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Abstract: Due to the strong turbulence that exists in the business environment, the view is sometimes articulated that the 
time horizon of decisions is no longer a hallmark of strategic management. Opposing views argue that a turbulent 
environment changes the trajectory of reaching future objectives determined by strategic decisions. Such trajectories require 
the company to be agile, which is manifested by seizing opportunities. Opportunities arise because the environment is 
volatile. An example of market opportunity is the unsatisfied demand for products. Buyers are driven by different motives 
when choosing between products that are alternative to them. From the producer's point of view, the purchase is therefore 
random. As a consequence, the alignment of the offered product portfolio with the actual purchasing decisions of customers 
is undetermined. In this article, we address the problem of determining the product portfolio structure expected by 
customers, i.e. one that is consistent with their future purchasing decisions. We hypothesise that this problem can be 
represented by a model of flows between alternative resources. Problems of this type are solved using Markov Chain Monte 
Carlo (MCMC) methods. In order to discover the expected demand (opportunity), we simulated the flow model we developed 
using the Metropolis-Hastings algorithm, which is a special case of the MCMC method used in AI. Due to operating on 
numerical data, such simulations fall under quantitative research. In the article, we present a model of customer flows 
between alternative products and then the simulation result, which is the expected value of these flows (stationary point). 
We convert this value into the structure of the product portfolio using a model of customer purchasing decisions that we 
have developed. The obtained results confirm the effectiveness of our method and have significant practical value, especially 
for SMEs. It also enables the assessment of the company's product strategy based on real sales data. The application of our 
methodology is limited to discovering opportunities in situations where purchasing decisions are influenced by variable 
environmental factors, causing irregular purchases by individual customers. It is useful, for example, in discovering 
opportunities in markets such as Household Articles, Furniture, Vehicles, Equipment Repairs, Construction, and many others. 

Keywords: Opportunity Discovery, Artificial Intelligence, Markov Chain Monte Carlo Method, Metropolis-Hastings Method, 
Alternative Products Portfolio 

1. Introduction 
Within contemporary decision support systems (DSS), several IT technologies are starting to clearly dominate 
due to the rapid increase in access to large amounts of data and the techniques for processing them with the 
help of artificial intelligence (Provost & Fawcett, 2013). Among these are commonly used tools such as Business 
Intelligence, Big Data Analytics, and Data Mining, which aim to conduct in-depth analysis of previously collected 
or real-time data. These are usually employed for forecasting based on historical data, with further analysis 
conducted using established techniques such as regression analysis, time series analysis, data flow, or qualitative 
modelling. 

Simultaneously, in many areas of economic activity, research is being conducted on prediction in the absence or 
insufficient amount of data. The approaches used in such studies include data imputation technologies, 
bootstrap techniques, Bayesian techniques, and generative learning (Jha et al, 2022). They supplement the 
dataset with artificial data and rely on meta-learning focused on improving the efficiency of learning 
(Arulkumaran et al, 2017), on the principle of trial and error based on random events, where the search for the 
optimal decision can be achieved, for example, by sampling the model using the Monte Carlo simulation method 
(Vodopivec et al, 2017). 

