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Abstract: This article examines consumer behaviour’s impact on marketing
campaigns' effectiveness using a recommender system and statistical analysis
methods. Understanding consumer behaviour is essential in today's fiercely
competitive and constantly evolving market. Our study aims to highlight the
significant impact of consumer behaviour on marketing data through the
innovative application of recommender systems supported by state-of-the-art
machine learning and data analysis techniques. This approach addresses the
formidable challenges of accurately predicting consumer behaviour. We
provide a detailed introduction to recommendation systems, emphasizing their
vital role in the modern marketing landscape. We then outline our theories,
laying the groundwork for a deeper understanding of the relationship between
marketing data and consumer behaviour. Additionally, we present a rigorous
data analysis process that begins with data cleaning and progresses through
univariate and bivariate analysis, culminating in advanced techniques such as
the Apriori algorithm to discover association rules and thoroughly explore this
symbiotic relationship. Our findings demonstrate the applicability and
effectiveness of our methodology for interpreting the complex interplay
between consumer behaviour and marketing data. Our conclusions highlight
essential trends and offer practical recommendations for enhancing marketing
strategies significantly. By elucidating the dynamic relationships between
consumer behaviour and marketing outcomes, our study contributes to a more
sophisticated understanding of consumer dynamics in the contemporary
business environment. Furthermore, this paper underscores the importance of
understanding consumer behaviour and the benefits of employing innovative
data analysis methods. By decoding consumption trends, businesses can
optimize their marketing strategies and improve customer satisfaction,
strengthening their competitive edge in a constantly shifting market. Finally,
incorporating recommender systems with artificial intelligence and machine
learning tools for collaborative filtering can further refine these strategies,
substantially boosting marketing efficacy.
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1. Introduction. Companies must deeply understand their customers in today's fiercely competitive and
rapidly evolving business landscape. With the advent of globalization, market positions have become
increasingly unstable, and businesses must strive to stay ahead of their rivals. In this context, comprehending
consumer behaviour becomes paramount. Customers' behaviours, attitudes, and expectations are shaped by a
complex interplay between their characteristics, the products or services offered by businesses, and the
specific situations in which they find themselves. To effectively navigate this intricate landscape, companies
must consider their marketing strategies, product offerings, promotional activities, and the environmental,
cultural, and technological contexts in which they operate. Behavioural analysis allows them to know
precisely how their consumers interact with their product. This knowledge helps to develop, adapt, and shape
their services to meet their consumers' expectations. Accordingly, several previous studies have focused on
this topic (Arndt, 1986; Battalio et al., 1974; Solomon et al., 2013).

Although various methods and studies exist to analyse consumer behaviour, accurately predicting specific
consumer actions remains an ongoing challenge. The elusive nature of consumer behaviour necessitates
innovative approaches to gain deeper insights into the driving forces behind consumer decision-making. In
this study, we aim to address this challenge by investigating the impact of comportment behaviour on
marketing data collected through a cutting-edge recommender system based on machine learning and data
analysis. By leveraging fundamental concepts, disciplined areas, and theoretical foundations, we seek to
enhance our understanding of consumption acts and illuminate the underlying factors influencing customer
choices. Our research question is as follows: How can recommender systems and statistical analysis
techniques be used to analyse consumer behaviour and improve marketing campaign effectiveness?

To provide a comprehensive exploration of this topic, the subsequent sections of this paper will outline the
introduction in Section 1. Section 2 will present this background, encompassing the evolution of
recommendation systems and highlighting their significance in unravelling consumer preferences and
behaviours. Examining the historical development of recommendation systems can contextualize this study's
current advancements and methodologies. Then, in section 3, we explain our approach by presenting the
hypotheses formulated to elucidate the relationship between consumer behaviour and the data collected
through our recommender system. These hypotheses serve as guiding principles for our research methodology
and analysis. By establishing explicit assumptions, we systematically investigate the impact of consumer
behaviour on marketing data and generate meaningful insights.

