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Abstract 
In an era defined by digital transformation, resource-constrained businesses—particularly small 

and medium-sized enterprises (SMEs)—are under increasing pressure to make timely and 

accurate decisions despite limited access to skilled personnel, time, and capital. Automated 

Decision Support Systems (ADSS) represent a promising technological solution to this 

challenge, offering structured, data-driven guidance that enhances managerial decision-making 

while reducing operational overhead. This technical review explores the design, architecture, 

and deployment of ADSS tailored to the unique needs of resource-constrained environments. 

The paper examines key components of ADSS, including knowledge-based systems, machine 

learning algorithms, rule-based engines, and data integration frameworks. It highlights how 

these systems automate repetitive tasks, predict outcomes, and recommend optimal courses of 

action in domains such as inventory control, customer relationship management, finance, and 

strategic planning. Particular attention is paid to cloud-based and low-code/no-code platforms 

that lower adoption barriers for businesses lacking extensive IT infrastructure. The review also 

synthesizes recent advances in adaptive learning, real-time analytics, and user-friendly 

interfaces that improve accessibility and relevance in dynamic business environments. 

Additionally, the paper presents implementation strategies and case studies where ADSS have 

enabled operational resilience, reduced decision latency, and enhanced strategic agility in 

businesses with constrained resources. Despite their potential, ADSS adoption in SMEs remains 

limited due to concerns over cost, data quality, algorithmic transparency, and change resistance. 

The paper identifies these limitations and offers solutions including modular system design, 

stakeholder training, and the use of explainable AI to foster trust and usability. This review 

contributes to the growing discourse on democratizing intelligent decision-making tools, 

advocating for inclusive digital innovation that supports equitable business growth. It 

underscores the urgent need for scalable, affordable, and intelligent systems that empower 

resource-limited businesses to compete effectively in the global marketplace. 
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1. Introduction 

In the present digital and fast-paced global economy, small and resource-constrained businesses encounter considerable 

challenges in adapting and competing due to their operational limits. These enterprises often struggle with insufficient financial 

capital, a lack of skilled personnel, and inadequate technological infrastructure. Consequently, the adoption of sophisticated 

decision-making frameworks becomes a daunting task (Akinyemi & Ebiseni, 2020, Dare, et al., 2019). 
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The critical need for timely, accurate, and strategic decisions 

is further emphasized as digital transformation reshapes 

various industries, compelling even the smallest businesses 

to harness data effectively, streamline operations, and make 

informed choices to achieve sustainability and 

competitiveness. 

Studies have demonstrated that data-driven organizations, 

regardless of their size, can gain a competitive advantage by 

investing in robust data management and analytical 

techniques. For example, Lü et al. highlight that effective 

data analytics fosters an environment where businesses can 

transform diverse inputs into valuable outputs and enhance 

their decision-making capabilities (Lü et al., 2020). However, 

small enterprises often default to traditional decision-making 

processes that heavily rely on manual workflows and 

intuitive judgments. Such practices can lead to inefficiencies, 

missed opportunities, and heightened vulnerability during 

market fluctuations (Lü et al., 2020; Shamim et al., 2019). 

The ramifications of a fragmented decision-making approach 

are well-documented; many small businesses fail to access 

real-time insights that could inform their strategies, thereby 

limiting their capacity to respond to customer demands and 

anticipate risks effectively (Akinyemi, 2013, Ilori & 

Olanipekun, 2020). 

In this context, Automated Decision Support Systems 

(ADSS) emerge as a promising solution tailored for resource-

constrained businesses. ADSS integrate various elements, 

including data analytics, artificial intelligence (AI), and 

machine learning, to automate decision-making processes, 

thereby providing structured guidance that enhances both 

strategic and operational functions. Liu and Sun argue that 

decision support systems enable organizations to extract 

useful knowledge from data and assist decision-makers in 

navigating complex choices—critical for small enterprises 

aiming to optimize their operations (Liu & Sun, 2019). 

Furthermore, Provost and Fawcett assert that the utilization 

of data science can significantly enhance the decision-making 

framework within businesses by facilitating effective data 

analysis and supporting large-scale automatic decision-

making Provost & Fawcett, 2013). As these systems process 

extensive data volumes in real time, they empower small 

businesses to make rapid, consistent, and precise decisions 

without necessitating specialized expertise or significant 

computational resources (Adeniran, Akinyemi & Aremu, 

2016, James, et al., 2019). 

The architecture and functionality of ADSS hold significant 

potential for small enterprises. By systematically analyzing 

data to derive actionable insights, ADSS can bridge the often 

severe gap between data accumulation and decision-making. 

Substantial research in this field has explored various 

implementation strategies that could guide small businesses 

in adopting these systems (Akinyemi & Ezekiel, 2022, Attah, 

et al., 2022). For instance, Shamim et al. emphasize that 

effective resource management is pivotal in enhancing 

decision-making capabilities in uncertain environments, 

highlighting the critical role of data management in driving 

digital transformation within small enterprises (Shamim et 

al., 2019). Therefore, focusing on developing affordable, 

scalable, and user-friendly systems within the ADSS 

framework can furnish small businesses with effective tools 

to leverage digital transformations as a necessity rather than 

a mere trend (Liu & Sun, 2019; Provost & Fawcett, 2013). 

In summary, the integration of Automated Decision Support 

Systems represents a viable pathway for resource-constrained 

businesses to enhance their decision-making processes. By 

overcoming traditional operational limitations through data-

driven approaches, small enterprises can position themselves 

competitively in a landscape characterized by rapid digital 

change. This review highlights the architecture, functionality, 

and practical recommendations for adopting ADSS, 

emphasizing the importance of aligning decision-support 

technologies with the unique needs of small businesses 

navigating the complexities of the digital marketplace 

(Akinyemi & Abimbade, 2019, Lawal, Ajonbadi & Otokiti, 

2014). 

 

2. Methodology 

The methodological approach for this review adhered to the 

PRISMA (Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses) framework to ensure transparency, 

reproducibility, and rigor. A comprehensive search strategy 

was employed to identify studies relevant to automated 

decision support systems (DSS) applicable to resource-

constrained businesses. Databases and sources were 

systematically scanned, including Google Scholar, 

ResearchGate, ScienceDirect, and key peer-reviewed 

journals across business management, computer science, 

educational technology, and industrial engineering fields. 

The search strategy utilized combinations of keywords such 

as "Automated Decision Support Systems", "Resource-

Constrained Businesses", "SMEs", "AI in Decision-Making", 

"Low-Code Platforms", "Cloud Computing in SMEs", and 

"Business Intelligence for Small Enterprises". Boolean 

operators (AND, OR) were applied to broaden and refine the 

search results appropriately. 

Inclusion criteria were defined to select only articles, 

conference papers, dissertations, and book chapters published 

between 2000 and 2024 that explicitly addressed decision 

support technologies tailored for SMEs, startups, and 

enterprises operating under financial, technical, or human 

resource constraints. Exclusion criteria included articles that 

focused solely on large enterprise decision support without 

mention of adaptation for smaller or resource-limited 

contexts, as well as opinion pieces and editorials lacking 

empirical or technical substance. All non-English 

publications were excluded to maintain consistency in 

language comprehension and technical terminology. 