The detailed aim of this paper is to describe a decision system related to variable demand for selected goods 
under random information about possible customer choices (their purchasing preferences). This problem can 
be framed in terms of resource flow with a specific probability of changing the decision on the selection of a 
product group. Resource flow research is successfully described by System Dynamics models (Gary et al, 2008), 
which allow iterative determination of resource changes over time, where an essential condition for describing 
the model system is the explicit knowledge of differential-integral equations determining the system's dynamics, 
i.e., the flows between resources. Unfortunately, the analysed problem of variable demand for selected product 
groups does not adhere to strict analytical records. The issue studied in the work is non-deterministic and an 
effective way to solve it is the stochastic approach. Here we will limit ourselves to probabilistic techniques based 
on Bayesian inference (Box and Tiao, 2011), the essence of which is to take into account uncertainty and assign 
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probabilities to various decision hypotheses or parameter values based on available data. The practical 
implementation of the above idea is Markov chains (Baum and Petrie, 1966), which describe the evolution of a 
system in which future events depend only on the current state of the system, and not on the entire history. It 
is assumed that the state of the system is determined by a set of current parameters, which are a sufficient basis 
for making a decision (via a flow matrix defining the probabilities of change) in order to create a space of 
solutions in successive steps. Usually, Markov chains converge to a so-called stationary state—a specific 
expected value (Kurtz, 1981). However, it should be noted that there are particular cases where, for example, 
the system behaves periodically and exhibits several stationary states (cyclically following each other) for the 
same set of input data and exceptional situations where a Markov chain does not become stationary in finite 
time (Cappé et al, 2005). 

2. Literature Review 
The modelling of sales and demand creation has been the subject of numerous analyses, considering product 
characteristics, customer preferences, financial conditions, economic indicators, and market conditions. 
Methods and techniques used in this area include classical time series models (Rippe et al., 1976), analysis of 
non-deterministic business cycles and turning points (Hamilton, 1990), the application of dynamic programming 
to study demand cycles (Briffaut and Lallement, 2010), monitoring changes in demand using the Monte Carlo 
method (Klug, 2011), and forecasting macroeconomic variables on the stock market using hidden Markov chains 
(Nguyen and Nguyen, 2015). 

Decision models are the subject of numerous theoretical studies (Fülöp, 2005). Depending on the form and 
functional description of the optimisation problem, traditional optimisation techniques, linear programming, 
non-linear programming, or discrete optimisation can be used (Nemhauser et al., 1989). For studying supply and 
demand issues, so-called Multiple Criteria Decision Making methods (MCDM) are used. These methods involve 
examining a decision matrix in which the set of all admissible decisions is a discrete set containing a finite, 
predetermined number of possible solution variants.  

Since 2015, there has been a rapid increase in the use of AI in financial analysis, marketing, and business (Ellefsen 
et al., 2019; Bahoo et al., 2024; Stone et al., 2020). AI is now widely used in the field of analysing customer 
decision processes, although the problem is posed more broadly and concerns the comprehensive analysis of 
customer behaviours. The result is targeting customers to tailor offers to target customers, including policies of 
setting individual prices (discounts) to maximise profit per unit (Marinchak et al., 2018). Methods used to 
determine potential customer decisions and influence them include quantitative research (surveys, interviews), 
focus groups (studying feelings about products, services, brands), customer observations, and online behaviour 
analysis (A/B testing). Using AI tools, individualised relationships with customers are built, paying close attention 
to factors such as trust, satisfaction, commitment, engagement, and loyalty (Yau et al., 2021). 

Another approach that supports decision-making processes is computer simulations. They are used, for example, 
to estimate the probability of achieving different levels of return on investment, considering various factors such 
as market conditions, costs, and technological uncertainty (Platon and Constantinescu, 2014). Decision 
modelling using the Monte Carlo (MC) method allows comparing different options in terms of their expected 
value and risk, such as comparing different investment strategies related to asset allocation (Cesari et al., 2003). 
The use of multi-attribute decision-making methods supported by computer simulations enables the 
identification of potential threats to a project or decision, identification of specific negative factors and 
determining how they will impact the project's outcome (Mojtahed et al., 2010). In the case of reinforcement 
learning (Sutton & Barto, 2018), the simulation scenario models a range of decision sequences, which is currently 
one of the most dynamic areas of artificial intelligence development. 