Additionally, this section outlines our proposed analytical approach. Section 4 presents the results and
discussion during the analysis of the collected data, focusing on integrating machine learning techniques and
data analysis. This approach will allow us to discover hidden patterns, correlations, and dependencies in the
data to comprehensively understand consumer behaviour and preferences. We use advanced data analysis
methods to generate actionable insights to support a company's marketing strategy and decision-making
process. Finally, in Section V, we present conclusions and perspectives. By analysing the data in detail and
applying our recommended methods, we interpret the results and illuminate the impact of customer behaviour
on marketing data. By presenting these results, we aim to contribute to the existing body of knowledge about
consumer behaviour and provide valuable insights for companies seeking to refine their marketing strategies,
improve customer satisfaction, and drive growth.

In addition, this study recognizes companies' legitimate interest in understanding their customers,
particularly in the context of a fiercely competitive and rapidly changing business environment (Handri &
Idrissi, 2020a; Handri & Idrissi, 2020b). By utilizing a novel recommender system based on machine learning
and data analysis, we seek to overcome the challenges associated with accurately predicting consumer
behaviour. Through our comprehensive analysis, we aim to deepen the understanding of the impact of
consumer behaviour on marketing data and provide practical recommendations for businesses to optimize
their marketing efforts. By tailoring their strategies and offerings to align with consumer preferences,
companies can enhance their competitive position and foster long-term success in the market.

2. Literature Review. To accurately present the state of the art in this field, we will conduct a
comprehensive literature review on recommendation systems related to personal behaviour; we would like to
stress the principal era of research associated with this project that needs to be to enable the most
understanding of our approach:

2.1. Personal behaviour and its principal importance in marketing

Personal behaviour refers to the patterns of actions and decisions an individual makes in response to
various stimuli, such as products, advertisements, or marketing strategies. Understanding personal behaviour
is paramount in marketing, as it enables businesses to tailor their products and services to meet their target
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customers' specific needs and preferences. By analysing consumer behaviour, companies can develop
effective marketing strategies and make informed decisions about product development, pricing, and
promotion.

According to Tamuliene & Pilipavicius (2017), understanding customer preferences is crucial for selecting
services such as insurance. This highlights how tailored strategies can significantly impact customer
satisfaction and business success in specific markets such as Lithuania. Similarly, Zaki & Shared (2023)
emphasize the importance of sustainable marketing in the MENA region, demonstrating that consumer
purchasing intentions are significantly influenced by tailored marketing strategies that address sustainability
concerns.

Various methods, such as surveys, focus groups, and data analysis, can be used to study personal behaviour.
These methods provide valuable insights into customers' motivations and desires, helping businesses better
understand what drives their purchasing decisions. Therefore, we observe a dynamic interaction between
customer choices and marketing strategies. If marketing strategies influence consumer choices, analysing
these choices to understand their motivations allows marketing strategies to be refined and improved.

2.2. Useful statistical methods for personal behaviour and knowledge extraction

Several statistical methods can be used to analyse personal behaviour and extract knowledge from
consumer data (Ogiemwonyi & Jan 2023). One such method is regression analysis, which can identify
relationships between variables and predict future behaviour based on historical data. Cluster analysis is
another proper method that can be used to group consumers based on shared characteristics or behaviour
patterns (ldrissi et al., 2016; Hadri & Idrissi, 2022; Tran & Huh, 2023). Data mining techniques, such as
association rules and decision trees, can also extract knowledge from consumer data and identify trends and
patterns. Additionally, machine learning algorithms, such as neural networks and support vector machines,
can predict and classify consumers based on their behaviour. These statistical methods can provide valuable
insights into personal behaviour and help businesses make informed decisions about marketing strategies and
product development. Statistics can be considered depending on the objective. In general, statistical methods,
called exploratory statistics, are used to explore data. Or to predict behaviour, called predictive or delusional
statistics or inferential statistics). Our study will focus on experimental statistics based on descriptive and
graphical techniques (Hegland, 2007; Idrissi et al., 2016; Tran & Huh, 2023). It is generally described by
descriptive statistics, which include simple one- or two-dimensional exploratory methods (mean, moments,
quantifies, variance, correlation, etc.). Currently, data analysis methods are used in many challenging fields
(Al-Maolegi & Arkok, 2014). Currently, these methods are commonly used in marketing, for example, for
managing customers based on their behaviour and characteristics to propose new targeted offers. They also
analyse surveys by interpreting polls where extensive data analysis must be considered.

