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Abstract

In this research, we study how Al-driven dynamic pricing can benefit subscription economy businesses by
ensuring they earn the greatest amount of recurring revenue. The main aim of this study is to determine how
artificial intelligence can help set flexible subscription prices in response to changes in market demand, what
customers do and the impact of different seasons.

The study applies a blended research method with analysis of industries, case studies including the Paterson
campaign and by utilizing commercial Al tools such as Pricefx to check pricing relevance in different markets.
Support for the model comes from data from McKinsey research and actual business results.

These results reveal that using Al in pricing helps businesses see added revenue, better manage customer
classes and increase users both when demand is high and low. The findings of the research include identifying
important ethical points and emphasizing the need for transparent and private methods.

The purpose of this study is to offer a scalable, facts-based system for pricing in subscription businesses, giving
careful attention to practical points and the future. As the principal researcher, I customized the model for
market research, sorted through the findings and made recommendations to maintain the company s success and
customer relations. The findings indicate that using Al dynamic pricing now plays a key role in the changing
subscription economy.
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I. Introduction

Because of SaaS, streaming services, fitness companies and online academies, value is now delivered
in a fundamentally new way and is often charged through subscriptions. Unlike traditional ways of selling,
recurring revenue models in subscriptions make choosing the right prices very important for financial health and
future growth. Still, a single price point for everyone rarely responds to changes in demand, hot or cold periods
or market swings and as a result, many opportunities to increase profits are ignored.

By using artificial intelligence, dynamic pricing is able to bring major improvements to markets today.
These systems change the pricing in real time using information about users, the amount of demand and what
competitors are doing. This method helps businesses make the most money when things are busy and keeps user
numbers steady during lulls. While dynamic pricing is growing in retail and travel, it’s not often used in
subscription services, as putting trust in and being open about pricing is very important for those companies.

The research seeks to answer how to use Al for dynamic pricing in subscription services without
hurting trust or fairness. We offer a practice and ethical approach that works with Al tools such as Pricefx and
Dynamic Pricing Al, to manage live price optimization. Data from history, consumer habits and seasonal
changes are used, along with testing the campaign in Paterson to achieve an 18% rise in income by smartly
setting prices.
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The world’s framework for health planning is thanks to this work. Digital growth in emerging countries
means that to succeed, companies must have flexible and responsive pricing programs. What we found supports
businesses as they use Al thoughtfully and secure recurring revenue in today’s competitive market.

IL. Overview of Literature / Background

There has been a lot of attention from both academics and industry regarding dynamic pricing in
today’s digital economies. Original work by Chen et al. (2016) and Elmaghraby & Keskinocak (2003)
demonstrated that variations in price can bring higher profits to retail and airline businesses. Lately, Bergemann
and Bonatti (2019) have shown that Al and machine learning can be used to automate personalized pricing for
items purchased on the web.

While dynamic pricing is commonly used for e-commerce and hospitality (Zhang & Gershwin, 2007),
using it in subscription services is not well explored. Adding unclear or inconsistent pricing into the mix often
disrupts the important issues: customer retention, regular income streams and trust.

Most studies look at how cost is set for a single sale, while leaving out how people behave when they
pay regularly. For instance, Gupta et al. (2020) discovered that changes in subscription prices that seem unfair
can greatly increase the chance of consumers leaving. Because of this difference, it becomes clear we need
transparent and flexible pricing practises.

We solve these problems by proposing a complete, Al-based framework for subscription services
pricing. Our strategy differs from previous methods by taking into account changes over the seasons, the
makeup of customers and non-private data to improve pricing and still build trust.

The authors also refer to the Paterson subscription campaign and use Al solutions such as Pricefx and
Dynamic Pricing Al, connecting what is learned in theory to what is used in practise. As a result, we have
proved in our research that using Al prices in subscriptions can help companies increase revenue by 18%
without harming user satisfaction or compliance rules.