Initial identification yielded 423 articles. After removal of 

duplicates and irrelevant articles through title and abstract 

screening, 258 studies remained. Full-text screening was then 

conducted to verify eligibility against the predefined criteria, 

resulting in 124 studies being selected for full review. A final 

pool of 74 articles was extracted for qualitative synthesis. The 

selected studies were analyzed based on thematic relevance 

to automation technologies, DSS architecture, AI integration, 

data-driven decision-making models, low-code/no-code 

platforms, optimization techniques, and applications in 

sectors like education, healthcare, manufacturing, 

agriculture, and e-commerce within resource-constrained 

environments. 

Data extraction was performed manually and cross-validated 

by two independent reviewers to minimize bias. Key 

information extracted included author(s), year of publication, 

type of automation technique employed (e.g., rule-based, AI-

driven, data mining-based), resource environment described 

(SMEs, rural enterprises, etc.), decision domains (finance, 
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operations, HRM, supply chain, etc.), and reported outcomes 

or system evaluations. Thematic analysis was conducted by 

coding extracted data into recurring patterns, challenges, and 

proposed solutions. 

The flow of study selection is represented in a PRISMA 

flowchart, constructed based on the reporting standards 

outlined by Abimbade et al. (2016), Adelana and Akinyemi 

(2021), and Araújo et al. (2021), whose methodologies in 

literature mining and data visualization for systematic 

research were adapted and refined for the present review. The 

integrity and reliability of included studies were critically 

assessed based on technical robustness, practical 

applicability to constrained settings, scalability potential, and 

innovative contribution to the DSS field. 

This rigorous methodological structure ensures that the 

findings presented provide a comprehensive, evidence-based 

overview of how automated decision support technologies 

can transform operations, strategy, and sustainability of 

resource-constrained businesses in contemporary and 

emerging economic contexts. 
 

 
 

Fig 1: PRISMA Flow chart of the study methodology 

 

2.1 Understanding Automated Decision Support Systems 

(ADSS) 

Automated Decision Support Systems (ADSS) have become 

pivotal in advancing business intelligence and enhancing 

decision-making processes, particularly for resource-

constrained businesses facing the challenges of limited 

financial, technical, and human capital. These systems are 

designed to automate complex decision-making by 

synthesizing data, evaluating options, and delivering 

actionable recommendations (Chukwuma-Eke, Ogunsola & 

Isibor, 2022, Olojede & Akinyemi, 2022). As the decision 

environment continues to evolve with increasing complexity, 

knowledge-based decision support systems have emerged to 

provide intelligent assistance to decision-makers (Ding & 

Dang, 2014). This capability allows organizations to process 

vast amounts of information rapidly, thus enhancing the 

efficiency and effectiveness of their operational strategies. 

At the core of an ADSS are its main components, which 

typically include a user interface, data management module, 

decision logic engine, and an execution mechanism. The user 

interface aids interaction, enabling users to input constraints 

and receive feedback, while the data management module 

integrates and safeguards data from both internal and external 

sources—vital for ensuring data integrity and accessibility 

(Ding & Dang, 2014). The decision logic engine represents 

the brain of the ADSS, applying algorithms and business 

rules or leveraging machine learning techniques to formulate 

recommendations or actionable decisions. Modern ADSS 

leverage advanced technologies to not only support but 

actively recommend or execute decisions, thereby decreasing 

reliance on human intervention and mitigating subjective 

biases (Diadiushkin et al., 2019). 

Historically, the development of ADSS can be traced back to 

the evolution of Decision Support Systems (DSS) that 
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emerged during the 1960s and 70s. Initially, DSS were 

primarily static tools, assisting users with rudimentary data 

queries and reports. The advancements throughout the 1980s 

and 90s led to a more dynamic capability, with systems being 

designed to adapt to changing data and support complex 

problem solving (Uricchio et al., 2004). The arrival of the 

21st century initiated a transformative phase for these 

systems through the integration of artificial intelligence (AI) 

and machine learning, consequently refining the capabilities 

of decision-making systems (Ajonbadi, et al., 2014, Lawal, 

Ajonbadi & Otokiti, 2014). These advancements have 

expanded the dimensions through which organizations can 

assess and implement decisions, reflecting a shift to systems 

that proactively influence outcomes Power, 2009). 

Different types of ADSS exist based on their operational 

architecture and decision-making paradigms, notably 

including rule-based systems, knowledge-based systems, AI-

driven systems, and hybrid systems. Rule-based systems 

operationalize decision-making through a set of predefined 

rules—often exemplified in retail environments for stock 

management, where rules dictate automated reordering 

processes based on inventory thresholds (Nwabekee, et al., 

2021, Odunaiya, Soyombo & Ogunsola, 2021). Although 

these systems offer predictability and accountability, their 

inability to adjust for unforeseen scenarios represents a 

significant limitation (Boshkoska et al., 2018). On the other 

hand, knowledge-based systems enhance the capabilities of 

traditional models by simulating human expertise through a 

structured repository of knowledge, offering guided 

decisions in domains where expert intervention is scarce 

(Chen et al., 2017). Figure 2 shows a decision support 

systems framework with artificial intelligence presented by 

Wang, et al., 2022. 

 

 
 

Fig 2: A decision support systems framework with artificial intelligence (Wang, et al., 2022). 

 

In contrast, AI-driven systems utilize sophisticated 

algorithms capable of learning and evolving from historical 

data, promoting adaptability in handling unstructured 

information. These systems have the potential to drive 

improvements in industries such as e-commerce by analyzing 

consumer behaviors and market trends to suggest tailored 

pricing strategies (Lau et al., 2001). A hybrid system, which 

integrates rule-based, knowledge-based, and AI-driven 

approaches, can effectively mitigate the respective 

weaknesses of these systems, providing a robust solution 

adaptable to varying business contexts (Akinyemi, 2018, 

Olaiya, Akinyemi & Aremu, 2017). This multifaceted 

approach can particularly benefit small and medium 

enterprises (SMEs), facilitating their navigation through 

diverse and unpredictable market landscapes (Chung et al., 

2015). 

Understanding the nuances and differentiations in ADSS is 

critical for businesses aiming for successful implementation. 

Resource-constrained businesses, in particular, prioritize 

systems that are easily deployable and deliver immediate 

returns without requiring extensive customization. 

Consequently, simpler rule-based or hybrid systems are often 

more suitable initiation points, with aspirations to incorporate 

advanced AI capabilities as the organization matures 

(Uricchio et al., 2004). With the advancement of digital 

transformation, the role of ADSS is becoming increasingly 

essential in redefining decision-making practices across 

various business sectors, thus enhancing operational 

efficiencies and strategic agility (Diadiushkin et al., 2019; 

Power, 2009). 

In conclusion, ADSS signify a significant evolution in 

decision-making frameworks, transitioning from basic, 

manual systems to intelligent platforms capable of processing 

complex data and automating critical business decisions. The 

integration of AI and cloud technologies is democratizing 

access to these sophisticated systems, enabling resource-

constrained businesses to leverage digital transformations 

effectively and enhance their operational capacities 

(Akinyemi & Ojetunde, 2020, Olanipekun, 2020). 

 

2.2 Core Technologies Behind ADSS 

Automated Decision Support Systems (ADSS) have emerged 

as critical tools for enhancing decision-making processes in 

small and resource-constrained businesses. These systems 

leverage automation, data analytics, and artificial intelligence 

(AI) to streamline operations and improve efficiency. Small 

businesses frequently face challenges due to limited access to 

advanced technologies and skilled personnel, which can lead 

to slow and inefficient decision-making processes 

(Abimbade, et al., 2016, Olanipekun & Ayotola, 2019). 

