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proposed integrates user profiles, transaction histories, and payment
patterns, facilitating precise cost assessments that respond dynamically
to user behaviors. A descriptive qualitative methodology was employed,
concentrating on the framework of the model, system workflows, and
essential analytical functions. Findings indicate that this approach
enhances both accuracy and transparency in billing processes while
fostering stronger relationships between businesses and their clients. By
utilizing artificial intelligence, the system adapts to shifts in consumption
patterns, identifies anomalies, and adjusts pricing based on real-time
usage. These insights lay the groundwork for developing more agile and
efficient billing solutions, offering a practical roadmap for digital
enterprises aiming to optimize revenue management based on service
utilization.
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1. INTRODUCTION

The digital economy is witnessing significant growth fueled by the increasing use of big data across
various business activities. This transformation alters how companies calculate, bill, and manage services to
align with the dynamic nature of digital transactions. Revenue generation now depends on user behavior,
consumption intensity, transaction frequency, and customer preferences rather than fixed pricing models. This
shift necessitates billing systems that can process data quickly, accurately, and consistently while adapting to
changing service usage patterns. In paid digital services, each user interaction generates different economic
values, making precise cost calculations essential for maintaining revenue stability and effective financial
management. A responsive billing system enhances transaction transparency, boosts operational efficiency,
reduces calculation errors, and supports the sustainability of digital business models in an increasingly
competitive landscape.

Traditional billing systems struggle to cope with the high variability in service usage, diverse product
structures, and rapid transaction changes. Many enterprise systems continue to rely on batch processing and
static pricing rules, creating a disconnect between user activities and financial records. Discrepancies between
actual consumption and cost calculations can lead to inaccuracies in revenue recognition, billing errors, and a
decline in customer trust. This situation highlights the need for a data-driven approach that connects user
activities with the billing process more precisely. The evolution of the digital economy also fundamentally
alters revenue generation mechanisms. Business activities increasingly rely on continuous data streams that are
processed and translated into economic value. Digital platforms serve as intermediaries between user behavior,
pricing decisions, billing processes, and value distribution. Revenue generation adapts to usage intensity,
access duration, service types, and customer engagement levels (Putra & Handayani, 2022; Wijayanto &
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Fadhilah, 2023). These changes are evident in subscription-based business models, premium digital services,
digital advertising, and hybrid schemes that blend multiple revenue sources.

In the streaming media and paid digital services sectors, user consumption patterns are becoming more
diverse as service options expand and customer preferences evolve. Some users take advantage of various
premium features for extended periods, while others access services sporadically or utilize only the features
they find most relevant. Such behavioral differences complicate the effectiveness of fixed-rate pricing models,
which may not accurately reflect the value received by each customer. Billing structures misaligned with usage
patterns can create perceptions of unfairness, especially when costs do not correspond to perceived benefits.
Research by Setiawan and Prabowo (2022) and Zhu and Liu (2022) reveals that customer decisions to maintain
subscriptions hinge on the balance between cost, service quality, and user experience. This reality prompts
companies to develop billing mechanisms that adapt to fluctuations in customer consumption. Such
mechanisms not only build user trust but also enhance customer retention, stabilize revenue, and strengthen
competitive positioning in the fast-evolving digital services industry.

The limitations of legacy billing architectures become increasingly evident as companies manage cross-
service transactions, dynamic packages, personalized promotions, and real-time shifts in customer behavior.
Ur Rahman Khan (2026) points out that traditional billing systems face challenges in integrating cross-service
data and lack responsiveness to rapid changes in consumption patterns. These issues affect not only technical
performance but also revenue accuracy, cost transparency, and the quality of relationships between companies
and customers. Therefore, modernizing billing systems must focus on data architectures that can process
information consistently, rapidly, and traceably. Data engineering is a vital foundation for developing adaptive
billing systems. This process encompasses data collection from various sources, data cleaning, normalization,
transformation, integration, storage, and analysis that supports decision-making. In modern billing systems,
data engineering links user activities with revenue models. Each transaction, package change, usage duration,
payment history, and service preference can be processed through a structured data flow, allowing companies
to derive accurate cost calculations aligned with actual service usage.

