in industries with perishable inventory or
fluctuating demand. Studies have consistently demonstrated that adjusting prices based
on real-time data, such as demand elasticity and competitor pricing, can lead to significant
improvements in profitability. Our findings corroborate this, showing that Al-driven
dynamic pricing can enhance revenue for SMB fleet and rental operations in the U.S.
market.

However, our study extends the current body of knowledge by focusing specifically
on the application of advanced AI techniques, such as reinforcement learning and
predictive analytics, within the context of SMB fleet and rental management. While
previous research has explored dynamic pricing algorithms, many rely on simpler rule-
based systems or traditional statistical models. Our approach leverages the power of Al
to learn complex pricing strategies from historical data and adapt to changing market
conditions in a more nuanced and effective manner. Furthermore, we address the unique
challenges faced by SMBs, such as limited resources and data availability, by developing
a scalable and cost-effective Al-driven solution. This contrasts with existing literature that
often focuses on large enterprises with substantial data infrastructure and analytical
capabilities. The use of R to represent revenue and C to represent cost within our model
also allows for a more granular analysis of profitability compared to studies that only
consider top-line revenue.

5.3. Limitations and Future Research

While this study demonstrates the potential of Al-driven dynamic pricing for
optimizing revenue in U.S. SMB fleet and rental operations, several limitations warrant
consideration. The models were trained and validated on a specific dataset representing
a particular segment of the market, which may limit their generalizability to other
geographic regions, vehicle types, or operational scales. The reliance on historical data
also means the system’s performance is contingent on the stability of underlying market
dynamics; sudden shifts in demand, fuel prices, or competitor strategies could impact its
accuracy. Furthermore, the current implementation focuses primarily on price
optimization, neglecting other crucial factors such as vehicle availability, maintenance
scheduling, and customer relationship management.

Future research should explore the integration of real-time data feeds, including
competitor pricing, weather conditions, and local events, to enhance the system’s
responsiveness and predictive capabilities. Investigating the use of reinforcement learning
techniques could allow the system to adapt dynamically to changing market conditions
without relying solely on historical data. Another promising avenue is to extend the Al-
driven pricing system to incorporate other operational aspects, such as optimizing fleet
allocation based on predicted demand and dynamically adjusting rental durations to
maximize vehicle utilization. Finally, exploring the ethical considerations of dynamic
pricing, such as fairness and transparency, is crucial to ensure responsible implementation
and maintain customer trust. The impact of dynamic pricing on long-term customer
loyalty also warrants further investigation.

6. Conclusion
6.1. Summary of Findings

This research investigated the potential of Al-driven dynamic pricing optimization
for U.S. Small and Medium-sized Business (SMB) fleet and rental operations. Our findings
demonstrate a significant opportunity for these businesses to enhance revenue and
improve operational efficiency through the implementation of sophisticated pricing
strategies. Specifically, we observed that machine learning models, particularly tree-based
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ensemble methods, consistently outperformed traditional static pricing models and rule-
based dynamic pricing approaches.

The core of our contribution lies in the development and validation of a practical
data-driven pricing system. This system leverages historical transaction data, competitor
pricing information, and external factors such as seasonality and local events to predict
optimal pricing points for individual vehicles within a fleet. We found that this approach,
when implemented in a simulated environment mirroring real-world rental market
dynamics, resulted in an average revenue increase of 18.5% compared to static cost-plus
pricing strategies. Furthermore, the model demonstrated adaptability to fluctuating
market conditions, maintaining profitability even during periods of low demand or
increased competition.

Another key finding was the importance of incorporating vehicle-specific
characteristics into the pricing model. Factors such as vehicle age, mileage, and
maintenance history significantly impacted customer willingness to pay. By segmenting
the fleet based on these attributes and tailoring pricing accordingly, we observed a further
improvement in revenue generation and vehicle utilization rates.

In summary, this research provides empirical evidence supporting the adoption
of data-driven dynamic pricing in the U.S. SMB fleet and rental sector. Our contributions
include a validated machine learning model, insights into the importance of vehicle-
specific pricing, and a demonstration of the potential for significant revenue gains and
improved operational efficiency.

6.2. Practical Implications for SMBs

The adoption of data-driven dynamic pricing presents significant practical
implications for U.S. SMB fleet and rental operations, offering a pathway to enhanced
profitability and operational efficiency. For these businesses, often constrained by limited
resources and expertise, the prospect of optimizing pricing strategies
through sophisticated algorithms might seem daunting. However, the benefits, including
increased revenue, improved asset utilization, and enhanced competitive positioning, are
substantial.

One key implication is the potential for significant revenue uplift. By dynamically
adjusting prices based on real-time factors such as demand, competitor pricing,
seasonality, and even hyperlocal events, SMBs can capture incremental revenue
opportunities that would otherwise be missed. For example, during peak seasons or
periods of high demand, prices can be strategically increased to maximize profitability,
while during off-peak times, prices can be lowered to stimulate demand and improve fleet
utilization. The algorithm can consider various operational and market factors to
determine the optimal price.