MC modelling can also be applied more broadly within so-called probabilistic programming, which has now 
become one of the main branches of machine learning and an important element of data analysis (Ghahramani, 
2015). Learning from data involves transforming previously defined probability distributions—by observing real 
data—into posterior distributions generated artificially after observing the data (this is called the application of 
probability theory to learning from data). The importance of this method is growing rapidly due to the possibility 
to train very complex models based on computer simulations to classify and predict events in such systems. In 
the case studied in this paper, these techniques allow searching for business solution spaces to identify 
opportunities. 
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It is also worth noting that the use of simulations in learning processes will soon enable the implementation of 
so-called embodied artificial intelligence, which is a step towards realising the idea of artificial general 
intelligence (AGI) (Duan et al., 2022). 

3. Research 

3.1 Materials and Methods 

We present the discovery of opportunities using AI methods on the example of global production of jackets 
made of alternative materials, which are cotton, leather, cashmere and agave fibres. The necessary data on the 
production volume and demand flows between market fractions corresponding to these products, as well as 
demographic characteristics of buyers, were obtained using Chat 4.0. We used this technology due to its 
capabilities of searching and analysing distributed and fragmented databases.  

We simulate the states of the system, which is created by customer flows and thus purchase streams between 
market fractions. The expected result is the proportion between these streams. In order to represent the full 
characteristics of the studied system, simulation modelling is employed using the Monte Carlo method (Kroese 
and Rubinstein, 2012). Data collected in this process allows for obtaining higher-level statistics - they are the 
basis for cluster analysis, multiple regression or correlation (Newbold et al, 2013), which in turn leads to the use 
of AI technology. 

The most popular simulation method with wide application, and appropriate for solving the problem presented 
in this work, is the Markov Chain Monte Carlo (MCMC) algorithm (Chib, 2001). Monte Carlo Methods are 
numerical techniques used to approximate solutions to problems that may be difficult to solve analytically, using 
random samples. Markov Chains is a subset of stochastic models used in Monte Carlo methods. They describe 
systems transitioning between different states where the probability of transitioning to a given state depends 
only on the current state. The Metropolis Algorithm is a specific case of Markov Chains (Metropolis and Ulam, 
1949; Hastings, 1970. It is a technique used to generate samples from a difficult-to-sample probability 
distribution by iteratively proposing new states and accepting or rejecting them with a certain probability. The 
transition from the current state A to a new state B satisfies a proposed symmetric transition function, meaning 
that the probability of transitioning from A to B is the same as transitioning from B to A. The Metropolis-Hastings 
Algorithm (M-H) is an extension of the Metropolis algorithm that allows the use of any proposal function, not 
just a symmetric one. This means that the probability of transitioning from A to B can be different from 
transitioning from B to A. By allowing asymmetric transition functions, the Metropolis-Hastings algorithm is 
more flexible and can be more efficient in sampling from complex probability distributions. The state space 
determined in this way forms the basis for the mathematical analysis of the system, allowing for the creation of 
higher-order statistics. Modelling the studied system using variable output parameters ultimately allows for the 
construction of a state diagram. 

3.2 Modelling Purchase Flow Streams 

In this article we will focus on the example of jackets made from four types of materials: cotton, leather, 
cashmere, and agave. Purchase decisions are influenced by a range of factors, which can be grouped into the 
following categories: 

1. Economic Factors 

• Price: Cotton jackets are usually cheaper, making them more accessible to a wider range of 
consumers. Leather jackets are more expensive, limiting their purchase to those with higher incomes. 
Cashmere jackets are among the most expensive, classifying them as a luxury product. The price of 
agave fibre jackets varies, but due to the rarity of the material, they can be more expensive. 

• Buyer's Income: Buyers with higher incomes are more likely to purchase more expensive materials, 
such as leather and cashmere. 

2. Demographic Factors 

• Age: Younger consumers may prefer cheaper and more common materials like cotton. Older 
consumers may be more inclined to purchase durable materials like leather and cashmere. 
• Gender: Men may more frequently choose leather jackets, whereas women might prefer 

cashmere due to its softness and elegance. 
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3. Cultural Factors 

• Fashion and Trends: Fashion plays a significant role in material choice. Fashion trends may 
promote a specific material in a given season. Marketing campaigns greatly influence the 
perception of a material as fashionable or luxurious. 