Artificial intelligence amplifies data engineering capabilities by recognizing patterns, segmenting users,
estimating customer value, and predicting future consumption behaviors. Machine learning models can adjust
pricing based on actual usage patterns rather than relying solely on broad service categories. Selvakumar et al.
(2025) emphasize that artificial intelligence plays a crucial role in reshaping business structures through price
personalization and customer value optimization. In the healthcare sector, Salami (2025) illustrates that Al-
based analytics can enhance revenue cycle efficiency through claims optimization, anomaly detection, and
expedited payment verification. These findings demonstrate the relevance of data-driven approaches across
various financial systems characterized by complexity. The integration of data engineering and artificial
intelligence enables billing systems to operate adaptively. Such systems can interpret shifts in user behavior,
identify consumption patterns, detect transaction anomalies, and adjust cost calculations based on the latest
data. This adaptive approach helps companies minimize billing errors, improve revenue accuracy, enhance cost
transparency, and maintain sustainable customer relationships. However, the success of implementation relies
on data quality, pipeline consistency, system architecture readiness, and algorithm capabilities in processing
complex operational data.

This research focuses on designing an Al-based data engineering model to support adaptive billing
systems in the monetization of the digital economy. The study emphasizes the interconnections between data
processing flows, the predictive capabilities of artificial intelligence, and the accuracy of service cost
calculations. The proposed model aims to serve as a conceptual foundation for developing billing systems that
respond effectively to variations in digital service usage, accurately record revenue, and meet the needs of data-
driven businesses.

2. RESEARCH METHOD

This study utilizes a descriptive qualitative approach focused on the design of an Al-based data
engineering model. This methodology is chosen to facilitate the development of a model applicable to adaptive
billing systems aimed at monetizing the digital economy (Sulistyowati et al., 2025). Rather than emphasizing
statistical relationships between variables, the research prioritizes the formulation of model structure, system
workflows, data requirements, analytical functions, and billing adjustment mechanisms tailored to digital
service usage patterns. The design aims to clarify how user data, transaction records, payment histories,
consumption behaviors, and service packages can be effectively processed through data engineering,
subsequently analyzed with artificial intelligence to inform billing decisions. The model is structured to
illustrate the interconnections among data sources, processing pipelines, analytical algorithms, and outputs in
the form of adaptive service cost calculations.

The focus of this research is the adaptive billing system created through the integration of data engineering
and artificial intelligence. This system is characterized by its ability to adjust cost calculations based on shifts
in service usage patterns, customer profiles, transaction histories, payment delay risks, and the value of services
utilized by users (Ferreri & Santoso, 2025). The scope encompasses several critical aspects, including

1456



Volume 6 (2), July-December 2026, 1455-1464, DOI https://doi.org/10.35870/ijmsit.v6i2.7789

identifying the requirements of digital billing systems regarding speed, accuracy, transparency, and flexibility
in cost calculations. Additionally, the research involves mapping essential data sources for the adaptive billing
system, such as user data, transaction data, subscription data, service usage data, payment histories, promotions,
discounts, and customer complaint data. This mapping is vital for understanding the relationship between user
behavior and the billed service value. Furthermore, the study will design a data engineering pipeline that
encompasses processes for data collection, cleaning, transformation, integration, storage, validation, and
quality monitoring. Finally, determining the artificial intelligence functions that facilitate user segmentation,
consumption prediction, customer value estimation, anomaly detection, and rate adjustment recommendations
is also included in the research scope.

The data employed in this study is secondary, gathered through a review of scientific literature, journal
articles, conference proceedings, industry reports, technical documents, and publications related to data
engineering, artificial intelligence, billing systems, digital monetization, subscription-based business models,
dynamic pricing, customer analytics, and revenue management (Anggraeni & Widajantie, 2025). The use of
secondary data is appropriate as the research focuses on constructing a conceptual model grounded in
established theories and findings from prior studies. Sources are selected based on criteria such as their direct
relevance to data engineering, artificial intelligence, billing systems, or digital service monetization.
Furthermore, the chosen literature must address data processing, system architecture, predictive analytics, or
revenue management. Academic publications, credible industry reports, and relevant technical documents
concerning digital system development are prioritized. Lastly, recent publications are favored to ensure
alignment with advancements in digital billing technology and artificial intelligence (Faizal et al., 2021).