1L Methodology
The researchers analysed records, used Al frameworks and checked with true examples to learn about the
success of dynamic pricing in subscription businesses. The tools and methods were made to help ensure the
results can be checked and useful for both small and medium digital service providers.
Data gathering is step 4.
We looked at both facts gathered by ourselves and information already in the market.
Collected from a mid-sized SaaS platform over 12 months: user joining rates, customer leaving rates, how their
interest in the service changes by season and responses to price changes.
Market Demand Signals come from analysing web scraping and Google Trends to observe when interest in
subscription services increases or decreases over seasons (for example, a rise in fitness app usage during
January).
As a case study, data from Q1 and Q2 of the 2023 Paterson campaign were applied to confirm the efficiency of
the invented pricing strategies.
Creating and putting into use the Al model is the fourth step.
We used the following techniques to construct our multi-factor dynamic pricing model:
Using both ARIMA and LSTM models, I was able to forecast moments of higher and lower demand each week.
To see how price sensitivity varied, I trained models using historical user behaviours.
Users were clustered by k-means using location data, how much they used the service and when they opened
their account, to help with pricing precision without accessing private details.
PlainModel Data: Price optimization was deployed using the Pricefx API and custom Python routines, helping
match live transactions with users’ requirements.
4.4 Testing and Validation
We organised two groups for this study using a quasi-experimental design.
The basic comparison was done with the pricing model that is already used.
Test Group: Al suggestions for dynamic pricing are updated each week.
For both groups, we kept an eye on their revenue performance, how many clients churned and what their
customers thought through ten weeks of the trial.
4.4 Covering the Ethical Framework and Transparency Layer
We included an XAl layer so that customers saw a reason for higher prices, for example, “Since it’s a peak time,
we had to adjust the price.” Notwithstanding, no information about users or their income or internet browsing
was processed which satisfied GDPR and maintained customer trust.
Lots of Innovation and Unique Items
Rather than counting on only one purchase or revealing lots of personal details, we use a different model.
The system is designed to work with businesses that charge for subscriptions.
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Makes sure to be honest and equal through explainable Al
It uses differences in behaviour and time of year, instead of personal information.
Shows that Al tools can be used effectively in the real world, based on proven examples from business.

Iv. Results
This section presents the outcomes of the Al-driven dynamic pricing implementation, comparing its
performance against traditional static pricing models in a subscription-based service environment. Both
quantitative metrics (e.g., revenue uplift, churn rate) and qualitative insights (e.g., customer sentiment) were
analyzed over a 10-week testing period.

5.1 Revenue Growth and Price Optimization
Table 1 compares the average monthly revenue per user (ARPU) and overall revenue growth between the

control (static pricing) and test (dynamic pricing) groups.

Table 1: Revenue Performance Comparison

Metric Static Pricing Group Dynamic Pricing Group
ARPU (USD) $21.30 $24.75

Revenue Growth (%) — +18.2%

Conversion Rate (%) 11.4% 13.6%

Customer Churn Rate (%) 8.1% 6.3%

Figure 1 (inserted) displays high level of revenue growth in both groups for 10 consecutive weeks.

The adoption of Al for pricing resulted in a 18.2% higher monthly recurring revenue when compared to the
previous method. In addition, higher conversion rates by 2.2 percentage points show that the company’s pricing
and customer needs are more in step.

5.2 Understanding Your Customers’ Loyalty

The management watched customer churn every week to gauge how changing prices affected user loyalty.
Thanks to lower prices given during slow seasons, as well as an understandable explanation of pricing, there
was a 22% drop in the churn for the test group.

Figure 2 (which will follow): Bar chart showing how churn differed each week in the control and test groups.
How do survey and behavioral segmentation together support our responsiveness to demand?

The models correctly detected when seasonal demand was higher. For instance:

With 35% more people joining the platform in the New Year’s resolution period, premium plans were raised by
10%.

Setting different prices in a time of reduced demand resulted in an increase of 19% in people joining us,
compared to the previous year in the same period.

Seasonal pricing changes and the corresponding amounts of revenue in Table 2.

5.5 Gathering and Watching for Customer Comments

The results from surveys and support tickets suggest that 85% of customers think the dynamic pricing is either
“fair” or “understandable” once they get explanations. When a pricing rationale was added, there were far fewer
complaints than at the start of the beta experiment where price changes went unexplained.

Important Quote from Users:

It’s useful to understand what caused the price change. I thought it looked more like a deal than a fine for me."

5.5 Unexpected Results

It turned out that brand-new users found dynamic pricing easier to handle than people who used the system
regularly. If variable pricing was shown as only available for a short time, new users were 2.7 times more likely
to accept it. In other words, how Al-driven pricing information is presented and communicated greatly affects
the strategies’ success.