• Lifestyle: People leading active lifestyles may prefer cotton for its comfort and ease of care. 
Conversely, buyers who value elegance and prestige may choose leather or cashmere. 

4. Ecological Factors. Environmental Awareness: Growing ecological awareness may prompt buyers to choose 
more environmentally friendly materials, such as organic cotton or agave fibres. Additionally, they may 
avoid leather due to concerns about animal welfare. 

Taking into account the partial overlap of the characteristics of the above-mentioned groups with the 
characteristics of such buyer types as Fashion Enthusiasts, Tech-Savvy Consumers, Professional and Business 
Executives, Health-Conscious Consumers, Luxury Lifestyle Seekers Kotler and Armstrong (2010), Rogers (1983) 
and Euromonitor (2021), Chat GPT 4.0 estimated the share of these four groups in the global market as follows: 
Pragmatists - 36%; Extravagant - 17%; Prestige Seekers - 34%; Eco-conscious - 13%. 

People enjoy variety, so although they have preferences, they also buy substitutes to meet their diverse 
expectations. For instance, when purchasing jackets or clothing more broadly, the shift from cotton may occur 
as more buyers seek ecological alternatives. In the case of leather, growing ethical awareness encourages buyers 
to avoid products made from this material. Additionally, the high price of leather may drive people to seek 
cheaper alternatives. The move away from cashmere to alternative materials may be due to its high price and 
fashion trends. Although agave fabric is ecological, its relatively small supply might prompt buyers to purchase 
alternative products. 

Taking into account the above trends influencing the change of purchasing decisions, Chat GPT 4.0 estimated 
the potential redistribution of preferences and the flow of the customers stream between the market fractions, 
which is the result of random purchase decisions (Figure 1). The share of each fraction is 100%. Such data can 
be obtained from sales reports as well as through market condition surveys in individual market fractions. It is 
important to note that we are dealing with percentage shares rather than absolute values. 

 
Figure 1: Model of potential flow of the purchase streams of jackets between market fractions 

3.3 Modelling Buyers' Purchase Decisions 

When making a purchase, customers take into account a number of functional, economic, and social features of 
these products, assigning different ranks to these features (Table 1). 

Due to the preference for the highest-ranking features, four groups of buyers can be distinguished: 

1. Pragmatist – These buyers choose cotton for its softness and breathability, making it comfortable to 
wear, especially in warm conditions. Cotton is relatively easy to wash and iron, and its versatility allows 
it to be used in various styles, from casual to more formal. 

2. Extravagant – These buyers prefer leather jackets because of their elegant and luxurious look, which is 
highly valued in fashion. Leather is very durable and can last many years with proper care. Each leather 
product has a unique appearance due to natural variations in the leather, adding to its uniqueness.  
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Table 1: Ranks of features of four types of materials 

 
The individual ranks mean: (1) Very Low, (2) Low, (3) Moderate, (4) High, (5) Very High. 

Source: Own study based on: Peterman (2024),  Sewport Support Team (2024a), Leather Naturally (2024), 
Endorfeen (2024), Sewport Support Team (2024b), Hulle, Kadole, and Katkar (2015). 

3. Prestige Seeker – These buyers opt for cashmere as it is a symbol of high status. Cashmere is 
exceptionally soft and pleasant to the touch, making it one of the most luxurious materials. It is also 
lightweight and warm, which is especially valuable in colder months, and ensures good breathability.  

4. Eco-conscious – These buyers choose agave because it is a fast-growing plant, making it a more 
sustainable material option. Agave fibres are very strong and durable, although less commonly used in 
clothing compared to other materials. 

