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Abstract 

Decision-making complexities should be met with equally sophisticated tools and techniques to 

achieve the required impact. In today’s technological environment, digital decision-making tools 

suffice the task. This chapter is centred on digital strategies that enable easier decision-making. 

The main aim is to establish available strategies and their specific impacts. It deploys a detailed 

literature review to discern these strategies using findings to inform managerial implications and 

policy recommendations. Findings from the study indicate that Data-Driven Decision Making 

(DDDM), Advanced Data Analytics and Retail and Customer Analytics are the major digital tools 

that support decision-making. Retail and customer analytics enable sales forecasting, dynamic 

pricing, and micro-segmentation through Big Data Analytics and consumer behaviour analysis 

through customer analytics. The application of these tools, however, revolves around the internal 

business environment, which can be influenced by the financial capabilities (to invest), data 

capabilities (to train and process) and the human resources capabilities (to manage the tools) to 

enhance the customer experience. The chapter concludes with managerial implications and policy 

recommendations, reiterating the need to deploy and increase reliance on these digital tools for 

better organisational decision-making.  
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Introduction  

Decision-making in the current technological era has become a complex undertaking owing to the 

multiplicity of factors to be considered during this process (Khalil et al., 2022; Chemma et al., 

2022). It has necessitated the need to harness digital insights and business intelligence's power to 

make informed decisions that will enhance commercial growth (Abdulquadri et al., 2021). The 

need for digital decision-making strategies arises from the digital transformation and Industry 4.0 

trends. Digital transformation encompasses the integration of digital technologies into the 

company activities to enhance performance and deliver better customer experiences (Güler & 

Büyüközkan, 2019).  

 

The Industry 4.0 revolution augments this system by combining cyber-physical systems with other 

technological integrations to enhance communication and create dynamic value chains (Ali et al., 

2022). Digital decision-making strategies are also necessary, given the rapid changes in consumer 

decision-making patterns, thanks to the increasing utilisation of information communication 

technologies (Liu et al., 2021). Data-driven decision-making (DDDM) is a vital digital strategy for 

making accurate decisions. This decision-making strategy promotes business success through 

adaptability to the ever-changing business environment (Levin & Datnow, 2012). Other digital 

decision-making strategies encompass advanced data analytics, business intelligence, retail and 

customer analytics through data mining, Big Data, and cognitive computing.  

 

This chapter aims to analyse digital decision-making strategies in the service sector and provide 

relevant managerial and policy implications. To achieve this aim, the study adopts an integrative 

literature review approach to critically review and synthesise the literature on Data-driven 



decision-making (DDDM), advanced data analytics and retail and customer analytics, which 

enables us to develop a new theoretical framework and perspective (Snyder, 2019) to enhance the 

better understanding of digital strategies for aiding ease of decision-making in service. In doing 

this, the study contributes to the existing body of work on Data-Driven Decision Making, Business 

analytics and data-driven customer service (Ahn et al., 2022; Dwivedi et al., 2022; Taylor, 2022; 

Kim, 2021), with theoretical implications for academic researchers, managers and policymakers 

exploring marketing prospects, digital transformation, and service quality in a data-driven business 

environment. 

 

The remainder of this chapter summarises the literature on DDDM, Business intelligence and 

Analytics. Recommendations and practical implications for the stakeholders subsequently follow 

this section. The paper concludes with a concluding remark highlighting the study's limitations 

and the agenda for future research. 

 

Literature Review 

Data-Driven Decision Making (DDDM) 

Data-driven decision-making (DDDM) involves using data to make informed and verified business 

decisions. It deploys modern analytics tools, including interactive dashboards, to minimise biases 

and align managerial decisions with business strategies (Zhang et al., 2020). This decision-making 

strategy involves relying on verified analytical data while working toward business goals. It has 

led to the increasing importance of data science which involves analysing large amounts of raw 

data to make intelligent business decisions. DDDM enables the business to generate real-time 

insights and predictions for optimal performance (Wang et al., 2018). This strategy has led to the 



emergency of computational leadership science (CLS). CLS combines data science tools and data 

processing to enhance leadership through network analysis, simulations, artificial intelligence 

