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Abstract

Introduction: Small and Medium-sized Enterprises (SMEs) face numerous challenges in today's rapidly
evolving business landscape. Predictive analytics models offer a promising solution for SMEs to gain insights
into market trends, customer behavior, and potential risks. These models apply analytical techniques for
predicting future performances to help SMEs make the right decisions and survive successfully in their
industries. Predictive analytics has received quite a lot of consideration from big organizations but is not
much common among SMEs because of certain challenges that hinder its implementation therein.
Materials and Methods: The research methodology employed in review involves a comprehensive analysis
of existing literature on predictive analytics models for SMEs. A systematic review of peer-reviewed articles,
industry reports, and case studies was conducted to gather relevant information. The review focuses on three
key areas: market trend predication, customer behavior predication and even business risk analysis. Besides,
the paper aims at identifying the obstacles that SMEs experienced in the early adoption of predictive analytics
models and whether it is possible to find a way around those challenges.

Results: The study demonstrates that advances in predictive analytics models have the potential to
significantly improve decision-makers’ decision-making and SMEs’ performance. Forecasting models
specific to the market trends help the SMEs to plan in advance, on any change in the consumer behavior and
the market trends that exist in the business environment. Customer behaviour forecasting models aid the
SMEs in delivering targeted products to clients and increasing customer loyalty. Risk assessment models help
SMEs to determine and manage risks that can threaten their functioning. Nonetheless the take-up of
predictive analytics in SMEs is still low as compared to large organizations, which are mainly attributed to
resource constraints including a lack of knowledge about the capabilities of such systems.

Discussion: The review highlights the potential benefits of predictive analytics models for SMEs, including
improved operational efficiency, enhanced customer satisfaction, and increased competitiveness. However,
there are challenges that limit the widespread use of BI some of which include; Data quality problems, lack
of monetary capital, and skills. This discussion also outlines multiple ways to solve such issues: creating
easy-to-use analytics tools, engaging with universities, and launching governmental programs that would
help SMEs transition to digital business.

Conclusion: Predictive analytics models offer significant opportunities for SMEs to enhance their decision-
making capabilities and drive business growth. Despite the barriers which have been presented there are
advantages that will lead to achievement of the needed outcomes of implementing the System. This is
particularly so as technology remains a ubiquitous tool that bends with the strengths of SMEs that can
harness predictive analytics in an ever-increasingly commoditized business world. Further work should be
devoted to identification of new efficient, affordable and easily implementable solutions facilitating the SMEs
growth in the variety of sectors.
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1. INTRODUCTION

1.1 The Evolving Landscape of Small and Medium-sized Enterprises (SMEs)

SMEs are important as they contribute to creating employment opportunities, fostering new
ideas, and growth of economies. However, several challenges are likely to affect the success
of SME:s in the current global business environments such as: <ul>However, SMEs experience
several hurdles in the current dynamic business environment such as: In order to remain
consistent and sustainable on the market, SMEs should prepare themselves to the digital space
and implement some of the advanced technologies for supporting their decisions (Chonsawat
and Sopadang, 2020). Among these technologies, the one that has recently emerged as
promising for SMEs is predictive analytics that makes it possible to predict the further

development of markets, customer needs, and potential threats and risks to the business.
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Fig 1. Big Data Analytics (BDA) Capability Model for SMEs. Source: https://www.mdpi.com/2071-

1050/15/1/360



https://www.mdpi.com/2071-1050/15/1/360
https://www.mdpi.com/2071-1050/15/1/360
https://doi.org/10.60087/jklst.vol3.n3.p355-381
https://doi.org/10.60087/jklst.vol3.n1.p18

357 Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (Online), Volume 3, Issue 3, Sep. 2024

Fig 1 thus captures the various elements that enable and hinder the implementation of Big
Data Analytics (BDA) capabilities among the SMEs we are studying. The above presented
figure shows the multiple units, which form the fundamental structure required for the Small
and Medium-Sized Enterprises to effectively adopt BDA, covering the organizational culture,
data management/infrastructure, and policy supporting system. These aspects create Big Data
Analytics Capability and result in the generation of value by enhancing organisational
functions, customer insights, and sales predictions.

However, due to some reasons, including financial constraints, lack of relevant human
capital, and the perceived complexity of the technique, SMEs are known to be slow adopters
of PAM (Maroufkhani et al., 2020). Some of these barriers as identified in fig 1 include
financial constraints, technical barriers and data security. Nevertheless, the model describes the
challenges as well such as lack of resources and experience, the key supporting forces include
governmental actions, educational reforms, which can minimize the impact of such obstacles
to BDA implementation for SMEs. As business environment changes, SMEs have to
understand the necessity to incorporate advanced analytics in a business and make it their
unique competitive advantage and the key to successful future development. Through
incorporation of business forecasting into SME outlets, organizations can reap benefits such as
better forecasts, better customer insights and better approaches to risk. By embracing these
technologies, as depicted in fig 1, SMEs can determine market trends, customers’ preferences
and risks in the market and hence make a right decision as they isolate itself from changing
market conditions.

1.2 The Role of Predictive Analytics in SME Decision-Making

Modern trend of organization, specifically of SME’s show that predictive analytics
becomes a fundamental solution improving organizational decision making today. Using
historical information and statistical models, SMEs are able to gain a better understanding of
future customer needs and possible risks, which traditional techniques do not allow to do to the
same extent (Akter et al., 2016). These models can be used when it comes to sales and inventory
management, customers’ classification, and risks evaluation within SMEs. For example in
domain of the market trends prediction, the predictive analytics assist SMEs to notice the new
trends in the customer behavior which can be helpful for changing the products and services it
offers and the way it markets them (Griva et al., 2018). Such anticipative strategy allows SMEs
to prepare for imminent shifts within the market environment and act upon them proactively
before their counterparts.

In light of customer behaviour prediction, the use of machine learning and statistical
models can help SMEs gain better insights about customers in terms of their preferences,
consumption frequency and spending potential. These models also enable SMEs to have a view
of the customers the knowledge gained through historical data, the identification of the
valuable customers, customers’ attrition rate, and the implementation of the cross-selling
marketing strategy aimed at enhancing customers’ loyalty and acquisition of other customers
(Amajuoyi et al., 2019). Moreover, such predictive models can assist SMEs to align its products
and services in relation to a special customer, and thereby engage such customer’s trust and
patronage. The level of customer understanding as such, was only available to organizations
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with large amount of capital and were part of conglomerates, but with help of predictive
analytics customer insights of such level is available for SME’s — Saura et al., (2023).

Despite the fact that the use of the predictive analytics in risk assessment and management
involves various concepts which may not be absolutely applicable to the SMEs, it is crucial
more especially for the SMEs since they operate under thin margins and the impact of the risk
which are caused by market volatilities are very much felt in the business. With the help of
predictive models, as the extensive market data can be effectively analyzed currently, the SMEs
are capable of identifies the potential risk in credit management risks, the supply chain risks,
and the risks associated with market fluctuation (Zhu et al., 2019). With these risks articulated,
potential problems can be averted and controlled, when these areas of vulnerability have been
spelt out, SMEs are therefore in a position to allocate resources needed for investment
appropriately. Additionally, risk management can also be done through use of predictive
analytics in SMEs you will find that the firms violate the law to avoid compliance with
regulation thus collapsing and losing money (Verbano and Venturini, 2013).