Taking into account the partial overlap of the characteristics of the above-mentioned groups with the 
characteristics of such buyer types as Fashion Enthusiasts, Tech-Savvy Consumers, Professional and Business 
Executives, Health-Conscious Consumers, Luxury Lifestyle Seekers Kotler and Armstrong (2010), Rogers (1983) 
and Euromonitor (2021), Chat GPT 4.0 estimated the share of these four groups in the global market as follows: 
Pragmatists - 36%; Extravagants - 17%; Prestige Seekers - 34%; Eco-conscious - 13%. 

Despite preferring certain products, people also buy alternative products that meet their diverse needs. For 
jacket buyers, and more broadly clothing, the following external factors influence changes in purchase 
preferences: shifts in fashion trends, seasonal changes, effective marketing campaigns, economic downturn, 
income level, increasing ecological awareness, and corporate social responsibility initiatives. Under the influence 
of these factors, buyers make purchase decisions based on the following criteria: 

1. Value for Money – 0.16 (Nielsen Global Survey, 2024) 
2. Functionality and Maintenance – 0.14 (McKinsey & Company, 2024)  
3. Comfort and Reliability – 0.14 (Cotton Incorporated, 2024) 
4. Budget Sensitivity – 0.10 (Sheehan, 2023) 
5. Luxury and Exclusivity – 0.09 (Bain & Company, 2023)  
6. Statement and Uniqueness – 0.09 (Euromonitor International, 2021) 
7. Status and Sophistication – 0.09 (Avery and Gupta, 2022) 
8. Material Quality and Craftsmanship – 0.09 (MarketResearch.com, 2024) 
9. Sustainability and Eco-friendliness – 0.04 (Nielsen, 2024) 
10. Ethical Production and Sourcing – 0.04 (Ethical Consumer, 2024) 
11. Natural and Organic Materials – 0.04 (Busalim, Fox, Lynn, 2022) 

The weights of these criteria were proposed by Chat GPT 4.0 considering the importance of features of the four 
products for the types of buyers: Pragmatist, Extravagant, Prestige Seekers, and Eco-conscious. Using these 
weights and the impact of these criteria on purchase decisions, the weighted average purchase decisions for 
each buyer type were determined (Table 2). 

Both the criteria and their weights as well as the impact on purchasing decisions can be determined by examining 
buyers' preferences and their tendency to purchase alternative products. The data in Table 2 corresponds to the 
following buyer profiles: 

• PRAGmatist – Middle-income earners who prioritize practicality and cost-effectiveness. Often found in 
professions that require durability and comfort in clothing, such as teachers, office workers, and manual 
laborers. Generally middle-aged adults, around 30-50 years old equally distributed between male and 
female. They are typically from regions with moderate to warm climates, such as parts of North America, 
Europe, and Asia. They represent a significant portion of the population, likely around 30-40% of the 
market. 

  

Material Breathability Comfort Durability Warmth
Ease of 

Care
Affordability Sustainability Style/Aesthetic

Status 
Symbol

Cotton 5 5 3 2 5 5 4 4 2
Leather 3 4 5 4 3 2 3 5 5

Cashmere 4 5 3 5 4 1 2 5 5
Agave 2 3 4 2 3 4 5 3 3
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Table 2: Weight matrix of purchase decision of jacket buyers 

Type of customer Fabric Fabric 

Cotton Leather Cashmere Agave 

Pragmatist Cotton 0,65 0,10 0,05 0,20 

Extravagant Leather 0,10 0,60 0,25 0,05 

Prestige Seekers Cashmere 0,05 0,20 0,70 0,05 

Eco-conscious Eco-conscious 0,30 0,05 0,10 0,55 

• EXTRAvagant – Higher-income individuals who can afford luxury and statement pieces. Typically involved 
in high-paying jobs such as executives, artists, and celebrities. Younger to middle-aged adults, around 25-
45 years old with a small predominance of men who often purchase leather jackets. They live in urban 
areas and regions with a strong fashion culture, such as major cities in the United States, Europe, and Asia. 
They represent smaller niche market, possibly around 10-15% of the market. 