(AI), and other digital approaches. The use of DDDM encompasses the identification of data 

sources, organisation, and assessment, aligning the data systems and adjusting the systemic 

processes (Don host & Anfara, 2010) 

According to Hossfeld (2017), digitalisation has important implications for organisational 

decision-making. Its impacts are associated with the increasing availability of digital data through 

Big Data, automation, and digital customer access. The algorithmic models deployed in DDDM 

enable the systems to orient their data towards the desired outcome through goal-setting 

(Wohlstetter et al., 2008). Upadhyay & Kumar (2020) further indicated that analytics (data-driven) 

business decisions enable the firm to maintain its strategic advantage. DDDM is harnessed in 

supply chain management for demand estimation using customer behaviour patterns (Rai et al., 

2019; Boone et al., 2019). Such integrations result in accurate demand forecasts and enhance 

distribution and efficient supply chain management. According to Tao et al. (2018), smart factories 

also utilise AI to implement DDDM for timely business decisions. Neural networks (NN) are also 

utilised for forecasting purposes by incorporating non-linear relationships in the data and 

discerning unpredictable and uncertain demand patterns (Kumar et al., 2019; Tonadre, 2017). 

DDDM combines machine learning (ML) and simulation-based optimisation techniques to 

establish demand accuracy and adapt supply-to-demand forecasts (Li et al., 2015). The ML 

technique encompasses the application of clustering and neural network (NN) methods to enhance 

the accuracy of demand forecasts (Bandara et al., 2020). It takes the time series dataset from 

historical sales as the input using a comma-separated-values (CSV) file. The application of this 

technique enhances efficiency in the retail supply chain through the clustering approach. 



Clustering is applicable for data segmentation to generate valuable insights that will be integrated 

into the supply chain management decisions (Kharlamov et al., 2020). Simulation-based 

optimisation (SBO) synchronisation receives information from ML to adapt the supply chain to 

the forecast uncertainties and real demand drawn from historical sales. According to Xu et al. 

(2020), DDDM models can be deployed to address collection and delivery points (CDP) problems 

among online retailers. Data analysis of the purchase behaviour can be integrated into ML 

algorithms to optimise CDP locations using suitable optimisation models. According to 

Brynjolfsson et al. (2011), DDDM models are also essential in enhancing productivity and the 

firm's market value through efficient asset utilisation. Brynjolfsson & McElheran (2016) further 

established that DDDM had been significantly adopted in the US manufacturing sector. Many 

firms track and utilise data in their decision-making, and the level of adoption is directly related to 

the firm's performance.  

DDDM is driven by the increasing availability of Big Data, including accounting system 

data, point-of-sale (POS) data, and social media data (Ballou et al., 2018). According to Brand & 

Holtzblatt (2015), businesses have been gradually transforming from the traditional transaction-

based accounting approach towards more sophisticated technological integrations encompassing 

the application of data analytics. Currently, companies in most industries are working on exploiting 

data for a competitive advantage (Provost & Fawcett, 2013). There have been increasing cases of 

automated business decision-making by computers associated with the increasing power of 

computers. The decision-making approach is more relevant where companies have hundreds of 

millions of customers, as predictive analytics allows it to implement direct marketing, help-desk 

management, online advertising, and relevant product recommendations (Tambe, 2012). 

Advancements in data-analytic thinking have also made it possible for businesses to assess 



investment opportunities, increase revenues and decrease costs. Diván (2017) indicated that the 

social impacts of DDDM revolve around its anchorage on the organisation’s history by modelling 

its experiences from its historical measures. Evaluations are necessary to establish the state of the 

services and orient the decision-making to the different situations under consideration (Sutherland 

& Cook, 2017). DDDM serves as a suitable way to limit the basis of decision-making to intuition 

because it is subjective and prone to error.  