1.3 Industry-Specific Adoption Trends of Predictive Analytics in SMEs

The adoption and impact results of the PA models are mixed and can be explained by sector-
specific requirements and opportunities for SMEs to implement PA models. Table 1 provides
a comprehensive overview of the current state of predictive analytics adoption among SMEs
across five key industries: the retail, manufacturing, financial, healthcare and sectors for
electronic commerce. Maroufkhani et al. (2020), Bordeleau et al. (2020), and Saura et al.
(2023) recently published papers with relevant data on the use of predictive analytics, their
primary fields of application, and reported benefits for SMEs in these industries. Conducting
the comparative analysis several key trends and patterns regarding the application of predictive
analytics technologies in various business contexts are identified.

Last, e-commerce turns out to be the most developed industry regarding the application of
predictive analytics, where 27% of small firms reported using advanced analytical tools and
techniques. This high adoption rate can be attributed to the fact that online businesses generate
large amounts of data and the importance of using personalization techniques to increase
customer purchases. E-commerce main pillars in SMEs’ strategies include the following
objectives: recommendation engines, pricing dynamic, and logistics engines. The effectiveness
of these measures is high therefore such gains such as 28 percent increase in conversion rate,
15 percent increase in delivery efficiency are not uncommon among the participants. They
demonstrate the future possibilities of the predictive industry analysis in improving customer
satisfaction and operation effectiveness within the strongly competitive online retail
environment. Financial services come second at 24% of SMEs in this sector leverage predictive
analytics mainly for credit scoring, fraud detection and customer attrition. The amazing results
such as the reduction in bad loans by 30% and the number of customers by 22% allow us to
speak about the crucial importance of the data analysis in the financial sector and its ability to
decrease the risks at the same time increasing the customer relations.
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Table 1: Predictive Analytics Models for SMEs

Industry Sector Percentage of SMEs Top Application Areas Reported Benefits
Using Predictive
Analytics

Retail 16 % Customer segmentation, 15% increase in
Demand forecasting, | sales, 20% reduction in
Inventory optimization inventory costs

Manufacturing 19 % Supply chain 18% improvement in
optimization, Quality | operational  efficiency,
control, Predictive | 25% reduction in
maintenance downtime

Financial 24 % Credit risk assessment, 30% reduction in bad

Services Fraud detection, Customer | loans, 22% increase in

churn prediction customer retention

Healthcare 14 % Patient outcome 12% improvement in
prediction, Resource | patient outcomes, 18%
allocation, Disease outbreak | reduction in operational
forecasting costs

E-commerce 27% Personalized 28% increase in
recommendations, Dynamic | conversion rates, 15%
pricing, Logistics | improvement in delivery
optimization efficiency

Source: Compiled from data reported in Maroufkhani et al. (2020), Bordeleau et al. (2020), and Saura et al.
(2023)

The above table offers a detailed summary on the extent to which SMEs in different
industry sectors have embraced use of predictive analytics. The findings presented in the paper
show that the usage of predictive analytics varies in terms of adoption rates and application
areas for different industries. The e-commerce industry is the most advanced, with 27 % of
SMEs implementing predictive analytics with, major applications including;
recommendations, dynamic prices, and logistics. This is due to the fact that e-commerce
businesses are intense data producing, and the analytics used in such business directly
incorporate into deciding Critical success factors like conversion rate and delivery efficiency.
The finance industry is the second to adopt predictive analytics, with 24 % of SMEs using it
for main processes like credit scoring, fraud monitoring, and client attrition prediction.
Considering the significant findings of this sector, such as, the reduction of unreliable loans by
30% and the increase of customers’ loyalty by 22%, it is possible to focus on the impact of
predictive analytics for risk management and customers’ relationships (Maroufkhani et al.,
2020; Bordeleau et al., 2020).
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Fig 2: Predictive Analytics Models for SMEs

Manufacturing SMSEs reveal high levels of uptake of predictive analytics with 19% using
predictive analytics for supply chain management, product quality and reliability prediction
and predictive maintenance. The depicted 18% enhancement in operation efficiency and 25%
decrease in downtime also depicts the potential of using data in decision making for
manufacturing. However, the lowest adoption rates of 16 % and 14 % are evident in the retail
and healthcare businesses, correspondingly. However, the results shown in these sectors, like
an increase of 15% in sales for the retail sector and a 12% enhancement in patient outcomes
for the healthcare sector, prove that predictive analytics can result in significant potential for
growth and betterment in organisations when the practice is broadened (Saura et al., 2023).
These findings support the increased focus on industry-based recommendations for effective
predictive analytics implementation as well as the necessity of proactive campaigns to
encourage its adoption across sectors with low rates of integration. They also indicate that the
level of adoption and the areas of application of predictive analytics differ significantly across
industries thus implying that there is strength in the cross polination of successful practices in
the use of predictive analytics.

Purpose and Objectives of the Review

The primary purpose of review is to provide a comprehensive analysis of predictive
analytics models for SMEs, focusing on their applications in forecasting market trends,
understanding customer behavior, and assessing potential business risks. Reviewing the
existing state of research and practice, investigate the modern tendencies, the main issues and
prospects in the field of predictive analytics for SMEs. The following hypotheses and
objectives have been formulated to guide the research:

Hypotheses:

H1: The use of predictive analytics models enhances prediction of future trends in the
market thus enhancing effective strategic plans in SMEs.

H2: Understanding of customer behaviour using predictive modelling results in improved
customer satisfaction and added SME’s revenue.

H3: Adoption of predictive risk assessment models act as a mitigation measure against
future losses and enhances the general stability of SMEs businesses.

Objectives:

1. In order to compare effectiveness of diverse strategies of analytical models used in the

SME market trends prediction on different industries.
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2. To compare the effect of customer behavior prediction models on the promotion and

customer loyalty level among SMEs.

3. To evaluate the worth of the predictive analytics in preventing the risks that may harm

the business among the SMEs.

4. To determine the specific areas that SMEs encounter difficulties in using and deploying

PA models.

5. To identify possible strategies and strategies to avoid in an attempt to increase the use

of predictive analytics for SME:s.

Through the accomplishment of these objectives, review hopes to help SME owners,
managers, and policymakers understand key directions for improvement concerning the
application of PA models. The results of the review will extend the understanding of the
application of predictive models in SMEs’ decision-making processes and provide valuable
insights for utilising data science as a tool for developing business strategy and enhancing
company’s performance and competitiveness.

