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Abstract: This study investigates the role of artificial intelligence (AI) in optimizing digital business processes within 
platform-based commercial environments. The research proposes an integrated AI-driven framework that 
combines predictive, prescriptive, and adaptive models to enhance operational efficiency, process throughput, 
and economic performance. Empirical analysis was conducted using transactional and operational data from 
a mid-scale e-commerce platform, comprising over two million transactions. Hybrid machine learning 
models, including LSTM neural networks and gradient boosting, were employed to forecast demand, 
customer behavior, and process outcomes, achieving up to 92% predictive accuracy. Reinforcement learning 
algorithms and prescriptive analytics optimized inventory management, workflow scheduling, and dynamic 
pricing. Implementation of the AI-driven framework resulted in significant improvements: 18% reduction in 
order processing time, 22% increase in inventory turnover, 12% higher revenue per transaction, and 14% 
reduction in operating costs. Comparative analysis demonstrated that AI-based optimization significantly 
outperforms traditional rule-based methods across operational and economic dimensions. In addition, the 
study demonstrates that AI-enabled platforms foster higher levels of customer personalization and service 
responsiveness, leading to improved customer satisfaction and retention rates. The modular architecture of 
the framework allows seamless integration with existing enterprise resource planning (ERP) and customer 
relationship management (CRM) systems, facilitating practical implementation in diverse digital commerce 
ecosystems. 

1 INTRODUCTION 

The rise of digital platforms, e-commerce, and online 
marketplaces has transformed the global economy by 
enabling seamless transactions, expanding market 
access, and integrating IT into business operations. 
Digital platforms connect buyers, sellers, and service 
providers through networked ecosystems, using 
algorithms and data analytics to optimize interactions. 
E-commerce involves online trade, while
marketplaces like Amazon and Alibaba provide
multi-sided environments for multiple participants.

These technologies impact sectors such as 
economy, industry, transport, engineering, and 
education by driving efficiency, innovation, and 
inclusivity. Within Industry 4.0, they integrate with 

AI, IoT, big data, and blockchain to create intelligent, 
automated systems for data-driven decision-making. 

This study explores practical IT applications in 
these areas, showing how algorithms, software, and 
digital models drive transformation. It highlights their 
role in reducing transaction costs, improving security, 
and supporting sustainable growth, especially in 
developing economies, while identifying key drivers, 
challenges, and opportunities. 

1.1 Literature Review 

AI in Digital Business Processes. Growing 
digitalization has heightened interest in applying AI 
to optimize business processes. Digital processes 
involve high data intensity, interconnected 
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workflows, and continuous user-platform 
interactions. Traditional rule-based and static 
optimization methods are often insufficient for this 
complexity, making AI-based approaches a preferred 
adaptive and scalable solution [1], [2]. 

AI allows business processes to learn from 
historical and real-time data, dynamically adapting to 
changing operational and market conditions. Machine 
learning excels in pattern recognition, anomaly 
detection, and predictive modeling, making it 
essential for optimizing digital 
workflows [3]. Recent studies emphasize that AI-
driven process optimization improves decision 
accuracy and reduces human intervention, thereby 
enhancing overall operational efficiency [4]. 

Machine Learning and Data Analytics for Process 
Optimization. Machine learning plays a central role 
in the optimization of digital business processes by 
enabling predictive, descriptive, and prescriptive 
analytics. Supervised learning techniques are widely 
applied to demand forecasting, customer behavior 
analysis, and performance prediction in digital 
platforms [5]. Unsupervised learning methods, such 
as clustering and association rule mining, support 
process segmentation and the identification of latent 
patterns in customer and transaction data [6]. 

Several studies highlight the effectiveness of AI-
based recommender systems in optimizing customer-
oriented processes in electronic commerce. These 
systems enhance personalization, increase conversion 
rates, and improve customer retention by leveraging 
large-scale behavioral data [7]. At the operational 
level, predictive analytics has been successfully 
applied to inventory management, logistics 
coordination, and supply chain optimization, 
resulting in reduced costs and improved service 
levels [8]. 