According to Liu et al. (2021), artificial intelligence (AI) technologies, including deep 

learning (DL), reinforcement learning (RL), and deep reinforcement learning (DRL), are harnessed 

in DDDM. DL is a representative algorithm of ML whose main function is extracting features 

from uncertain systems utilising multi-layer neural networks. RL has dynamic feedback, and the 

agent implements optimisation via the interaction with the uncertainty’s environment in response 

to the system dynamics (Li et al., 2022). DRL functions as a combination of DL and RL. Deep Q-

learning (DQN) is among the basic structures of RL, which features various improvements in 

value-based techniques. These decision-making tools are applicable in business scenarios where 

the entity needs to increase its market share and reduce costs while maintaining the venture's 

profitability. Gautam & Bhimavarapu (2022) evaluated the application of DDDM in finance with 

major findings cementing the importance of making informed decisions through financial data 

analysis (FDA). Cross-sectional data is applicable in financial decision-making in valuation and 

pricing decision making while time series data is mostly applicable in systematic risk assessment 

and asset pricing (Patil & Rastogi, 2019).  

 

Business Intelligence (BI) 



 Business intelligence (BI) entails a set of technologies and processes that utilise data to 

understand and analyse the performance of a given business (Aldossari & Mokhtar, 2020). BI 

differs from Advanced Data Analytics as it uses less sophisticated tools and is mainly deployed 

for descriptive analytics. The latter can be utilised in both predictive and descriptive analytics. The 

foundations of BI are anchored on Structured Query Language (SQL), Data Warehousing, 

Extraction Transformation and Loading (ETL), Relational Database Management Systems 

(RDBMS), and Apache (Rouhani & Lecic, 2018). BI systems are integral in organisational 

decision-making as they combine operational data with analytical tools to generate vital and 

actionable insights. It helps improve the quality and timeliness of the inputs needed in the decision-

making process. BI enables the decision-makers to comprehend the organisational capabilities, 

trends, state of the organisational systems, and future market scenarios alongside the operational 

technological and regulatory environment (Almeida et al., 2020). It also encompasses the 

competitive intelligence (CI) segment that involves the systematic and ethical process of gathering, 

analysing, and managing external information that is imperative to the organisation’s operations, 

decisions, and plans. CI enables the firm to maintain a competitive edge in the marketplace by 

providing an in-depth understanding of the competitors and the competitive environment (Hartley 

& Seymour, 2015). The strategic application of BI involves using the information for strategic 

decision-making. 

In contrast, its tactical application entails building viable frameworks for data reporting and 

analysis, and the operational function is centred on addressing organisational challenges involving 

scattered data (Bestman et al., 2016). These functionalities rely on Organisational Learning (OL) 

techniques to enhance innovation and effectiveness and gain a competitive advantage in the 

market. A combination of Analytics Intelligence, Content Intelligence, and Continuous 



Intelligence of BI is vital in evaluating leadership effectiveness and implementing strategic 

planning, human resource management (HRM), customer, operation, and information 

management systems (Jayakrishnan et al., 2017). According to Mavi & Standing (2018), BI 

enhances organisational performance in terms of internal strategy through efficiency and 

productivity and external strategy to gain a competitive advantage over other organisations. Its 

implementation also helps the decision-makers to analyse and determine suitable courses of action 

in complicated organisational and operational environments. The other benefits of BI include 

cutting down on unnecessary costs, revenue increments, increased profitability, and better resource 

allocation. According to Tavera Romero et al. (2021), BI is a product of the Industry 4.0 evolution 

and has numerous positive impacts on the organisational business and economic decisions in 

different operating environments. Its positive impacts have been recorded in governmental, 

academic, and social institutions. Special applications of BI include counter-intelligence, business 

sustainability, customer and business relationship management, and attaining organisational 

objectives. Ul-Ain et al. (2019) also established that BI had many uses in the organisational setting 

in terms of management support, change management, support, and training, structural 

empowerment, enhancing service quality, communication, project management, and business 

strategy alignment.  

