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1. Introduction and problem statement

Competitive analysis is a crucial component for firms and regulators operating in dynamic
and rapidly evolving markets. A clear understanding of market structure and competition
intensity enables informed strategic decisions, risk anticipation, and improved positioning.
Markets characterized by substitutable or overlapping products, complex interactions be-
tween firms, and structural volatility demand analytical frameworks that go beyond static
economic indicators or isolated machine learning techniques.

Traditional mathematical–economic models provide well-established tools for assessing
market power and concentration, yet they often fall short in capturing short-term and com-
plex dynamics, non-stationarity, and anticipatory behavior. Furthermore, artificial intelli-
gence (AI) methods excel at pattern recognition and forecasting but may lack theoretical
economic grounding. Regulatory bodies, like firms, must monitor markets in real time to
adapt regulations and ensure fair competition as market conditions evolve.

In this research paper, we propose a hybrid framework that combines mathematical–eco-
nomic modeling with AI-based methods to assist both regulators and firms in analyzing
competitive markets. The goal is to develop a decision-support and early-warning system
capable of evaluating competition intensity, ranking market participants, forecasting short-
term competitive dynamics, and anticipating the entry of new competitors.

2. Hybrid modeling framework

The proposed framework is designed to serve both firms aiming to remain competitive
and regulators seeking to monitor and intervene in market dynamics. We consider a mar-
ket consisting of multiple firms offering substitutable or partially overlapping products or
services.

To address the complexity of market analysis, the framework adopts a modular architec-
ture, organized into four interconnected stages. Each stage focuses on a specific analytical
task— from structural competition modeling to behavioral forecasting—and feeds into the
next step, ensuring both specialization and continuity across the process. The hybrid frame-
work is structured into four sequential stages:

• Economic Competition Modeling:
We have employed four widely used indicators to quantify structural and behavioral

competition: the Herfindahl–Hirschman Index (HHI) [1, 2] is used for market concentra-
tion, the Lerner Index [3] for measuring market power, the Boone Indicator [4–6] for as-
sessing efficiency-related competition, and the Panzar–Rosse H-statistic [7] for evaluating



market conduct. These indicators, grounded in mathematical–economic theory, provide
interpretable and analytically rigorous insights into market structure and dynamics.

• Clustering and Positioning:
All the firms in the market are clustered and ranked using unsupervised machine learn-

ing techniques, enabling the identification of strategic groups and the assessment of relative
positioning among them. Algorithms such as k-means, hierarchical clustering, and density-
based spatial clustering of applications with noise (DBSCAN) [8] are used to group firms
into meaningful categories such as leaders, challengers, and new entrants, based on multi-
dimensional performance indicators.

• Forecasting Market Dynamics:
We have applied time-series forecasting models and deep learning architectures to predict

the evolution of competition intensity. Recurrent neural networks (RNNs) [9], including
Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU), along with statistical
models, are used to capture temporal dependencies and nonlinearities in market behavior.

• Simulation and Anticipation via AI:
In the final component, we integrate generative adversarial networks (GANs) and multi-

agent reinforcement learning (MARL) to simulate potential market scenarios and anticipate
the behavior of new entrants and strategic responses of existing actors [10–13]. These AI
components support proactive rather than reactive decision-making.

This integrated framework is designed to be adaptable across various sectors—including
insurance, banking, and other competitive industries—and offers a ready-to-use tool for
researchers, strategists, and regulators. All AI models have been fine-tuned to be applied
in the context of competitive market analysis.

3. Preliminary Results and Discussion

At this stage, the model remains at a conceptual and architectural level. We have con-
ducted preliminary simulations using synthetic market data to test how well the different
components work together. The results indicate that combining economic competition in-
dicators with AI techniques — including clustering, forecasting, GAN-based scenario gener-
ation, and multi-agent simulations — leads to clearer interpretations and better predictive
outcomes than relying on a single type of model. These early findings support the relevance
and potential of our hybrid framework for understanding competitive markets.

4. Conclusion and Perspectives

In this research, we have introduced a hybrid, modular, and extensible framework that
bridges the rigor of economic theory with the adaptability and scalability of artificial in-
telligence. It addresses the need for real-time, interpretable, and proactive market analysis
tools suited to highly dynamic and competitive environments.

Ongoing and future work focuses on empirical validation using real-world market datasets,
refining the interoperability between AI models and economic constraints, and extending
the framework for broader applications, including policy evaluation and strategic simulation
for regulatory and enterprise-level decision-making.
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