ADSS address these obstacles by automating decision-

making tasks, reducing the potential for human error, and 
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providing actionable insights derived from real-time data 

analysis (Yee et al., 2010; (Libai et al., 2020). Thus, ADSS 

can enhance operational productivity and allow resource-

constrained businesses to make informed decisions in a 

timely manner. Data flow between the core technologies of 

the Agriculture 4.0 paradigm presented by Araújo, et al., 

2021, is shown  in figure 3. 

 

 
 

Fig 3: Data flow between the core technologies of the Agriculture 4.0 paradigm (Araújo, et al., 2021). 

 

An ADSS typically consists of a user interface, data 

management capabilities, a decision logic engine, and a 

communication module. The user interface facilitates 

interaction between decision-makers and the system, 

enabling the input of constraints and preferences. The data 

management component collects and processes data from 

diverse sources to feed the decision logic engine, which 

employs machine learning algorithms and pre-set rules to 

generate insights or decisions (Akinyemi & Ojetunde, 2019, 

Olanipekun, Ilori & Ibitoye, 2020). Finally, the 

communication module delivers decisions either to the users 

or directly initiates actions like adjusting inventory levels 

(Gani et al., 2021). This architecture is crucial for small 

businesses seeking to enhance their decision-making 

capabilities without overwhelming their limited resources. 

Historically, the development of ADSS can be traced back to 

the foundational decision support systems (DSS) that 

emerged in the 1960s and 1970s. These early systems 

provided static reports with limited interaction (Armitage et 

al., 2016). As technological advancements occurred, DSS 

became more dynamic, incorporating real-time data and 

facilitating more flexible decision-making (Akinyemi, 

Adelana & Olurinola, 2022, Ibidunni, et al., 2022, Otokiti, et 

al., 2022). The advent of AI and machine learning further 

transformed traditional DSS into fully automated systems 

capable of independent decision-making based on recognized 

patterns in data (Armitage et al., 2020). Consequently, ADSS 

now include rule-based systems, knowledge-based systems, 

and advanced AI-driven systems that offer comprehensive 

decision-support features for diverse operational needs in 

small businesses (Shahbaz et al., 2020). 

The practical applications of ADSS are significant, 

particularly in areas such as inventory management and 

customer relationship management (CRM). For instance, 

small businesses often struggle to maintain optimal inventory 

levels, leading to either stockouts or overstocking. By 

utilizing predictive analytics, ADSS can automate inventory 

replenishments based on demand forecasts derived from 

historical data, enhancing overall management efficiency 

(Shahbaz et al., 2020). In terms of CRM, ADSS can empower 

businesses to segment their customer base and tailor 

marketing strategies, thereby improving customer 

engagement and retention (Pohludka & Štverková, 2019). 

However, despite the distinct advantages of implementing 

ADSS, various challenges hinder their adoption in resource-

limited environments. The lack of technical expertise poses a 

significant barrier, as many small businesses do not possess 

the necessary knowledge or skills to develop and maintain 

advanced decision support systems (Azadmanesh, 2012). 

Moreover, data quality and availability can also impede the 

effective functioning of ADSS, as inaccuracies or 

inconsistencies in data can lead to unreliable decision 

outputs. Additionally, organizations must address the risks 

associated with over-reliance on automated systems, as this 

can undermine critical human judgment (Libai et al., 2020). 

In conclusion, while Automated Decision Support Systems 

represent a powerful asset for small and resource-constrained 

businesses aiming to enhance decision-making processes and 

operational efficiency, their successful implementation 

necessitates careful attention to technical challenges, data 

management, and the inclusion of human oversight. By 

navigating these challenges, businesses can harness the full 

potential of ADSS, positioning themselves for sustainable 

growth and competitiveness in increasingly data-driven 

markets (Chukwuma-Eke, Ogunsola & Isibor, 2022, Muibi & 

Akinyemi, 2022). 

 

2.3 Technical Architecture of ADSS for SMEs 

Automated Decision Support Systems (ADSS) have emerged 

as essential tools for small and medium-sized enterprises 

(SMEs), particularly in resource-constrained environments. 

SMEs often grapple with limited financial and technical 
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resources, making traditional decision-making methods, 

which rely heavily on intuition and historical experiences, 

increasingly inadequate (Isma' et al., 2016). As decision-

making becomes more informed and data-driven, the need for 

ADSS that can aggregate and analyze data to provide 

actionable insights is critical in helping these businesses 

navigate complex market dynamics (Nwabekee, et al., 2021, 

Otokiti & Onalaja, 2021). 

The deployment of ADSS necessitates a meticulously 

designed technical architecture tailored to the constraints 

specific to SMEs. Unlike traditional enterprise-level systems, 

which demand substantial investments in powerful hardware 

and complex infrastructures (Lee, 2014), an ADSS for SMEs 

must prioritize cost-effectiveness, ease of implementation, 

and adaptability. Such cost-effective architectures are crucial, 

as most SMEs lack the budgetary flexibility for high-end 

technological investments. Therefore, lightweight and 

modular designs provide an optimal solution, allowing 

businesses to incrementally adopt and expand their ADSS 

capabilities as their needs evolve (Sanchís et al., 2019). Cai 

& Chen, 2021, presented Human resource file information 

decision support system (DSS) architecture shown in figure 

4. 

 

 
 

Fig 4: Human resource file information decision support system (DSS) architecture (Cai & Chen, 2021). 

 

Crucially, cloud-native architectures present a favorable 

alternative for SMEs seeking to implement ADSS. These 

systems provide significant advantages such as scalability, 

reduced upfront costs, and ease of deployment by leveraging 

external cloud infrastructures (El-Gazzar, 2014). By utilizing 

cloud-based platforms, SMEs can access robust computing 

resources without the burden of maintaining expensive on-

premises hardware. Furthermore, integration with various 
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cloud services, such as AWS or Azure, can enable SMEs to 

access state-of-the-art capabilities—ranging from data 

storage to machine learning functionalities—without 

extensive technical know-how (Alsafi & Fan, 2020). 

Another pivotal consideration in ADSS design is the 

accessibility of development tools that do not require 

advanced programming qualifications. The rise of low-code 

and no-code development platforms represents a 

transformative shift in this regard, enabling users with limited 

coding abilities to create and customize applications 

effectively (Talesra & Nagaraja, 2021; Lebens et al., 2021). 

These platforms facilitate rapid application deployment, 

allowing organizations to automate processes such as 

inventory management and customer segmentation with 

minimal overhead (Bhattacharyya & Kumar, 2021). The 

flexibility inherent in these solutions not only enhances an 

SME’s capacity to adapt quickly to market changes but also 

helps maintain relevance in an increasingly competitive 

landscape. 

In terms of real-time processing capabilities, ADSS designed 

for SMEs need to accommodate environments where rapid 

decision-making is essential, such as in sales or customer 

service scenarios (Baulé et al., 2020). Real-time data 

processing frameworks enable continuous data ingestion and 

on-the-fly analytics, ensuring that decisions are based on the 

most up-to-date information. Conversely, for SMEs that do 

not require real-time feedback, batch processing workflows, 

which aggregate data over time and process it in discrete 

batches, can provide a more efficient and cost-effective 

solution (El-Gazzar, 2014). Consequently, addressing both 

processing needs within the ADSS architecture ensures that 

SMEs can operate flexibly based on their strategic priorities. 