 

Advanced-Data Analytics 

Advanced-Data Analytics entails autonomous or semi-autonomous customer and business 

data utilising sophisticated tools and techniques (Marasco & Kontokosta, 2016). These tools are 

advanced beyond the traditional business intelligence tools and enable the organisation to uncover 

deeper insights, make valid predictions and generate appropriate predictions. It encompasses 



extensive data, quantitative and statistical analysis, fact-based management techniques, and 

predictive and explanatory models to determine business decisions (Akerkar, 2014). The advanced 

data analytics tools include ML, data mining, forecasting, pattern matching, semantic analysis, 

visualisation, multivariate statistics, and cluster analysis. Others include sentiment analysis, 

simulations, graphical analysis, network analysis, and complex event processing (Mehmood et al., 

2019). It encompasses using advanced data science techniques to predict patterns and determine 

the probability of future events. Advanced data analytics helps the organisation by addressing 

problems that cannot be solved through traditional business intelligence (Molnar, 2018). Its major 

advantages include accuracy in forecasting, enhanced risk management, faster decision-making, 

and deeper actionable insights. The approach applies to supply chain optimisation, business 

operation, risk management, and target marketing.  

According to Akerkar (2014), advanced data analytics enables the use of computing to gain 

insights from data sourced from the internal systems within the organisation and third-party data 

providers. It has found vast applications in customer analytics, supply chain analytics (SCA), 

public domain analytics, and fraud and risk analytics. In customer analytics, the main focus is on 

its marketing applications through customer profiling and segmentation, brand reputation analysis, 

social network analysis, and marketing mix optimisation alongside the management of customer 

experiences (Edwards et al., 2017). SCA applications include inventory optimisation, demand 

forecasting, transportation, pricing, scheduling, storage management, and risk mitigation. Public 

domain analytics include the design of energy grids, smarter traffic systems, and public safety 

management. Advanced data analytics regards information as a strategic asset later subjected to 

descriptive, predictive, and prescriptive analytics to establish business performance (García et al., 

2015). Descriptive analytics deploys various techniques to identify patterns and trends, including 



data modelling, regression analysis, and visualisation. The predictive analysis revolves around 

establishing the probability of future events in real-time and in batch through data mining, root 

cause analysis, forecasting, pattern matching, predictive modelling, and Monte-Carlo Simulations 

(Hwang & Chen, 2017). Finally, prescriptive analytics utilises data to determine suitable courses 

of action based on descriptive and predictive analytics input.  

Nalchigar & Yu’s  (2018) framework for business-driven data analytics illustrates the 

applications of advanced data analytics to make business decisions, assess these decisions, draw 

insights from the data and achieve various analytics goals using indicators and soft goals. It is 

achieved through data preparation, the design of suitable data catalogues, pattern discovery, 

clustering, classification, and prediction. Elgendy & Elragal (2014) also established that advanced 

data analytics encompasses using algorithms to analyse large datasets and extract valuable patterns 

and relationships. It has been extensively applied in social media analytics to facilitate 

comprehension of reactions and discussions among different groups in different online 

communities. The application is similar to Social Network Analysis (SNA), whereby the main 

focus is on such relationships' relationships, patterns, and implications (Zeng et al., 2011). A major 

difference between social network analysis and social media analysis is that the former captures 

social relationships and patterns between different networks of people, while the latter majors on 

the conversations between social media users through text mining and sentiment analysis. Text 

mining deploys DL algorithms, including Support Vector Machines (SVM) and Naïve Bayes, to 

scan through large amounts of unstructured textual data and identify valuable relationships, facts, 

and assertions (Arulmurugan et al., 2019). Sentiment analysis relies on natural language processing 

(NLP) to unearth opinions on whether the data is positive, negative, or neutral. Advanced data 

analytics has also found vast applications in visual discovery and Advanced Data Visualization 



(ADV) (Ransbotham et al., 2016). ADV enables comprehensive data exploration through a 

combination of interactive visualisation techniques and various methods of data analysis. It takes 

advantage of human perceptual and reasoning capabilities alongside providing an intuitive visual 

representation that facilitates the perception and reasoning of the analyst. Advanced data analytics 

is also valuable in marketing through its functionalities of customer intelligence that enable 

informed marketing decision-making, customer segmentation, and customer retention and 

satisfaction. Fan et al. (2020) have also indicated that advanced data analytics techniques can be 

deployed across the service spectrum, including effectively managing building operations using 

data mining and ML algorithms. According to this study, data-driven models can be applied to 

different aspects of the building lifecycle, starting with the building design, operation, policy-

making, and control.  