• PRESTige Seeker – Wealthy individuals who seek high-status and premium quality products. Common 
among high-ranking professionals like executives, lawyers, and entrepreneurs. They are older adults, 
typically 35-60 years old with predominance females, as cashmere is often associated with luxury women's 
fashion. They presumably live in affluent areas worldwide, such as upscale neighbourhoods in North 
America, Europe, and Asia. They represent a very niche market, likely around 5-10% of the market.  

• ECO-conscious – Middle to upper-middle-income individuals who can afford to prioritize sustainability. 
They can be found among a variety of professions but with a higher representation among educators, 
healthcare professionals, and those in the environmental sector. They are younger to middle-aged adults, 
around 25-45 years old with small predominance of females who are often more active in sustainability 
efforts. They live in urban and suburban areas with a strong focus on sustainability, often found in parts of 
North America, Europe, and Oceania. They represent the growing segment, potentially around 15-20% of 
the market. 

3.4 Simulation 

Using the data on the flow of purchase streams (Figure 1) the potential demand for jackets made of cotton, 
leather, cashmere and agave was generated. The demand was determined using a method developed by us, 
based on the Markov Chain Monte Carlo (MCMC) and the Metropolis-Hastings (M-H) algorithm in 1000 steps of 
simulation (Figure 2). Each step can be interpreted, for example, as one day. Then this figure shows the 
fluctuation of the purchase stream of each product on subsequent days. 

 

Figure 2: Probability of the flow of the purchase stream and the random distribution of this stream 

Figure 3 shows simulated random states of the purchase stream of the four products under consideration. Each 
point on the horizontal axis of Figure 2 corresponds to one point in Figure 3. The coordinates of these points 
determine the proportions between the purchase streams of the products under consideration in the individual 
market fractions. Since the figure is made in 3D, one fraction (PREST) has been omitted. Despite this, the density 
of points in this figure shows well how the system is approaching the state represented by the stationary point, 
which is the expected state (averaged from 1000 iterations). This point corresponds to the proportion of 
purchases, amounting to 36%, 18%, 21% and 24%, respectively for the Pragmatist, Extravagant, Prestige Seeker, 
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and Eco-conscious fractions. It is worth noting that there can be an infinite number of distributions (Figure 2), 
but for each of them the stationary point of the system will be the same. 

 

Figure 3: System state diagram in 1000 simulation steps 

The stationary point shown in Figure 3 abstracts from the profile of buyers making purchases in the different 
market fractions. In each fraction, purchases are made by various buyers, not just those who prefer the product 
specific to that fraction. This is why there are flows between fractions, which in our case are shown in Figure 1 
and also in the table in Figure 2. However, this does not mean that there is no buyer profile behind the stationary 
point. In our case, we identified this profile based on the purchasing criteria, their weights, and their impact on 
purchasing decisions, as presented in Section 3. 3, particularly in Table 2 and the table in Figure 4. Taking into 
account the profiles of Pragmatist, Extravagant, Prestige Seeker, and Eco-conscious buyers, the proportion 
between the purchase flows of the four considered types of products is 40%, 14%, 20%, and 26% respectively. 

 
Figure 4: Stationary pint of the jackets buyers’ market state 
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4. Discussion and Conclusions 
In the problem that is the subject of this article, the opportunity is the gap between the proportion of products 
available on the market and the proportion expected by buyers. Taking into account: (1) the global production 
volume of cotton, leather, cashmere and agave fibre in 2023, (2) the consumption of these raw materials for 
clothing production, (3) the share of jacket production in clothing production, (4) the material consumption 
standards for the production of one jacket, it is possible to estimate the number of jackets made of cotton, 
leather, cashmere and agave produced on a global scale. The share of production of these products is 95.065%, 
4.748%, 0.164%, 0.023%, respectively. The summary of the expected and available shares and thus the 
opportunity constituting the demand gap is presented in Table 3. 