Data collection techniques involve literature review and document analysis. The literature review serves
to establish theoretical foundations related to data engineering, artificial intelligence, adaptive billing systems,
digital monetization, and data-driven business models. During this phase, the researcher identifies scientific
sources that discuss the connections between data processing, predictive analytics, service personalization, and
revenue management (Rahmi et al., 2025). Concurrently, document analysis is employed to gain insights into
the functionality of digital billing systems, operational data needs, transaction structures, pricing mechanisms,
and the role of algorithms in billing decision-making. Analyzed documents include scientific articles, digital
transformation reports, data architecture documentation, and publications discussing the implementation of
artificial intelligence in revenue systems. All documents are reviewed, selected, and categorized based on
research themes to facilitate further analysis.

Data analysis occurs in four stages: data reduction, categorization, conceptual synthesis, and model
formulation. In the data reduction stage, information not directly related to adaptive billing systems, data
engineering, artificial intelligence, or digital economy monetization is excluded to maintain analytical focus.
Next, in the categorization stage, the selected information is grouped into key themes, including system data
sources, data processing methods, data quality, cross-service data integration, artificial intelligence functions,
billing decision-making processes, billing error risks, and system evaluation indicators. This categorization
aids in organizing relationships among model components. During the conceptual synthesis stage, each theme
is analyzed to identify logical connections between system needs, data flows, algorithm capabilities, and billing
outputs. This process generates a framework illustrating the relationships between operational data, data
engineering pipelines, artificial intelligence analytics, and cost calculation decisions. The synthesis serves as
the foundation for developing the Al-based data engineering model. Finally, in the model formulation stage,
synthesis results are translated into a design comprising several operational layers, each tailored to specific
functions that clarify the system flow from data collection to billing outcome evaluation (Malempati, 2022).

The model development process consists of six primary stages. The first stage involves identifying the
needs of digital billing systems, where researchers analyze common challenges in traditional billing systems,
such as delays in data processing, discrepancies between actual consumption and recorded costs, difficulties in
managing diverse service packages, and limited system capabilities to adjust rates based on user behavior. The
second stage focuses on mapping data sources, which includes user profile data, subscription data, transaction
data, service usage data, access duration data, usage frequency data, payment histories, promotional data,
discount data, complaint data, and subscription cancellation data. This mapping is essential for understanding
the relationship between user behavior and the billed service value. The third stage entails designing the data
engineering pipeline to organize data flow from extraction, cleaning, transformation, integration, storage,
validation, to monitoring data quality. The extraction process retrieves data from various sources, while the
cleaning process eliminates duplicates, corrects incomplete data, and minimizes recording errors. The
transformation process prepares raw data for analysis, and the integration process consolidates data from
multiple service channels for use in the billing system. The storage process ensures secure and consistent data
access, while the validation process guarantees data accuracy before entering the analytics stage. The fourth
stage involves defining artificial intelligence functions, which encompass user segmentation, service
consumption prediction, customer value estimation, transaction anomaly detection, payment delay risk
prediction, and rate adjustment recommendations. User segmentation groups customers based on usage
patterns and economic value, while service consumption prediction estimates future usage intensity. Customer
value estimation assesses potential revenue from each user, anomaly detection identifies irregular transactions,
and payment risk prediction forecasts the likelihood of delays or defaults. Rate recommendations facilitate cost
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adjustments based on actual usage patterns. The fifth stage is the design of the adaptive billing mechanism,
which connects the results of artificial intelligence analysis with service cost calculations. The billing system
calculates costs based on service packages while also considering usage intensity, access duration, utilized
features, payment history, potential risks, and customer value, thereby allowing for more precise billing
adjustments in relation to service usage. The sixth stage involves evaluating the model design, assessing the
interconnections among model components, the feasibility of data flows, the alignment of artificial intelligence
functions, and the model's capability to address digital billing challenges. The evaluation also considers data
quality aspects, calculation transparency, prediction accuracy, process efficiency, and the system's ability to
adapt to changes in user consumption patterns (Vijay Kumar Tiwari Brij, 2025).