List of the main findings.

DP helped contribute to a 18% increase in ARPU and revenue.

Because of deliberate and clear pricing, the number of people leaving the company dropped by 22%.

As a result of improved seasonal demand responsiveness, acquisition improved by up to 35%.

Customers were generally very happy using explainable Al.

Charging new subscribers a higher rate made them more likely to stay than old subscribers.
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V. Discussion
The results prove that using Al for dynamic pricing can increase success and strategy in subscription companies.
The switch to real-time pricing that uses data helped the company earn 18% more revenue and win customers’
trust and loyalty, things that are often not easy with regular dynamic pricing.
Explaining the most relevant findings of the study
The success of these strategies was discovered by observing both higher earnings and satisfied customers. Since
the rate of lost customers fell by 22% and average revenue went up, it seems customers prefer variable pricing
when the rules are explained and the benefits are clear.
Besides, the opportunity to see how both types of users react points out that new subscribers like special offers,
while existing users are more comfortable with similar services. Differing behaviors are key when planning how
to divide the market for future pricing campaigns.
Comparison between the Research Project and Previous Work
Unlike earlier research that looked at by-transaction pricing in e-commerce and aviation worlds (such as the
work by Elmaghraby & Keskinocak in 2003 and Zhang & Gershwin in 2007), this study extends dynamic
pricing to the subscription world that usually uses a single or tiered pricing model.
Gupta et al. (2020) noted that dynamic pricing for repeat services may cause customer trust to decrease, so we
turned to explainable Al and privacy-respecting segmentation and found that transparent and less data-intensive
methods can offer both value and trust to customers.
This research aims to improve on previous study methods by proving its conclusions in real campaigns such as
the Paterson case, where revenue and engagement did go up.
6.4 What Does This Mean and What’s Next
The findings matter for both choosing the right business strategies and putting new technologies to use in the
subscription economy.
With these findings, business leaders should encourage agile pricing and get together the pricing team with data
science and marketing departments to ensure Al fits with messaging designed for customers.
Developers and Data Scientists must be able to rely on tools that make Al models both correct and ethical as a
basic feature.
For those who set policies and for those who are users: The study highlights that new rules and standards in
dynamic pricing are needed, as Al contributes to making pricing more transparent and fair in online services.
Further studies might develop this work in several ways.
Applying the same pricing model in several places with different incomes to see its effects on equity.

Understanding how sentiment analysis right now impacts pricing decisions.

Considering ways to join loyalty programs to ensure lasting stability in revenue.

Societal and Industrial Effect

The findings of this research lead to improvements in fair AI methods for business, helping to build systems for
ethical automated pricing. With the help of explainable and properly used data, dynamic pricing allows both
businesses and their customers to be treated more fairly.

Thanks to Al-driven pricing, companies in many sectors such as SaaS and health apps, can absorb changes in
the economy, deal with seasonal changes and maintain an advantage over their competitors as they focus on
smart growth.

VI Conclusion
The study provides a complete and usable strategy for applying Al-based dynamic pricing in subscription
companies, representing major progress in strategic pricing and ethical Al. Using instant market changes,
grouping users by behavior and honest communication, we have shown better earnings (+18% increase in
revenue), less churn (22% lower customer loss) and happier users.
We have introduced several important improvements through our studies.
Making dynamic pricing work with recurring revenues, something usually managed with static or tiered pricing
designs.
Applying scripts that are easy to follow to price decisions, so that all aspects of pricing are open and seem fair.
Let small and midsize companies leverage Al models made simple using market-ready tools like Pricefx.
The approach in this work makes Al an enabler for businesses to improve and satisfy their customers.
FinConnect 2143 is special because it demonstrates that Al can be justified and profitable at once—simply by
including transparency, fairness and customer behavior from the start.

We are currently developing a flexible pricing toolkit suitable for early-stage SaaS companies using automated
methods for demand forecasting, anticipating customer loss and summarizing pricing choices. There is potential
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to investigate where dynamic pricing works other than in retail, notably in the world of education, digital
services and health and wellness.

Because we are living in a world where data and automation are expanding, our results guide businesses on how
to use Al both to grow financially and to act responsibly.
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