Finally, integration is fundamental to the success of an 

ADSS, enabling disparate systems—such as ERP and 

CRM—to work cohesively (Höhn & Faradouris, 2021). 

Facilitating data exchange and decision-making among 

existing applications can dramatically enhance overall 

efficiency. APIs can bridge these gaps, allowing SMEs to 

utilize their ADSS as an integral part of their decision-making 

frameworks, rather than as standalone solutions (Mohammed 

et al., 2022). This systematic incorporation of decision 

support capabilities into everyday processes is paramount for 

SMEs aiming to stay ahead in a rapidly evolving business 

environment. 

In summary, the architecture of Automated Decision Support 

Systems designed for SMEs should be characterized by 

simplicity, flexibility, and cost-efficiency. By integrating 

cloud-based solutions, low-code tools, and real-time or batch 

processing capabilities, SMEs can not only enhance their 

decision-making processes but also ensure their adaptability 

as conditions change. As digital transformation continues to 

redefine business operations, effectively designed ADSS will 

be crucial in empowering SMEs to make informed, timely 

decisions that align with their growth objectives (Adediran, 

et al., 2022, Babatunde, Okeleke & Ijomah, 2022). 

 

2.4 Functional Applications in Resource-Constrained 

Businesses 

Automated Decision Support Systems (ADSS) have emerged 

as critical enablers for resource-constrained businesses, 

offering a solution that enhances operational efficiency, 

reduces decision-making time, and ensures that small and 

medium-sized enterprises (SMEs) can make more informed, 

data-driven choices despite their limited resources. In a world 

where data-driven decision-making has become essential, 

these systems are transforming business practices across 

various domains, including inventory and supply chain 

optimization, financial decision-making, customer 

engagement, marketing automation, and strategic planning 

(Akinyemi, 2022, Akinyemi & Ologunada, 2022, Okeleke, 

Babatunde & Ijomah, 2022). By automating decision-making 

processes, ADSS are helping SMEs stay competitive, reduce 

operational costs, and improve their overall effectiveness, 

even in the face of limited budgets and human capital. 

One of the most prominent applications of ADSS is in 

inventory and supply chain optimization. For resource-

constrained businesses, managing inventory efficiently is 

crucial to minimizing costs while meeting customer demand. 

Traditional methods of inventory management—such as 

manual stock tracking or relying on past experience—often 

result in overstocking or stockouts, leading to higher costs or 

missed sales. ADSS can transform inventory management by 

integrating predictive analytics to forecast demand accurately 

and automate reordering processes (Ajonbadi, et al., 2015, 

Olufemi-Phillips, et al., 2020). For example, a small retail 

business can use ADSS to analyze historical sales data, 

seasonal trends, and market conditions to predict future 

demand for products, ensuring that inventory levels are 

optimized without the need for excess stock. This not only 

reduces storage costs but also ensures that customers' needs 

are met without delay. Moreover, ADSS can help in 

optimizing supply chain processes by automatically selecting 

the best suppliers based on factors like cost, reliability, and 

delivery time. This reduces the time spent manually 

evaluating suppliers and improves the overall efficiency of 

the supply chain, which is particularly beneficial for 

businesses that do not have the resources to monitor and 

manage every detail of their operations. 

In the realm of financial decision-making and budgeting, 

ADSS provide SMEs with critical support by automating 

financial forecasting, cash flow analysis, and budget 

management. Resource-constrained businesses often face 

challenges in maintaining liquidity, managing expenses, and 

ensuring that they can meet their financial obligations. 

Predictive analytics can help SMEs forecast cash flows based 

on sales projections, seasonal variations, and historical 

financial data (Akinyemi & Aremu, 2010, Otokiti, 2017). 

This enables businesses to anticipate potential cash shortages 

or surpluses and take preemptive actions to optimize their 

financial standing. Additionally, ADSS can automate 

budgeting by using past spending patterns to suggest realistic 

budget allocations across different departments or 

operational areas. The automation of budget creation and 

adjustments can significantly reduce the administrative 

burden on business owners, allowing them to focus on 

strategic growth initiatives. Furthermore, ADSS can assist in 

evaluating credit risk by analyzing payment histories, 

financial performance, and market conditions to assess 

whether to extend credit to customers or suppliers. By 

automating these financial processes, SMEs can improve 

accuracy, reduce the likelihood of human error, and ensure 

that financial decisions are based on the most current data 

available. 

Customer engagement and marketing automation are other 

areas where ADSS can provide significant value to resource-

constrained businesses. For SMEs, customer acquisition and 
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retention are often key drivers of growth, but without the 

budgets for large-scale marketing campaigns or dedicated 

customer service teams, it can be difficult to scale these 

efforts. ADSS can automate various aspects of customer 

engagement, from personalized communication to targeted 

marketing (Chukwuma-Eke, Ogunsola & Isibor, 2022, 

Kolade, et al., 2022). For example, predictive models can 

analyze customer data—such as past purchase behavior, 

demographic information, and engagement history—to 

segment customers into different groups, allowing businesses 

to tailor their marketing efforts accordingly. Automated 

email marketing systems can send personalized promotions, 

product recommendations, or reminders based on the 

customer’s preferences and behavior, ensuring that each 

communication is relevant and timely. Furthermore, ADSS 

can automate social media engagement by tracking 

interactions, analyzing sentiment, and responding to common 

queries, allowing businesses to maintain an active and 

responsive online presence without dedicating significant 

human resources to these tasks. By automating these aspects 

of marketing and customer service, SMEs can improve 

customer satisfaction, drive repeat business, and create a 

more personalized experience, all while minimizing the cost 

and labor associated with manual efforts. 

In terms of strategic planning and scenario simulation, ADSS 

empower SMEs to make data-driven decisions about their 

long-term direction. Resource-constrained businesses often 

face uncertainty due to fluctuating markets, economic 

changes, or competitive pressures. Scenario modeling allows 

businesses to simulate different strategic options under 

various conditions, helping them understand the potential 

outcomes of their decisions (Abimbade, et al., 2017, Aremu, 

Akinyemi & Babafemi, 2017). For example, an SME 

considering a new product launch can use scenario modeling 

to test different pricing strategies, marketing approaches, and 

sales forecasts under varying market conditions. This helps 

businesses evaluate the risks and rewards of each option 

before committing resources, reducing the likelihood of 

costly missteps. Furthermore, scenario simulation enables 

SMEs to test how their operations would perform in the face 

of potential disruptions, such as supply chain breakdowns, 

changes in regulatory policies, or shifts in consumer 

preferences. By running simulations of various scenarios, 

businesses can develop contingency plans that ensure they 

are prepared for unexpected challenges, helping to build 

resilience into their strategic planning process. 

Another critical aspect of strategic planning that ADSS can 

address is the identification of growth opportunities. 

Predictive analytics can help businesses identify emerging 

trends in the market, customer behavior, or product demand, 

allowing them to adjust their strategy accordingly. For 

example, an SME in the fashion industry can use ADSS to 

analyze sales data across different demographics and 

geographies, identifying untapped markets or emerging 

trends that could inform product development or expansion 

efforts (Adedeji, Akinyemi & Aremu, 2019, Otokiti, 2017). 