2.3. Recommender Systems and Comportment Behaviour

Recommender systems are machine learning algorithms used in e-commerce and other domains to suggest
items or products in which a user might be interested. These systems use various techniques, such as
colorimetric filtering, content-based filtering, and hybrid approaches, to generate personalized user
recommendations. The impact of comportment behaviour on recommender systems has become an
increasingly important area of research in recent years (Ben Ticha, 2015; El Handri & Idrissi, 2019; El Handri
& Idrissi, 2022; El Handri et al., 2023a,b). Comportment behaviour refers to users’ actions, attitudes, and
beliefs as they interact with a system. By analysing the behaviour of users, recommender systems can generate
more accurate and relevant recommendations. One approach to incorporating comportment behaviour into
recommender systems is to use contextual information, such as the time of day or location, to better understand
the user's needs and preferences (Aaker & Moorman, 2023). For example, a recommender system might
suggest different products based on whether a user is shopping for groceries during the day or browsing for
entertainment products at night. Another approach is to incorporate social information into the recommender
system. By analysing social networks and user profiles, recommender systems can generate recommendations
based on the behaviour and preferences of the user’s social network. This approach is known as social filtering
and has been used in various applications, such as movie and music recommendations. (Trinquecoste, 1999)

3. Methodology and research methods. The proposed approach builds upon the background of data
analysis and recommendation systems, utilizing Al techniques to enhance the process. Data analysis has long
been recognized as crucial for understanding patterns, trends, and relationships within datasets. Leveraging
statistical techniques and exploratory analysis can extract valuable insights from raw data.

In the context of recommendation systems, the objective is to provide personalized and relevant
suggestions to users based on their preferences and behaviours. Traditional approaches have relied on
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collaborative filtering or content-based filtering techniques. However, with advancements in Al, there is an
opportunity to leverage more sophisticated algorithms and methods for knowledge extraction and
recommendation generation.

Our approach begins by emphasizing the importance of data cleaning and preparation. By ensuring the
quality and reliability of the data, we laid a strong foundation for subsequent analysis. Rigorous data cleaning
and preparation are crucial for eliminating inaccuracies and inconsistencies. Following the data preparation,
univariate and bivariate analysis techniques allowed us to explore the dataset's characteristics and unveil
relationships between variables. This step provides a comprehensive understanding of the data, revealing
patterns and correlations essential for the subsequent analysis stage.

Next, we leverage the power of the Apriori algorithm to extract knowledge and associations from
transactional data. By identifying frequent item sets and generating association rules, we uncover meaningful
connections among items, enabling us to make informed recommendations.

* C(Clean Data *  Exploratory Analysis

*Ensure data quality by *Gain insights into the
removing inconsistencies, dataset through

handling missing values, univariate and bivariate
and addressing data analysis, examining
quality issues variable distributions and

relationships.

Knowledge Extraction with Apriori

*Use the Apriori algorithm to extract meaningful
associations and frequent itemsets from transactional
data.

Figure 1. Preprocessing steps for recommendation
Sources: developed by the authors.

3.1. Step 1: Data Cleaning and Preparation

In the first step of our proposed approach, we focus on data cleaning and preparation, followed by
univariate and bivariate analysis to gain insights into the dataset. Data cleaning involves removing
inconsistencies, handling missing values, and addressing data quality issues. This part of the processing
ensures that the data are reliable and suitable for further analysis.