2. MATERIALS AND METHODS

2.1 Research Design and Approach

The approach adopted in this systematic and structured literature review of the models of
predictive analytics for SMEs capture all records effectively and efficiently. Therefore, to give
the perception of the state of knowledge on the use of PA in SMEs for the identification of
trends in the market and customer behaviours and other risks, systematic literature review was
carried out. This approach alone allows for a systematic review of the contemporary work for
the flexibility to identify key issues, prospects, and ossifications in practice. The systematic
review approach helps to minimize bias and presents straightforward and easily definable
methodology to synthesize data from the pool of available literature (Sivarajah et al., 2020).
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Fig 3: PRISMA flow chart
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To minimize potential biases, prior to commencing data extraction, a search protocol was
developed and documented in advance and included: The changes that occurred in the
electronic search methods, the eligibility criteria and the completed data extraction checklist.
This protocol was developed based on the PRISMA statement guideline for performing
systematic reviews as appropriate practice (Rana et al., 2022). The study adhered to the
standardisation norms of the study and followed all the laid down procedures which is
important in the replication of check and balance method for the convenience of the other
researchers who would want to conduct an independent study based on the current research
study. Thus by adhering to these strict methodological requisites, the review was aimed at
providing a comprehensive and accurate status of identified effects and benefits of PA models
for SME:s as stated in the existing scholarly literature.

2.2 Search Strategy and Data Sources

To improve the systemization of literature on predictive analytics models concerning
SMEs, an exhaustive literature search study was initiated. To increase the rate of finding the
existing literature, the search was done in several electronic databases. The major databases for
this review are WEB OF SCIENCE, SCOPUS, IEEE XPLORE, ACM Digital Library &
GOOGLE SCHOLAR. These databases were selected due to their coverage of business,
management, Information science, computer science, MIS literature. Moreover, by collecting
relevant publications and reports, in addition to the white papers, some of the important and
practical aspects and applications of the PA in SMEs were supplemented from the industry and
consulting companies (Choi et al., 2020).

The articles were randomly searched according to keywords and Boolean operators so that
the most appropriate articles for the study could be selected. The main search terms included
variations and combinations of the following concepts: “predictive analytics”, “forecasting
models”, “Machine learning”, Small and Medium Sized Enterprise”, “SMEs”, “Market trend”,
“customer behaviour”, “Business risk” These search strings were developed to fit the
parameters of each of the frames to enhance the articles’ capture. In addition, to sample more
of the potentially eligible studies, the reference list of identified articles was manually searched
in an effort to identify other related articles that may have been left out in the database search.
One approach employed in the search is called ‘snowballing,” which allows for the inclusion
of papers that may not be indexed in the primary databases, thus promoting broader review
(Gupta et al., 2020).

2.3 Inclusion and Exclusion Criteria

Because of the necessity to analyze a large amount of information and filter it, determining
what sources fit the given criteria for inclusion or exclusion, was established beforehand. The
criterion of selection regarding the search was performed in such a way that only research
directly targeting the use of predictive analytical models in SMEs for market prediction,
customer behaviour or business risks were encompassed. Studies were included if they met the
following criteria: (1) on SMEs according to the specific national or international standards;
(2) on the development, implementation, and assessment of the PA models; (3) in the peer-
reviewed journals, conference proceedings or reputable industry reports; (4) written in English;
(5) published from 2010 to 2024 to capture the latest trends in the field (Dong and Yang, 2020).
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Papers to eliminate were identified based on exclusion criteria so that only works that
would directly help to solve the research goals were included. Studies were excluded if they:
Some studies were excluded simply because they: (1) addressed only large enterprises without
any reference to SMEs; (2) discussed data analytics in general terms without a predictive
function; (3) were of a theoretical nature without an essentially applied bent or empirical data;
(4) were unavailable to be accessed in full text; or (5) were, in the authors’ perspective, too
similar to other works already included in the systematic review. These criteria helped to filter
the review of the literature in order to assess studies that were of good quality and importance
to the research topic to gain better understanding of how predictive analytics models are
implemented in SMEs. In so doing, the identified criteria for considerations will help the
review to reduce the potential of including irrelevant and low-quality literature (Rikhardsson
& Yigitbasioglu, 2018).

2.4 Data Extraction and Analysis

After the identification and selection of the eligible studies, a selective data abstraction
procedure was used to extract data from each of the selected articles. To lead to an improved
comparison of the studies, a standardised data extraction form was created to collect the data.
The information gathered by the form included the author and the year of the study, country,
research design, number of participants, types of predictive analytics models applied, fields of
application, main findings, benefits reported, and challenges pointed out. Such a structured
approach to the extraction of data was beneficial when setting up ontologies for synthesizing
the vast information within the analysis of the current state of literature review on developing
predictive models for SMEs, as posited by Schléfke et al., 2012.

The extracted data were then analyzed through a quantitative and qualitative method.
Exploratory study was conducted to assess the trend of usage of various kinds of predictive
analytics models, domains, and benefits of analytics as perceived by industry and geographic
locations. This paper offered a brief understanding of the status and performance of several
forms of predictive analytics in the SME environment. For the purpose of analyzing the themes
in the presented study about the implementation issues, success factors and best practices
regarding the application of predictive analytics models for SMEs, both thematic and content
analysis methodologies were employed. Such an integrated meta-analysis enabled us to not
only calculate statistical associations but also to acquire the insights from the restricted set of
studies (Wu et al., 2023).

2.5 Quality Assessment

In order to establish the credibility and dependability of the findings, an evaluation of the
quality of the studies that were used was deemed necessary. Using systematic review
methodological guidelines, a predetermined matrix of quality assessment criteria was chosen
and slightly modified based on the characteristics of the studies selected for analysis of
predictive analytics in SMEs. The evaluation criteria were: research method, sample
size/selection, study aims & objectives and interpretation/analysis of materials, and identifiable
sources of bias. The assessment of the quality of each study was performed independently by
two reviewers; studies with disagreements were discussed, and discrepancies were resolved
among the reviewers. This approach of quality assessment proved useful in identifying quality
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studies that could supply sound evidence and knowledge and at the same time informing
limitations within the existing literature (Wang et al., 2022).

The —quality assessment findings were applied to judge studies in the synthesis and
interpretation of the findings. Swbicj, when the papers were of higher quality, they were given
more priority while making conclusions and more so while coming up with recommendations.
This approach ensures that the review’s recommendations are anchored on the best and most
dependable research literature in the area of predictive analytics for SMEs. To incorporate this
quality assessment step into the review, the ideas are to give a critical but presented check of
the existing literature that points both to the qualities and the areas of improvement in the
existing body of work (Radanliev et al., 2020).

3. LITERATURE RESULTS AND DISCUSSIONS

3.1 Effectiveness of Predictive Analytics Models in Forecasting Market Trends for
SMEs

3.1.1 Industry-Specific Applications and Success Rates of Market Trend Forecasting

These findings imply that market trend forecasting models are more or less effective
depending on the industry since they are influenced by the nature of the industry and the type
of data used in the models. In the retail industry, predictive analytics has been found to be
especially useful for predicting purchasing trends and managing stock. The research by Griva
et al. (2018) showed that the employing of more sophisticated forecasting models resulted to
increased accuracy of the forecast by 15%. These improvements in accuracy were
straightforward; stockouts were lower, cash flow improved, and, by extension, so did customer
satisfaction. E-commerce industry has become a trendsetter in applying complex strategies for
forecasting market trends, 27% of the SMEs has used advanced analytical tools (Saura et al.,
2023). Due to the wealth of information resources, online SME businesses form a favorable
context for the use of PA technologies that allow e-Commerce SMEs to leverage new trends
and fine-tune approaches to product offerings in real-time.