By leveraging predictive models, SMEs can better allocate 

resources to the areas with the highest potential for growth, 

whether through product diversification, geographical 

expansion, or new customer segments. This type of data-

driven strategic planning is particularly valuable for SMEs, 

as it helps them focus their efforts on high-impact 

opportunities, rather than pursuing strategies based on 

guesswork or limited information. 

The ability of ADSS to automate decision-making processes 

across these key operational areas—inventory management, 

financial forecasting, customer engagement, and strategic 

planning—offers significant benefits to resource-constrained 

businesses. By leveraging predictive analytics and scenario 

modeling, SMEs can make faster, more informed decisions 

that improve efficiency, reduce costs, and enhance 

competitiveness. This automation not only frees up valuable 

time for business owners and managers but also enables them 

to focus on higher-value tasks, such as innovation, 

relationship-building, and long-term growth strategies 

(Akinyemi & Aremu, 2016, Otokiti, 2012). 

However, the adoption of ADSS is not without its challenges. 

Resource-constrained businesses often lack the technical 

expertise to implement and maintain these systems, and they 

may face difficulties in collecting and managing the data 

needed for effective decision-making. Moreover, the 

complexity of some ADSS, particularly those based on 

machine learning or artificial intelligence, may require 

specialized skills that are difficult to access in small 

businesses (Akinbola, Otokiti & Adegbuyi, 2014, Otokiti-

Ilori & Akoredem, 2018). Despite these barriers, the benefits 

of ADSS in streamlining operations, improving decision-

making, and supporting business growth are undeniable, and 

businesses that successfully integrate these systems are likely 

to gain a competitive edge in a data-driven world. 

In conclusion, the functional applications of Automated 

Decision Support Systems offer significant value to resource-

constrained businesses, enhancing their ability to manage 

operations, engage customers, and make strategic decisions. 

By automating routine decision-making tasks and providing 

data-driven insights, ADSS enable SMEs to operate more 

efficiently, respond more rapidly to market changes, and 

make more informed choices about their future direction 

(Ajonbadi, et al., 2015, Otokiti, 2018). As technology 

continues to evolve, the adoption of ADSS will likely become 

an essential component of long-term business success, 

enabling resource-constrained enterprises to thrive in a 

competitive and increasingly complex business environment. 

 

2.5 Benefits and Opportunities 

Automated Decision Support Systems (ADSS) have emerged 

as a game-changing technology for small and resource-

constrained businesses, offering a powerful solution to 

streamline decision-making, optimize operations, and 

enhance overall performance. In environments where 

resources are limited, these systems can deliver significant 

benefits by automating complex processes, providing timely 

insights, and improving the accuracy of decisions (Akinyemi 

& Oke, 2019, Otokiti & Akinbola 2013). The primary 

advantages of ADSS include a reduction in decision latency 

and errors, improved efficiency and cost savings, enhanced 

agility and responsiveness to market shifts, and the 

democratization of data-driven decision-making. 

One of the key benefits of ADSS is the reduction in decision 

latency and errors. In resource-constrained businesses, 

decisions are often made manually or based on intuition, 

which can result in delays and inaccuracies. These businesses 

typically lack the time and resources to gather and analyze 

large datasets efficiently. As a result, decision-makers may 

rely on outdated or incomplete information, leading to 

suboptimal choices that negatively impact operations and 
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profitability. ADSS address this issue by automating data 

collection, processing, and analysis, allowing businesses to 

generate insights and make decisions much faster (Akinyemi 

& Oke, 2019, Otokiti & Akinbola 2013). By reducing the 

time spent on manual data processing, businesses can make 

real-time decisions that improve operational efficiency and 

customer satisfaction. Furthermore, automation helps reduce 

human errors that often occur during manual decision-

making. ADSS can process vast amounts of data with greater 

accuracy, ensuring that decisions are based on reliable, up-to-

date information, and reducing the risks associated with 

incorrect or incomplete data analysis. 

Improved efficiency and cost savings are other significant 

benefits of ADSS for resource-constrained businesses. In 

these settings, resources such as time, money, and labor are 

often stretched thin, making it essential to optimize 

operations and reduce costs wherever possible. ADSS can 

help businesses achieve this by automating routine tasks and 

optimizing resource allocation. For example, ADSS can 

automate inventory management, ensuring that businesses 

always have the right amount of stock on hand to meet 

demand without overstocking, which incurs additional 

storage costs (Attah, Ogunsola & Garba, 2022, Babatunde, 

Okeleke & Ijomah, 2022). Similarly, ADSS can optimize 

supply chain operations by predicting demand, selecting the 

best suppliers, and identifying inefficiencies in the 

distribution process. These automated processes reduce the 

need for manual oversight, freeing up staff to focus on higher-

value tasks. The system's ability to identify cost-saving 

opportunities—such as renegotiating supplier contracts or 

minimizing waste in production processes—further 

contributes to significant cost reductions. 

In addition to cost savings, ADSS enable enhanced agility 

and responsiveness to market shifts. For SMEs operating in 

fast-paced industries, the ability to adapt quickly to changing 

market conditions is critical. Resource-constrained 

businesses may not have the luxury of extensive market 

research teams or large-scale data analytics departments, 

making it challenging to respond proactively to shifts in 

consumer demand, market trends, or competitor activities. 

ADSS, however, can help fill this gap by providing real-time 

insights into market changes and predicting future trends 

(Abimbade, et al., 2022, Aremu, et al., 2022, Oludare, 

Adeyemi & Otokiti, 2022). For instance, a retail business can 

use ADSS to monitor online reviews, track social media 

sentiment, and analyze sales patterns to predict consumer 

behavior. This allows the business to adjust its marketing 

strategy, inventory, or product offerings quickly in response 

to emerging trends, minimizing the risk of missed 

opportunities or lost revenue. Similarly, ADSS can help 

SMEs identify potential disruptions in their supply chains, 

such as supplier delays or raw material shortages, enabling 

them to take corrective actions before problems escalate. The 

ability to make data-driven decisions in real time enables 

businesses to stay competitive and maintain flexibility in a 

constantly changing environment. 

Another key benefit of ADSS is the democratization of data-

driven decision-making. In many resource-constrained 

businesses, decision-making is often concentrated at the top 

of the organization, with a small group of managers or 

executives making strategic choices. However, this approach 

can limit the organization’s ability to respond to emerging 

issues or capitalize on new opportunities (Adedoja, et al., 

2017, Aremu, et al., 2018). ADSS help democratize decision-

making by providing employees at all levels of the 

organization with access to data and insights that inform their 

decisions. With the right tools in place, staff in marketing, 

finance, operations, and other departments can use ADSS to 

make decisions that align with the overall business strategy. 

For example, a sales team can use predictive analytics to 

forecast customer demand and adjust sales strategies 

accordingly, while the operations team can use ADSS to 

identify inefficiencies in production and recommend process 

improvements. By providing all employees with the tools to 

make informed, data-driven decisions, ADSS fosters a more 

collaborative and empowered organizational culture. This 

democratization of decision-making ensures that businesses 

are more agile and responsive, as decisions are not solely 

reliant on a few key individuals but are informed by the 

collective insights of the entire organization. 

