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Abstract

This systematic review article examines the role of competitive intelligence and machine learning in the insurance industry.
Given the rapid advancements in information technology and the increasing need for accurate strategic decision-making in the
face of intensifying competition, competitive intelligence has emerged as a vital tool for data analysis and predicting competitor
behavior in this sector. This study analyzes various methods of applying machine learning to process both structured and
unstructured data within the insurance industry and explores the associated challenges and opportunities. The article first
analyzes the fundamental concepts of competitive intelligence and developments in information technology in this domain. It
then investigates the challenges and requirements of the insurance industry in utilizing advanced data analytics techniques,
including machine learning. The findings indicate that integrating machine learning with competitive intelligence can assist
insurance companies in conducting large-scale data analysis, thereby enabling more accurate predictions of competitor behavior
and market trends. Moreover, the article identifies existing research gaps and presents a conceptual model for the application
of competitive intelligence in the insurance industry, offering recommendations for future research and practical applications

for insurance industry managers.
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1. Introduction

With the rapid advancement of information technology and ongoing environmental transformations, organizational
adaptability to new conditions has become a critical necessity. This need is even more pronounced for large organizations,
given the breadth of their decision-making domains. The necessity arises from the significant increase in the number of
organizational decisions due to the growing complexity of the business environment, the need for more accurate and up-to-date
information for effective decision-making, and the entry of traditional organizations into the realm of information technology,
compelling them to align their programs and strategies with this new landscape (Averch, 1990).

The intensifying competition in the insurance industry has driven managers in this field to seek strategies to maintain their
presence. Beyond efforts to increase policy sales, goals such as cost reduction and enhancing the corporate image to achieve
competitive advantage are among the priorities pursued by these managers (Maluleka & Chummun, 2023). In order to deliver
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greater value and gain customer satisfaction across all areas, companies require comprehensive information. This information
includes data related to competitors, intermediaries, and other influential market factors. Information is regarded as one of the
most important strategic assets and marketing tools. The collection and analysis of competitor-related data plays a vital role in
formulating effective strategies. The more information a company possesses about its competitors, the more likely it is to
succeed in developing and implementing appropriate strategies. Consequently, monitoring, understanding, and responding to
competitors are considered crucial components of marketing activities (Rezaeian & Lashkarbolouki, 2010).

In today's world, the speed of decision-making in response to environmental threats and opportunities plays a critical role
in organizational success. Traditional analyses are often time-consuming and inadequate in addressing the needs of
contemporary organizations. Dynamic analyses assist organizations in continuously monitoring the environment and promptly
identifying changes to respond effectively to threats and opportunities. These analyses, by providing accurate and real-time
information, create the foundation for rapid and effective decision-making. Studies indicate that 80% of the information
required for intelligent analysis is unstructured, while 20% is structured (Muritala & Ajetunmobi, 2019; Muritala et al.,
2019). Structured data is extracted from organizational databases and information systems, whereas unstructured data is
obtained from various sources such as paper documents, electronic content, audio-visual materials, and individuals' knowledge
inside and outside the organization.

Given the vast volume of available structured and unstructured data, traditional tools are inefficient in processing and
analyzing this data. Conventional methods fall short in uncovering hidden insights. In this regard, the application of machine
learning techniques and big data analytics can help insurance companies make better use of their data and achieve improved
strategic decision-making. Previously, one of the main limitations of business intelligence tools was their inefficiency in
uncovering hidden insights. By employing intelligent systems, it becomes possible to extract various trends from existing data,
enabling insurance industry managers to make strategic decisions and plan for the future. This capability allows managers to
more accurately monitor and quickly analyze the business environment, leading to better decisions (Wanke & Barros, 2016).

Thus, the primary challenges faced by insurance companies include rapid changes, continuous transformations, complexity
in the business environment, advancements in information technology, the massive volume of unstructured data, the
inefficiency of existing tools in uncovering hidden insights, the need for reliable tools, fast decision-making, accurate
forecasting of future trends, and intensifying competition among firms. Under these conditions, intelligent and dynamic
analyses can support organizations in promptly responding to environmental threats and opportunities and enhancing strategic
decision-making. Companies must obtain reliable data on market indicators to effectively confront the competitive challenges
of today's business world. Therefore, an effective competitive intelligence system is an essential requirement for achieving
competitive advantage goals, as outlined in company missions and visions.