AI-Driven Optimization in Electronic Commerce 
and Digital Platforms. Electronic commerce 
platforms represent a primary domain for the 
implementation of AI-driven business process 
optimization. Studies indicate that AI technologies 
significantly enhance platform performance through 
intelligent pricing, demand prediction, fraud 
detection, and automated customer 
support [9]. Digital platforms benefit from AI’s 
ability to process large volumes of real-time data and 
to support continuous optimization of transactional 
and interaction processes. 

Research by Papastamoulou and Antonopoulos 
demonstrates that leading e-commerce platforms 
increasingly rely on AI-based architectures to 
integrate marketing, logistics, and customer service 
processes into unified decision-making 

systems [10]. Similarly, Valencia-Arias et al. 
emphasize the strategic role of AI in aligning 
operational efficiency with customer value creation in 
digital marketplaces [11]. 

However, while these studies confirm the positive 
impact of AI on individual platform functions, fewer 
works address the optimization of cross-functional 
digital business processes. This gap suggests the need 
for holistic AI-driven frameworks that integrate 
multiple process dimensions within digital 
ecosystems. 

Economic Efficiency and Performance 
Measurement. A critical aspect of AI-based business 
process optimization is the evaluation of economic 
efficiency. Several studies report that AI 
implementation leads to measurable improvements in 
key performance indicators such as cost reduction, 
process cycle time, and revenue 
growth [12], [13]. Predictive and prescriptive 
analytics enable firms to allocate resources more 
efficiently and to anticipate demand fluctuations, 
thereby minimizing operational risks. 

Nevertheless, the literature reveals a lack of 
standardized metrics for assessing the economic 
impact of AI on digital business processes. Many 
empirical studies rely on qualitative assessments or 
short-term performance indicators, limiting their 
generalizability and practical applicability [14], [15]. 
This limitation underscores the importance of 
developing quantitative evaluation models that 
explicitly link AI-driven process optimization to 
financial outcomes. 

1.2 Novel Methodological 
Contributions 

This study presents several methodological 
contributions to AI-driven digital process 
optimization. Unlike traditional approaches focused 
on isolated subprocesses or static models, the 
proposed framework integrates predictive, 
prescriptive, and adaptive analytics into a unified 
system for real-time optimization.  

AI-driven framework that combines Predictive, 
Prescriptive, and Adaptive analytical layers into a 
unified decision-support architecture for digital 
platforms and e-commerce systems. 

The predictive layer forecasts customer demand 
and behavior using hybrid machine learning models 
such as LSTM networks and Gradient Boosting, 
analyzing historical data to produce short- and long-
term predictions. 

The prescriptive layer uses these outputs to 
generate optimal decisions. Reinforcement learning 
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optimizes inventory management, dynamic pricing, 
and workflow scheduling, enabling automated 
decisions under uncertainty. 

The adaptive layer monitors performance and 
market changes, updating models in real time. This 
feedback mechanism ensures continuous adaptation 
to customer behavior and economic conditions, 
maintaining efficiency and robustness. 

Figure 1 presents the integrated three-layer AI 
framework for CRM optimization. The model 
combines predictive, prescriptive, and adaptive 
analytical layers into a unified decision-support 
architecture. This structure enables systematic 
transformation of transactional data into optimized 
operational decisions (see Fig. 1). 

 
Figure 1: The interaction between the predictive, 
prescriptive, and adaptive layers. 

1.3 Integrated AI-Driven Process 
Optimization Framework 

Development of an end-to-end optimization 
framework that integrates multiple subprocesses 
(customer interaction, inventory management, order 
fulfillment) into a coherent, AI-driven workflow. 

Application of reinforcement learning to 
dynamically adjust process parameters in response to 
real-time transactional and operational data. 

Incorporation of cross-functional process 
dependencies, ensuring that changes in one 
subprocess (e.g., logistics scheduling) propagate 
efficiently across related processes. 

1.4 Hybrid Machine Learning Models 
for Predictive Accuracy 

Implementation of hybrid predictive models 
combining LSTM neural networks for time-series 
forecasting with gradient boosting algorithms for 
structured transactional data. 

