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ABSTRACT
This systematic literature review explores predictive analytics in marketing decision making and
its relationship to key concepts in consumer behavior prediction. Drawing on established
theories and empirical studies, this study explores the influence of customer-based brand
equity, brand attachment, self-concept, perceived value, and other variables on consumer
purchasing behavior and intentions. Additionally, this study investigates the impact of social
psychology theory, destination image, sustainability in marketing, and marketing practices that
align with consumer values ​​on satisfaction, engagement, loyalty, and long-term relationships
with brands. Apart from that, this study also tests the effectiveness of predictive marketing
algorithms in improving marketing and sales performance. These findings emphasize the
importance of integrating consumer-centric approaches and predictive analytics in forming
successful marketing strategies and achieving desired results in today's competitive market
landscape.
Keywords: Predictive analysis, marketing decision making, consumer behavior
prediction, brand equity, brand attachment, self-concept, value perception, social
psychology theory, destination image, sustainability, marketing practices, predictive
marketing algorithms.

ABSTRAK
Kajian literatur sistematis ini mengeksplorasi analisis prediktif dalam pengambilan keputusan
pemasaran dan hubungannya dengan konsep-konsep kunci dalam prediksi perilaku konsumen.
Dengan merujuk pada teori-teori yang telah mapan dan studi empiris, kajian ini menelusuri
pengaruh ekuitas merek berbasis pelanggan, keterikatan merek, konsep diri, persepsi nilai, dan
variabel lainnya terhadap perilaku dan niat pembelian konsumen. Selain itu, kajian ini
menyelidiki dampak teori psikologi sosial, citra tujuan, keberlanjutan dalam pemasaran, dan
praktik pemasaran yang sesuai dengan nilai konsumen terhadap kepuasan, keterlibatan,
kesetiaan, dan hubungan jangka panjang dengan merek. Selain itu, kajian ini juga menguji
efektivitas algoritma pemasaran prediktif dalam meningkatkan kinerja pemasaran dan
penjualan. Temuan ini menekankan pentingnya mengintegrasikan pendekatan yang berpusat
pada konsumen dan analisis prediktif dalam membentuk strategi pemasaran yang sukses dan
mencapai hasil yang diinginkan dalam lanskap pasar yang kompetitif saat ini.
Kata Kunci: Analisis prediktif, pengambilan keputusan pemasaran, prediksi perilaku
konsumen, ekuitas merek, keterikatan merek, konsep diri, persepsi nilai, teori psikologi
sosial, citra tujuan, keberlanjutan, praktik pemasaran, algoritma pemasaran prediktif.

1. Introduction
Predictive analytics in a marketing context involves using empirical methods to generate

data predictions and evaluate predictive power (Shmueli & Koppius, 2010). It leverages
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historical and transactional data to identify risks and opportunities, assisting decision-makers in
making informed choices (Müller, 2016). In marketing, predictive analytics is applied in areas
such as direct marketing, product recommendations, and advertising by forecasting customer
responses and behaviors (Alanazi, 2022). The concept of predictive analytics is crucial in
establishing personalized settings based on sensor data, optimizing outcomes in various
scenarios like home automation systems (Jatain, 2019).

Furthermore, predictive analytics plays a vital role in improving business performance
by offering insights into future events and complementing workplace strategies (Brynjolfsson et
al., 2021). It is essential for graduates across disciplines such as information systems,
marketing, finance, and healthcare to acquire fundamental knowledge and skills in predictive
analytics for effective utilization (Balkan & Demirkan, 2015). The field of marketing analytics,
which includes predictive analytics, is rapidly evolving, intersecting with data science and the
fourth industrial revolution (Dar et al., 2023). Predictive analytics, when applied to big data,
holds significant potential in enhancing care efficiency and facilitating better decision-making
(Shah et al., 2018).