Despite the recognized importance of competitive intelligence as a driver of competitive advantage, there is a limited number
of studies that examine the various practical aspects of competitive intelligence that influence company advantage. The
following figure illustrates the conceptual framework of the interaction between competitive intelligence and competitive
advantage (Jasim et al., 2020).

This systematic review article investigates the role of competitive intelligence and machine learning in the insurance
industry. It begins by analyzing the fundamental concepts of competitive intelligence and developments in information
technology in this field and examines the challenges faced by the insurance industry in the digital age. Subsequently, the review
methodology is presented through the definition of inclusion criteria and screening of studies, followed by the analysis and
synthesis of research findings and the conceptual research framework. The key findings are then discussed, including the
identification of research gaps, the presentation of a conceptual model of competitive intelligence, and the evaluation of the
benefits and limitations of machine learning-based solutions in the insurance industry. Finally, the article concludes with a
summary of the systematic findings, practical recommendations for insurance industry managers, and suggestions for future
research. Through a critical analysis of existing literature, this study contributes to a deeper understanding of the applications
of competitive intelligence in the insurance sector and paves the way for future investigations in this area.

2. Theoretical Foundations
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2.1.  Competitive Intelligence

Competitive intelligence pertains to competitors, their capabilities, activities, and plans. It is employed by strategic
operations that are part of the organization's strategic division. It is also utilized by professionals responsible for innovation,
such as research and development managers, who focus on developing new products, services, processes, and business models.
This form of intelligence analyzes both current and potential data and information (McGonagle & Vella, 2012).

The objective of the competitive intelligence approach is to enable decision-makers and business strategists to develop
appropriate strategies in response to competitor strategies, allowing the business to attain a competitive advantage. This
approach emphasizes the interaction and interdependence between a business and its competitor(s). In this context, the
outcomes achieved by businesses in a competitive environment depend not only on their own decisions and strategies but also
on those of their competitors. Due to this interdependence, a strategic assessment process—one that simultaneously analyzes
the strategies of both the business and its competitors—must be conducted to enable proper planning and decision-making.
Strategy and competitive intelligence are inextricably linked. Competitive intelligence is not only an activity or set of activities
within a broader strategic management process, but also a crucial strategic function (Maritz & Du Toit, 2018).

The information and data provided throughout the competitive intelligence process transform it into an essential component
of strategy formulation and implementation. Herring (1992) outlined six distinct roles of competitive intelligence in the
development and execution of successful strategies: (1) defining the competitive environment, (2) forecasting the future
competitive environment, (3) testing assumptions by asking the right questions, (4) identifying and eliminating weaknesses,
(5) implementing or modifying strategies to reshape the competitive environment, and (6) determining the timeliness of these
strategies. Furthermore, competitive intelligence should encompass evaluations of both the current and potential future
competitive environments of the firm.

To perform these functions effectively, a business must first define its goals regarding competitive intelligence.
Subsequently, the information gathered in alignment with these goals becomes a fundamental tool for strategy-related decision-
making (Gaspareniene et al., 2013).

The effective execution of the competitive intelligence process depends on the quantity and quality of the information
provided. An efficient competitive intelligence process requires the collection of four interrelated types of information that
comprehensively describe the business environment in which the company operates. These are: (1) information about
competitors, (2) comparative information that highlights differences among various competitors, (3) market-related information
including customers, suppliers, distribution channels, and technology, and (4) information about the business itself (Weiss,
2002).

Competitive intelligence, as one of the key tools in the strategic planning process, plays a fundamental role in business
decision-making. It refers to a set of activities and processes through which external and internal information about an
organization is collected, analyzed, and interpreted to help decision-makers adopt optimal business strategies. In general,
competitive intelligence encompasses the collection and analysis of data related to competitors, technologies, and economic,
social, political, and environmental conditions that affect the organization and its rivals.