Feature engineering that accounts for seasonality, 
demand volatility, and customer behavioral patterns. 
Multi-level validation of predictive models, including 
cross-validation, backtesting on historical periods, 

and sensitivity analysis to assess robustness under 
different scenarios. 

1.5 Prescriptive and Adaptive Decision 
Support 

Development of prescriptive analytics algorithms to 
recommend optimal operational actions (e.g., order 
prioritization, dynamic pricing, workforce 
allocation). Integration of Q-learning reinforcement 
strategies for adaptive inventory and workflow 
scheduling. Continuous feedback loops from real-
time data enable self-correcting decision 
mechanisms, improving efficiency as business 
conditions change. 

1.6 Economic Efficiency Metrics 

Introduction of a quantitative framework linking AI-
driven process optimization to key economic 
indicators such as cost reduction, cycle time 
improvement, and revenue per transaction; 

Development of scenario-based simulations to 
forecast ROI and evaluate trade-offs between 
efficiency and customer satisfaction; 

Comparative benchmarking with traditional 
process management, showing significant 
improvements in operational and financial KPIs. 

1.7 Practical Applications and 
Generalizability 

The proposed methodology is platform-agnostic, 
allowing application across multiple digital 
commerce environments. Provides actionable 
insights for platform managers and decision-makers, 
enabling targeted investments in AI-driven process 
improvements. Establishes a replicable research 
framework for future studies on AI-enabled digital 
business process optimization. 
 The digital economy is an integrated ecosystem 
where digitalization, e-commerce, and IT transform 
business models and interactions. Digital platforms 
form its core, enabling the exchange of goods, 
services, data, and value through online marketplaces. 
 This study examines how AI can optimize digital 
business processes on e-commerce platforms, 
showing that efficiency gains stem from broader 
digital transformation rather than isolated 
technologies. 

Figure 2 conceptualizes the interrelationship 
between the digital economy, digitalization 
processes, and e-commerce platforms within the AI-
driven optimization paradigm. The diagram 
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highlights how systemic digital transformation 
enables cross-functional efficiency gains (see Fig. 2). 

Figure 2: Interrelationship between the digital economy, 
digitalization processes, and e-commerce platforms in the 
context of AI-driven business optimization. 

2 METHOD

2.1 Research Design 

This study employs a quantitative, data-driven 
approach to examine AI’s role in optimizing digital 
business processes. The methodology combines 
machine learning techniques with process 
performance analysis to assess efficiency 
improvements in digital platforms. 

Figure 3 presents a three-stage research 
methodology: data collection, model development, 
and performance evaluation, ensuring transparency 
and reproducibility. Each stage systematically 
evaluates AI’s impact, aligning data collection, 
analysis, and interpretation with the study’s 
objectives and providing a clear path to actionable 
insights (see Fig. 3). 

Figure 3: Three-Stage research methodology framework. 

This design enables a systematic assessment of 
the impact of AI on digital business process 
optimization. 

2.2 Data Description 

The empirical analysis is based on transactional and 
operational data collected from a mid-scale digital 
commerce platform operating in the retail sector. The 
dataset includes anonymized records covering a 12-
month period and consists of approximately 2.1 
million transactions. 

The dataset comprises the following key data 
categories: 

1) Customer interaction data (clickstreams,
browsing duration, conversion events);

2) Transactional data (order value, purchase
frequency, payment timestamps);

3) Operational process data (order processing
time, inventory levels, logistics status);

4) Customer feedback data (ratings, returns,
service requests).

Prior to analysis, data were cleaned to remove 
duplicates, incomplete records, and outliers. Feature 
normalization and encoding techniques were applied 
to ensure compatibility with machine learning 
algorithms. 

2.3 AI Models for Digital Business 
Process Optimization 

To optimize digital business processes, several AI 
models were employed, each addressing different 
process dimensions. Supervised machine learning 
algorithms were used to forecast demand and process 
performance indicators. The following models were 
implemented: 
§ Linear Regression and Random Forest for

demand prediction. 
§ Gradient Boosting Machines for order volume

forecasting. 
§ Long Short-Term Memory (LSTM) neural

networks for time-series analysis of 
transactional data. 

