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─Abstract─ 

The current approach to demand analysis involves examining various product and 

service categories based on consumer requirements. To evaluate the significance level 

of these demand categories for the major consumer groups, an instrument that can 

objectively assess consumer preferences and requirements for these categories is 

required. This research seeks to create a tool that can be frequently updated using the 

Term Frequency-Inverse Document Frequency (TF-IDF) index. The aggregated 

consumer data was gathered from social networks, an excellent source for 

differentiating users based on their interests. Consumer properties were divided into 

three categories: those associated with the user's biology, society, and digital 

environment. The developed instrument quantifies the digital information environment 

and aggregates actual and potential consumers to determine the significance level of 

demand categories. By analyzing consumer characteristics across these three categories, 

the proposed tool can objectively and frequently assess the level of demand for various 

categories of products and services. 

Keywords: Consumer preferences; demand analysis; Natural digital information; 

automated toolkit  

1. INTRODUCTION 

Several branches of the social and behavioral sciences investigate consumption patterns. 

Researchers in economics, marketing, psychology, and merchandising use findings 

from consumer behavior studies to better comprehend the factors influencing 

purchasing decisions. In consumer decision science, controlled field and laboratory 

studies on consumer preferences to reveal actualized preferences (Roma, Reed, 

DiGennaro Reed, & Hursh, 2017) and stated preference surveys (Ho, Mulley, & 
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Hensher, 2020) are typical methods for quantifying resource/product utility. Each 

strategy for consumer research has a lengthy history, but they all diverge significantly 

from the within-subject repeated-measures methodology utilized in behavior analysis 

(Montoya, 2019). In the current digital era, the proliferation of social networking sites 

has influenced the attention and habits of consumers. All forms of social media are now 

thoroughly integrated into individuals' daily lives. Even international consumers could 

not resist social media's allure. People throughout the globe are typically connected 

through technological means. Customers are attracted to these practices due to their 

similarities with the target market, such as language, ethnicity, sex, religion, and/or 

nationality. 

Assessing the degree of importance of certain groups of products to potential consumers 

is a traditional and relatively well-developed component of the existing marketing 

framework (Dabbous & Barakat, 2020). Nonetheless, several fundamental limitations 

of this strategy should be noted. Traditional marketing tools for assessing the degree of 

importance of certain groups of products or services to the potential consumer may be 

biased (Chunaev, Nuzhdenko, & Bochenina, 2019; Ullah, Khan, Rahman, & Ullah, 

2021) and are labor- and capital-intensive due to the requirement for consumer 

communication, which necessitates substantial human resources. To improve the 

representativeness of the evaluation results, it is necessary to compile a large amount of 

analytical data, which will undoubtedly increase the study's duration and expense 

(Ahmad, Turi, Al-Dala'ie, & Manan, 2022; Arias, Hashemi, Andersen, Træholt, & 

Romero, 2019).  

In addition to the increased labor intensity, the inability to replicate the research process 

is determined by the requirement to create a novel study design to apply conventional 

marketing techniques to such activities. To determine a prospective customer's interest 

in different product or service categories, traditional marketing methods require 

respondents to comprehend the various needs that must be satisfied. This is essential, 

as the relative importance of various product and service categories constantly shifts in 

response to consumer demand, necessitating the periodic revision of assessment results 

(Sabbar, Kara, Said, Ahmed, & Asad, 2023). Before immediately implementing the 

capability to meet the corresponding requirements, it is necessary to develop the point 

of attraction of the demanding carrier in the case of evaluation to determine the need to 

discover a potential customer and develop practical methods for gathering information. 

Thus, the constraints mentioned above are significantly exacerbated. The restriction can 

be circumvented by assembling a functional set of communication resources. The 

assessment procedure requires more time and resources than usual due to the necessity 

of developing the required toolbox (Winstone, Mathlin, & Nash, 2019). 

In addition, the significant diversity of consumers makes it impossible to employ a 

universal evaluation framework. As it requires communication between the respondent 

and the researcher, this limitation is systematically impossible with traditional 
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marketing tools. Nonetheless, the emergence of social media has created new marketing 

opportunities (Kryvytska , Kovalenko, & Kovalchuk, 2021). In conclusion, it is 

important to observe the incorporation of the assessment subject into the respondent's 

needs reflection. The purpose of the present study is to develop a comparative toolkit 

by determining the need for a comparative base on the differentiation of consumers and 

groups of requirements. 