The designed model comprises six main layers. The first layer is the data source layer, responsible for
collecting data from user activities, transaction systems, payment systems, service applications, promotions,
and customer interaction channels. The collected data serves as the initial input for processing within the
system. The second layer is the data integration layer, which unifies data from various sources to create a
consistent structure. Data integration is essential as digital services often involve multiple transaction channels,
such as mobile applications, websites, digital payment systems, and customer service. Without effective
integration, the billing system may encounter data inconsistencies. The third layer is the data processing layer,
which executes data cleaning, normalization, transformation, encoding, and validation processes. Processed
data must meet specific quality standards to be utilized by artificial intelligence algorithms. Data quality is
critical, as input errors can lead to inaccuracies in billing calculations. The fourth layer is the artificial
intelligence analytics layer, which implements Al models to analyze service usage patterns. Analysis is
conducted through user segmentation, consumption prediction, customer value estimation, anomaly detection,
and payment risk assessment. The results of this analysis support more adaptive billing decisions. The fifth
layer is the adaptive billing decision layer, which translates analysis results into cost calculation decisions.
Billing decisions may include rate adjustments, package recommendations, identification of potential billing
errors, or prioritization of transaction verification. This layer serves as the central hub connecting analytical
results with monetization processes. Finally, the sixth layer is the monitoring and evaluation layer, which
monitors system performance, calculation accuracy, data consistency, billing error rates, and customer
responses to cost structures. Monitoring results provide feedback for refining the data pipeline and enhancing
the performance of Al models.

Model validation is conducted through logical assessment and theoretical alignment. Logical assessment
involves examining whether each model layer has a clear relationship with the research problem. Data sources
must connect to integration processes, integration processes must support data processing, data processing must
yield analyzable data, Al analytics must inform billing decisions, and billing decisions must produce evaluable
outputs. Theoretical alignment is checked by comparing the model design against concepts of data engineering,
artificial intelligence, digital monetization, and adaptive billing systems. This examination ensures that the
model is not only technically sound but also grounded in academic principles. Validation also considers data
accuracy, system reliability, cost transparency, adaptability, and process consistency.

The output of this research is an Al-based data engineering model for adaptive billing systems in the
monetization of the digital economy. The model outlines the data processing flow from transaction sources to
billing decisions. Additionally, it illustrates the role of artificial intelligence in recognizing user patterns,
estimating service consumption, detecting anomalies, and adjusting cost calculations. This design is expected
to serve as a foundation for developing more accurate, responsive digital billing systems that align with changes
in user behavior. The model can also provide guidance for digital companies in structuring data architectures
that support usage-based revenue management.

3. RESULTS AND DISCUSSION

3.1. Results
3.1.1. Architecture of the Proposed Model

The research has produced a design for an Al-driven data engineering model intended for adaptive billing
systems within the digital economy. This model is structured to connect user activities, transaction data, data
processing workflows, artificial intelligence analytics, and billing decisions into a cohesive framework. It
addresses the shortcomings of static billing systems that struggle to adjust cost calculations promptly and
accurately in response to evolving user behaviors. The architecture comprises six primary layers: the data
source layer, data integration layer, data processing layer, artificial intelligence analytics layer, adaptive billing
decision layer, and monitoring and evaluation layer. Each layer serves a specific function while contributing
to a unified process. The data source layer initiates data collection, while the data integration layer consolidates
information from various channels. The data processing layer ensures that the data is clean, uniform, and ready
for analysis. The artificial intelligence analytics layer performs segmentation, prediction, and anomaly
detection. The adaptive billing decision layer translates analytical results into actionable billing decisions.
Lastly, the monitoring and evaluation layer regularly assesses the system’s stability, accuracy, and
performance. Conceptually, the model architecture can be depicted as follows.
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Figure 1. Architecture of Al-Based Data Engineering Model for Adaptive Billing System

This architecture illustrates that the adaptive billing system calculates costs not only based on service
packages but also by considering user behavior, usage intensity, payment histories, and transaction changes.
This workflow enables the generation of billing decisions that align more closely with the actual value of
services utilized. By integrating data engineering with artificial intelligence, the billing process transitions from
a rigid rule-based framework to one informed by real-time data.