These models enable proactive process planning 
by anticipating demand fluctuations and resource 
requirements. For operational optimization, 
reinforcement learning and prescriptive analytics 
approaches were applied. These models support 
adaptive decision-making in dynamic digital 
environments. Key applications include: 
§ Inventory replenishment optimization using Q-

learning. 
§ Dynamic pricing strategies based on demand

elasticity estimation. 
§ Workflow scheduling optimization to minimize

process cycle time. 
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The decision-support framework continuously 
updates policies based on real-time data feedback, 
enhancing process adaptability. 

2.4 Model Training and Validation 

Model training was performed using an 80/20 train-
test split. Cross-validation techniques were applied to 
reduce overfitting and ensure robustness. 
Performance metrics included Mean Absolute Error 
(MAE), Root Mean Square Error (RMSE) for 
predictive accuracy, process cycle time reduction, 
and cost efficiency improvement. The AI models 
were benchmarked against traditional rule-based 
process management methods to evaluate relative 
performance gains. 

LSTM Neural Network: The LSTM model was 
designed for time-series forecasting with the 
following parameters: a sliding window of 60-time 
steps and a forecasting horizon of 30 days. The 
network consists of two stacked LSTM layers with 64 
and 32 hidden units, followed by a dense output layer. 
The model is trained using the Adam optimizer with 
a learning rate of 0.001 and batch size of 64. Early 
stopping was applied with a patience of 10 epochs. 
The objective function minimized the mean squared 
error (MSE) as defined in equation (1). 

𝜃	 = argmin
!
*"
#
+∑ (𝑦$%& −	𝑦0$%&)'#

$(" ,       (1) 

where: θ - vector of model parameters; 
arg min - argument of the minimum of the objective 
function; N - number of observations in the sample; i 
= 1, 2, 3, …, N - index of observations; 
h - forecasting horizon; yi+h - actual value of the 
variable at time (i+h); ŷ i+h - predicted value of the 
variable at time (i+h). 

Gradient Boosting Machine (GBM): The GBM 
model was configured with 500 estimators, maximum 
tree depth of 6, learning rate of 0.05, and a subsample 
ratio of 0.8. Minimum samples per leaf were set to 10. 
Feature importance analysis was performed to 
validate predictor relevance and improve 
interpretability of the model outputs. 

Q-Learning for Operational Optimization: The
reinforcement learning framework is defined as a 
Markov Decision Process (MDP) with states S, 
actions A, reward function R, and discount factor 
γ=0.9. 
§ State space St includes: current inventory level

It, forecasted demand Dt, current price Pt, order
backlog Bt, and service-level indicator SLt.

§ Action space At includes: inventory reorder
decisions (increase/maintain/decrease), price

adjustments within ±5%, and workflow 
prioritization (standard/accelerated). 

§ Reward function Rt:

𝑅) = 	𝑅𝑒𝑣𝑒𝑛𝑢𝑒) − 	𝐻𝑜𝑙𝑑𝑖𝑛𝑔𝐶𝑜𝑠𝑡) −
	𝑆𝑡𝑜𝑐𝑘𝑜𝑢𝑡𝑃𝑒𝑛𝑎𝑙𝑡𝑦) − 	𝑃𝑟𝑖𝑐𝑒𝐴𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡𝐶𝑜𝑠𝑡)  

where each component represents operational or 
financial costs and incentives. 

Constraints: inventory cannot exceed warehouse 
capacity (0 ≤ It ≤ Imax), price adjustments must respect 
minimum/maximum thresholds, and service-level 
agreements must be maintained (SLt ≥ SLhreshold). 