The primary objective of this process in our proposed work is to reduce noise and eliminate uninformative
content. The following steps were undertaken:

1. Data Understanding: A comprehensive understanding of the dataset’s structure and attributes was
achieved, providing insights into the meaning and interpretability of each column.

2. Data Cleaning: Systematic handling of missing values, outliers, and inconsistencies in the dataset was
performed. Missing values were imputed, or outliers removed and appropriately treated, and inconsistencies
or errors were rectified. We did not find any empty lines during the analysis of the selected dataset.

3. Feature Selection: Relevant features were meticulously selected, discarding unnecessary or redundant
attributes that did not contribute to the course selection algorithm's objectives. This step facilitated dataset
simplification and improved computational efficiency.

4. Data Splitting: The dataset was divided into training and testing sets. The training set was used for
algorithm training, while the testing set facilitated evaluating the algorithm’s performance on unseen data and
assessing its generalization capability (Er-Rafyg et al., 2023)

5. Data Validation: Validation checks were performed to ensure the integrity and quality of the dataset.
Additionally, we ensured the absence of duplicate data.

Following these steps, the dataset was appropriately prepared, establishing the groundwork for the
subsequent approach application.




Marketing and Management of Innovations, 15(3), 2024

3.2. Step 2: Exploratory analysis

Building upon the cleaned and prepared dataset, the second step of our approach involves data exploration
with univariate/bivariate methods. Once the data were cleaned, we performed univariate analysis to explore
the distribution, central tendency, and variability of the individual variables. The pattern recognition step helps
us understand the characteristics and patterns within each variable. Additionally, bivariate analysis allows us
to examine relationships between pairs of variables (Idrissi et al., 2016; Handri & Idrissi 2022.; Tran & Huh,
2023). We utilize correlation analysis to measure the strength and direction of associations between variables,
providing valuable insights into their interdependencies.

3.3. Step 3: Knowledge extraction and association rule generation using the Apriori algorithm

The third step of our approach involves knowledge extraction and association using the Apriori algorithm.
The Apriori algorithm is well suited for discovering frequent itemset and generating association rules from
transactional data. By identifying frequently occurring patterns, we can uncover meaningful associations
among items. In the experiments, we evaluated our approach on a real dataset. These data include 2240
observations (customers) with 28 variables related to marketing data. More specifically, the variables provide
insights into customer profiles, products purchased, campaign success (or failure) and channel performance.
Thorough data preparation is essential before applying our proposed approach to the chosen dataset. The
primary objective of this process in our proposed work is to reduce noise and eliminate uninformative content.

4. Results and discussion.

4.1. Results and discussion of Steps 1 and 2 (Data Cleaning, Preparation, and Univariate/Bivariate
Analysis).

In this section, we present the results of our study by performing a graphical analysis and discussing the
results. For example, Figure 2 visually represents the mustache box plots, revealing asymmetrical distributions
within the data. By analysing the plot, we can gain insights into the characteristics of specific variables, such
as MntFishProducts and MntSweetProducts.

NumCatalogPurchases NumStorePurchases

0.0- - - -

10

0 10 20 (

NumWebPurchases NumWebVisitsMonth
04-

0.0- . - .

0 10 20 0 5 10 15 20
value

Figure 2. Symmetrical and Asymmetrical Data in Orders by Channel
Sources: developed by the authors.

In the case of MntFishProducts, the box plot demonstrates a higher price range, surpassing 100 and even
200. The continuous nature of the data is evident from the spread of points. This suggests that some customers
purchase higher-priced fish products, potentially indicating a preference for premium or specialty items within
this category. Similarly, when examining MntSweetProducts, the box plot illustrates a broader range of
purchase amounts, from approximately 80 to 200. However, it is noteworthy that a small subset of customers
made purchases exceeding 200. This finding implies that while most customers fall within a specific spending




Marketing and Management of Innovations, 15(3), 2024

range for sweet products, a segment exhibits greater purchasing behaviour, potentially driven by specific
preferences or circumstances.