In marketing, predictive analytics is a diverse field that draws expertise from various
domains like marketing, expert systems, statistics, and operations research (Ghose, 2019). It
aids in predicting consumer behavior, optimizing marketing strategies, and enhancing overall
business performance. The use of predictive analytics in marketing is essential for
understanding market trends, forecasting consumer preferences, and making data-driven
decisions to remain competitive in the dynamic business landscape.

Predictive analytics plays a crucial role in marketing decision-making by leveraging
historical and transactional data to identify patterns, risks, and opportunities that support
strategic choices (Müller, 2016). By utilizing predictive analytics, businesses can enhance the
accuracy of diagnoses and gain valuable insights for informed decision-making (Aziz et al.,
2021). Integrating predictive analytics into existing business processes and dynamic
decision-making frameworks can drive business transformation and lead to more effective
decision outcomes (Balkan & Demirkan, 2015). Furthermore, predictive analytics aids in
generating insights from big data to improve marketing decision-making and enhance a firm's
competitiveness (Cao et al., 2019).

Several companies have effectively integrated predictive analytics into their marketing
strategies, resulting in enhanced performance and tailored customer experiences. For instance,
Amazon utilizes predictive analytics to suggest products based on customers' browsing and
purchase history, while Netflix employs this technology to recommend movies and TV shows
according to users' viewing habits and preferences. IBM leverages predictive analytics in direct
marketing endeavors, considering various factors such as customer lifetime value, employment
status, and total claim amount to optimize responses. Additionally, direct selling companies
have benefited from predictive analytics by modeling independent sales representative
performance to achieve better outcomes. These instances showcase how predictive analytics
can accurately discern consumer preferences, augmenting traditionally human-driven marketing
efforts with cognitive insights and ultimately improving marketing effectiveness and
personalizing customer interactions (Gupta, et al. 2022; Choi, et al. 2023).

In the realm of marketing, predictive analytics serves as a bridge between customer
psychology and decision-making processes, enabling optimization of pricing strategies, capacity
management, and ultimately increasing profitability (Basu, 2023). Academic research has
increasingly focused on developing statistical models and predictive analytics to support
marketing decision-making in data-rich environments (Wedel & Kannan, 2016). Moreover, the
application of predictive analytics in marketing is essential for understanding changing
consumer decision-making patterns in the digital market, allowing companies to predict
consumer behavior and tailor marketing strategies accordingly (Mangla et al., 2018).

The adoption of machine learning-based analytical tools in digital marketing is
becoming more prevalent, emphasizing the importance of considering numerous relevant
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metrics to make informed marketing decisions (Miklošík et al., 2019). Additionally, the
implementation of big data analytics in marketing departments is crucial for enhancing
data-driven decision-making and achieving strategic benefits for organizations (Johnson et al.,
2021). Overall, predictive analytics in marketing not only aids in understanding consumer
behavior and market trends but also empowers organizations to make informed, data-driven
decisions that drive business success.

Predictive analytics plays a crucial role in enhancing marketing efficiency and
effectiveness by offering various benefits across different domains. Shmueli & Koppius (2011)
outlined six key roles for predictive analytics, including new theory generation, measurement
development, comparison of competing theories, improvement of existing models, relevance
assessment, and assessment of the predictability of empirical phenomena (Shmueli & Koppius,
2011). This highlights the versatility and significance of predictive analytics in research and
decision-making processes.

Moreover, Cao et al. (2019) emphasized the importance of marketing analytics in
generating insights from big data to enhance marketing decision-making and firm
competitiveness, underscoring the potential for sustained competitive advantage through
effective utilization of analytics (Cao et al., 2019). This suggests that predictive analytics can
provide organizations with a strategic edge by leveraging data-driven insights to drive marketing
strategies.

Furthermore, Akyildirim et al. (2021) highlighted the critical role of predictive analytics in
financial markets, particularly in forecasting high-frequency excess stock returns using data
analytics and machine learning (Akyildirim et al., 2021). This underscores the direct relevance of
predictive analytics in financial decision-making and market predictions, showcasing its
significance in optimizing outcomes in dynamic market environments.