3.1.2. Workflow of the Adaptive Billing System

The workflow begins with the collection of user and transaction data. This data can originate from service
applications, websites, digital payment systems, subscription histories, promotions, feature usage, access
durations, and customer service channels. It captures user interactions with digital services and forms the
foundation for the billing process. The next step is data integration, where information from various sources is
unified into a consistent structure. Effective integration is crucial due to the multiple transaction channels and
information sources inherent in digital services. Without proper integration, discrepancies may arise between
recorded user activities and the costs due for payment. Once integrated, the system moves to data processing,
which includes cleaning, duplicate removal, correction of incomplete data, normalization, transformation, and
validation of data quality. This stage is vital as artificial intelligence algorithms require consistent data, errors
in initial data can lead to inaccurate predictions and billing discrepancies.

Processed data then flows into the artificial intelligence analytics layer. At this point, the system executes
several key functions: user segmentation, service consumption prediction, customer value estimation,
transaction anomaly detection, and payment risk prediction. User segmentation enables the system to identify
customer groups based on their usage behaviors. Service consumption prediction estimates future usage
intensity. Customer value estimation assists in understanding potential revenue from each user. Anomaly
detection identifies irregular transactions, input errors, or atypical usage patterns. Payment risk prediction
assesses the likelihood of delays or defaults. The results from this analysis are then utilized by the adaptive
billing decision layer, which converts analytical findings into billing decisions. These decisions may include
rate adjustments, package recommendations, personalized discounts, flagging transactions for verification, or
calculating costs based on actual usage. This mechanism allows the system to tailor billing according to user
consumption patterns rather than relying solely on generalized service categories. The outputs generated by the
system encompass invoices, revenue records, payment statuses, rate recommendations, and evaluation reports.
These outputs are monitored through the monitoring and evaluation layer, which evaluates billing accuracy,
data consistency, pipeline stability, anomaly rates, customer responses, and the alignment between costs and
service usage. The evaluation results provide feedback for refining the data pipeline and enhancing the
performance of the artificial intelligence model.
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3.1.3. Components of the Proposed Model

The resulting model consists of several interconnected components, each fulfilling specific technical
functions and business roles to support the adaptive billing system. These components are designed to ensure
that the billing process operates with greater accuracy, transparency, and responsiveness to shifts in user

behavior.

Table 1. Components of Al-Based Data Engineering Model for Adaptive Billing System

No. Model Main Function Data Used Expected Output
Component

1 Data Source Collects initial data User data, transaction data, Raw  data  ready  for
Layer from user activities subscription data, feature integration processes.

and digital service usage data, payment
transactions. histories, promotions, and
complaints.

2 Data Unifies data from Data from applications, Integrated data that can be
Integration various channels into  websites, payment processed within a single
Layer a consistent structure.  systems, subscription  pipeline.

systems, and customer
service.

3 Data Cleans, normalizes, Transaction data, user Clean, consistent dataset
Processing transforms, and data, payment data, service ready for analysis.

Layer validates data. usage data, and
promotional data.

4 Al Analytics Analyzes usage Service usage datasets, User segmentation,

Layer patterns and predicts transaction histories, consumption predictions,
customer behavior. payment patterns, and customer value estimations,
customer behavior data. and anomaly detection.

5 Adaptive Converts analytical Al prediction results, Adaptive cost calculations,
Billing results into billing business rules, service rate recommendations, and
Decision decisions. rates, payment histories, flagging ofrisky transactions.
Layer and user profiles.

6 Billing Output Generates invoices Billing decisions, payment Customer invoices, revenue
Layer and revenue records.  data, and validated records, payment statuses,

transaction data.

and billing reports.

7 Monitoring Monitors accuracy, Billing data, payment data, Feedback for improving the
and stability, and system error rates, customer data pipeline and Al model
Evaluation performance. responses, and model performance.

Layer evaluation results.