Observing the asymmetrical nature of these mustache box plots allows us to discern patterns and tendencies
within the data. These insights can be valuable for businesses seeking to understand customer preferences and
optimize their product offerings and pricing strategies.

NumCatalogPurchases NumStorePurchases
0.4-
02-
. r | | | 1—
-0.2-
04- ' ’ ' . '
0 10 20 1] 5 10
NumWebPurchases NumWebVisitsMonth

0.4-
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0.0- . =+ . . ..
0.2-
- L 1 ' i ' ' ' '
0 10 20 0 5 10 15 20

0.4
valuel
Figure 3. Symmetrical and Asymmetrical Data in Orders by Channel
Sources: developed by the authors.

Figure 3 depicts the distribution of orders by channel, highlighting both symmetrical and asymmetrical
data patterns. The graph differentiates between orders made through catalogues and websites in stores. In the
case of orders through catalogues and websites, the data exhibit a symmetrical distribution. This symmetry
suggests that customers tend to place orders through these channels with a consistent frequency, indicating a
stable demand for products or services offered via catalogues and websites.

However, the data related to in-store orders and website visits by the author demonstrate asymmetrical
distributions. This asymmetry implies that there may be variations in the frequency or volume of orders made
in physical stores and visits to the website. Factors such as store locations, marketing campaigns, or specific
customer behaviours might contribute to these differences.

Year_Birth

Figure 4. Histogram of Client Age
Sources: developed by the authors.
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Understanding the symmetrical and asymmetrical characteristics of data in different channels provides
valuable insights for businesses. By identifying patterns and discrepancies across channels, companies can
tailor their marketing strategies and channel-specific offerings to target and engage customers effectively.

Dt_Customer Income

count

Recency Year_Birth

1 valuel
Figure 5. Client age and data analysis considerations
Sources: developed by the authors.

Figures 4 and 5 showcase the age distribution of customers and highlight the need for careful data analysis
considerations, mainly when dealing with extreme values. The diagram presents the customers' birth years,
offering insights into the age demographics of the dataset. Notably, one data point represents a customer born
in 1940, making them 82 years old at the time of data collection. This finding prompts a critical analysis of
the relevance and impact of this particular data point on the overall analysis. Given the advanced age of this
customer, their preferences, behaviours, and purchasing patterns might significantly differ from those of most
of the customer base.

Consequently, it is crucial to exercise caution when interpreting the insights derived from these data points,
as they may not accurately represent the broader customer population. To mitigate the potential skewing effect
of extreme age values, it is advisable to focus the analysis on continuous variables related to individuals. This
allows for a more comprehensive understanding of consumer behaviour, ensuring that insights and
recommendations apply to a broader range of customers. Additionally, creating an "age" field enables more
targeted analysis and segmentation based on age groups, providing further granularity in understanding
consumer preferences and behaviours. Therefore, by considering age distribution and implementing
appropriate analysis strategies, businesses can derive more accurate and actionable insights, ultimately leading
to more effective marketing strategies and customer-centric decision-making. We further examine the dataset
using correlation analysis to conduct a comprehensive bivariate study.

Correlation represents the relationship between two concepts (EI Handri et al., 2023b), where one is
inseparable from the other. This signifies a necessary dependence between interconnected facts. When
measuring an association's strength and direction, the correlation coefficient ranges from -1 to +1. A
coefficient of 0 indicates no association, while values closer to -1 or +1 indicate stronger associations,
potentially reaching a perfect correlation.
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Figure 6. Correlation Analysis of Variables within the Dataset
Sources: developed by the authors.