In conclusion, the references collectively emphasize the pivotal role of predictive
analytics in enhancing marketing efficiency and effectiveness by enabling data-driven
decision-making, improving predictive models, and driving competitive advantage across
various sectors.

2. Research Methods
In conducting research on the contribution of predictive analytics in improving marketing

performance, methodological steps are key to ensuring the accuracy and success of the study.
First of all, the selection of databases and inclusion criteria was carried out carefully. Relevant
data sources such as academic journals, textbooks and industry reports are the main focus in
this process. Strict inclusion criteria were set to select high-quality literature appropriate to the
research topic, including in terms of year of publication, research methodology, and relevance to
the topic. The next step is an adequate literature search and selection process. An initial search
was carried out using keywords related to predictive analytics and marketing performance in
various databases and information sources. Careful screening was then carried out on the title,
abstract and keywords to select the most relevant literature. After that, further evaluation of the
selected literature is carried out by reading in depth to assess the quality of the methodology
and the contribution of the research to the topic under study. Finally, data analysis strategies
and synthesis of findings are important stages in describing research results. Data analysis
methods that are appropriate to the nature of the data found are selected, such as
meta-analysis, qualitative analysis, or regression analysis. Findings from selected literature are
then synthesized to identify trends, patterns, and relationships between predictive analytics in
marketing and overall marketing performance. The results of the analysis are then interpreted
critically to explore the theoretical and practical implications of the findings in the research
context. Thus, careful methodological steps become a strong basis for carrying out research on
the role of predictive analytics in improving marketing performance.

449



Muhajir PRODUCTIVITY, 1 (3) 2024: 447-460

3. Results and Discussions
3.1 Predictive Models in Marketing
Predictive analytics in marketing decision-making involves the development and

utilization of statistical models to enhance decision support systems. These models are crucial
for addressing marketing resource allocation and customer-related business decisions (Wedel &
Kannan, 2016). Prediction markets play a significant role in constructing robust decision support
systems and predictive models, aiding in decision-making processes (Abolghasemi & Dimitrov,
2020). Teaching predictive model management in MIS classrooms involves practical business
cases that utilize managerial dashboards, model repositories, and performance management
metrics to educate on predictive analytics concepts and decision-making under uncertainty
(Balkan & Demirkan, 2015).

Marketing analytics, defined as the study of data and modeling tools for marketing
resource and customer-related decisions, has been a prevalent concept in both academic
literature and industry for decades (Vollrath & Villegas, 2021). Despite the extensive research
on predictive models for various markets, including stock markets and foreign exchange,
challenges persist in accurately predicting market movements due to volatility and the random
walk nature of stock markets ("undefined", 2022; Shah et al., 2019; Robinson & Kabari, 2021).

Various models, such as artificial neural networks and prediction markets, have been
employed to predict stock market movements and direction, showcasing different levels of
accuracy and effectiveness (Qiu & Shen, 2016; Nyberg & Pönkä, 2016; Kambeu, 2019).
Additionally, the use of models like ARIMA has been successful in predicting stock prices and
returns, providing valuable insights for investors and market strategies (Adebiyi et al., 2014;
Latha et al., 2020; Ahmar et al., 2022; Dixit et al., 2023). Furthermore, research has shown that
through the collaboration of multiple classifiers and models, prediction accuracy can be
significantly improved (Qian & Rasheed, 2006).

In conclusion, predictive analytics in marketing decision-making relies on a combination
of statistical models, prediction markets, and machine learning techniques to enhance decision
support systems and improve the accuracy of predictions in various markets. Despite the
challenges posed by market volatility and the random walk nature of stock markets, ongoing
research and advancements in predictive modeling continue to offer valuable insights for
marketers and investors.