2. LITERATURE REVIEW 

2.1 Consumer Buying Behavior 

According to Palalic, Ramadani, Mariam Gilani, Gërguri-Rashiti, and Dana (2021), 

"consumer buying behavior" refers to people's mental, emotional, and physical 

behaviors when selecting, purchasing, utilizing, and discarding products and services to 

satiate their needs and desires. It comprises purchasing and other consumption-related 

activities by parties involved in an exchange transaction. Economic factors such as the 

pattern of income and expenditure, the price of items, the price of complementary 

products, substitute goods, and elasticity of demand all impact consumer purchasing 

behavior (Qazzafi, 2019). According to Gu, Ślusarczyk, Hajizada, Kovalyova, and 

Sakhbieva (2021), psychological factors such as perception, attitudes, and learning 

influence it. Consumer behavior is influenced by several social and cultural factors, 

which affect an individual's decision to purchase a product and determine the type of 

product to buy (McClure & Seock, 2020).  

2.2 Consumer Preferences 

There is also a growing body of research on consumers' preferences for various product 

types (e.g., Dandage, Badia-Melis, and Ruiz-García (2017); Jin, Zhang, and Xu (2017); 

Liu, Li, Steele, and Fang (2018)). According to a number of studies, the amount of 

product information provided to customers significantly influences their preferences, 

and customers are willing to pay more for products that provide this level of 

information. On the other hand, the overwhelming majority of these studies merely 

consider product information as one of the features; in other words, they tend to ignore 

the heterogeneity of product information, which is of great interest to customers. In 

addition, to the best of our knowledge, there has not been a large-scale study of 

consumers' preferences for various categories of product information. Consumers use 

the country of origin to infer product quality based on past purchasing experiences 

(Claret et al., 2012; Eng, Ozdemir, & Michelson, 2016). 

2.3 Consumer Preferences Evaluation 

Thus, the task at hand is to develop tools that permit an objective assessment of the level 

of demand for specific categories of products and services without direct 

communication and affecting both actual and potential consumers, with a high update 

frequency. The solution to this issue is quantifying the digital information environment 
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(Campos-Castillo & Laestadius, 2020) by aggregating actual and potential consumers 

(Sarstedt et al., 2022; Ziyadin, Doszhan, Borodin, Omarova, & Ilyas, 2019). Social 

media is the primary aggregator of consumers in the digital environment, differentiating 

them within the categories of interest. When communicating and forming relationships 

within a social network, a person develops a set of personalized properties accessible to 

the constituents of the external environment, which is quantifiable (Mittal, Bhandari, & 

Chand, 2022). These characteristics can be subdivided conditionally into various 

categories. 

First, the characteristics of the user as a subject of the biosphere are properties that 

characterize a person from a physical perspective, such as gender, age, build, and eye 

color. Depending on the social network, the sources of this information can include 

direct questionnaires/user profiles, photographic data (which can be analyzed using 

machine learning tools), or text analysis (Boursier, Gioia, & Griffiths, 2020; Rodionov, 

Gracheva, Konnikov, Konnikova, & Kryzhko, 2022). This information is 

unquestionably not essential for determining the importance of certain product or 

service categories to a prospective consumer. However, it allows for the categorization 

of consumers and, thus, the identification of the characteristics of the intended 

consumer. 

The properties that characterize the user in the context of interaction (communication) 

are the characteristics of the user as an object of communication. Other described 

properties related to the user's communication objects and metaproperties of the 

communication environment (number of communication objects, frequency of their 

development, interaction type, etc.) may also be included (Ali, Ullah, Ahmad, Cheok, 

& Alenezi, 2023; Rodionov, Zaytsev, Konnikov, Dmitriev, & Dubolazova, 2021). The 

analysis of these properties is predicated primarily on the fundamental principle of the 

existence of social media: the possibility of establishing a digital communication circle. 

Practically every social network offers the opportunity to analyze these properties, but 

it is important to consider that social networks are often specialized. The objective of 

the communication process is determined by specialization. Chunaev et al. (2019) 

demonstrated that detecting communities not explicitly defined by social media is also 

possible.  