In our analysis, we identified several strong correlations within the dataset, as shown in Figure 6. For
instance, a strong correlation of 0.72 exists between MntMeatProducts and NumCatalogPurchases.
Additionally, we observe a strong correlation of 0.69 between NumCatalogPurchases and income and between
MntWines and income. The coefficient of 0.63 signifies a strong correlation between NumStorePurchases and
MntWines, among others. These strong correlations provide insights into the interrelationships between
variables. By examining these associations, businesses can uncover valuable patterns and dependencies,
allowing for more informed decision-making and the development of effective marketing strategies. Variables
with strong correlations indicate a significant relationship between them. These findings suggest that there are
meaningful connections and dependencies between these variables.

By analysing correlations, we gain insights into the interrelationships and dependencies within the dataset.
These correlations help us understand how different variables are related and can guide further analysis and
decision-making processes in data analysis.

4.2. Results and discussion of Step 3 (Knowledge Extraction through "Association Rules": APRIORI
Algorithm).

Several algorithms for extracting association rules exist, including Eclat, the GUHA ASSOC procedure,
and OPUS, but the most widely used algorithm is APriori. It is extensively employed for analysing customer
shopping baskets, making it the most suitable choice for our study context.

The Apriori algorithm is a data mining algorithm designed for extracting association rules. It aims to
identify frequently occurring patterns in a dataset and deduce categorizations or provide recommendations
based on those patterns.

The Apriori algorithm (Hegland, 2007) is implemented step by step as follows:

— Algorithm 1. Discovering Interesting Relationships: The Apriori Algorithm for Association Rule
Mining

— Purpose: To discover frequent item sets and generate association rules from transactional databases.

— Inputs:

e A transactional database D, where each transaction T is a set of items.

e  The minimum support threshold, minsup, is a user-defined parameter specifying the minimum
frequency of itemsets to be considered frequent.

— Outputs:

o Asetof frequent itemsets L, representing items frequently occurring together in transactions.

e  The set of association rules R represents the implications among items in the database.
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Steps:

1. Initialization:

e Set L1 = {frequent itemsets of size 1}. This involves scanning the database once to count the
occurrences of individual items and selecting those with frequencies greater than or equal to minsup.

2. lteration:

e For k=2tok_max (where k_max is the maximum size of the itemsets to be considered):

e The candidate itemsets Ck are generated by joining frequent itemsets in Lk-1. This involves
combining itemsets of size k-1 that share a common prefix of k-2 items.

e  Prune infrequent candidate itemsets from Ck by checking their support against minsup. This involves
counting the occurrences of candidate itemsets in the database and discarding those that do not meet the
minimum support threshold.

e Lk =frequent itemsets in Ck.

3. Association Rule Generation:

e Foreach frequent itemset | in L:

e  Generate all possible nonempty subsets of I.

e  Foreach subsets of I:

e  The confidence of the rule "s -> (I - s)" is calculated as the support of | divided by the support of s.

e If the rule's confidence is greater than or equal to a user-defined minimum confidence threshold
nconf, the rule is added to the set of association rules R.

4. Evaluation:

e The generated association rules in R are evaluated based on user-defined metrics such as support,

confidence, lift, and other relevant measures to assess their relevance and significance.
[ ]
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Sources: developed by the authors.

Using Apriori Algorithm 1, we can store these data in a CSV file to transform it into transactional data,
which is the final step before extracting association rules. After applying and inspecting the top 20 most relevant
association rules, we obtained the following output, as shown in Figure 7, with indicators such as lift, support,
and confidence. We make the following observations: Sweet products, for example, are the most frequent in
shopping baskets, followed by wines and gold products. Sweet products are associated with almost all other
products, unlike wines, which are often purchased alone or occasionally with sweets but rarely with different
products. Therefore, Sweets and fruits products are seldom purchased alone; they are frequently associated
with other company products. Based on these findings, we can make the following recommendations: Disperse
the Sweet products throughout the store as they are associated with almost all products. Certain products are




Marketing and Management of Innovations, 15(3), 2024

arranged in the store and on the company’s website based on the confidence and support values of the rules
that link them together to promote cross-selling.