In addition to these internal benefits, ADSS also offer 

opportunities for resource-constrained businesses to gain a 

competitive edge in the marketplace. By leveraging 

automation and advanced analytics, SMEs can operate more 

efficiently and effectively than their competitors, even with 

fewer resources. For instance, an SME in the hospitality 

industry can use ADSS to analyze customer feedback, track 

booking trends, and optimize room pricing, resulting in 

increased occupancy rates and higher revenue (Akinyemi & 

Aremu, 2017, Otokiti-Ilori, 2018). Similarly, businesses in 

the manufacturing sector can use ADSS to monitor machine 

performance and schedule predictive maintenance, reducing 

downtime and improving production efficiency. In each of 

these examples, the ability to make data-driven decisions 

quickly and accurately allows SMEs to offer better products 

or services, streamline operations, and ultimately outperform 

competitors. 

Moreover, the ability of ADSS to integrate with other 

business systems, such as Customer Relationship 

Management (CRM) platforms, Enterprise Resource 

Planning (ERP) systems, and marketing automation tools, 

further enhances their value. By consolidating data from 

various sources, ADSS can provide a holistic view of the 

business, allowing for more accurate decision-making and 

improved coordination between departments. For instance, a 

business using a CRM system in conjunction with ADSS can 

gain deeper insights into customer behavior, preferences, and 

purchasing patterns, enabling more personalized marketing 

campaigns and stronger customer relationships (Ajonbadi, 

Otokiti & Adebayo, 2016, Otokiti & Akorede, 2018). The 

integration of ADSS with ERP systems can help streamline 

financial planning, inventory management, and supply chain 

processes, improving efficiency across the entire business. 

Despite the clear benefits, the implementation of ADSS does 

come with some challenges. Resource-constrained 

businesses may struggle with the initial cost of adopting these 

systems, especially if they require specialized infrastructure 

or software. Additionally, businesses may face difficulties in 

data collection and integration, particularly if they rely on 

outdated or fragmented systems. Overcoming these 

challenges requires a thoughtful approach to selecting the 

right tools, investing in staff training, and ensuring that the 

business has the necessary data infrastructure in place to 

support the system (Akinyemi & Ebimomi, 2020). However, 

as the cost of cloud-based and open-source ADSS solutions 

continues to decrease, and as businesses increasingly 
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recognize the value of data-driven decision-making, these 

systems are becoming more accessible to even the smallest 

enterprises. 

In conclusion, the benefits and opportunities provided by 

Automated Decision Support Systems are transformative for 

resource-constrained businesses. From reducing decision 

latency and errors to improving efficiency and cost savings, 

ADSS can significantly enhance the operational capabilities 

of SMEs. By enabling real-time insights and fostering a more 

collaborative, data-driven decision-making environment, 

these systems allow businesses to respond more quickly and 

effectively to market shifts, gaining a competitive advantage. 

As ADSS become more accessible, the democratization of 

decision-making will help SMEs stay agile, scale operations, 

and make informed choices that drive long-term success 

(Adetunmbi & Owolabi, 2021, Arotiba, Akinyemi & Aremu, 

2021). 

 

2.6 Barriers to Adoption and Strategies for Effective 

Implementation 

The adoption of Automated Decision Support Systems 

(ADSS) in resource-constrained businesses presents both 

significant opportunities and challenges. While ADSS can 

revolutionize the decision-making process, enabling smaller 

enterprises to leverage data and improve operational 

efficiency, several barriers must be addressed for effective 

implementation. These barriers are often multifaceted, 

involving technological limitations, data concerns, a lack of 

technical expertise, and organizational resistance (Akinbola 

& Otokiti, 2012). Overcoming these hurdles requires targeted 

strategies, leveraging modern technological solutions, 

building internal capabilities, and fostering a culture that 

embraces digital transformation. In this context, the strategic 

implementation of ADSS can drive business growth and 

competitiveness, even in the most resource-limited 

environments. 

One of the primary barriers to adopting ADSS in resource-

constrained businesses is technological limitations. Many 

small businesses operate with outdated or fragmented 

systems that are not compatible with modern data analytics 

tools. These legacy systems often lack the necessary 

infrastructure to support the integration of ADSS, such as 

robust databases, cloud services, or real-time data processing 

capabilities. Integration issues further complicate the 

adoption of ADSS (Nwaimo, Adewumi & Ajiga, 2022). For 

instance, businesses may face difficulties in consolidating 

data from disparate sources, such as point-of-sale systems, 

inventory management software, or customer relationship 

management (CRM) platforms. This lack of interoperability 

between existing systems and new ADSS tools can hinder the 

seamless flow of information, reducing the overall 

effectiveness of the decision support system. 

Addressing these technological barriers requires leveraging 

cloud-based and Software as a Service (SaaS) models. Cloud 

computing offers significant advantages for resource-

constrained businesses by providing scalable, cost-effective 

solutions that reduce the need for substantial upfront 

investments in hardware and infrastructure. Cloud-based 

ADSS platforms offer the flexibility to scale operations as 

needed and can be easily integrated with existing business 

applications. SaaS solutions, in particular, offer businesses 

the opportunity to access advanced decision support tools on 

a subscription basis, lowering the financial burden of 

purchasing expensive software licenses or maintaining on-

premises infrastructure (Adelana & Akinyemi, 2021, Esiri, 

2021, Odunaiya, Soyombo & Ogunsola, 2021). With cloud 

and SaaS models, businesses can bypass some of the 

technological limitations associated with legacy systems and 

gain access to cutting-edge tools that were previously out of 

reach. 

Another significant barrier to the adoption of ADSS is 

concerns about data quality and availability. Effective 

decision support relies on accurate, up-to-date, and 

comprehensive data. Unfortunately, many resource-

constrained businesses struggle with data collection, 

management, and quality assurance. Incomplete, 

inconsistent, or outdated data can significantly reduce the 

accuracy and reliability of ADSS recommendations. For 

instance, a retail business using historical sales data to predict 

future demand may struggle if the data is not properly cleaned 

or if it is not representative of current market conditions 

(Akinyemi & Ebimomi, 2021, Chukwuma-Eke, Ogunsola & 

Isibor, 2021). Additionally, small businesses often face 

difficulties in accessing external data sources, such as market 

trends, competitor performance, or industry benchmarks, 

which are crucial for enhancing the decision-making process. 

To address these data concerns, businesses must prioritize 

data quality from the outset. This involves implementing data 

governance practices, including standardized data collection 

methods, data validation processes, and regular audits to 

ensure data accuracy. Businesses can also leverage cloud-

based storage and data integration tools that allow them to 

aggregate data from multiple sources, creating a unified view 

of the information needed for decision-making. Furthermore, 

partnering with data providers or subscribing to third-party 

data services can help SMEs fill gaps in their data, ensuring 

they have access to the external information necessary for 

making informed decisions (Ajibola & Olanipekun, 2019). 

The lack of technical expertise and training is another 

significant barrier to the adoption of ADSS. Many small 

businesses do not have the in-house technical capabilities 

required to implement and maintain sophisticated decision 

support systems. The integration of AI and machine learning 

into ADSS further complicates matters, as these technologies 

require specialized knowledge in data science, algorithm 

development, and model training. Without the necessary 

expertise, businesses may struggle to customize or fully 

leverage ADSS tools, limiting the potential benefits they can 

derive from these systems (Akinyemi & Ogundipe, 2022, 

Ezekiel & Akinyemi, 2022, Tella & Akinyemi, 2022). 

A critical strategy for overcoming this challenge is capacity-

building through training and digital literacy programs. 