Learning parameters: learning rate α=0.1, 
discount factor γ=0.9, exploration strategy ε-greedy 
with ε decreasing from 1.0 to 0.1. The Q-values are 
updated at each step using the following (3) 

	𝑄(𝑠) , 𝑎)) ← 	𝑄(𝑠) , 𝑎)) + 	𝛼	N	𝑅) +
+𝛾	max𝛼 𝑄	Q𝑠{)%"}, 𝑎R − 	𝑄(𝑠) , 𝑎))S, 

where Q (st, at) - action-value function for state sts_tst 
and action ata_tat; st - state of the system at time step 
t; at - action selected at time step t; α - learning rate 
parameter, 0 < α ≤ 1; Rt - immediate reward received 
after performing action at; γ - discount factor, 0 ≤ γ < 
1; maxa Q(st+1,a) - maximum expected future reward 
over all possible actions a in the next state st+1; t - 
discrete time step index. 

These specifications ensure reproducibility and 
transparency of the model training and optimization 
procedures.

2.5 Economic Efficiency Evaluation 

To assess economic efficiency, key performance 
indicators (KPIs) were defined and measured before 
and after AI-based optimization. These include: 
§ Operating cost reduction ratio.
§ Revenue per transaction.
§ Inventory turnover rate.
§ Customer conversion rate.

The economic impact of AI implementation was
quantified using a comparative performance analysis 
approach. Statistical significance was evaluated using 
paired t-tests, with a confidence level of 95% (p < 
0.05). 

4 RESEARCH RESULTS 

4.1 Predictive Model Performance 

The predictive models demonstrated high accuracy in 
forecasting transactional and operational outcomes 

.(2) 

(3) 
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within the digital business platform. Table 1 
summarizes the performance metrics for the primary 
models used in this study. 

Table 1: Predictive model performance metrics. 

Model MAE RMSE R² Notes 
Linear 

Regression 12.4 18.6 0.78 Baseline for 
comparison 

Random 
Forest 9.2 13.5 0.86 

Improved 
handling of 

non-linearities 

Gradient 
Boosting 7.8 12.1 0.89 

High accuracy 
for structured 
transactional 

data 

LSTM 
Neural 

Network 
6.5 10.3 0.92 

Captures 
time-series 

dependencies 
effectively 

The LSTM-based model achieved the highest 
predictive accuracy (R² = 0.92), outperforming both 
conventional regression models and standard 
machine learning approaches. This demonstrates the 
model’s ability to anticipate demand fluctuations and 
process performance metrics in dynamic digital 
environments. 

4.2 Operational Efficiency 
Improvements 

The application of AI-driven optimization algorithms 
led to substantial improvements in operational 
efficiency across multiple business processes: 
§ Order processing time decreased by 18% due to

adaptive workflow scheduling.
§ Inventory turnover rate improved by 22% via

reinforcement learning-based replenishment
optimization.

§ Dynamic pricing implementation resulted in a
12% increase in revenue per transaction on
average.

§ Cross-functional process integration reduced
manual interventions by 35%, enhancing
overall process throughput.

These improvements reflect the ability of AI to 
adapt processes in real time, reduce operational 

bottlenecks, and optimize resource allocation across 
the platform. 

4.3 Economic Efficiency 

Economic performance was quantitatively assessed 
using key performance indicators (KPIs) before and 
after AI implementation. 
§ Operating cost reduction: 14%.
§ Revenue growth per transaction: 12%.
§ Customer conversion rate: +9%.
§ Process cycle time reduction: 18%.

Statistical analysis using paired t-tests confirmed
the significance of these improvements (p < 0.01), 
demonstrating that AI-driven optimization provides 
measurable economic benefits in digital commerce 
platforms. 

4.4 Discussion 

The research shows that integrating predictive, 
prescriptive, and adaptive AI models into digital 
business processes enhances efficiency, 
responsiveness, and economic outcomes. Key 
findings include: predictive analytics enables 
proactive planning and demand forecasting, reducing 
variability; reinforcement learning and prescriptive 
models improve real-time decision-making, 
throughput, and resource allocation; end-to-end 
integration amplifies overall benefits; and KPI 
analysis confirms the financial viability of AI 
investments. Overall, AI-driven process optimization 
is both feasible and economically beneficial, 
providing a scalable framework for platform-based 
environments. 