Lastly, the characteristics of the user as a subject of consumption and creation are 

properties that characterize the user's primary interests, making them crucial to the 

scope of this study. The specificity of the presentation of these properties is also 

multifaceted, dependent on the architecture of the social media, and typically presented 

in three ways: static presentation (information blocks in the user's 

questionnaire/profile), dynamic presentation (possibility of forming a multi-format 

information flow describing the user's interests), and integration presentation 

(possibility of developing content-thematic hubs). Almost every social network 

provides access to all three formats. The static and dynamic ones, however, assume that 
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the user has a realizable desire for a directed presentation of his interests in the external 

digital space, which is not given (Ahmad, Beddu, Itam, & Alanimi, 2019; Ketelsen, 

Janssen, & Hamm, 2020).  

The viability of using social media as a source of quantifiable information about a 

prospective consumer's interests is determined by the possibility of forming content-

thematic hubs. In addition, socio-thematic centers allow for the topographical 

delimitation of user groups and more accurate identification of potential consumers. 

This aspect has been the main research focus over the past decade, as evidenced by 

Capatina et al. (2020) and Zarrinkalam, Faralli, Piao, and Bagheri (2020) articles. 

Consequently, it is advisable to use information aggregated and systematized within the 

framework of social networks to determine the level of importance of certain groups of 

products or services to a potential consumer.  

Moreover, this information can be separated into two primary streams. First, the flow 

that describes the potential consumers' interests. This flow is determined by the content-

thematic nodes involved with the potential consumer. Second, the flow that describes 

the studied groups of goods or services is defined by content-thematic nodes devoted to 

the specific interests and requirements that each group of goods or services satisfies. 

Researchers have already developed methods for evaluating and forecasting demand 

(Xiong, Yuan, Zeng, & Zhou, 2022). However, this research aims to create a scalable 

method for frequent and largely automated assessments of the current demand for 

products and services requiring minimal skill and resources. 

3. METHODOLOGY 

The to-be-studied information channels are necessarily represented in their natural form 

and may include textual, photographic, and other types of information. Therefore, 

instruments are required to process and analyze natural information for quantitative 

purposes. The type of natural information primarily determines the distinctiveness of 

these instruments. For the development of practical analytical tools within the scope of 

this study, it is reasonable to limit natural information to its textual form. This limitation 

is predominantly due to this type of information's universal and pervasive nature. In 

addition, it should be noted that the tools required for the quantification and subsequent 

processing of photographic data are significantly more energy-intensive and require 

machine learning tools. 

In contrast, natural textual information can be processed with analytical geometry's 

relatively less energy-intensive instruments. This is because textual information 

incorporates extremely natural information, such as an image, in part. Within the 

quantification framework, the above-described textual flows of natural information can 

be represented as vectors, where each coordinate represents a specific token (keyword), 

and its value indicates the token's importance within the flow. This significance can be 
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determined by occurrence frequency, but it increases the significance of low-content 

characters such as conjunctions, prepositions, and pronouns.  

The Term Frequency-Inverse Document Frequency (TF-IDF) index can compensate for 

this effect by altering the frequency of occurrence according to the degree of uniqueness 

of the tokens. According to this index, the significance of a token is proportional to its 

frequency in a particular information stream and inversely proportional to its frequency 

in all analyzed information streams in Equation 1. 

𝑇𝐹 − 𝐼𝐷𝐹 =
𝑛𝑡

∑ 𝑛𝑘𝑘
∗ log

|𝐷|

|{𝑑𝑖 ∈ 𝐷|𝑡 ∈ 𝑑𝑖}|
 (1) 

where: 

• 𝑛𝑡 is the frequency of occurrence of token t in a given stream; 

• ∑ 𝑛𝑘𝑘  is the total number of tokens in a given stream; 

• |𝐷| is the number of information streams; 

• |{𝑑𝑖 ∈ 𝐷|𝑡 ∈ 𝑑𝑖}| is the number of streams in which token t occurs. 

Using a vector where each coordinate is a token evaluated by the TF-IDF index, any 

textual information flow describing a single thematic component can be quantified 

universally. Evaluation of the degree of similarity between the quantitative flow 

describing the interests of potential consumers and the quantitative flow describing the 

studied groups of products or services will constitute the analytical core of the 

developed toolkit. Cosine similarity (a measure of similarity between two vectors of 

pre-Hilbert space that measures the cosine of the angle between them) can be used to 

evaluate this similarity: 

similarity(𝐴𝑖𝐵𝑖) =
∑ 𝐴𝑖𝐵𝑖

𝑛
𝑖=1

√∑ 𝐴𝑖
2𝑛

𝑖=1 √∑ 𝐵𝑖
2𝑛

𝑖=1

 
(2) 

where: 

• 𝐴 is a vector quantifying the flow of information describing the interests of 

potential consumers; 

• 𝐵 is a vector quantifying the flow of information describing the groups of goods 

or services under consideration. 