Investing in employee education is crucial to ensure that staff 

at all levels are capable of using ADSS tools effectively. This 

could include training in basic data literacy, understanding 

predictive analytics, and interpreting system 

recommendations. Many cloud-based ADSS platforms also 

offer user-friendly interfaces and low-code/no-code 

capabilities, making it easier for non-technical staff to 

interact with the system (Adeniran, et al., 2022, Aniebonam, 

et al., 2022, Otokiti & Onalaja, 2022). By developing a 

culture of continuous learning and empowering employees 

with the knowledge and skills to use ADSS, businesses can 

ensure that these systems are fully utilized to their potential. 

Additionally, SMEs can partner with external consultants or 

tech vendors to provide expert guidance and support during 
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the initial stages of implementation, further bolstering their 

internal capabilities. 

Organizational resistance and cultural challenges represent 

another barrier to the successful implementation of ADSS. In 

many small businesses, decision-making is often centralized 

in the hands of a few individuals, and employees may be 

reluctant to trust or rely on automated systems for critical 

business decisions. This resistance to change can be further 

exacerbated by concerns about job displacement or the loss 

of control over decision-making processes. Employees may 

view ADSS as a threat to their roles or as a system that lacks 

the human judgment necessary to make nuanced decisions 

(Akinbola, et al., 2020, Ogundare, Akinyemi & Aremu, 

2021). 

To address these cultural challenges, it is essential to 

emphasize the collaborative nature of ADSS. These systems 

should be viewed as decision-support tools rather than 

decision-makers. By framing ADSS as a means to enhance 

decision-making rather than replace human input, businesses 

can reduce resistance and encourage adoption. Involving key 

stakeholders in the decision-making process and 

demonstrating the value of ADSS through pilot projects or 

small-scale implementations can also help build trust in the 

system. Additionally, emphasizing the transparency and 

explainability of AI models used in ADSS can alleviate 

concerns about bias and ensure that employees understand 

how decisions are made (Akinyemi & Ebimomi, 2020, 

Aremu & Laolu, 2014). 

One way to foster trust in ADSS is by emphasizing 

explainable AI. While machine learning and AI-driven 

models have the potential to offer powerful insights, their 

"black-box" nature often makes it difficult for business 

owners and employees to understand how decisions are 

made. This lack of transparency can lead to skepticism and a 

reluctance to adopt ADSS. Explainable AI, which focuses on 

making AI models more interpretable and transparent, can 

help address this issue. By providing clear, understandable 

explanations of how decisions are derived, businesses can 

increase trust in the system and ensure that employees are 

comfortable using ADSS as part of their decision-making 

processes. 

In conclusion, the adoption of Automated Decision Support 

Systems in resource-constrained businesses is not without its 

challenges. Technological limitations, data quality concerns, 

lack of expertise, and organizational resistance all represent 

significant barriers to successful implementation. However, 

these challenges can be overcome with the right strategies. 

By leveraging cloud and SaaS models, businesses can reduce 

technological barriers and access advanced decision support 

tools at an affordable cost (Akinyemi, Ogundipe & Adelana, 

2021, Kolade, et al., 2021). Prioritizing data quality and 

investing in training programs can ensure that businesses 

have the necessary foundation to fully utilize ADSS. 

Additionally, fostering a culture of trust and transparency, 

particularly through explainable AI, can address 

organizational resistance and ensure that ADSS are integrated 

effectively into business operations. With the right approach, 

ADSS can become a powerful tool for driving efficiency, 

improving decision-making, and enhancing competitiveness 

in resource-constrained businesses. 

 

2.7 Case Studies and Real-World Examples 

Automated Decision Support Systems (ADSS) have become 

vital tools for resource-constrained businesses, enabling them 

to optimize operations, improve decision-making processes, 

and enhance competitiveness. Despite operating with limited 

budgets, small and medium-sized enterprises (SMEs) have 

successfully integrated ADSS into their operations, with 

notable results in various industries. By automating decision-

making processes and leveraging data-driven insights, these 

businesses have managed to streamline their operations, 

reduce costs, and improve efficiency. The real-world 

examples of successful ADSS deployment across different 

industries provide valuable insights into the potential benefits 

and challenges of these systems, as well as lessons learned 

from their scaling and implementation. 

One prominent example of ADSS in action is in the retail 

sector, where small businesses are increasingly turning to 

data analytics to optimize inventory management and 

enhance customer engagement. A retail SME in Southeast 

Asia, facing challenges in managing its inventory efficiently, 

implemented a cloud-based ADSS for demand forecasting 

and inventory optimization. Before adopting ADSS, the 

company struggled with overstocking certain products while 

running out of popular items, leading to lost sales and 

increased storage costs (Adisa, Akinyemi & Aremu, 2019, 

Famaye, Akinyemi & Aremu, 2020). By integrating 

historical sales data, customer preferences, and external 

factors like weather and regional events, the ADSS was able 

to predict demand more accurately and automatically adjust 

inventory levels in real time. This led to a significant 

reduction in overstocking, optimized stock rotation, and 

improved product availability. The system also enabled the 

business to reduce operational costs by minimizing manual 

inventory checks and reordering processes. As a result, the 

retail business reported a 20% increase in revenue due to 

better alignment between supply and demand, as well as 

improved customer satisfaction (Abimbade, et al., 2016, 

Olanipekun & Ayotola, 2019). 

In the manufacturing industry, a small-scale business in India 

used ADSS to automate its production scheduling and 

maintenance processes. Prior to the adoption of ADSS, the 

business faced inefficiencies in production scheduling, often 

resulting in delays and increased operational costs. By 

implementing an ADSS that used machine learning 

algorithms to predict equipment failure and optimize 

production schedules, the SME was able to minimize 

downtime and enhance production efficiency (Akinyemi, 

2013, Ilori & Olanipekun, 2020). The system used real-time 

data from sensors on machinery to monitor performance and 

predict potential failures before they occurred. This allowed 

the company to schedule preventive maintenance, avoid 

costly breakdowns, and ensure that production targets were 

met on time. The adoption of ADSS led to a 15% reduction 

in maintenance costs and a 25% improvement in overall 

equipment effectiveness. This case highlights the importance 

of integrating predictive analytics with operational 

workflows to drive efficiencies and reduce costs in resource-

constrained environments. 

In the agriculture sector, ADSS has also shown promise in 

helping small farmers optimize their operations and make 

better-informed decisions. A farming cooperative in Kenya 

implemented an ADSS to automate irrigation scheduling and 

optimize water usage for crops. The system used weather 

data, soil moisture levels, and historical crop performance 

data to determine the optimal irrigation schedules for 
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different fields. By automating the irrigation process and 

tailoring it to specific crop requirements, the cooperative was 

able to significantly reduce water consumption, lower energy 

costs, and improve crop yields (Akinyemi & Ojetunde, 2020, 

Olanipekun, 2020). The ADSS also enabled farmers to 

monitor their fields remotely, reducing the need for manual 

labor and increasing the overall efficiency of the farming 

process. As a result, the cooperative reported a 30% increase 

in crop yields and a 40% reduction in water usage. This case 

demonstrates the potential of ADSS to drive sustainability 

and efficiency in resource-constrained agricultural 

operations, particularly in regions where water scarcity is a 

significant concern. 