To further enhance this process, we propose the integration of principal component analysis (PCA) and
feature extraction. PCA allows us to reduce the dimensionality of the dataset while retaining most of the
information. By extracting relevant features, we can focus on the most influential variables and improve the
efficiency of subsequent analysis. In addition to knowledge extraction, we can leverage our work on
recommendation systems. Our new algorithm, Topk, builds upon the extracted associations to provide
personalized recommendations. By considering user preferences and the identified associations, the Topk
algorithm aims to offer accurate and relevant suggestions to users. Our extended approach encompasses data
cleaning, univariate/bivariate analysis, and knowledge extraction using the Apriori algorithm (Al-Maolegi &
Arkok, 2014).

5. Conclusions. In conclusion, combining data cleaning, univariate/bivariate analysis, knowledge
extraction using the Apriori algorithm, and the integration of artificial intelligence (Al) techniques is
promising for obtaining valuable insights and providing enhanced recommendations. By following these
steps, we improved the quality and reliability of the data, gained a deeper understanding of individual variables
and their relationships, and extracted meaningful associations among items. Indeed, analysing these
associations has proven to be a simple and effective way to establish links between objects, items and articles
in a shopping basket, for example. The frequency of appearance of the different combinations is determined.
This method is particularly suitable for purchasing studies as part of basket analysis to improve marketing
tactics such as cross-selling.

The use of Al can further enhance our approach. For instance, advanced machine learning algorithms can
automate data cleaning and preparation, saving time and reducing manual effort. NLP techniques can be
applied to analyse textual data, enabling us to extract valuable information from customer reviews or feedback
(El Handri et al., 2023a).

Additionally, deep learning models can improve the accuracy and precision of association rule mining,
allowing for more sophisticated pattern recognition and rule generation. Reinforcement learning can be
integrated to continuously refine and optimize recommendation algorithms, adapting to changing user
preferences and market dynamics (Ez-Zahraouy, 2023; Idrissi et al., 2016).

Furthermore, incorporating Al technigues such as image recognition or sensor data analysis can expand
the scope of our approach to domains such as e-commerce, healthcare, or 10T applications [8-9], where diverse
types of data are available for study.
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IoBeninka cnokMBaviB: aHaNi3 MapKeTHMHrOBHUX KaMIaHiii 3a J0NOMOIOK CHCTEM peKOMeHIalil Ta
CTATHCTHIHUX METOiB

Ha6iap Yepkayi, YuiBepcurer Cini Moxamena ben A6nemna, Mapokko

Kayrap Eap l'annpi, paxynsrer Meauiiau i papmarii, YaiBepcuter Moxammena V y Pabati, Mapokko

KOced Eap Xaccini, hakynsrer Hayk, Jlabopartopis IPSS, YHiBepcurer Moxammena V y Pabari, Mapokko