Selected KPIs cover operational efficiency (e.g., 
order processing time, inventory turnover, cycle time) 
and economic effectiveness (e.g., revenue per 
transaction, operating costs, conversion rate), while 
metrics like manual interventions and 
recommendation accuracy assess automation impact. 

To evaluate AI’s effect, key operational and 
economic metrics were analyzed before and after 
implementation. Table 2 presents a comparative 
overview, showing measurable improvements in 
efficiency, revenue, customer experience, and overall 
platform performance. 
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Table 2: Key operational and economic metrics before and after ai-driven optimization on digital platforms. 

KPI / Metric Pre-AI Post-AI Improvement Description 
Order Processing Time 72 h 59 h 18% Time from order to fulfillment 

Inventory Turnover Rate 3.1/mo 3.8/mo 22% Frequency of inventory renewal 
Revenue per Transaction $45.8 $51.3 12% Average revenue per order 

Customer Conversion Rate 14.8% 16.1% 9% % of visitors completing purchases 
Manual Intervention Count 1,200 780 35% Human adjustments in workflows 

Customer Satisfaction 
Score 3.9/5 4.3/5 10% Average post-purchase rating 

Process Cycle Time 96 h 79 h 18% Total end-to-end process duration 
Operational Costs $112K $96.5K 14% Total platform operating expenses 

Platform Throughput 3,200 3,750 17% Transactions processed per day 

Recommendation Accuracy 65% 88% 35% Accuracy of personalized purchase 
recommendations 

Figure 4 illustrates the global dynamics of 
AI(AI)adoption and its economic impact between 
2020 and 2025, along with projections through 2030. 
The indicators reflect the increasing integration of 
AI(AI)technologies into business processes, 
workforce activities, and industry-wide operations. 
The forecast suggests a sustained acceleration of AI-
driven productivity and a growing contribution of AI 
to global economic growth, positioning AI as a key 
driver of digital transformation and economic 
efficiency in the coming decade.  

Figure 4: Global Dynamics of AI Adoption in the Economy 
(2020-2025) and forecast to 2030. 

5 CONCLUSIONS

This study examined the role of AI in optimizing 
digital business processes within platform-based 
business environments. The research integrated 
predictive, prescriptive, and adaptive AI models to 
improve operational efficiency, process throughput, 
and economic performance. 

The key conclusions are as follows: 
1) AI-driven optimization significantly enhances

predictive accuracy. Hybrid machine learning
models, including LSTM neural networks and
gradient boosting algorithms, effectively
forecast demand fluctuations, customer
behavior, and process performance, achieving
up to 92% predictive accuracy.

2) Operational efficiency is substantially
improved through adaptive process
management. Reinforcement learning and
prescriptive analytics reduced order processing
time by 18%, improved inventory turnover by
22%, and decreased manual interventions by
35%, demonstrating the effectiveness of AI for
real-time process optimization.

3) Economic performance gains are measurable
and significant. Implementation of AI-based
process optimization led to a 14% reduction in
operating costs, a 12% increase in revenue per
transaction, and a 9% improvement in customer
conversion rates, confirming the financial
viability of AI investments.

4) End-to-end integration amplifies cumulative
benefits. Unlike traditional isolated
optimization approaches, the proposed
framework integrates multiple subprocesses,
enabling cross-functional improvements and
greater overall impact on business efficiency.

Overall, the study demonstrates that AI-based 
digital business process optimization is both 
technically feasible and economically advantageous, 
addressing key gaps in existing research related to 
integrated process modeling, adaptive learning, and 
quantitative economic evaluation. 
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6 FUTURE WORK 

Future studies may extend this work by: 
§ Incorporating multi-agent AI systems for more

complex platform ecosystems.
§ Expanding datasets to include multi-platform

and cross-industry transactional data.
§ Investigating ethical and fairness

considerations in AI-driven decision-making
processes.

§ Developing standardized economic efficiency
metrics to benchmark AI impact across
different business contexts.

The findings of this study contribute to both 
theory and practice by providing a replicable, 
scalable, and empirically validated framework for 
optimizing digital business processes using AI. 
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