3.2 Commonly Used Predictive Techniques and Algorithms
Predictive analytics plays a vital role in marketing decision-making by utilizing various

techniques and algorithms to forecast outcomes. One common technique used is predictive
modeling, which involves creating models based on historical data to predict future trends
(Balkan & Demirkan, 2015). These models are often managed through dashboards and
performance metrics to aid in decision-making processes (Balkan & Demirkan, 2015). Decision
support systems powered by predictive analytics have been successfully applied in various
industries, such as agriculture, to make informed decisions based on crowd-sourced data
(Remya, 2018).

In the realm of marketing analytics, the focus has shifted towards developing statistical
models and predictive analytics to enhance decision-making processes (Wedel & Kannan,
2016). Understanding the customer decision journey is essential in strategic marketing, and
utilizing predictive analytics helps in avoiding marketing analytics myopia (Vollrath & Villegas,
2021). Techniques like the C4.5 algorithm, a decision tree-based classification method, are
commonly employed to extract relevant relationships in data for predictive purposes (Hashim et
al., 2015).

Moreover, artificial neural networks have gained popularity for predictive analytics
applications, such as in predicting macroinvertebrate communities in river basins (Dedecker et
al., 2002). These advanced techniques, including fuzzy logic and evolutionary algorithms, are
increasingly used to analyze data and make predictions for various purposes (Dedecker et al.,
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2002). Additionally, decision tree algorithms have shown high prediction accuracy rates in
educational data mining for student academic performance monitoring (Chaka, 2021).

In conclusion, the integration of predictive analytics techniques and algorithms in
marketing decision-making processes enhances the ability to make data-driven and informed
choices. By leveraging advanced modeling methods and algorithms, businesses can gain
valuable insights into consumer behavior, market trends, and optimize their strategies for better
outcomes.

3.3 Key Concepts in Consumer Behavior Prediction
Predictive analytics in marketing decision-making involves utilizing various key concepts

in consumer behavior prediction. Concepts such as brand equity, brand management,
attitude-behavior relations, brand attachment, brand engagement, and self-concept play crucial
roles in understanding and predicting consumer behavior (Keller, 1993; Park et al., 2010;
Hollebeek & Chen, 2014; Sprott et al., 2009; Khalid et al., 2018). These concepts are essential
for marketers to measure and manage customer-based brand equity, analyze the relationship
between attitudes and behaviors, differentiate between brand attachment and brand attitude
strength, explore positively versus negatively valenced brand engagement, and understand the
impact of self-congruity on purchase intention.

Moreover, the use of predictive analytics in marketing also involves understanding
consumer perceptions, motivations, and behaviors. Concepts like value perception, mass
personalization, and self-congruity influence consumer purchase behavior and play a significant
role in shaping marketing strategies (Lv & Qin, 2021; Kotras, 2020; Khalid et al., 2018). By
leveraging predictive marketing algorithms and consumer knowledge reshaping, marketers can
tailor their strategies to individual preferences and behaviors, ultimately enhancing customer
satisfaction and loyalty.

Incorporating theories from social psychology into consumer behavior research further
enriches the understanding of consumer decision-making processes. The adoption of influential
theories helps marketers delve deeper into consumer motivations, preferences, and behaviors,
enabling them to develop more effective marketing strategies (Malter et al., 2020; Aride &
Pàmies, 2019). By integrating concepts such as destination image, sustainability, and materiality
into marketing practices, businesses can align their strategies with consumer values and
preferences, fostering long-term relationships and sustainable practices (Sirgy & Su, 2000; Lee
et al., 2016; Reimsbach et al., 2019).

In conclusion, the integration of predictive analytics with key concepts in consumer
behavior prediction provides marketers with valuable insights into understanding, predicting,
and influencing consumer behavior. By leveraging these concepts and theories, businesses can
tailor their marketing strategies to meet consumer needs effectively, drive engagement, and
build strong brand-consumer relationships.