A successful case study in the logistics industry involved a 

small courier business in Europe, which used ADSS to 

optimize its route planning and delivery scheduling. Prior to 

adopting ADSS, the business faced challenges in managing 

delivery times, fuel costs, and driver workloads. The ADSS 

implemented by the company integrated GPS data, traffic 

reports, and historical delivery patterns to create the most 

efficient delivery routes in real time (Akinyemi, 2018, 

Olaiya, Akinyemi & Aremu, 2017). The system considered 

factors such as road conditions, fuel prices, and delivery 

windows to optimize each driver’s route and minimize 

delays. Additionally, the system automatically adjusted 

routes based on real-time traffic updates, reducing the risk of 

delays due to unforeseen events. As a result, the courier 

company saw a 25% reduction in fuel costs, a 15% 

improvement in on-time delivery rates, and a 20% reduction 

in the number of driver hours required. This case highlights 

the potential of ADSS to streamline logistics operations and 

reduce operational costs, even for SMEs with limited 

resources. 

A further example comes from the hospitality industry, where 

a small hotel in the United States adopted ADSS to optimize 

its pricing strategy and increase revenue. The hotel used an 

AI-driven pricing optimization system that analyzed data 

from competitor hotels, customer booking trends, local 

events, and historical occupancy rates. The system adjusted 

room prices dynamically based on demand forecasts, 

enabling the hotel to maximize revenue during peak periods 

while offering competitive prices during low-demand times 

(Nwabekee, et al., 2021, Odunaiya, Soyombo & Ogunsola, 

2021). This dynamic pricing strategy, powered by ADSS, led 

to a 20% increase in revenue per available room (RevPAR) 

and improved occupancy rates. The hotel was also able to 

provide personalized offers to repeat customers, which 

further enhanced customer loyalty. This case illustrates how 

ADSS can enable small businesses in the hospitality sector to 

compete with larger competitors by optimizing pricing 

strategies and improving customer experience. 

In each of these case studies, the deployment of ADSS has 

led to measurable improvements in operational efficiency, 

cost reduction, and revenue generation. However, these 

successful implementations also provide valuable lessons 

about the challenges businesses face when adopting and 

scaling ADSS. One key lesson is the importance of data 

quality and integration. In each of the cases, the effectiveness 

of the ADSS was directly tied to the availability of accurate, 

up-to-date data (Chukwuma-Eke, Ogunsola & Isibor, 2022, 

Olojede & Akinyemi, 2022). For instance, in the retail and 

logistics sectors, the systems relied on real-time data for 

demand forecasting and route optimization. Inaccurate or 

incomplete data could have led to suboptimal 

recommendations and decisions. Therefore, businesses must 

ensure that they have the necessary data infrastructure and 

governance in place before deploying ADSS. This may 

involve improving data collection processes, investing in data 

cleaning tools, and ensuring data is sourced from reliable and 

consistent systems. 

Another lesson learned from these case studies is the need for 

businesses to be prepared for the initial challenges associated 

with implementing ADSS. Many SMEs lack the technical 

expertise required to deploy and maintain complex decision 

support systems. As seen in the agriculture cooperative and 

manufacturing business case studies, businesses can 

overcome this hurdle by partnering with external vendors or 

consultants who specialize in ADSS implementation 

(Akinyemi & Abimbade, 2019, Lawal, Ajonbadi & Otokiti, 

2014). These partnerships provide access to expert 

knowledge and support during the initial stages of 

deployment, ensuring the system is set up correctly and 

functions optimally. Over time, businesses can gradually 

build internal capabilities by training staff and investing in 

ongoing technical support. 

Finally, scalability is a critical consideration for businesses 

adopting ADSS. While small-scale implementations can 

yield positive results, businesses need to ensure that their 

ADSS solutions are scalable to accommodate future growth 

(Akinyemi & Ezekiel, 2022, Attah, et al., 2022). This is 

particularly important in industries like retail and logistics, 

where businesses may experience rapid changes in demand 

or expansion into new regions. The case studies demonstrate 

that cloud-based and SaaS solutions are particularly well-

suited for SMEs, as they allow businesses to scale their ADSS 

without significant upfront investments in hardware or 

infrastructure. 

In conclusion, the successful implementation of ADSS in 

resource-constrained businesses offers numerous benefits, 

including improved operational efficiency, reduced costs, 

and enhanced competitiveness. The real-world case studies 

from diverse industries demonstrate the transformative power 

of ADSS, even in environments where resources are limited. 

By automating decision-making processes, businesses can 

make faster, more accurate decisions that lead to tangible 

improvements in performance (Adeniran, Akinyemi & 

Aremu, 2016, James, et al., 2019). However, these case 

studies also highlight the importance of addressing 

challenges related to data quality, technical expertise, and 

scalability when adopting ADSS. By learning from these 

experiences and implementing the right strategies, SMEs can 

harness the full potential of ADSS to drive growth and 

success. 

 

3. Conclusion and Future Directions 

In conclusion, the integration of Automated Decision Support 

Systems (ADSS) into resource-constrained businesses offers 

a significant opportunity to enhance decision-making, 

streamline operations, and improve overall business 

performance. Through real-world case studies, it is evident 

that ADSS can provide small and medium-sized enterprises 

(SMEs) with the tools necessary to navigate complex, data-

driven environments. By automating critical decision-making 

processes, businesses can reduce decision latency, improve 

accuracy, optimize resources, and adapt to changing market 

conditions. The benefits of ADSS, as demonstrated across 
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various industries, are clear—improved inventory 

management, enhanced customer engagement, more accurate 

financial forecasting, and greater operational efficiency. 

However, the successful deployment of ADSS in these 

businesses is not without challenges. Technological 

limitations, data quality issues, lack of technical expertise, 

and organizational resistance are significant barriers that 

must be addressed for effective implementation. To 

overcome these challenges, resource-constrained businesses 

must adopt strategies that include investing in cloud-based 

solutions, forming partnerships with external vendors and 

consultants, prioritizing data quality, and fostering a culture 

of digital literacy and collaboration within the organization. 

Additionally, emphasizing explainable AI will be key to 

building trust in automated systems and ensuring that these 

technologies are used responsibly. 

Looking ahead, there are several directions for future 

research and development in the field of ADSS for resource-

constrained businesses. One critical area is the ethical 

implications of AI and automation. As ADSS increasingly 

rely on machine learning algorithms to make decisions, there 

is a need for ethical frameworks that ensure fairness, 

transparency, and accountability in these systems. Research 

into explainable AI and bias mitigation techniques will be 

essential to ensure that ADSS are not only effective but also 

ethically sound. Another area of future interest is the 

development of adaptive systems that can continuously learn 

and evolve based on new data, enabling businesses to remain 

agile in the face of changing market conditions. These 

adaptive systems will provide more accurate predictions and 

decision support over time, as they learn from past 

experiences and feedback. Lastly, the evolving regulatory 

landscape for AI and automated systems presents an 

important area for exploration. As governments and 

international organizations begin to develop regulatory 

frameworks for AI, it will be critical to understand how these 

regulations can be harmonized with the needs of SMEs and 

ensure that ADSS solutions remain accessible and compliant 

with legal standards. 

In sum, ADSS offer immense potential for resource-

constrained businesses to enhance decision-making, reduce 

costs, and increase competitiveness. However, to unlock their 

full potential, businesses must address the technological, 

data, and organizational challenges that come with their 

implementation. Future research and development in areas 

such as ethical AI, adaptive systems, and regulatory 

frameworks will be essential to ensure that ADSS continue to 

evolve in a way that is both effective and equitable. By 

focusing on these areas, SMEs can successfully navigate the 

digital transformation process and leverage ADSS to thrive 

in an increasingly competitive and data-driven business 

environment. 
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