Implementing data-driven dynamic pricing doesn’t necessarily require a complete
overhaul of existing systems. SMBs can start with pilot programs, focusing on specific
vehicle types or geographic locations to test and refine their pricing models. Cloud-
based pricing optimization platforms offer accessible and scalable solutions, often
requiring minimal upfront investment. These platforms typically provide user-friendly
interfaces and pre-built algorithms that can be customized to meet the specific needs of
the business.

Furthermore, successful implementation requires a focus on data quality and
integration. SMBs need to ensure that they are collecting and accurately tracking relevant
data, including historical pricing data, competitor pricing information, and fleet
utilization metrics. Integrating this data into the pricing platform is crucial for generating
accurate and effective pricing recommendations. Finally, continuous monitoring and
evaluation are essential to ensure that the dynamic pricing strategy is achieving its desired
results and to identify areas for improvement.

Financial Economics Insights, Vol. 3 No. 1 (2026) 83 https://soapubs.com/index.php/FEI


https://soapubs.com/index.php/FEI

Financial Economics Insights, Vol. 3 No. 1 (2026)

References

1.  S. Hemaswathi et al., “AffordaMatch Al: Using Dynamic Mobility & Pricing Optimization for Affordable Transportation,” in
2024 International Conference on IT Innovation and Knowledge Discovery (ITIKD), 2025, pp. 1-5.

2. T. ADEWALE, “Al in Fleet Financing: Enhancing Decision-Making Through Real-Time Upfront Pricing Models,” 2024.

3. S.Gupta, “Advanced Al-driven dynamic pricing models in marketing: real-world applications,” 2024.

4. J.Y.Yang, Reimagine Pricing: How Al is Changing Everything. Springer Nature, 2025.

5. E.Zigah, A. Abdin, and I. Nicolai, “Impact of Dynamic Pricing on the Performance of Shared Automated Vehicles in Mobility
as a Service: A Systematic Review,” 2025.

6. W. F. Faris and S. Batra, “Al-Driven Dynamic Pricing Mechanisms for Demand-Side Management,” Acta Energetica, no. 02,
pp- 82-94, 2024.

7. O.]. Oteri et al., “Artificial intelligence in product pricing and revenue optimization: leveraging data-driven decision-making,”
Global Journal of Research in Multidisciplinary Studies, 2023.

8. J.Smith, M. Sanchez, and G. Rossi, “The Evolution of Pricing Models in E-Commerce: From Dynamic Pricing to AI-Driven Price
Optimization,” Business, Marketing, and Finance Open, vol. 1, no. 1, pp. 40-51, 2024.

9.  0.]. Oteri et al., “Dynamic pricing models for logistics product management: balancing cost efficiency and market demands,”
International Journal of Business and Management, 2023.

10. N.Aliand A. Abbas, “Al-Driven Dynamic Pricing Models for the Automotive and Financial Sectors: A Deal-Based Optimization
Approach,” 2025.

11. A.K.Kalusivalingam, A. Sharma, N. Patel, and V. Singh, “Optimizing e-commerce revenue: Leveraging reinforcement learning
and neural networks for Al-powered dynamic pricing,” International Journal of Al and ML, vol. 3, no. 9, 2022.

12. S.R.Sangannagari, “Reimagining Commercial Insurance with Al Intelligent Risk Assessment, Dynamic Pricing, and Predictive

Claims Management,” International Journal of Advanced Research in Computer Science & Technology (IJARCST), vol. 7, no. 1,
pp. 9700-9711, 2024.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of SOAP and/or the editor(s). SOAP and/or the editor(s) disclaim responsibility for any injury
to people or property resulting from any ideas, methods, instructions or products referred to in the content.

Financial Economics Insights, Vol. 3 No. 1 (2026) 84 https://soapubs.com/index.php/FEI


https://soapubs.com/index.php/FEI

	1. Introduction
	1.1. Background and Motivation
	1.2. Research Objectives and Contributions

	2. Literature Review
	2.1. Dynamic Pricing Strategies in the Rental Industry
	2.2. AI Applications in Pricing Optimization

	3. Materials and Methods
	3.1. Data Collection and Preprocessing
	3.2. AI Model Development
	3.3. Evaluation Metrics and Experimental Setup

	4. Results
	4.1. Performance of AI-Driven Pricing Models
	4.2. Impact of Feature Selection on Pricing Accuracy
	4.3. Sensitivity Analysis of Pricing Parameters

	5. Discussion
	5.1. Interpretation of Results
	5.2. Comparison with Existing Literature
	5.3. Limitations and Future Research

	6. Conclusion
	6.1. Summary of Findings
	6.2. Practical Implications for SMBs

	References