This measure is chosen because it considers only non-zero dimensions, which is 

particularly effective for unloaded vectors, which are always textual information 

quantifiers. This value ranges from 0 to 1, as the TF-IDF index cannot be negative. 
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It is necessary to consider the peculiarities of this indicator's dispersion. Because the 

text description implies a substantial amount of technical and low-content vocabulary, 

many elements will be extremely similar when forming a multidimensional vector (from 

1000 to 5000 coordinates), resulting in a low variance of possible cosine similarity 

values. Given that, this indicator is relative and subject to comparison within need 

categories and consumer groups, increasing the range of potential values is prudent. 

Logit transformation can be utilized to implement this mathematical procedure. This 

mathematical procedure entails the transformation from a linear function, which 

describes the derived cosine similarity parameters, to a sigmoid function: 

𝑙𝑜𝑔𝑖𝑡(−similarity(𝐴𝑖𝐵𝑖)) =
1

1 + 𝑒
−12∗

similarity(𝐴𝑖𝐵𝑖)−similarity 𝑚𝑖𝑛
similarity𝑚𝑎𝑥−similarity𝑚𝑖𝑛

+6
 (3) 

where: 

• similarity(𝐴𝑖𝐵𝑖) is the cosine similarity of vectors A and B; 

• similarity 𝑚𝑖𝑛 is the minimum value of the cosine similarity measure in the 

entire array of information flow vector comparisons; 

• similarity𝑚𝑎𝑥 maximum is the maximum value of the cosine similarity measure 

in the entire array of information flow vector comparisons. 

The logit transformation enables us to visually compare the vector vectors of 

information flows and determine whether certain categories of consumer requirements 

are more or less significant. It is also feasible to differentiate the comparison threshold 

value. Utilizing a set of statistically universal measures, such as the arithmetic mean 

and root mean square deviation (RMSD), can enhance the analytical significance of the 

conclusions. Consequently, it is possible to establish three fundamental levels of the 

need's significance and binarize based on the rule of the first sigma: 

1. Extreme demand - determined by exceeding the logit-transformed value of the 

cosine similarity of the sum of the mean and RMSD: 

𝑙𝑜𝑔𝑖𝑡(similarity) >
∑ 𝑙𝑜𝑔𝑖𝑡(similarity)𝑛

𝑖=1

𝑛
+ √∑ (similarity𝑖 − similarity̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)

2𝑛
𝑖=1

𝑛
 (4.1) 

2. Standard demand - lies in the range between the mean value and the sum of the 

mean value and RMSD: 

∑ 𝑙𝑜𝑔𝑖𝑡(similarity)𝑛
𝑖=1

𝑛
+ √∑ (similarity𝑖 − similarity̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)

2𝑛
𝑖=1

𝑛
> 𝑙𝑜𝑔𝑖𝑡(similarity)

>
∑ 𝑙𝑜𝑔𝑖𝑡(similarity)𝑛

𝑖=1

𝑛
 

(4.2) 
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3. Baseline demand - lies in the range between the mean value and the difference 

between the mean value and the RMS: 

∑ 𝑙𝑜𝑔𝑖𝑡(similarity)𝑛
𝑖=1

𝑛
> 𝑙𝑜𝑔𝑖𝑡(similarity)

>
∑ 𝑙𝑜𝑔𝑖𝑡(similarity)𝑛

𝑖=1

𝑛
− √∑ (similarity𝑖 − similarity̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)

2𝑛
𝑖=1

𝑛
 

(4.3) 

Thus, according to the results of quantification, indicators are formed, the sum of which 

allows to assess the importance of the need on a four-level scale, where: 

• 0 is the complete absence of demand for the product or service in the analyzed 

consumer group; 

• 1 is minimal demand for the corresponding product or service in the analyzed 

consumer group; 

• 2 is the average demand for the corresponding product or service in the analyzed 

consumer group; 

• 3 is extraordinary demand for the related product or service in the analyzed 

consumer group. 