Within this framework, competitive intelligence has typically been studied through four different approaches: conceptual,
product-based, professional, and systemic.

1. Conceptual Approach: In this perspective, researchers examine and describe the concepts, variables, and processes
related to competitive intelligence, aiming to understand its various dimensions. This approach focuses on the
fundamental and theoretical aspects of competitive intelligence (Babaimehr & Zingir, 2016; Fourati-Jamoussi et
al., 2018).

2. Product-Based Approach: This approach emphasizes the development of methods and techniques for generating
practical outputs of competitive intelligence. It refers more to the practical applications and utilization of collected
data in strategic decision-making (Abdellaoui & Nader, 2015; Chakraborti & Dey, 2016).

3. Professional Approach: This view considers competitive intelligence as a profession with specific principles and
ethical codes, emphasizing that data gathering and analysis must comply with professional standards (Késeoglu et
al., 2020).
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4. Systemic Approach: In this perspective, competitive intelligence is regarded as a decision-support system for
organizations. It stresses the importance of establishing systems capable of continuously collecting and analyzing
competitive data to assist managers in making more intelligent decisions (Calof, 2017; Garcia & Esteban, 2020).

Beyond these conceptual approaches, several implementation methods for competitive intelligence have also been
developed, which facilitate data analysis and market trend simulation. These methods include the use of semantic data
warehouses and big data, data mining and text mining, as well as web and social media analytics, enabling businesses to
simulate market trends and behaviors more accurately.

Competitive intelligence and strategic thinking are also closely intertwined. Strategic thinking enables managers to analyze
and predict competitive positions using competitive information and to formulate effective, long-term strategies. This type of
thinking relies on foresight analyses to anticipate market shifts and competitor movements. In this regard, competitive
intelligence directly supports the strategy formulation process. This connection is particularly critical in complex competitive
conditions and rapidly changing markets, where flexibility and clarity in decision-making are essential.

Hence, organizations must be capable of utilizing available data and information in the competitive ecosystem to analyze
trends and forecast future scenarios in order to protect their competitive advantage.

2.2.  Machine Learning

Machine learning has evolved from the study of computational learning theory and pattern recognition. It is one of the most
effective approaches in the field of data analysis, primarily used for prediction through the development of models and
algorithms. These analytical models enable researchers, engineers, data scientists, and analysts to produce reliable and valid
results and decisions. It also facilitates the discovery of hidden patterns or features through historical learning and data trends.
Feature selection is the most critical task in machine learning. The model is built based on data collected from training sets,
making machine learning algorithms non-interactive. They study past observations to make accurate predictions. Creating a
precise predictive rule upon which an algorithm can be developed is a highly challenging task.

Machine learning (ML) algorithms can generally be categorized into three main types:

1. Supervised Learning: In supervised learning, ML algorithms are trained on labeled data, where input data is
associated with corresponding output or target labels. The algorithm learns to map the input data to the desired output
by identifying patterns and relationships in the training data. After training, the model can make predictions or classify
new and unseen data based on learned patterns.

2. Unsupervised Learning: Unsupervised learning involves training ML algorithms on unlabeled data, where the goal
is to discover patterns, structures, or relationships within the data without predefined labels. Common tasks in
unsupervised learning include clustering, dimensionality reduction, and anomaly detection. The algorithm learns to
identify similarities, group data points, or detect outliers based on inherent patterns in the data.

As predictive techniques become more complex, insurers must navigate a complicated regulatory landscape that governs
data usage and sharing. Ensuring compliance while maximizing the utility of data presents a critical challenge. The use of
Privacy-Enhancing Technologies (PETS) can help insurers balance these requirements while facilitating effective data use in
predictive modeling.

3. Review of Previous Studies
3.1.  Studies on Competitive Intelligence in the Insurance Industry
3.1.1.  Descriptive and Impact-Oriented Studies

Domestic Studies: Hamidzadeh et al. (2014), using a descriptive-exploratory method and collecting data from senior
managers at Asia Insurance Company, proposed a dynamic competitive intelligence model aimed at achieving sustainable
competitive advantage. This study identified and confirmed the factors influencing competitive intelligence in the insurance
sector, showing that managers emphasize aspects such as staff training, communication skills, and loyalty to the company
(Hamidizadeh et al., 2014).
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Sepahvand et al. (2016) examined the impact of competitive intelligence on the organizational performance of insurance
companies in Sanandaj. The findings indicated a significant and positive impact of competitive intelligence on organizational
performance. The study suggested that customer information analysis can help identify needs and enhance the performance of

insurance firms (Sepahvand et al., 2016).