As outlined in Table 1, the adaptive billing model relies heavily on the interplay between data quality,
analytical capabilities, and decision-making processes. The data source layer and data integration layer serve
as foundational elements for system accuracy, as they determine the completeness and uniformity of the data.
The data processing layer ensures that the data is free from errors that could compromise analytical outcomes.
The Al analytics layer is central to identifying patterns and predicting user behavior. The adaptive billing
decision layer acts as the intermediary between analytical findings and cost decisions. The billing output layer
generates invoices and revenue records, while the monitoring and evaluation layer ensures the system remains
stable and continuously improvable.

3.1.4. Resulting Adaptive Billing Mechanism

The adaptive billing mechanism operates through the connection between actual data, predictive
analytics, and cost decisions. The system interprets not only the types of service packages but also considers
usage intensity, access duration, utilized features, payment histories, behavioral changes, and transaction risks.
This approach allows users with different consumption patterns to receive cost calculations that more
accurately reflect the value of the services rendered. The system is also capable of identifying potential billing
discrepancies before the billing process is finalized. Such discrepancies may include unusual spikes in usage,
duplicate transactions, unrecorded package changes, or unsynchronized payments. Early detection of these
issues helps companies minimize billing errors and build customer trust. Furthermore, analytical results can
inform recommendations for packages that better align with user behavior. The designed model emphasizes
that data engineering is a critical foundation for establishing an adaptive billing system. Artificial intelligence
cannot function optimally without clean, integrated, and validated data. Thus, the system's success hinges not
only on the algorithms but also on the quality of the data pipeline. The synergy between data engineering and
artificial intelligence results in a billing system that is more responsive to shifts in digital service usage.
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3.2. Discussion

The proposed model demonstrates that an adaptive billing system cannot rely solely on automated cost
calculations. Such a system requires a structured data flow, clear business rules, and analytical capabilities that
can interpret changes in user behavior. In the digital economy, revenue is derived not only from fixed rates but
also from service usage patterns, package variations, promotions, additional features, and long-term customer
relationships. The model positions data engineering as the foundational aspect of the system's operation. User
data, transaction records, payment histories, package changes, access durations, and service activities must be
processed meticulously before being utilized by artificial intelligence. Without clean and consistent data,
analytical outcomes may lead to incorrect billing decisions. Ur Rahman Khan (2026) emphasizes that
transitioning from legacy ERP systems to Al-based billing architectures necessitates data integration, rapid
processing, and system structures capable of adapting to transaction changes. This aligns with the model's
design, which underscores data pipelines as the backbone of the adaptive billing system. Artificial intelligence
enhances the system’s ability to detect usage patterns. Selvakumar et al. (2025) argue that Al can drive business
model innovation through automation, personalization, predictive analytics, and data-driven decision-making.
In the adaptive billing system, these functions manifest through user segmentation, service consumption
prediction, customer value estimation, transaction anomaly detection, and payment risk prediction. However,
Al cannot replace the need for robust data governance and business rules. Algorithms perform effectively only
when the data used is accurate and the billing objectives are clearly defined.

Data engineering serves as the technical foundation that determines the quality of the adaptive billing
system. Digital services generate data from various channels, including mobile applications, websites, payment
systems, customer service, and digital promotions. Each channel has distinct formats, recording times, and
information structures. If data from these multiple channels is not well integrated, the system may misinterpret
service status, usage amounts, package changes, or user payment statuses. The data source layer collects initial
information related to service activities, including user profiles, transactions, access frequencies, usage
durations, utilized features, payment values, promotions, and subscription statuses. The data integration layer
then consolidates this information to create a complete service history. Ferreri and Santoso (2025) stress the
importance of accounting information systems in managing payment transaction data, as accurate record-
keeping is essential for reliable financial information. This argument is particularly relevant for digital billing
systems, as errors in transaction data can directly impact revenue records. The data processing layer maintains
data quality before it enters the analytics stage. Processes such as cleaning, normalization, transformation, and
validation are crucial to reduce duplication, correct incomplete data, and standardize transaction formats. This
stage should not be treated as a mere technical task. Minor errors in initial data can lead to incorrect cost
calculations, billing corrections, and diminished customer trust. Therefore, the success of the adaptive billing
system heavily relies on a stable, traceable, and regularly monitored data pipeline. Findings from Anggraeni
and Widajantie (2025) indicate that automated billing systems can enhance financial administration efficiency.
However, efficiency should not be interpreted solely as expedited processes. In the design of adaptive billing,
efficiency also encompasses reduced billing corrections, improved revenue recording accuracy, and decreased
risks of transaction discrepancies. A fast system that generates numerous errors remains a burden for the
company.