In the manufacturing sector, the usage of forecast models for trends in the market has been
instrumental in assisting SMEs on issues of supply chain and production planning. According
to Bordeleau et al. (2020), firms that deployed predictive analytics for demand forecasting for
manufacturing SMEs improved their operations’ productivity by an average of 18%. This
improvement was due to the enhanced match between production targets and market reality,
thereby reducing inventory carrying costs and enhancing the use of resources. However,
today’s manufacturing organizations still lag behind the retail and e-commerce sectors in terms
of the utilization of sophisticated forecasting models by SMEs where 19% have been using
these models only (Maroufkhani et al., 2020). These condition stress the need to have solutions
that are cutout for industry due to the specific condition that SME manufacturers can endure
like long lead times and complex supply chain.

3.1.2 Factors Influencing the Success of Market Trend Forecasting in SMEs

In determining the level of effectiveness for predicting market trends in SMEs, Pugh
proposes several factors within the organizations, technology, and environments. It is apparent
that data quality and availability are the most significant factors that affect accuracy in
forecasting for all kinds of industries. Organizations that pay attention to good data collection
and data management perform better in regard to the accuracy of their forecasting (Cosenz &
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Bivona, 2021). The synthesis of inconsistent internal transactional data with customer feedback
and external market data increases the robustness of the forecast. However, lack of coordination
in these areas among the SMEs leads to a lot of disparities and gaps which greatly affect the
quality of their forecasts. These data-related issues cannot be solved without a strategic
emphasis on data management and without investing in data interfacing tools.

The level of organizational readiness and management support also has an important
influence on the effectiveness of the concept of market trend forecasting models. Where there
is Buyer-Supplier strategic partnership, the SMEs are more likely to realize value from their
forecasting activities where there is culture of data usage and leadership commitment on
analytics (Lutfi et al., 2022). This incorporates aspects such as devoting adequate time to data
analytics, offering a learning opportunity to staff, and encouraging use of data in the decision-
making process. Lutfi et al. (2022) established that organizations with a high level of ORI for
the application of PA attainment attained a 25% higher ROI than firms with low ORI levels.
This also highlights the significance of organizational conditions in the achievement of
favourable results by means of applying market trend forecasting models.

The level of advance technological solutions and analytical tools availability also
determines the effectiveness of market trend forecasting in SMEs. Advanced forecasting tools
are now accessible to entities of any size by leveraging scalable, cloud-based analytics
platforms, thereby resulting in little investment cost and time for SMEs despite the higher
degree of complexity introduced (Chang, 2014). However, immediate and efficient application
of these tools demands some extent of analytical capability within the organization. The
specific expertise to gain tactical insights from the models is another area where SMEs are
better placed by either hiring dedicated staff or promote personnel within to be able to develop
adequate analytical talent in-house. According to Bordeleau et al. (2020), firms that have
established dedicated teams with proficiency in data analysis receive 30% higher accuracy in
the market forecasts than firms that hire consultants or use off-the-shelf solutions.

3.1.3 Comparative Analysis of Traditional versus Advanced Forecasting Methods in
SMEs

A literature analysis shows that there is a considerable difference between the naive
forecasting methods and the modern predictive models when applied to SMEs. Simple
techniques like moving averages and simple regression models have been often employed by
SME:s as they are easy to implement and do not require a high implementation cost. However,
these methods fail to tackle complex market behavior and also do not work well with a large
numbers of records. Okeleke et al. (2021) established that SMEs that undertook market trend
analysis using advanced machine learning model outperformed their counterparts by an
average of 35%. This improvement can be represented in terms of solutions and business

applications such as inventory control, marketing, and financial forecasting.
Table 2: Comparative Performance of Forecasting Methods in SMEs

Forecasting Average Implementation Data Ease of
Method Forecast Cost (1-5 scale) Requirement (1-5 | Use (1-5

Accuracy (%) scale) scale)
Moving 65 1 2 5
Average
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Exponential 72 2 3 4
Smoothing

ARIMA 78 3 4 3
Random Forest 85 4 5

Neural 89 5 5 1
Networks

Source: Adapted from Okeleke et al. (2021) and Saura et al. (2023)

Table 2 presents the comparative analysis of the four types of forecasting concerning their
accuracy, costs, data demands, and clarity. Despite that Random Forest, Neural Networks have
higher accuracies as compared to the others mentioned in this paper, they have relatively higher
cost of implementation and data demands. This poses a major worrying factor for SMEs
because while embracing these models may help in increasing forecast accuracy, the cost and
complexity involved may force SME and resource-starved firms to focus on other rewarding
aspects of their business functions. Saura et al. (2023) revealed that the organizations that used
the simple models for everyday forecasting and the complex models for more strategic and
long-term planning performed the best according to the measures of forecast accuracy and
demand on resources.

The extent of the use of sophisticated methods of forecasting is not standard across SMEs
depending on industry and location. Savvy industries that incorporate detailed algorithms into
their operations include the e-commerce and the financial services industries because of the
trade’s dependence on data and the significance of the accuracy of these estimates on specific
business strategies. However, the SMEs operating in the manufacturing and retail industries
lag behind in terms of the use of advanced forecasting techniques, primarily attributing the
limited utilization to a lack of resources and technical know-how (Maroufkhani et al., 2020).
This divergence then calls for more targeted interventions and call for assistance to help SMEs
in every sector to discretely use what can improve their forecast techniques.

This gap is significant especially during volatile markets and this is why most organizations
are realizing the need to adopt advanced forecasting methods. Wu et al. (2023) conducted a
study whereby he realized that when economic risk is high, firms that employ machine
learning-based forecasting models achieve a mean accuracy of 82% as opposed to 61%
accuracy of firms that employ traditional methods. This continued sustainment of accurate
forecasts during such turbulence establishes the compounded importance of more sophisticated
predictive analytics with growing SMEs’ capacity to function effectively in volatile and
uncertain contexts. However, to fully benefit from models, they have to be adopted in line with
each SME’s circumstances, including the selection of appropriate models, management of the
necessary data, and development of relevant organisational capabilities.

3.2 Impact of Customer Behavior Prediction Models on SME Marketing Strategies

3.2.1 Evolution of Customer Behavior Prediction Techniques in SMEs

The customer behaviour prediction strategy for the SMEs has thus been shaped through a
number of changes in the last several years due to increasing analytics and machine learning
tools. Customer behavior prediction and segmentation based on customer attributes and prior
purchase behavior have evolved and to some extent supplemen ted or completely replaced by
predictive models. These modern techniques utilize a plethora of inputs available in the
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transactional data, browsing history, social media interactions, and IoT devices for the
generation of the perfect customer profile as well as to predict future behaviors with high
accuracy measures (Abrokwah-Larbi & Awuku-Larbi, 2019). The development of such
techniques has been considerable in the case of SMEs as they have seldom had the capabilities
and resources of doing large mailed surveys or having a vast CRM system in the past.
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Fig 4: Benefits of Data Analytics in Small Businesses: Accessed from; hitps://www.phygital-
insights.com/blog/types-of-business-data-analytics

The above figure 4 highlights the next stage in this evolution: predictive analytics. This an
advanced strategy that helps SMEs to capture customer behavior and trends, estimate the
potential demand for certain products or services, and threats. This is a major development in
being able to predict customer behavior, allowing SMEs to be more proactive, rather than
reactive, in the way they approach customers.