Similarly, Tahmasebi Fard (2018) and Mohammadian et al. (2014) investigated the effect of competitive intelligence on
market performance and competitive advantage in Iran’s insurance industry (Mohamadian et al., 2014; Tahmasebifard,
2018). Vahdati et al. (2017) studied the impact of strategic intelligence on human, structural, and relational capital in the
Khorramabad insurance business (Vahdati et al., 2017).

International Studies: Odiachi et al. (2021) examined the relationship between competitive intelligence and organizational
sustainability in Nigeria’s insurance sector (Odiachi et al., 2021). Oyomo (2019) analyzed the effects of customer orientation
on competitive intelligence in Kenyan insurance companies (Oyomo, 2019). Muritala and Ajetunmobi (2019) investigated the
relationship between competitive intelligence, competitive advantage, and employee productivity (Muritala & Ajetunmobi,
2019). Bitencourt Jorge et al. (2019) analyzed the effect of access-to-information laws on competitive intelligence in Brazil
(Bitencourt Jorge et al., 2019).

Mufioz-Cafavate and Alves-Albero (2017) explored competitive intelligence practices in Spanish organizations, including

insurance firms. They found that while competitive intelligence techniques were well established, they were often performed
by departments other than information units. The study also showed that information units mostly delivered intelligence to
management and interested product consumers, with most staff unaware of its critical importance (Munoz-Canavate &
Alves-Albero, 2017).

Calof et al. (2018) reported that 87% of the studied organizations, including insurers, had formal competitive intelligence
structures with information-related roles and used competitive intelligence for a wide range of strategic and tactical decisions
(Calof, 2017).

Erikson and Rothberg (2012) examined how various industries, including U.S. insurance companies, balanced knowledge
development and protection through competitive intelligence. Their findings indicated that competitive intelligence activity in
the life insurance sector was aggressive and significant (Erickson & Rothberg, 2012).

Johns and Van Doren (2010) studied competitive intelligence in service marketing across various organizations, including
insurance companies. The case study findings revealed that organizations engaged in competitive intelligence practices gained
a competitive edge. Insurance companies also adapted their outlooks to integrate competitive intelligence into market research
(Johns & Van Doren, 2010).

du Toit and Sewdass (2014) surveyed competitive intelligence experts in various organizations, including insurance firms,
to assess the current state of competitive intelligence in Morocco. Their findings showed that most businesses, including those
in insurance, used competitive intelligence as a strategic tool for environmental scanning (du Toit & Sewdass, 2014).

3.2.  Review Studies and Identification of Research Gaps

Maluleka (2023), through a systematic literature review of competitive intelligence and insurance markets, highlighted the
existing gap in integrating data analytics tools such as artificial intelligence and big data with competitive intelligence. The
study showed a relatively higher focus of Iranian publications on competitive intelligence in insurance compared to those from
other countries (Maluleka & Chummun, 2023).

Salimi Dangarlou (2015) categorized studies on competitive intelligence in Iranian organizations into two groups:
"competitive intelligence related to marketing” and "competitive intelligence related to organizational performance." The
findings indicated that competitive intelligence is recognized as a factor contributing to improved decision-making, company
performance, entrepreneurship, and organizational agility (Salimi Dangharalu, 2015).
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In the first category (competitive intelligence and marketing), studies by Rezaei Dolatabadi et al. (2011) and Pirayesh &
Alipour (2012) explored the effect of competitive intelligence on competitive advantage, marketing strategies, and market
performance (Pirayesh & Alipour, 2012; Rezaei Dolatabad et al., 2011).