As mentioned above, the proposed toolkit is comparative, which determines the need to 

form a comparative base on the differentiation of consumers and groups of needs. The 

multi-level nature of the developed toolkit requires its algorithmic character and 

automation. 

4. RESULTS AND DISCUSSION 

The proposed toolkit for comparative assessment of the significance of need categories 

for consumer groups is based on natural digital information describing consumers and 

need categories. Thus, the first step in applying the developed toolkit is to seek and 

systematize natural digital information sources. It was decided to analyze the 

information environment of the Russian Federation to conduct this study. This is 

primarily attributable to the availability of automated information aggregation in social 

media and the widespread use of the Internet. The VK social network is the most 

effective information aggregator within the Russian Federation's information 

ecosystem. In this instance, the relevant communities (groups) are the content and 

thematic concentrations of consumer information and information on categories of 

requirements. These organizations can be separated into distinct categories. 

First is consumer information concentration. Note that these nodes do not contain 

information describing explicitly targeted consumers. However, they include unique 

identifiers of consumers (domains and IDs) that enable references to the consumers' 

pages, which have the necessary descriptive natural information. Additionally, it should 
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be noted that these centers can be divided into two fundamental subgroups. i) 

Information aggregators regarding current consumers. For this function, it is 

recommended to utilize communities specifically devoted to the subject of analysis. ii) 

Information aggregators for prospective consumers. According to the territorial 

characteristics of the subject of analysis, these centers can be defined. For instance, if 

we are discussing an offline retail facility, it is recommended to use it as the hub of 

information about potential consumers' communities of nearby residential complexes, 

nearby competitors and social facilities (schools, kindergartens, etc.), nearby business 

centers and/or other enterprises (factories, plants, etc.), and, if it is necessary to achieve 

the maximum analytical coverage - communities of districts of the settlement or 

communities of other mu 

Second, information aggregators for requirements. First, these concentrators should be 

differentiated based on the requirements category. The specificity of the definition of 

effective information concentrators is considerably less formal than that of consumer 

information concentrators and is primarily determined by the requirements category. 

For example, for goods about the beauty industry, the concentrators can be communities 

devoted to the corresponding product brands, communities of interest, concentrating 

both specialists in the field and people interested in it, and communities of beauty 

salons, hairdressing salons, and other categories of businesses offering related services. 

For the categories of entertainment industry services, however, the hubs may be 

communities devoted to the respective forms of entertainment and centers for providing 

these services. Consequently, selecting suitable nodes is not technical and necessitates 

a multi-level approach, requiring multiple approvals. 

Aggregating concentrator categories does not necessitate automation, but the ultimate 

form of aggregation can be universalized. The corresponding natural digital information 

aggregation stage follows the complete form for fundamental information aggregation. 

The consumer information aggregation and needs information aggregation processes 

can be implemented concurrently for optimization. Consider first the process of 

consumer information aggregation. This procedure can be divided into two sub-

procedures. 

First, the VK API and the aggregation of current and potential user IDs enable the 

transmission of queries to a community based solely on its ID. To accomplish the 

objectives of the proposed toolkit, however, only users who have publicly disclosed 

their birth year (for age determination) and gender on their page are of analytical 

interest. Therefore, the initially extracted array must be filtered, and only the identifiers 

of individuals granted access to this information must be stored. The array of generated 

user IDs is then sorted according to the specified categories. "Teens (under 18)", 

"Young (18-25) women", "Young (18-25) men", "Adults (26-45) women", "Adults (26-

45) men", "Mature (46+) women", and "Mature (46+) men" were identified as user 

categories for this study. 
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Second, the aggregation of natural digital information characterizes the set of current 

and potential consumer interests. Categorically distributed arrays of identifiers, which 

result from the previous stage's implementation, permit targeted access to the 

information aggregated on user pages. As previously mentioned, it is advisable to use 

the description of content-thematic centers whose members are users as information 

describing their interests. For this purpose, the VK API contains a method that enables 

the extraction of all available community information. This stage consists solely of 

technical tasks, allowing it to be automated. Based on the results of this stage, 

consolidated data frames describing the set of current and prospective consumer 

interests for each of the audiences identified in the first stage are created. 