3.4 The Impact of Predictive Analytics on Strategic Marketing Decision Making
Using predictive analytics in market segmentation has shown significant impacts on

various industries. By employing predictive analytics, companies can identify customer profiles,
significant variables, and behaviors to create appropriate target customer segments (Goenandar
& Ariyanti, 2021). This approach allows for a more personalized marketing strategy, leading to
increased sales and revenue. Additionally, the use of big data in customer analytics, including
market segmentation and predictive analytics, has become a strategic tool in competitive retail
environments, aiding in making informed business decisions based on customer behavior
patterns (Goi, 2021).

Market segmentation, when coupled with predictive analytics, has been found to
positively impact the productivity and upgrading of enterprises, demonstrating the importance of
tailored strategies based on segmented customer data (Yuan & Pan, 2022). Furthermore, the
application of clustering algorithms for marketing targets based on customer purchase patterns
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and behaviors has become crucial, especially in the digital shopping era, emphasizing the need
to predict customer behavior accurately for effective marketing strategies (Husein et al., 2021).

In the telecommunications sector, the use of predictive analytics has significantly
improved customer churn prediction, leading to enhanced predictive modeling performance
(Khan, 2019). Moreover, the integration of churn prediction and customer segmentation
frameworks in telco businesses has been highlighted as a comprehensive approach to
customer analytics, ensuring a holistic understanding of customer behavior for targeted
marketing strategies (Shu-li et al., 2021).

Overall, the combination of predictive analytics and market segmentation offers
businesses a powerful tool to understand customer preferences, behaviors, and trends,
enabling them to tailor their marketing efforts effectively and drive business growth.

3.5 The Predictive Role of Analytics in Product Pricing and Offerings
Predictive analytics is essential in various aspects of pricing and product offerings,

aiding in forecasting, marketing strategies, enhancing customer service, optimizing product
offers, and detecting fraudulent activities (Alyoubi, 2019). It also contributes to price prediction
services by comparing methodologies, offering insights on performance, advising on model
selection for different product categories, and advocating the shift towards prescriptive price
analytics services (Falkenberg, 2020).

Research has explored the effects of product line prices and competitors' prices on
consumers' evaluations of reference price advertisements, emphasizing the moderating roles of
these factors (Lii & Lin, 2020). Studies have indicated that the acceptance of price discounts is
influenced by the perceived relatedness between products and the comparative price format,
underscoring the importance of considering attentional and linguistic conversational aspects in
predicting the reference level used by decision-makers (Bonini & Rumiati, 2002).

Analytics have been effectively utilized in online retail settings for demand forecasting
and price optimization, leading to the creation of pricing decision support tools, new pricing
models, and algorithms that incorporate reference price effects (Ferreira et al., 2016).
Advertised reference price promotions have been shown to be more effective when contextual
products encourage relational elaboration, enhancing the overlap of information primed by the
advertised reference price and the offer price (Kan et al., 2013).

In conclusion, leveraging predictive analytics in pricing and product offerings is crucial
for businesses to make informed decisions, optimize pricing strategies, and enhance customer
satisfaction. By employing advanced analytics techniques, businesses can gain a competitive
edge in the market.

3.6 Use of Predictive Analytics in Marketing Promotion Planning
Predictive analytics plays a crucial role in determining prices and product offerings, as

well as in marketing promotion planning. By leveraging big data and advanced analytics
techniques, businesses can collect, analyze, and utilize large datasets to make informed
decisions. Wang et al. (2016) emphasize the significance of supply chain analytics in logistics
and supply chain management, highlighting the methodologies and techniques used to harness
big data for decision-making. Additionally, Akyildirim et al. (2021) discuss how data analytics
and machine learning can be employed to forecast high-frequency excess stock returns,
showcasing the predictive power of analytics in financial contexts.