 

Retail and Customer Analytics 

Retail and customer analytics are essential in the current competitive retail environment. It 

helps capture value for retailers through sales forecasting, micro-segmentation, remarketing, and 

dynamic pricing using vast amounts of unstructured and structured customer data (Wedel & 

Kannan, 2016; Hossain et al., 2020). The interactions between customers and the business generate 

huge amounts of data that can be harnessed to enhance service efficiency. Retail and customer 

analytics is implemented by focusing on technology-enhanced and customer-centric 

communication. The resource-based view (RBV) theory is utilised to deliver a competitive 

advantage through the firms’ tangible and intangible assets (Lee & Grewal, 2004). Analytics 

enables the firm to offer distinct products through personalisation by spotting trends in the market 

to establish the customers’ real-time desires. Spotting trends is vital in marketing intelligence as it 



reveals unknown insights through consumer data analytics from various sources, including social 

media conversations and internet tracking data (Andreassen et al., 2015). Analytics also enables 

the firm to discern consumer behaviour that can be utilised in personalising product 

recommendations through collaborative and content filtering (Wedel & Kannan, 2016; Zhang & 

Wedel, 2009).  

According to Gawankar et al. (2019), the increased utilisation of digital technologies, including 

Big Data analytics, has led to the emergence of data-driven retail supply chains. It is part of the 

Retail 4.0 evolution, where the main focus is on utilising available technologies to attract and retain 

customers (Kamble et al., 2019). A Retail 4.0 environment enables organisations to provide 

enhanced services and customer experiences by transforming the entities into DDDM units (Lee 

& Lee, 2018). Big Data analytics avails valuable insights that can be utilised in value creation and 

strengthen customer relationships through more effective policies and practices. Big Data-driven 

supply chains avail large quantities of information to organisations through real-time tracking of 

performance parameters (Kamble & Gunasekaran, 2019). It is a vital integration aimed at 

providing an experience-based approach through all available channels of customer engagement, 

including online stores, physical stores, mobile communications, and social media. Consumer and 

market data serve as the main component of this retailing environment, where the main focus is 

on understanding trends and changes in consumer preferences. Big Data analytics is also harnessed 

for profiling customers, designing the store layout, analysing store traffic, and planning inventory 

(Beecham, 2016).  

Big Data analytics is continuously applied in real-time diagnosis and prognosis of 

organisational practices. The major focus of Big Data analytics is on the descriptive and predictive 

analytics aspects, which function well in combination with cloud computing, IoT, and other AI 



systems (Bousdekis et al., 2021). Decision-making algorithms harness Big Data analytics' 

capabilities to simulate possible business scenarios to inform decision-making. This aspect reduces 

the overall cost of market research and other requirements needed to implement complex business 

decisions (Petrillo et al., 2020). Furthermore, data analytics avail a data-rich environment that 

makes it possible to implement quality improvement programs through continuous goal setting, 

monitoring and evaluation, and linking the results to the individual and collective organisational 

outcomes (Gill et al., 2014; Madinach, 2012). However, the decision-makers must understand the 

benefits and limitations of the data, relevant data types for the required decisions, and the 

appropriate use of data in decision-making to make this data more valuable.  

Big data analytics is a disruptive technology that will reshape the future of business intelligence 

(Fan et al., 2015). It is vastly applied in developing marketing intelligence which encompasses 

drawing insights from data to be applied in marketing-related decision-making. This approach 

combines data mining techniques to extract patterns or predict customer behaviour from large 

databases. The most commonly used data mining methods include classification, association 

mining, regression, and clustering (Chandramana, 2017). This data is utilised in customer 

segmentation and profiling by identifying customers with similar interests and responding to 

certain marketing signals. It is also applicable in product ontology and the management of product 

reputations through clustering and association mining techniques. Big data analytics is 

increasingly being applied in promotional marketing analysis and recommendation systems (Chen 

et al., 2012). In promotional marketing analysis, it helps establish how different customers respond 

to certain promotional strategies alongside the impacts of other factors such as place and pricing. 