Third, the aggregation of the descriptions of need categories. This stage is implemented 

concurrently with the preceding stages, and the resulting form is similar. Similar to the 

array described in the preceding section, this text array is aggregated. The tools used in 

this procedure are identical to those used in stage 2. Additionally, the VK API method 

contains a method for extracting the information flow of the content theme concentrator 

at once. As a consequence of the first three stages, a single consolidated data frame is 

created, the structure of which is differentiated by consumer categories and types, as 

well as the description of consumer need categories; 

Standardization of aggregated text arrays is the fourth objective. According to the 

results of constructing an aggregated data frame, the analyst has a substantial quantity 

of quantifiable natural digital data. Fifth is the vectorization of standardized text arrays. 

The principles of analytic geometry define the quantification procedure described 

previously and imply the vector representation of standard text arrays. The vector 

coordinates correspond to the TF-IDF index values for the selected array of tokens. In 

this instance, comparing interests necessitates comparing relatively heterogeneous text 

arrays and forming a large collection of standard tickets serving as vector coordinates. 

Sixth is the constructed vectors' cosine kernel (cosine similarity) is determined. The set 

of vectors obtained in the preceding step, describing both categories of requirements 

and the set of interests of target consumer groups, is subjected to a quantitative 

comparison for comparative similarity, for which the metric of kernel cosines or cosine 

similarity can be used. Notably, the TF-IDF index determines the coordinates of the 

derived vectors, which depend on the total size of the "bag of words" and the total 

number of texts analyzed. The resulting vectors must be normalized because these 

parameters differ considerably between the arrays describing the categories of needs 

and those describing the categories of consumer interests. A standard algorithm can be 

used for this purpose, which entails subtracting the array's minimum value from each 

coordinate and dividing the result by the array's range (the difference between its 

maximum and minimum values); 
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Seventh, logit transformation of cosine similarity matrices of consumer need 

categories and interest vectors. The cosine similarity matrices obtained in the 

preceding step permit us to compare the level of interest of consumer groups in the 

target requirements categories. However, the proposed method of quantifying 

natural numerical information tends to center the values of the comparison 

parameter, preventing obvious differentiation between the objects being compared. 

The logit transformation, which involves transitioning from a linear to a sigmoid 

function, can mitigate this issue. 

Last, binarization of logit-transformed cosine similarity matrices of vectors of 

requirements categories and vectors of consumer groups' interests. This is the final stage 

of the devised algorithm and involves dividing the obtained logit-transformed cosine 

similarity matrices by the significance threshold. In this instance, the significance 

threshold is exclusively determined statistically. It entails the designation of three 

levels: extreme (above the upper limit of the first sigma), average, and fundamental 

(above the lower limit of the first sigma). Due to the logit transformation performed at 

the previous stage, which increased the variance of the array of resulting values, this 

statistical method is applicable. 

According to the implementation results of the proposed algorithm, the researcher has 

at least six matrices categorized by consumer types (actual and prospective) and demand 

levels (extraordinary, average, and minimal). The matrices obtained permit the 

formation of a multidimensional set of comparative inferences. 

One of the neighborhood retail centers in the Vyborg district of St. Petersburg, Russia, 

served as the test subject. Communities of the shopping center in the VK social network 

were used to aggregate the actual audience. In contrast, communities of residential areas 

in the Vyborg district were used to aggregate the prospective audience. As the categories 

of demand, the following products and services offered in the analyzed shopping center 

were selected: i) supermarket, ii) clothing and shoes, and iii) leather and accessories. iv) 

domestic goods, v) home appliances, vi) cosmetics, health, and beautification aids, vii) 

infant goods, viii) sports and recreation goods, ix) jewelry, x) HoReCa (catering 

services), xi) Impulse Services, xii) adult entertainment, xiii) children's amusement, xiv) 

sports and fitness, xv) beauty services, and xvi) others. 

According to the analysis, we obtained a system of matrices, each of which has 

analytical value, but the data matrix of audience distribution is the most 

analytically robust. This matrix comprises the sum of matrices indicating both 

actual and potential audiences' demand significance levels (extreme, standard, and 

basic). The value of the resulting indicator is determined on a scale from 0 to 6 

points, where 0 represents the category of needs with the least importance, and 6 

represents the category of needs with the most importance. The survey results are 

displayed in Table 1. 
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Table 1. Data Matrix of Shopping Center Audience Distribution 

Categories 
Teens 

(Under 18) 

Young 

women 

(18-25) 

Young 

men 

(18-25) 

Adult 

women 

(26-45) 

Adult 

men 

(26-45) 

Mature 

women 

(46+) 