In the realm of retailing, Bradlow et al. (2017) underscore the rising importance of big
data and predictive analytics, emphasizing the role of theory in guiding systematic searches for
retailing solutions. Furthermore, Sudhir (2001) delves into competitive pricing behavior in the
auto market, illustrating how pricing strategies are interconnected with competitor reactions.
This interconnectedness highlights the importance of predictive analytics in understanding
market dynamics and optimizing pricing strategies.
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Moreover, Gupta et al. (2020) explore the power of multimodal features in predicting the
popularity of social media images in tourist destinations, showcasing how predictive analytics
can aid in strategic marketing planning. By predicting the popularity of promotional content,
marketers can tailor their strategies effectively to enhance engagement and reach.

In conclusion, the integration of predictive analytics in pricing, product offerings, and
marketing promotion planning provides businesses with valuable insights derived from data
analysis. Leveraging advanced analytics techniques enables organizations to make data-driven
decisions, optimize pricing strategies, and enhance marketing efforts for improved business
outcomes.

3.7 Challenges and Opportunities for Using Predictive Analytics in Marketing
Predictive analytics in marketing presents various challenges and opportunities.

Technical and methodological challenges include the complexity of analyzing unstructured data
like video content (Zhou et al., 2021), the difficulty in predicting cryptocurrency prices due to
market volatility (Amirzadeh et al., 2023), and the challenges in applying computer vision to
analyze user-generated image content for brands (Nanne et al., 2020). Ethical and privacy
issues are also significant concerns, especially in the context of consumer behavior analysis
using predictive analytics (Zhou et al., 2021).

Despite these challenges, there are promising future opportunities for the development
and application of predictive analytics in marketing. For instance, the use of predictive analytics
can enhance customer relationship management post-Covid-19 (Chinnappa et al., 2021), aid in
understanding consumer behavior in the online environment (Gouvea et al., 2016), and provide
valuable insights for decision-making in emerging markets (Gupta, 2022). Additionally,
predictive analytics can be instrumental in agriculture, helping with activities such as farming,
product storage, and risk management (Mohamed & Al-Azab, 2021).

Furthermore, the application of big data analytics in marketing offers substantial
potential for growth and improvement. Studies have shown that big data analytics can provide
valuable insights in various industries, including airlines (Odunfa et al., 2021), real estate
(Akhmetova & Nevskaya, 2020), and human resources management (Wamba et al., 2017). The
use of predictive analytics, coupled with big data, can lead to better decision-making processes
and improved performance in marketing strategies.

In conclusion, while there are technical, methodological, ethical, and privacy challenges
associated with using predictive analytics in marketing, the future holds significant opportunities
for its development and application. By addressing these challenges and leveraging the
potential of big data analytics, marketers can gain valuable insights, enhance customer
relationships, and make informed decisions to drive business growth and success.

Research Framework

Figure 1. Research Framework
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Hypothesis

​ Hypothesis 1:

● Independent Variables: Customer-Based Brand Equity, Attitude towards Brand,

Attachment to Brand

● Dependent Variable: Consumer Purchasing Behavior

● Hypothesis: There is a positive relationship between brand equity, attitude

towards the brand, and brand attachment with consumer purchasing behavior.

​ Hypothesis 2:

● Independent Variables: Consumer Self-Concept, Consumer Value Perception,

Mass Personalization in Marketing

● Dependent Variable: Purchase Intention

● Hypothesis: Consumer self-concept, consumer value perception, and mass

personalization in marketing have a positive effect on purchase intention.

​ Hypothesis 3:

● Independent Variables: Social Psychology Theories that Influence Consumer

Behavior, Destination Image and Sustainability in Marketing, Marketing

Practices that are in Accordance with Consumer Values

● Dependent Variable: Level of Consumer Satisfaction, Level of Consumer

Involvement with the Brand, Consumer Loyalty to the Brand, Long Term

Relationship between Brand and Consumer

● Hypothesis: The application of social psychology theories that influence

consumer behavior, the image of destination and sustainability in marketing, as

well as marketing practices that are in line with consumer values ​​will

contribute to increasing the level of consumer satisfaction, the level of

consumer engagement with the brand, consumer loyalty to the brand, and the

long-term relationship between brands and consumers.