In the second category (competitive intelligence and organizational performance), studies such as Vezifeh Doost & Ghasemi
(2009) examined the effect of competitive intelligence on decision-making, company performance, entrepreneurship, and
organizational agility (Vazifehdoust & Ghasemi, 2009).

3.3.  Studies on Machine Learning in the Insurance Industry
3.3.1.  Application of Machine Learning in Risk Assessment and Pricing

Kajouri Naftchali et al. (2023) developed a Risk Intelligent Model (RIM) based on artificial intelligence for engineering
insurance risk assessment. By integrating data analysis, machine learning algorithms, and predictive modeling, the model offers
a comprehensive risk perspective, going beyond traditional risk assessment approaches and incorporating a wide range of
variables. Implementation of this model allows insurers to precisely identify threats and determine suitable strategies for their
clients (Kajouri Naftchali et al., 2023).

Kaushik et al. (2022) utilized Al network regression to create a health insurance premium prediction model with an accuracy
of 92.72%. Their research showed that machine learning can overcome the limitations of traditional actuarial methods and
improve premium calculation accuracy (Kaushik et al., 2022).

Hartmann et al. (2020) and Cummings & Hartmann (2022) reviewed various machine learning models in the field of health
insurance and long-term care. These studies demonstrated that ML algorithms can enhance the prediction of healthcare costs
and optimize insurance coverage (Cummings & Hartman, 2022; Hartman et al., 2020).

Gan and Valdez (2024) investigated the use of exponential family principal component analysis for modeling mixed
insurance data to improve predictive accuracy. The study indicated that these methods can reduce data dimensionality and
increase the efficiency of predictive models (Gan & Valdez, 2024).

3.3.2.  Application of Machine Learning in Claims Prediction and Fraud Detection

Shi et al. (2024) developed a model for improving insurance claims management by integrating dynamic weather data with
deep learning techniques. Their study found that environmental data can increase the accuracy of damage-related predictions
(Shi et al., 2024).

Masello et al. (2023) and Peiris et al. (2024) found that integrating telematics through ML models helps better understand
risk characteristics. These studies showed that using sensor data and telematics systems can effectively assess driving behavior
and predict accident probability (Masello et al., 2023; Peiris et al., 2024).

Charpentier et al. (2023) proposed a reinforcement learning technique and explored its application in the financial and
insurance sectors. The study showed that reinforcement learning can be effective in optimizing financial decision-making and
risk management in insurance (Charpentier et al., 2023).

Turcotte and Boucher (2024) developed a Generalized Additive Model for Location, Scale, and Shape (GAMLSS) to better
understand longitudinal data in the insurance industry. This model helps analyze trends in insurance data over time (Turcotte

& Boucher, 2024).

4. Comparative Analysis and ldentification of Research Gaps
4.1.  Existing Gaps in Competitive Intelligence Studies in the Insurance Industry
4.1.1. Traditional and Non-Systematic Approaches

A review of previous studies shows that most research on competitive intelligence (CI) in the insurance industry has adopted
traditional approaches. For example, Hamidzadeh et al. (2014) and Sepahvand et al. (2016) used questionnaire-based methods
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and basic statistical analyses to examine the state of Cl (Hamidizadeh et al., 2014; Sepahvand et al., 2016). While these
approaches provide valuable information on the overall status of Cl, they have limited capacity to analyze the vast amount of
unstructured data now available.

Additionally, studies such as Mufioz-Cafiavate and Alves-Albero (2017) have shown that although insurance companies use
CI techniques, these activities are often carried out by different departments and in a non-systematic manner. The lack of an
integrated and structured approach to Cl can lead to missed strategic opportunities and underutilization of available information

(Munoz-Canavate & Alves-Albero, 2017).

4.1.2.  Focus on Describing Current Status Rather Than Predicting Future Trends

Most prior studies in the insurance Cl domain primarily focus on describing current conditions or assessing the impact of
Cl on organizational performance. For instance, studies by Tahmasebi Fard (2018), Mohammadian et al. (2014), and Odiachi
et al. (2021) examined the effects of ClI on performance and competitive advantage (Mohamadian et al., 2014; Odiachi et
al., 2021; Tahmasebifard, 2018).