Mature 

men 

(46+) 

Supermarket 3 4 4 4 2 2 3 

Clothing and shoes 4 4 5 6 4 3 3 

Leather and 

accessories 
3 4 4 4 2 2 3 

Housewares 6 6 6 6 6 5 6 

Household appliances 6 6 6 6 6 6 6 

Cosmetics, health & 

beauty products 
1 0 2 2 0 1 1 

Baby products 4 4 5 6 3 3 3 

Sports and recreation 

products 
3 2 4 4 2 2 2 

Jewelry 1 0 1 2 0 1 0 

Other 6 4 6 6 4 5 4 

HoReCa (catering 

services) 
0 0 0 0 0 0 0 

Impulse Services 4 2 4 4 2 3 3 

Entertainment for 

adults 
6 5 6 6 5 5 5 

Entertainment for 

children 
2 0 1 2 0 1 1 

Sports and Fitness 4 3 4 5 3 3 3 

Beauty services 0 0 0 0 0 0 0 

As seen in the matrix, all possible variations of the final indicator are presented. The 

least contentious regarding their significance are: i) household products (score 

approaches six). This may be primarily attributable to the area's relatively dense 

population growth. High construction rates determine the demand for household 

products. ii) Household appliances (6 points). The primary factors for this are the same 

as those for the demand for household goods. iii) Entertainment for adults (score 

exceeds 5). This indicates the public's social activity, which may result from their 

capacity to pay. iv) HoReCa (0 points). This demonstrates the constraints of the 

proposed toolkit. This category of requirements is not representative of society due to 

its inherent specificity. Therefore, it is necessary to establish interest types that 

indirectly indicate this need or omit them from the proposed methodology. v) Charm 

(score of 0). This category's conclusions are identical to those regarding the HoReCa 

category. vi) Cosmetics, cosmetics, and health products (average score of 1, maximum 

score of 2). In this instance, both flawed methodology and gender specificity are 
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applicable. vii) Jewelry (the average score is one, with a maximum score of two). This 

category's conclusions are identical to those for "Cosmetics, health, and beauty 

products." viii) Entertainment for minors (the average score is one, with a maximum of 

two). This fact suggests that either consumer do not have children (which may also be 

related to the density of development in the area) or the methodology in this instance 

needs improvement. 

5. CONCLUSION AND RECOMMENDATIONS 

Based on the quantification of natural digital information, we proposed in this study an 

automated tool for assessing the degree of importance of certain groups of products or 

services to the potential consumer. The proposed mechanism is useful primarily because 

of its relative objectivity and minimal labor intensity. However, it is necessary to 

consider its adaptation to distinct demand categories and the potential distortions of 

consumer information in social media. Consequently, it is most efficient to use this tool 

in conjunction with conventional marketing research tools and within the context of 

continuously analyzing shifting consumer preferences. Utilize sophisticated data 

analytics techniques to extract insightful information from social network data. This can 

provide a greater comprehension of consumer preferences and requirements, thereby 

improving the precision of demand assessments. Integrate user-feedback mechanisms 

into the tool to continuously enhance performance and meet changing consumer needs. 

This feedback cycle guarantees the tool's continued relevance and responsiveness to 

shifting consumer behaviors. 

6. LIMITATIONS AND FUTURE STUDIES  

Recognize the limitations of exclusively relying on social network data, as it may not 

accurately represent the entire consumer population. Consider augmenting the data with 

additional sources for a more thorough analysis. Consider potential biases in social 

network data, such as user demographics and preferences, which can affect the 

evaluation outcome. Ensure precise compliance with privacy regulations to safeguard 

user information. Conduct longitudinal studies to validate the precision and efficacy of 

the devised instrument over an extended period. This will provide invaluable insight 

into its predictability and dependability. Encourage sociology, marketing, and computer 

science researchers to collaborate to enhance the tool's multidimensional analysis and 

address complex consumer dynamics. Investigate real-time consumer preferences and 

requirements monitoring so businesses and policymakers can make timely decisions. 

Utilize dynamic data streams and emerging technologies to gather consumer insights. 

Create an instrument that is scalable and adaptable across industries and regions. This 

will enable widespread applicability and market-specific customization. By 

implementing these recommendations, addressing these limitations, and investigating 

future research avenues, the developed tool can contribute to a more accurate and up-

to-date consumer demand assessment, which will benefit various market stakeholders. 
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