Artificial intelligence allows billing systems to respond more adeptly to variations in user behavior.
Traditional billing systems typically calculate costs based on fixed packages, service periods, or predetermined
rate rules. This approach is insufficient when digital services exhibit diverse usage patterns, such as purchasing
additional features, personalized promotions, tiered packages, premium services, or usage-based payment
schemes. The first function of Al in the model design is user segmentation. This segmentation enables
companies to differentiate customers based on usage intensity, transaction value, utilized features, access
duration, and payment patterns. High-usage users do not necessarily require the same treatment as those who
use the service infrequently. These differences can inform package recommendations, retention strategies, and
rate management. The second function is service consumption prediction. Predictions assist the system in
estimating future usage based on activity histories, package changes, promotional responses, and payment
patterns. These predictions can be used to forecast revenue, anticipate usage spikes, and assess whether the
resulting bills align with normal usage patterns. The third function is transaction anomaly detection. Anomalies
may include unusual spikes in usage, duplicate transactions, unrecorded package changes, unsynchronized
payments, or discrepancies between service status and payment status. Malempati (2022) explains that the
integration of Al, big data, and predictive financial modeling can enhance the payment ecosystem through
large-scale data analysis. In the adaptive billing system, this capability is useful for minimizing billing errors
before customers receive their final bills.

The fourth function is payment risk prediction. The system analyzes histories of delays, payment patterns,
changes in activity, and responses to reminders. This information helps companies determine more appropriate
billing actions, such as earlier reminders, transaction verifications, or package adjustments. Salami (2025)
shows that Al-based revenue cycle analytics can enhance financial performance through claims optimization,
detection of administrative issues, and payment predictions. Although this study originates from the healthcare
sector, its predictive analytics principles remain relevant for digital billing, as both relate to revenue accuracy
and process efficiency. The adaptive billing decision layer connects analytical outcomes with cost decisions.
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In this layer, results from segmentation, usage predictions, anomaly detection, and payment risk estimates are
translated into billing decisions. These decisions may involve calculating costs based on actual usage,
recommending packages, adjusting rates, providing personalized discounts, verifying risky transactions, or
making corrections before issuing bills. The adaptive billing mechanism differs from static rate systems, which
calculate costs based on fixed rules. The adaptive system considers usage, access duration, utilized features,
promotions, payment histories, and customer value, making it more suitable for digital services operating under
subscription, freemium, usage-based pricing, and hybrid monetization models. Vijay Kumar Tiwari Brij (2025)
explains that successful digital transformation is linked to a company's ability to adapt monetization strategies
through technology and data. The adaptive billing design supports this direction, as costs are calculated flexibly
based on service usage patterns.

In streaming services and digital platforms, revenue often derives from multiple sources simultaneously.
Putra and Handayani (2022) discuss the business model of Vidio.com within the paid digital media ecosystem,
while Agustian et al. (2025) explore the monetization of digital media on the Vidio platform through paid
business models. Both studies illustrate that digital platforms require revenue systems capable of managing
subscriptions, premium content, promotions, and service variations. The adaptive billing design addresses this
need by linking service usage to cost calculations in a more flexible manner. Billing accuracy directly
influences perceptions of fair pricing and customer retention. Users of digital services evaluate not only the
quality of features or content but also whether the costs align with the benefits received. If bills are difficult to
understand, change without explanation, or do not correspond with usage, customers may lose trust and seek
alternative services. Setiawan and Prabowo (2022) indicate that consumer behavior regarding video streaming
subscription services is influenced by benefits, costs, and user experiences. Zhu and Liu (2022) also note that
subscription video-on-demand models face challenges due to shifting user preferences and competitive
pressures. These findings reinforce the argument that digital billing systems must maintain a balance between
corporate revenue interests and customer perceptions of fairness.