This evolution can be explained with reference to the different types of analytical and is
best explained through the use of an image as shown below. Descriptive analytics serves as the
initial level; these involve basic analysis of data to identify trends, patterns, assess the impact
and effectiveness of past activities and data representation using charts, graphs, etc. This forms
a good foundation from which they can be able to forecast future pattern of customer behavior.
In extending descriptive analytics, diagnostic analytics helps SMEs identify the causes of
certain results and compare datasets for recognizing patterns and discrepancies in performance.
Such a level of analysis enables decisions and solutions to be made based on the analysis of
data, which can assist SMEs in comprehending the ‘why’ of customers.

Initial applications of the customer behavior prediction models were mostly the
segmentation and churn prediction among the SMEs. Such first attempts at using predictive
analytics were quite basic and often included only basic logistic regression models and decision
trees, which although were than the existing methods provided a very finite view into
customers’ behaviours. The study by Amajuoyi et al., (2019) maps out this evolution and found
that by 2015, about 15% of the SMEs were using some sort of predictive analytics for customer
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behaviour, with most of them being primarily concerned with churn management and basic
CLV approximations. However, such models could be flawed and were not very effective in
terms of targeted marketing and customer loyalty at the initial stage.

3.2.2 Key Performance Indicators for Assessing the Effectiveness of Customer Behavior
Prediction Models

The measurement of the customer behavior prediction models in SMEs requires a set of
metrics that will determine the efficacy of the models in predicting aspects of the customers
that will benefit the business. These KPIs provide the essential reference points for SMEs to
measure the degree of ROI on predictive analytics or to further enhance the process.
Synthesizing the literature analysis, there are several theses concerning critical KPIs that can
be used to estimate the CU behavior prediction models in the frame of SMEs contemporarily

recognized as standard.
Table 3: Key Performance Indicators for Customer Behavior Prediction Models in SMEs

KPI Metric Description Average
Category Improvement
(“o)
Prediction AUC-ROC Score | Measures the model's ability to 25-35
Accuracy distinguish between classes
Prediction F1 Score Balances precision and recall in 20-30
Accuracy classification tasks
Business Customer Predicts the total value a customer 15-25
Impact Lifetime Value | will bring over their relationship
(CLV) with the company
Business Conversion Rate | Percentage of leads or prospects 20-30
Impact that become customers
Operational Campaign ROI Measures the return on investment 30-40
Efficiency for marketing campaigns
Operational Customer Cost associated with acquiring a 10-20
Efficiency Acquisition Cost | new customer
(CAC)
Customer Net Promoter | Measures customer loyalty and 15-25
Engagement | Score (NPS) likelihood to recommend
Customer Customer Percentage of customers retained 10-20
Engagement | Retention Rate over a specific period

Source: Compiled from Amajuoyi et al. (2019), Kedi et al. (2021), and Saura et al. (2023)
As shown in Table 3, the process of evaluating the prediction models concerning customer

behavior in SMEs is complex and involves several indicators. The AUC-ROC grade and the
F1 grade are the technical measure of the model in terms of accurately recognizing and
predicting customer behaviors. Literature reveals that organizations using advanced predictive
models observed an increase in the AUC-ROC scores ranging between 25 to 35% more
compared to conventional segmentation techniques (Kedi et al., 2021). However, although all
these technical metrics are crucial, they are not easily expressed in terms of tangible business
advantage. However, customer satisfaction and business impact KPIs are indispensable as well,
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including Customer Lifetime Value (CLV) and conversion rates for SMEs. Amajuoyi et al.
(2019) in their study noted that the SMEs that implemented and utilized customer behavior
prediction models of different nature achieved enhanced customer lifetime value (CLV) by 15-
25% and enhanced conversion rates ranging between 20-30%.

Necessary Campaign ROI and other Operational efficiency KPIs illustrate the economical
effectiveness of integration of customer behavior prediction models. Self-generated, as
suggested by Saura et al. (2023) advanced predictive analytics used in customer targeting and
campaign optimization exposed that the overall improvement in Campaign ROI ranges from
30-40 per cent among the SMEs involved in the research. This enhanced marketing
productivity, all evidence that the practical relevance of predictive models is to reignite
marketing effectiveness while yielding optimal results from limited resources, benefiting
SMEs. Also, Customer Acquisition Cost reduction that makes up to 10-20% proves the
economic efficiency of more targeted selection of clients and their use of the personalized
marketing strategies defined by predictive analytics.

Metrics like NPS and Customer Retention Rate give a long-term view of the result of
adopting customer behavior prediction models towards the customer relation and loyalty.
Analyzing the literature, it can be stated that, SMEs using predictive analytics for CN purposes
and focusing on customer experience had NPS score increase in the range of 15-25% (Kedi et
al., 2021). The enhancement of customer loyalty and advocacy not only ensures a higher
retention rate but also a form of growth through the recommendation of the products and
services to friends and others. The evaluation of all these different KPIs allows SMEs to have
a clear view of the organization’s performance when using customer behaviour prediction
models in their marketing campaigns.

3.2.3 Integration of Customer Behavior Prediction Models into SME Marketing
Strategies

Several issues have to be taken into consideration for customer behaviour prediction
models to be implemented effectively in SME marketing activities. Incorporating such
specialized tools into these domains means that SMEs could be exposed to domain specific
facts and benchmarks, thus possibly reducing entry barriers while making insights derived from
predictions more valuable across several fields.

By implementing these recommendations and acting accordingly to the trends associated
with modern advanced analytics, SMEs can prepare to unleash the full potential of data driven
decision making. Over time, SMEs that have developed the capabilities to accommodate and
support Predictive Analytics will be well positioned to manage risks, focus on customers’ needs
in anticipation and achieve sustainable competitive advantage in the current sharply
competitive business all these aspects have to be considered to ensure that the prediction
models would make sense in terms of company’s overall performance and organizational
possibilities. Such integrations typically require major alterations to marketing task and
decision-making systems, which are either beneficial or problematic for SMEs. This literature
unveils a number of strong activity and directive formulations as well as recommendation that
can help SME marketers implement and integrate predictive analysis successfully. As depicted
in Fig 5, e-commerce systems consist of different interrelated components, such as User
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behaviour dynamics and supply chain networks that enable and are part of the predictive
analytics for business management innovations.
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Fig 5: Role of Complex Systems in Predictive Analytics for E-Commerce Innovations in
Business Management

Customization in large quantities has become the main use of customer behaviour
predictive models in SME marketing plans. Using predictive information, these SMEs can
further refine their communications, personalized marketing messages, and product offerings
to match customer inclinations. According to the study done by Joel and Oguanobi (2017),
personalised marketing strategies using predictive analytics saw a higher level of customer
engagement rates of 35% as well conversion rates that were 28% higher than conventional
segmentation techniques. This marketing improvement by SMEs exemplifies how an effective
model can help firms improve their marketing communication with their target market in terms
of timing, frequency and relevance. The last two features shown in fig 5 that of user behaviour
dynamics and resulting in customer journey mapping or personalized recommendations are
integral to this type of product marketing.