Table 3: Demand gap in the jacket segment 

Fabric Expected 
demand 

Estimated 
current supply 

Gap Opportunity 

Cotton 40,00% 95,07% -55,07%   

Leather 14,00% 4,75% 9,25% Increase production 

Cashmere 20,00% 0,16% 19,84% Increase production 

Agave 26,00% 0,02% 25,98% Increase production 

In order to define the profile of buyers, we have formulated the following criteria: financial status, type of work, 
education, living conditions, gender, age, and potential population. According to these criteria, based on the 
following reports: Statista. "Apparel Market Report"; Nielsen, "Consumer Research Report"; U.S. Bureau of Labor 
Statistics, "Consumer Expenditure Survey"; Urban Institute, "Urban and Suburban Population Reports"; Verified 
Market Reports, "Formal Wear Market Size, Share and Trends"; Market Research.com, "Trusted market research 
and industry insights", Chat GPT 4.0 has developed demographic profiles of current and potential jacket buyers. 
The current supply of jackets is targeted to buyers with middle financial status who perform jobs that require 
comfortable clothing, like teachers, administrative workers, and service sectors. They live in cities and suburbs 
and have access to a wide range of clothing stores and shopping centres. These are both men and women with 
slight predominance of women, who might be more interested in clothing variety all the specified criteria. On 
the other hand, buyers with expectations consistent with the results of our simulation have a higher financial 
status and are entrepreneurs, professionals in technology, creative industries, or managers. They have higher 
education. They are residents of large cities and metropolises with access to stores offering luxury and ecological 
clothing products. These are people aged 30-45, mostly women, who are more likely to lead in eco-movements 
and sustainable fashion. This population constitutes 5-10% of buyers of jackets. Promotion should be directed 
to this group to take advantage of the opportunity of unmet demand. 

The methods and AI algorithms we employed yielded results that enable the identification of opportunities for 
producers of alternative products. This opportunity arises from the existence of unfulfilled demand for certain 
products. In our case, this applies to jackets made from leather, and especially from cashmere and agave fibres. 
For these latter two, the differences between the simulated demand and the analytically estimated supply are 
very significant. Their rational reduction requires market segmentation and identification of segments whose 
demand is not satisfied.  In our case, the basis for segmentation is the demographic profile of buyers. Comparing 
the buyer profiles for the simulated and actual proportions of purchase flows for each product allows us to 
identify the customer types whose satisfaction of needs leads to the use of a market opportunity. 

Our analysis of the global market case confirmed that the challenge of discovering opportunities arising from 
unmet demand for alternative products and shaping a product portfolio to balance this demand can be 
effectively addressed using MCMC methods, particularly the Metropolis-Hastings algorithms. This method can 
be employed even when data is limited to the probability of purchase flow between market fractions  
corresponding to these products. Such data can be obtained from sales reports or through conducting marketing 
research. This characteristic makes the method particularly useful for SMEs, which typically do not employ AI 
methods based on Big Data. This is possible because the method generates its own dataset based on the 
previously defined purchase flow matrix. A significant modification we introduced is the consideration of 
purchase decision weights, which means taking into account the buyer profile. This provides data for market 
segmentation and thus the basis for identifying segments with unmet demand, creating a market opportunity. 
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While MCMC and M-H algorithms are fully adequate for identifying opportunities with defined probabilities of 
purchase flow between market fractions, the reliability of the solutions obtained depends on the accuracy of 
the data on these flows and the weights of purchase decisions. The data in the purchase flow matrix is relatively 
easy to obtain, especially for SMEs. However, determining the weights of purchase decisions requires a multi-
criteria assessment of the factors influencing buyers. Our experience indicates that these weights are correlated 
with the purchase flow, but the mechanism of this dependency is not defined. This issue is the subject of our 
ongoing research because even small changes in weights significantly impact the simulated production portfolio. 
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