However, the core nature of ClI lies in anticipating future trends and competitor behaviors—an aspect that has been largely
overlooked. In today’s highly competitive insurance market, the ability to predict competitor actions is far more critical than
merely describing the present state.

4.2.  Existing Gaps in Machine Learning Studies in the Insurance Industry
4.2.1.  Focus on Internal Processes Rather Than Competitor Analysis

A review of past research on machine learning (ML) in the insurance industry reveals that most studies have focused on
internal processes such as risk assessment, pricing, claims prediction, and fraud detection. For example, Kajouri Naftchali et
al. (2023) concentrated on engineering insurance risk assessment (Kajouri Naftchali et al., 2023), Kaushik et al. (2022) on
health premium prediction (Kaushik et al., 2022), and Shi et al. (2024) on claims management (Shi et al., 2024).

Although these applications are valuable, the significant potential of ML in competitor analysis and behavior prediction has
been neglected. ML algorithms can, by analyzing competitor-related data (e.g., pricing strategies, product launches, marketing
campaigns), identify hidden patterns and forecast future behavior.

4.2.2. Complexity and Need for Interdisciplinary Expertise

As noted by Yang and Shami (2020), implementing ML models requires tuning hyperparameters and a deep understanding
of data preprocessing techniques. This implementation complexity, along with the need for specialized knowledge across fields
(insurance, data mining, statistics), can limit the broader adoption of ML in Cl applications (Yang & Shami, 2020).

4.3. Comparative Analysis of Existing Approaches

A comparison of Cl and ML studies in the insurance industry reveals the following:
1. Geographic Focus: ClI studies have been conducted in various countries (e.g., Iran, South Africa, Brazil, Spain),
whereas ML studies have primarily been concentrated in developed countries.
2. Methodological Differences: Cl research has mostly employed qualitative and questionnaire-based methods

(Hamidizadeh et al., 2014), whereas ML studies rely on quantitative and algorithmic methodologies (Kaushik et
al., 2022).

3. Focus Areas: Cl studies tend to focus on strategic and organizational aspects (Munoz-Canavate & Alves-Albero,
2017), while ML studies concentrate on operational and technical elements (e.g., claims prediction and fraud
detection).
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4.4. ldentification of Research Gaps

1. Lack of Systematic Integration: Despite the high potential of ML to enhance CI, no study has systematically
integrated the two domains. This gap is especially significant in the insurance industry, which deals with massive
volumes of data.

2. Limited Focus on Competitor Behavior Prediction: Although many studies have applied ML for claims and risk
prediction, none have used it to forecast competitor behavior.

3. Absence of a Comprehensive Framework: A notable gap exists in providing a comprehensive framework that
integrates the strategic dimensions of CI with the analytical capabilities of ML.

4. Neglect of Unstructured Data: Most ML studies in the insurance sector focus on structured data, while a significant
portion of competitive information resides in unstructured data sources (e.g., news, social media).

5. Lack of Performance Evaluation Criteria: There is a clear lack of standardized metrics for evaluating the
effectiveness of integrated CI-ML models in the insurance industry.

5.  Proposed Framework for a Machine Learning-Based Competitive Intelligence Model
5.1.  Overall Architecture of the Proposed Model

In light of the identified research gaps, the proposed framework consists of three core layers:

e Data Collection Layer: Includes an automated system for structured data collection (e.g., prices, products), a data
extraction engine for unstructured content (e.g., news, social media), and API interfaces for accessing market and
industry data.

o Processing and Analysis Layer: Comprises data preprocessing and cleaning, ML algorithms for pattern analysis, a
competitor behavior prediction engine, and an intelligent alert system.

o Decision-Making Layer: Includes interactive dashboards for insight visualization, a decision support system for
strategic recommendations, and a feedback mechanism for continuous model improvement.

5.2.  Proposed Methodology

The proposed framework adopts a hybrid methodology consisting of:
e Exploratory Phase: Involves in-depth interviews with insurance industry experts, content analysis of industry
documents and reports, and identification of key variables influencing competitor behavior.
e Model Development Phase: Covers system architecture design, ML algorithm selection and tuning, and development
of the competitor behavior prediction system.
e Evaluation and Improvement Phase: Involves testing the model with real data, collecting user feedback, and
continuously optimizing the model.