Aima Eppadir, ENSIAS, VuiBepcurer Moxammena V y Pabari, Mapokko

Menapa Joykoya SInga Tanora, ENSIAS, YruiBepcuter Moxammena V y Pabati, Mapokko

s cTaTTs DOCHiKy€e BIUIMB MOBEAIHKU CHOXXKHMBAYiB Ha €(PEKTHBHICTh MapKETHHITOBHX KaMIIaHiH, BHKOPHCTOBYIOUHN
CHCTEMYy pPEKOMEHJAlii Ta METOOW CTATUCTHYHOTO aHaji3y. PO3yMIHHA MOBENIHKH CIIOKMBAadiB € HaI3BUYAHHO
Ba)XJIMBUM y CYYaCHOMY JKOPCTKO KOHKYPEHTHOMY Ta IMOCTIHHO MIHIMBOMY pHHKY. Lle mociimkeHHs Mae Ha MeTi
MIIKPECINTH 3HAYHUI BIUIMB MOBEIIHKH CIIOXKHMBAYiB Ha e()EeKTHBHICTh MApKETHHIOBHX KaMIaHii yepe3 iHHOBalliiiHe
3aCTOCYBaHHSl CUCTEM PEKOMEH[alil, MATPUMAaHUX CYyYaCHUMH METOJAaMH MallMHHOTO HABYaHHS Ta aHaJi3y JaHHX.
Heit minxin Bupillye ckiagHi 3aBJaHHS TOYHOTO MPOTHO3YBAaHHS ITOBEIIHKH CIOXXHBadiB. ABTOpaMH y3arajbHEHO
0COOJIMBOCTI CHCTEM PEKOMEHAIliH, MiAKPECTIOI0YH IXHIO BRXKJIMBY POJIb y Cy4aCHOMY MapKeTHHIOBOMY CEPEIOBHIIII.
VY cTaTTi TeOpEeTHYHO OOIPYHTOBAHO B3a€MO3B'I30K MiXK MAPKETHHTOBHMH JJAHHUMH Ta MMOBEIIHKOI CHOXHBaYiB. Kpim
TOro, aBTOpPaMH OMNKCAHO NPOLEC aHaNi3y AaHWX, IO MOYMHAETHCS 3 (QUIbTpalii JaHUX Yepe3 OJHOBHMIPHHHA Ta
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JIBOBUMIPHHH aHalli3, 3aBEpIIYIOYH MEpPEeJOBUMH METOJaMH, TAaKUMH SIK aJrOpUTM Apriori JUis BUSBJICHHS IIPaBUI
acorjiamii Ta peTeNbHOro JOCIIKEHHS [OTO CHMOIOTHYHOTO 3B'S3Ky. Pe3ynbTaTu MOCHTIDKEHHS AEMOHCTPYIOTh
e(eKTHBHICTh aBTOPCHKOI METONOJIOTIi s iHTepHpeTamnii CKIagHOI B3a€EMOJIl MiX IOBEIIHKOIO CIIOKHBAuiB Ta
MapKeTHHIOBUMH KaMmaHisiMi. OTprMaHi BUCHOBKH IIJKPECIIOIOTH BaXIIMB] TEHACHIII] Ta 0OTPYHTOBYIOTh IPaKTHYHI
PEKOMEHAIIIT TS TTiABUIICHHS €()CKTHBHOCTI MAPKETUHTOBUX CTpaTeriil. PO3kpuBaroYn AMHAMIUHI B3a€MO3B'SI3KH MiXkK
TIOBE[IHKOIO CII0KMBAYiB Ta MApKETHHTOBUMU pe3ylbTaTaMi. KpiM TOTo, y CTaTTi MiAKPECICHO BAXKIUBICTh PO3yMiHHS
TIOBE[IHKY CIIOKMBAYIB Ta IIepeBari BUKOPUCTAHHS IHHOBAIITHIX METO/IIB aHANI3Y NaHUX. Po3mudpoByroUun TeHISHIII
CHOXHBaHHS, Oi3HEC MOXKE ONTHUMI3yBaTH CBOI MapKETHMHIOBI CTpaTerii Ta MOKPALINTH 3aI0BOJICHICTH KITI€HTIB,
3MIIHIOIOYM CBOIO KOHKYPEHTHY IepeBary Ha IOCTiifHO 3MiHIOBaHOMY pHHKY. Hapemrti, BIpoBa/KeHHS CHCTEM
PEKOMEHAAIIIH 3 IHCTPYMEHTAMH [ITYYHOTO IHTEJICKTY Ta MAIIMHHOIO HAaBYAHHS JIs KOtabopaTuBHOT (BibTpariii Moxe
11e OLIbIIe BJIOCKOHAIUTH Il CTpaTerii, 3Ha4HO MiABUILYIOYH €()EeKTHUBHICTh MAPKETUHIOBUX KaMIIaHiH.

Kiro4oBi ciioBa: aHajiTHKa pillicHb;, MAIIMHHE HABUYAHHS, MAPKCTHHTOBI IaHi; CHCTEMa PEKOMEH IAITiif.
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