​ Hypothesis 4:

● Independent Variable: Predictive Marketing Algorithms

● Dependent Variable: Marketing and Sales Performance

● Hypothesis: The use of predictive marketing algorithms will have a positive

impact on marketing and sales performance.

4. Conclusions
From the results of the literature review above, it can be concluded that factors such as

customer-based brand equity, attitude towards the brand, and attachment to the brand have a
positive relationship with consumer purchasing behavior. In addition, consumer self-concept,
consumer value perceptions, and mass personalization in marketing also have a positive effect
on purchase intentions. Furthermore, the application of social psychology theory in consumer
behavior, the image of purpose and sustainability in marketing, as well as marketing practices
that are in line with consumer values ​​will contribute to increasing levels of consumer
satisfaction, engagement, brand loyalty and long-term relationships between brands and
consumers. Lastly, the use of predictive marketing algorithms also has a positive impact on
marketing and sales performance. Thus, this conclusion emphasizes the importance of paying
attention to various factors and strategies in influencing consumer behavior, purchase
intentions, satisfaction, engagement, loyalty and overall marketing performance. Implementation
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of a consumer-centric approach and predictive analytics is key in establishing a successful
marketing strategy and achieving desired results in today's competitive market landscape.

Although the systematic literature review approach provides a comprehensive picture of
the research topic, this research has several limitations that need to be considered. First,
depending on the availability and quality of published literature, the analysis may be influenced
by bias in literature selection. These limitations may limit the diversity of information that can be
obtained and may result in conclusions that are less representative overall. In addition, although
the literature review includes a variety of research that has been conducted previously, it is
possible that some relevant research may be inaccessible or overlooked, especially if the
research is not published openly. This may affect the completeness of the analysis and
interpretation of the results. Furthermore, this study may be limited by the methodological
limitations underlying existing studies in the literature, such as weaknesses in research design,
use of non-representative samples. Therefore, the conclusions resulting from this study should
be treated with caution and interpreted in context. limitations of existing methodology. Lastly,
although systematic literature reviews provide a broader understanding of the topic, they may
not be able to capture more specific dynamics or specific local contexts that may influence
research results. Thus, further research with a more focused approach or empirical research
may be needed to strengthen and complement the findings of this literature review.

Based on the limitations that have been identified, there are several suggestions for
further research that can be considered:

1. Conduct Empirical Research: Although a systematic literature review provides a
broad overview of the topic, further empirical research can provide a deeper understanding of
the cause-and-effect relationships between the variables studied. This research can include
surveys, experiments, or case studies to test the hypotheses described in the literature review.

2. Use of Mixed Methods: Combining a literature review approach with quantitative and
qualitative methods can provide more comprehensive insight into the topic. This mixed
approach can overcome some of the limitations of each approach, as well as produce a more
holistic understanding of the phenomenon under study.

3. Selection of More Specific Variables and Concepts: Further research can expand or
narrow the focus of certain variables and concepts that have been explained in the literature
review. This can help in exploring more specific or in-depth relationships, as well as expanding
understanding of the factors that influence consumer behavior.

4. Longitudinal Research: Adopting a longitudinal approach can help in understanding
changes in consumer behavior over time, as well as identifying patterns or trends that may
occur over a longer period of time.

5. Cross-cultural Studies: Conducting cross-cultural research can help in understanding
how the factors studied in this literature review may vary among different population groups or
cultures. This can provide valuable insight into the generalisability of the findings and their
practical implications.

By considering the suggestions above, it is hoped that further research can deepen the
understanding of consumer behavior prediction and the application of predictive analysis in a
marketing context, as well as make a significant contribution to the development of knowledge
in this field.
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