5.3.  Core Components of the Model

e Competitor Behavior Prediction Engine: Includes analysis of pricing trends, prediction of new products, and
estimation of marketing strategies.

o Intelligent Alert System: ldentifies significant changes in competitor behavior, alerts on potential threats and
opportunities, and forecasts the impact of environmental changes.

e Analytical Dashboard: Displays trends and patterns, offers interactive reports, and provides strategic
recommendations.

This proposed framework can address existing literature gaps and provide a comprehensive solution for integrating
competitive intelligence and machine learning in the insurance industry.

6. Discussion and Conclusion
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Analyzing competitive behavior in the insurance industry is a fundamental tool for identifying competitors' strategies and
market positions. Such behaviors may manifest in various forms, including pricing strategies, types of products and services,
distribution channel selection, and customer engagement. Based on different theoretical models such as the Miles and Snow
typology and Porter’s competitive strategies, insurance companies can anticipate competitors’ actions and respond accordingly
to maintain or improve their market position. Key indicators for analyzing competitive behavior in the insurance industry
include financial, market, and operational metrics. These indicators—such as profitability ratios, market share, and service
quality—help businesses assess their rivals and adjust strategies accordingly. In addition, market signals can reflect
competitors’ future strategies and may include announcements, competitive tactics, and shifts in strategic direction.

External factors influencing competitive behavior include economic conditions, technological advancements, regulatory
environments, and market dynamics. Changes in any of these areas can influence competition in the insurance industry, forcing
firms to adapt their strategies. For example, technological developments such as the use of Large Language Models (LLMs)
can significantly alter claims processing and underwriting practices.

Ultimately, by leveraging these analyses, insurance companies can forecast competitors’ behavior, identify innovation
opportunities, and strengthen their competitive position. Continuous and up-to-date assessments of competitor behavior enable
firms to make informed and efficient strategic decisions, thus enhancing their performance in a highly competitive insurance
market.

Studies indicate that competitive intelligence, as a strategic tool, plays a critical role in helping insurance companies navigate
the turbulent business environment. Findings suggest that integrating machine learning with competitive intelligence can
significantly assist insurance companies in processing vast amounts of structured and unstructured data, forecasting competitor
behavior, and identifying market opportunities. Research supports the notion that implementing intelligent systems based on
machine learning in areas such as claims prediction and fraud detection can lead to significant cost savings and improved
operational efficiency. However, challenges such as data quality, imbalanced datasets, and the need for infrastructure
investments remain significant barriers to digital transformation in the insurance sector. Notably, studies have shown that the
application of advanced machine learning techniques across various insurance functions—including risk management,
customer service, and market analysis—can yield substantial competitive advantages. However, the success of these solutions
requires careful consideration of issues such as model interpretability, continuous algorithm updates, and compliance with
regulatory requirements.

Overall, the findings emphasize that investment in competitive intelligence and machine learning can support insurance
companies in achieving sustainable competitive advantage and increasing market share, provided that technical and
organizational implementation challenges are effectively managed.

Moreover, the findings of this review highlight the transformative impact of machine learning on insurance processes.
Advanced algorithms that provide data-driven decision-making, real-time insights, and accurate predictive capabilities
empower insurers to gain an edge in today’s competitive landscape. Techniques such as predictive modeling, time series
analysis, and Monte Carlo simulations have significantly enhanced precision in risk management, pricing, and financial
planning.

Nonetheless, challenges such as data quality, model complexity, and ethical considerations still require attention. Future
trends point toward deeper integration of artificial intelligence, data fusion, and intelligent document processing—all of which
promise to further transform the industry. For success, insurance companies must strike a balance between technological
advancement and customer needs, while also giving due consideration to regulatory and privacy requirements.

In conclusion, investing in machine learning and competitive intelligence not only boosts operational efficiency but also
enables personalized services and improves customer experience. These developments can, in the long term, contribute to the
financial stability of the insurance industry and foster the delivery of more innovative services.
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