Another effective application of the customer behaviour prediction models relates with
dynamic pricing strategies as another solution for SMEs. This designed information can be
very helpful in determining the precise pricing mechanisms that will benefit SMEs by using
purchase data, analyzing customers’ segments and real-time market trends through the usage
of predictive models. Usman’s et al. (2016) provide an evidence that the companies which
implement dynamic pricing methodologies with the help of predictive analytics saw the
average addition of 18% to the profit margins and the retention rate of 12%. These results
highlight that predictive analytics has the ability to add real value for SMEs in terms of
improved short term profits as well as superior long term customer connection. The complex
systems in e-commerce make market trends and competition analysis inputs to the pricing
strategies, as captured in Fig 5 above.
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3.3 Role of Predictive Analytics in Identifying and Mitigating Business Risks for
SMEs

3.3.1 Landscape of Risk Assessment Models for SMEs

Predictive analytics in risk assessment and management has equally assumed a vital role
mainly in SMEs due to the prevailing volatile and competitive environment. The literature
review in this study shows that there operates more diversified risk assessment models
particular to the SMEs risk profiles in their respective industries. These models make use of
time series data, market trends and probabilistic techniques to analyze possible risks as well as
offer solutions on how the risk can be managed.

Credit risk assessment models have become one of the key applications of the predictive
analytics within SMEs, and more specifically in the financial services industry. Standard credit
scoring techniques are ineffective in evaluating SMEs’ creditworthiness since many of them
have limited reporting history and do not use standard reporting formats. SME credit risk
assessment strengthens prove the use of advanced predictive models including machine
learning algorithms and other forms of data. In the study by Altman and Sabato (2007) they
discovered that credit risk models specific to SMEs were 30% more accurate in their
predictions as compared to generalized corporate models. This higher precision would also
allow the financial institutions to improve the credit standards hence possibly expand credits
to the SMEs while at the same time reducing credit risks.

Risk assessment models have however emerged to provide a framework for manufacturing
and retail SMEs amid complicated supply chain worldwide. These models use past
performance data of suppliers, market trends, and geopolitical risks to estimate disturbances
and evaluate organizational repercussions. According to the study by Zhu et al. (2019), firms
that applied predictive analytics for supply chain risk evaluation set down a 25% improvement
in supply chain disruptions and got to be 20% more efficient in inventory management. These
improvements demonstrate that predictive analytics has the potential to increase supply chain
robustness as well as operational excellence for SMEs.

All these models serve the function of market risk assessment in assisting the SMEs to
manage volatile market conditions and to find out new opportunities for net gains or threats.
Such models usually analyse tweets, competitor info and other social media posts, as well as
macroeconomic data to give a full picture of the market. Wu et al (2023) show that the advance
market risk assessment models used by SMEs improved the accuracy of strategic decisions by
22% and a greater growth of market share by 15% when compared to SMEs using traditional
market analytical tools. This improved market information allows the SMEs to better respond
to the changes regarding the market place and take advantage of the new trends.

3.3.2 Integration of Predictive Risk Assessment in SME Decision-Making Processes

Ensuring that the information derived from the decision aids are integrated eftectively into
SMESs’ decision making processes needs to follow proper systematics where risk information
is aligned with organizational goals and functional requirements. Some of the main approaches
suggested in the literature to effective integration of predictive risk analytics into SME
governance and management frameworks include the following.



Ugbebor et al, 2024 372

45
40
35
30
25
20
15
10
5
Risk Automated Scenario Risk- Collaborati
Dashboard = Risk Alerts Planning Adjusted ve Risk
Implement Integration = Performan = Assessmen
ation ce Metrics t
B Adoption Rate (%) 45 38 32 28 25
B Average Impact on Risk Mitigation (%) 30 25 35 20 40

Table 6: Integration Strategies for Predictive Risk Assessment in SMEs; Data Source:
Compiled from Verbano and Venturini (2013), Radanliev et al. (2020), and Wang et al. (2022)

Figure 6 presented above shows a diverse range of strategies employed by SMEs in the
implementation of the predictive risk assessment in their business decision-making processes.
Realization of risk dashboard appears as the most practised approach with about 45% of the
immersed SMEs practicing it. These dashboards give an overview of various risk related
parameters and potential risks that can inform the decision makers about the nature of risks
that an organization might face. An empirical study by Verbano and Venturini (2013) confirmed
that SMEs adopting complex risk graphs reported an average of 30% enhanced risk
management efficiency. Another integration strategy is automated risk alerts, of which 38
percent of the SMEs in the survey use. These systems use statistical models to constantly track
magnitudes of risk indicators and issue signals upon the attainment of specified bound. This
approach to risk management lets SMEs act effectively, specifically in response to new threats
and opportunities. According to the paper by Radanliev et al. (2020), the companies that
adopted automated risk alert systems for risk detection realized that they were freeing up a
quarter of the time used to respond to other critical risks.

Another type of risk which has been integrated into the scenario planning processes by
32% of the surveyed SMEs is the predictive risk models. It helps the organisation to mimic the
real circumstances, influence different risks on the organisational goals. Therefore, the use of
predictive analytics in strategic management helps SMEs to build better and sustainable
business models. Wang et al. (2022) showed that the level of cognitive IT capability affected
by the use of predictive risk models leads to a 35% improvement in long-term strategic
planning advances in the accuracy of the SME. Followed by collaborative models that are less
frequently implemented but that entail the use of prediction insights with an average positive
impact upon risk mitigation efficiency of 40%. This strategy involves the teams responsible
for business operations to collaboratively analyze and respond to risks forecasted from
predictions by other functional teams. The study by Verbano and Venturini (2013) also
identifies the need to focus on the improvement of a risk-aware culture together with the
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importance of bridging organizational departments when setting up and implementing
predictive risk assessment models in SMEs.

3.3.3 Comparative Analysis of Traditional versus Predictive Risk Assessment Methods in
SMEs

New developments in the area of predictive analytics have further opened up the
opportunities for evaluation of risks in SMEs and give the more reliable evaluation as compared
to the previous techniques. The study of results obtained in the framework of traditional and
predictive risk assessment allows comparing the efficiency, speed and the volume of resources
required. Examinations used by conventional techniques include use of historical financial
ratios, industry analysis by experts, and simple averages. While these techniques are not
complex, and their costs are not very high, they have limitations such as the inability to consider
other non-linear relationships and evolving risks. By employing consumer credit data for
SMEs, Tobback et al (2017) found out that the traditional credit scoring models had a global
accuracy of 68 % on the defaults while the machine learning based credit scoring models made
it possible to achieve 85%. Such an enhancement in accuracy could be equally interpreted as
enhanced decision making on risk and possibly increased credit availability for SMEs. The
new method of risk assessment is known as predictive risk, and risk assessment is based on the
use of big data, machine learning, and instant analysis. These advanced techniques can
integrate numerous other forms of structured and unstructured data input such as accounting
and financial statements, market trends, social media sentiment, and macroeconomic indexes.
The research conducted by Zhu et al. (2019) shows that the development of predictive supply
chain risk models can result in the increase of disruption prediction mean absolute error by
40% when compared to the traditional approach utilizing historical data and experts’
estimations. This improved ability to forecast can be extended into providing chance factors
that allow SMEs to manage supply chain risks before they occur.