Product recommendation systems are also deployed to enhance product awareness and promote 

products to potential customers (Grewal et al., 2017). These systems rely on user-ratings 



frameworks incorporating content-based association mining and collaborative filtering methods. 

Big Data analytics is also applicable in the design of pricing strategies, competitor analysis, 

community dynamic analysis, and location-based advertising (Begley et al., 2018). It enables the 

use of log data in pricing strategy determination by estimating the demand levels, deriving demand 

elasticity, and optimising pricing choices. Automated competitor analysis applications deploying 

Big Data analytics discover potentially competitive products and their contexts alongside 

identifying potential business competitors (Pierdicca et al., 2015). Location-based advertising 

functionalities rely on location-based services (LBS) to avail personalised information on the users 

that can be harnessed in personalised engagement marketing (PEM). In dynamic community 

analysis, GPS traces are utilised to uncover the location-based dynamics of various communities, 

which makes it possible to predict changes in their product preferences (Zhang et al., 2020).  

Retail and customer analytics encompasses a significant technological evolution of the retail 

industry due to its application in different marketing applications. It is extensively applied in shelf 

space analytics and optimisation, where the major focus is appropriate space allocation to enhance 

overall sales and optimise profitability (Kaur et al., 2020). Product analysis integrations are also 

utilised to establish customer interactions with the product. These analytics combine with social 

media analytics to draw insights from consumer behaviour that is later harnessed in customer 

segmentation. According to Giri et al. (2019), customer analytics is essential in implementing 

quick responses to changes in customer preferences based on the information on customer 

behaviour drawn from real-time tracking systems. This intervention helps in minimising losses 

and promoting the sustainability of the business. 

Additionally, it provides vital data that can be used to customise consumer profiles, provide 

personalised recommendations, and increase loyalty programs through its effective Know-Your-



Customer (KYC) mechanisms. Griva et al. (2020) proposed using a customer visit segmentation 

approach to enable marketers to understand customer behaviour per visit better and to develop 

more tailored and compelling shopping experiences. Customer analytics is also suitable for 

sustaining a competitive advantage through analytics-driven value chains (Wamba et al., 2019). 

This approach harnesses the resources, knowledge, and marketing orientation aspects to create 

direct and indirect impacts on the customers. 

Discussion 

Technology will continue to play an integral role in business management (Abdulquadri et al., 

2021; Chemma et al., 2022), and it is becoming more imperative for business managers to be aware 

of this digital transformation and put measures in place to enhance their financial viability and 

sustainability. Companies that want to survive in this digital age must recognise and explore the 

huge prospects of data‐driven services marketing and data-based decision-making (Kumar et al., 

2013; Hutchinson et al., 2010; Mogaji, 2021). An enormous amount of data is being generated 

across different touchpoints, and organisations need to collect, manage and use it to improve their 

business operations and enhance consumer experience (Dwivedi et al., 2021; Mogaji et al., 2023). 

 Though this chapter has focused on the retail sector, it is imperative that the insights provided 

can apply to many other industries and sectors. This application could be in the banks within the 

financial sector that can analyse consumer data to provide personalised credit offers to customers, 

recognise fraud, and provide credit ratings and scores (Mogaji & Nguyen, 2022; Mogaji et al., 

2022; Nguyen & Mogaji, 2022). Media and entertainment sectors like Netflix and Paramount can 

use analytics to know what type of movies people are watching, what time they are watching and 

what interests them; this insight can be used in commissioning newer projects, offering 

recommendations and also for advertising purposes (Hadida et al., 2021; Fagerjord & Kueng, 



2019). Likewise, the Universities can benefit from learning analytics to evaluate how well their 

students are engaging with the virtual learning environments (VLEs), their attendance and visit to 

the library, which can be used in determining students who need assistance and even predict future 

grades (Jain et al., 2022; Sharma et al., 2022) 