The model design has several implications for monetizing the digital economy. First, it can enhance
revenue recording accuracy. Service usage data is linked to payment transactions and billing decisions, thereby
reducing the risk of unrecorded revenue. This is crucial for digital companies managing recurring transactions,
dynamic promotions, and frequently changing service packages. Second, the model supports service package
personalization. Through segmentation and consumption predictions, companies can recommend packages that
better align with user habits. High-usage customers can be directed toward premium packages, while low-
usage customers can be offered lighter options. This strategy helps retain customers within the service without
imposing a single rate scheme on all users. Third, the model can improve operational efficiency. A billing
system supported by data pipelines and artificial intelligence can reduce manual work in transaction validation,
error detection, and billing corrections. Anggraeni and Widajantie (2025) indicate that automated billing
systems can enhance financial administration efficiency. In the model design, efficiency is broadened through
predictive capabilities, monitoring, and regular system improvements. Fourth, the model supports flexibility in
revenue strategies. Digital platforms often combine subscriptions, advertisements, premium packages,
microtransactions, and additional services. Wijayanto and Fadhilah (2023) highlight that the digital
transformation of national media is connected to changes in technology management, platforms, and business
models. Therefore, billing systems must be able to handle various transaction schemes within a connected data
architecture.

Implementing an adaptive billing system requires both technical and managerial readiness. The first
challenge relates to data quality. Incomplete, inaccurate, or unsynchronized data can lead to erroneous cost
decisions. Companies need to establish data quality standards, validation processes, transaction audits, and
regular monitoring of data pipelines. The second challenge pertains to system integration. Many companies
still rely on legacy systems that are not equipped for real-time processing and predictive analytics. Ur Rahman
Khan (2026) emphasizes that modernizing revenue enterprise systems necessitates a shift from old
architectures to Al-based billing. This transition requires not only new software but also integration among
transaction systems, payment systems, data warehouses, analytics modules, and financial reporting. The third
challenge involves algorithm governance. The use of artificial intelligence in billing decisions requires
oversight to ensure that outcomes can be audited. Companies must ensure that predictive models do not
generate rates that disadvantage specific user groups. Regular evaluations for bias, updates to training data,
and performance monitoring of models are essential. The fourth challenge concerns customer data protection.
Adaptive billing systems utilize behavioral data, transaction data, payment data, and user preferences. This
data must be safeguarded through access controls, encryption, audit logs, and clear data usage policies. Weak
data protection can expose companies to legal risks, reputational damage, and diminished user trust. The fifth
challenge relates to customer acceptance. Data-driven cost adjustments may face resistance if the basis for
calculations is not clearly explained. Companies need to provide easily understandable bills, notifications of
cost changes, and responsive complaint mechanisms. The success of an adaptive billing system relies not only
on technology but also on how effectively companies communicate costs to customers.
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4. CONCLUSION

This research has effectively designed an Al-driven data engineering model aimed at enhancing adaptive billing
systems within the digital economy. By integrating user data, transaction records, and payment histories, the
model enables more precise cost calculations that adapt to shifts in user behavior. In the rapidly changing
landscape of digital services, the capacity to modify costs according to customer needs is essential. Employing
a descriptive qualitative approach, this study has laid out a clear structure and workflow for the system. The
findings reveal that incorporating artificial intelligence not only enhances accuracy and transparency in billing
processes but also fosters stronger interactions between companies and their customers. The system's capability
to identify anomalies in transactions and adjust rates based on real consumption patterns mitigates the risk of
billing errors, thereby potentially increasing customer trust in the services offered. The effectiveness of this
model is closely tied to data quality and system integration. Clean and well-structured data allows artificial
intelligence algorithms to function optimally, resulting in improved billing decisions. This research serves as
a valuable resource for digital companies seeking to manage revenue based on service usage while
underscoring the importance of establishing a robust data infrastructure to support adaptive billing systems.
The proposed model has broad applicability across various sectors, such as streaming media, healthcare, and
e-commerce. Implementing this adaptive billing system can be a strategic move for companies aiming to
enhance operational efficiency, maximize revenue, and ensure customer satisfaction in an increasingly
competitive digital landscape.
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