However, the effectiveness of the predictive risk assessment methods comes with some
disadvantages especially in data demands and advanced skills in recognizing the risks among
SME:s. The existing techniques are less data-intensive, and trivial computations can be done
with the help of simple spreadsheet software, unlike advanced analytical models; hence, they
are more suitable for resource-limited SMEs. Contrarily, predictive models often entails bigger
data samples and the use of better analytical tools. Maroufkhani et al., (2020) when surveyed
the number of SMEs, identified that 65% pointed to data availability and quality as areas that
hinder the effective implementation of more sophisticated risk models.

3.4 Challenges in Adopting Predictive Analytics Models for SMEs

3.4.1 Resource Constraints and Financial Barriers

The major problem that SMEs experience while using predictive analytics models is that
they meet a lot of resource constraints and financial challenges. While large companies
worldwide allocate significant budget for technology spending, SMEs may rarely afford to get
caught up in higher budget spending for analytical and coordinated tool investments. Similarly,
Liu et al. (2020) discovered that 72% of the SMEs who participated in the study identified
finance as a barrier to the adoption of enhanced predictive analytics solutions. This financial
constraint influences not only the acquisition of the technology but also the ongoing expenses
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related to its use such as storage of the data, computational needs for analytics, and
maintenance of the analytical tools and systems.

The expenses associated with purchasing and implementing the appropriate hardware and
software for predictive analytics often proof to be above financial reach for most SMEs. How
cloud solutions have appeared in a number of studies as more reasonable and expansible
remedy to the problem? But even these solutions demand constant investments on a very large
scale. Research by Chang (2014) shows that the cloud-based analytics platforms can lead to up
to 60 % reduction of the initial costs compared to on premise solutions however, the SMEs stay
challenged in justifying the recurrent costs where it may be hard to justify the ROI wherein the
results may not be elaborated the first time. Labour cost is another clear source of expense that
puts SMEs off greatly. Finding qualified data scientists and analytics professionals can be
costly since job offerings tend to be well beyond the means of small to midsize organizations.
The study conducted by Moeuf et al. (2020) shows that 65% of SMEs mentioned qualified
talent attraction and retention as an issue for analytics and this is because bigger firms offer
better remuneration. This talent gap makes it difficult for many SME:s to hire internal experts
or outsource the professionals which might lead to low efficiency of the predictive analytics
projects.

Additionally, the other overhead costs related to the implementation of the PA models
include the staff related costs and re-orientation costs that may also pose a problem due to their
relatively high costs for the SMEs. These hidden costs are not factored in the initial up-front
costs hence leading to implementation issues and cost explosions. The research by Bordeleau
et al. (2020) established that average SME underestimated the full cost of the predictive
analytics by 30-40% through omitting such costs. Such a financial misjudgment can result in
project halting or reduced-scale deployments, which may confine the value of predictive
analytics for SMEs.

3.4.2 Data Quality and Management Issues

The issue of data quality and data management is a major problem for sme when making
attempts at implementing the predictive analytics models. The reliability of a predictive model
is directly tied to the quality, quantity, and especially relevance of data fed into the model for
training and operationalization. The cross-sectional nature of some SME datasets, often with
gaps in time-series data, pose significant issues to the forecasting accuracy of predictive
analytics for many businesses. This issue is manifested most severely in large organisations
where growth is incremental, and there is little or no strategic blueprint on how information
should be addressed at the strategic level. The conflicts within the organization departments
lead to the establishment of dissimilar systems in data handling. Similarly, in a study conducted
by Corte-Real et al. (2017), 68% of Small to Medium-sized Enterprises expressed that they
faced severe challenges in aggregating data from different sources into a single point of
reference that can be used analytically. This fragmentation not only hinders the creation of
complex models of prediction in terms of being composed of data, but also exaggerates the
issues of data pre-processing.

A major challenge that SMEs have to contend with when they try to adopt and integrate
predictive analytics is data quality. Small organizations tend to have limited data governance
policies and weak quality assurance procedures that lead to inaccurate and unconventional
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datasets. As shown in the study conducted by Lutfi et al. (2022), 55% of the SMEs identified
that concerns in the quality of data were among the main barriers to adopting predictive
analytics. These quality issues could therefore mean simple things like wrong entries with other
complicated problems like old data or data that could be different within the various systems.
Inaccurate data also reduces the credibility of the predictive model that is produced and
misleading the business decision-making processes.

The nature and amount of data which is needed to support predictive analytics can also be
very large and diverse for SMEs. Large organisations have giant pools of historical and real-
time data visibility but small organisations may often have inadequate data to feed into the
model or else the data they feed into the model may not be sufficient to yield accurate predictive
models. According to Maroufkhani et al. (2020), more than two out of five companies —
specifically, 43% of SMEs — claimed that they faced difficulties in collecting and storing the
amount of data required for complex applications of analytics. This limitation may limit the
kinds and the extent of predictions that can be made based on it, especially where, as in the
case of customer profiling or market trends projections, large and diverse databases are
desirable. In addition, difficulties in effectively and efficiently managing and protecting
information are commonplace in SMEs especially with growing and changing data protection
legislation like the GDPR. Although Rana et al. (2022) reveals that the major concern of SMEs
regarding the implementation of predictive analytics solutions is compliance with data
protection laws, only 62% of the respondents noted this issue. The nature of these regulations
poses additional difficulties for SMEs in the context of data management, which they would
need to address by investing in safeguarding data as well as performing analytics while
preserving privacy.

3.5 Potential Solutions and Best Practices for Overcoming Barriers to Predictive
Analytics Adoption

Some of the potential solutions and best practices that have been proposed from the
literature to mitigate the challenges that SMEs face when implementing Predictive analytics
include the following: One such strategy is the incorporation of cloud analytics solutions for
SMEs, which allows for affordable and flexible solutions that can be implemented on a larger
scale without incurring the initial capital in equipment and software as it would be required in
large corporations (Chang & Bondy, 2013). Most of these platforms are easy to use and come
with analytical models which can readily be implemented and do not require much technical
knowledge thus making it easier for the SMEs to implement. On the other hand, cooperation
with academic institutions or technology suppliers could facilitate overcoming this obstacle
and ensure access to specific knowledge and resources (Bordeleau et al., 2020).

Therefore, it is recommended that SMEs should formulate and execute the strategy in a
step by step manner, and the objective of this paper is to offer a range of guidelines to achieve
this goal. This approach implies that the use of analytics should start with easy and less complex
projects that can at least deliver specific benefits to the business as the organization gains
confidence and skills on the use of analytics (Maroufkhani et al., 2020). Such an approach fully
aligns with the aims of evaluating the effectiveness of the applied PA models and identifying
key concerns of SMEs related to adoption.
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To manage data quality and management concerns, the attention should be paid, and larger
SME:s, in particular, can invest in the enhancement of data governance and the usage of joint
data management tools. Another benefit of the proposal is the improvement of the quality of
the underlying data, and its scalability Since using a common data collection format and storing
it in a common database form across an organisation leads to massive improvements in data
quality for analytics, (Corte-Real et al., 2017). Moreover, the availability of larger sets of
external data and general industry standards may supplement internal information, thus
enhancing the prediction quality for SMEs (Liu et al., 2020). This is why it is very important
for the organization to have cultural shift towards the embracement of data. This involves
providing staff development programs for occupants, fostering organizational mobility among
employees, and showing organizational support for the management of (Lutfi et al., 2022)
Information. Through proper completion of the required duties of relating analytics initiatives
to corporate objectives and aims and by demonstrating that analytics is creating tangible value
and benefits, realizing positive ROI and touching on business indicators, SMEs may build a
compelling case internal to refine current or foster new forms of predictive analytics tools.

3.6 Future Trends and Opportunities in Predictive Analytics for SMEs

The subject of the usage of prediction for SME is ever in a revolutionary state of change
due to the growth in technology as well as the changing trends of the business market. One
notable trend is the advanced utilization of artificial intelligence and machine learning
techniques in the predictive analytics solutions, which has made the predicted models more
precise (Wang et al., 2022). Many of these Al-based analytical tools are introduced to SMEs,
meaning that they can gain higher levels of automation on intricate analytical processes and
extract further value from various data sources. This trend supports the hypothesis postulating
that the increased use of predictive analytics models leads to enhancement of SMEs’ capacity
to predict the market trends and therefore make strategic decisions. The advancement in edge
computing and IoT technologies opens up new possibilities for SMEs to harness real-time data
for predictive analysis. By processing data at the source level, edge analytics makes decisions
possible faster than traditional data analytics making it ideal for industries like manufacturing
and logistics (Radanliev et al., 2020). This development helps to justify the goal of testing the
effects of customer behaviour predictive models on SME marketing tactics and customer
loyalty numbers since direct, individualised contacts with consumers are feasible with this
method.

One of the significant growing edges in predictive analytics that has drawn significant
focus in recent years is Explainable Al or XAl In the context of SMEs, XAl approaches can
assist in the computation of sophisticated PMs thus enabling non-technical decision-makers to
have confidence in the insights produced (Rana et al., 2022). This trend is of particular
significance for achieving the goal of examining the effectiveness of using predictive analytics
for risk management in SMEs because it helps improve risk perceptions by decision-makers
when making decisions based on risk data. There are new generation examples of low-code
and no-code analytics that are helping SMEs with less technical skills to implement more
widespread basic data Analytics. These applications let business users develop and implement
predictive models without much coding experience, which may help the development of
analytics in different business areas increase at a faster pace (Saura et al., 2023). This
development is relevant to the identified lack of technical expertise and skills among the
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organisations as highlighted in the study and it is in line with the study’s goals of investigating
possible solutions towards the barriers of predictive analytics in SMEs.

The use of innovative methods in data processing, including federated learning and
differential privacy, is expected to increase as SMEs have to deal with enhanced data protection
regulations. Such approaches allow for the organization to gain the value out of sensitive data
without jeopardizing the privacy aspect, and opens up new possibilities for collaborative data
analysis and data sharing among SMEs (Sivarajah et al., 2020). This trend supports the
hypothesis that customer behaviour insights derived from predictive analytics results in
customer satisfaction and more SMEs’ revenues, due to the better and compliant means of
analysing customer data.

With technological advancements of predictive analytics, there is a tendency to develop
sectorial and specific solutions for SMEs. These specific analytical tools are expected to
encompass some domain knowledge and certain standards that may reduce the barrier of
implementation, as well as enhance the relevance of using prediction knowledge within SMEs
(Chonsawat & Sopadang, 2020). This trend corresponds with the goal of assessing the
usefulness of different predictive analytics models in predicting market trends for SMEs in
various industries and the prospect of offering more effective and appropriate analytics
solutions in the future.

4. CONCLUSION AND RECOMMENDATIONS

4.1 Conclusion

In conclusion, applying the predictive analytics models in small and medium enterprises
holds the promise of improving the competitiveness and sustainability of these businesses in
the context of the rising importance of business and consumers’ data. As shown in this review,
these technologies can enhance the ability to predict market trends, customer behaviour, and
risks for SMEs. While there are profound and inherent limitations in terms of resource
scarcities, data quality problems, and, last but not the least, technical competencies for
implementing PA, using this tool can indeed generate a wealth of enhanced decision-making
and operations. The changes in the advanced tool options for the prediction of future outcomes
mean that SMEs could gain substantial benefits by incorporating and analyzing predictive
analytics results for improvement and prediction of future risks or opportunities.

As SMEs navigate the complexities of digital transformation, the integration of predictive
analytics into their business processes emerges as a critical factor for success in the modern
marketplace.

4.2 Recommendations

To fully capitalize on the potential of predictive analytics, SMEs must address several key
areas:

1. Invest in cloud-based analytics platforms tailored for SMEs to overcome resource
constraints. These platforms are flexible and cheaper than the traditional PC- based
architectures in terms of initial investments in hardware and software. SMEs may
leverage the additional potential of cloud technologies, and at the same time, they will
not need to focus on the financial aspects of the issue excessively.

2. Establish cooperation with universities and IT companies to address the lack of skilled
specialists. Organizational relationships are crucial in that they can enable SMEs access
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to the professional skills, training models and newest developments in predictive
analysis. It can help SMEs to develop internal competencies and to identify innovations
in the field of collaboration.

3. Organise predictive analytics use on a step-by-step basis beginning with pilot projects
to show efficiency quickly. This strategy helps the SMEs to build their confidence and
experience while at the same time ensuring that all available resources are well utilized.
This approach maps analytical work to information with business relevance; therefore,
it can get more backing from SMEs for broader analytics projects.

4. It is recommended to focus on data management and incorporation to increase the
quality and comparability of the collected data. It is thus important that data collection
and documentation processes are followed to the letter for predictive analytics to
produce the desired outcome in the organization. Thus, SMEs should adopt data
integration solutions and follow high quality data management standards to increase
dependability of analytics information.

5. Promote data-oriented culture in its organizational structure by means of training for
employees and management’s engagement. Learning opportunities for the existing
employees and incorporating cross functional tymans with effective communication
can serve to eliminate retribution to change. Management should fully support the
utilization of analysis in their company’s decision-making procedures.

6. Learn more about applying predictive analytics for SMEs within various industries and
with focus on their peculiarities. The integration of such specialized tools in these
domains imply that SMEs could be subjected to facts and benchmarks within these
domains hence decreasing entry barriers while at the same time making the insights
which would be derived from prediction even more lucrative across several fields.

Focusing on these recommendations and behaving according to the trends related to the

modern advanced analytics, SMEs will be ready to unleash the potential of the data-driven
decision-making. In the long-run, firms that have made improvements on their competence to
offset and support Predictive Analytics will have enabled them to effectively manage risks,
focus on customers’ needs as well as being able to achieve sustainable competitive advantage
in the current highly competitive business environment.
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