However, the application of these tools revolves around the internal business environment, 

which can be influenced by the financial capabilities to invest in the tools. Many companies may 

not be able to afford these analytical tools and software, which inhibits their ability to understand 

their consumers and provide an enhanced service. Soetan et al. (2021) and Mogaji et al. (2022) 

explored digital transformation in developing countries. They recognised that their access to 

technology in many developing countries inhibits businesses' progress in advanced data analytics 

and data-driven decision-making. Likewise, the data capabilities to train the algorithm to pose a 

challenge, especially for businesses where data must be properly collected and managed. As Khalil 

et al. (2022) found in their study of small- and medium-sized enterprises (SMEs) across six 

developing countries, this unstructured data can affect many brands’ data-driven decision-making 

strategies, as they do not have enough structured data to shape their business operations using 

digital analytics. The human resources and capabilities to manage this tool are also important. 

Ensuring companies have staff with expertise and experience to use the tools and provide insights 

through analytics and predictive intelligence. Mogaji & Nguyen (2022) explored managers' 

understanding of artificial intelligence in marketing financial services and advised the need to 

recruit and train staff with the expertise to manage business intelligence and data analytics. The 

discussion of these digital strategies for aiding ease of decision-making in service has revealed 

some significant managerial implications, which will be discussed in the next section.  

 



Managerial Implications  

 Decision makers should leverage the immense capabilities of DDDM to make informed 

decisions that will promote the organisation's growth. The wealth of insights available through 

DDDM, combined with BI, enhance decision-making confidence that supports organisational 

evolution and financial growth. Leaders should also focus on implementing the appropriate data 

reporting tools and equip themselves with the knowledge and skills for accurate data measurement 

and analysis to make better data-driven decisions. Another key consideration entails the need to 

reduce over-reliance on the gut instinct in decision-making and ensure that razor-sharp metrics, 

figures, facts, and insights back all organisational decisions. Based on the benefits of digital 

decision-making strategies, organisational leaders should consider making these strategies at the 

core of their operations to scale new heights and make the business or institution more adaptable 

to a continuously transforming landscape. Additionally, the organisation needs to develop a data-

driven culture by harnessing its real-world application to turn insight into actions that drive 

organisational growth.  

The integration of DDM, BI, Advanced Data Analytics, and Retail and Customer Analytics 

should be at the core of every organisational leader’s considerations because of their relevance in 

guarding against biases and trend and pattern identification. Such integration will be meaningful 

in verifying the logic used to make decisions and ensuring the organisation has adaptability. These 

strategies should also be extensively utilised in change management by eliminating guesses from 

transformational decisions. It will help the decision-makers identify the causes for a given set of 

results and implement suitable adjustments or safeguards to ensure the process runs successfully. 

Investments in sophisticated data collection and analytics are another major consideration for 

every business leader to enable proactive decision-making, especially in the marketing and sales 



segments. Given the ever-changing nature of consumer dynamics, digital decision-making tools 

support proactive decision-making by identifying historical patterns and utilising the data to 

predict future trends. These tools will also enable decision-makers and organisational leaders to 

stay ahead of the curve by anticipating low-profile but high-impact events that will transform 

business and institutional operations.  

The vast amounts of datasets and accompanying tools to mine valuable insights from the 

data should provide a good benchmark for decision-makers to compare operational results. 

Harnessing such techniques and tools will make it possible to assess results from previous tactics 

and establish improvements and segments that need to change. The tools should also be extensively 

deployed in SMART Goal setting by mining useful indicators from customer and retail analytics, 

BI, and various advanced data analytics applications. Another important consideration for 

decision-makers revolves around assessing the current state of usage of digital decision-making 

strategies and making appropriate adjustments to keep up with the changes. This consideration is 

especially significant in the evolving technological environment, where new and advanced 

developments continuously render existing tools and techniques obsolete. 

Furthermore, it is vital for the competitive business environment, where the major aim is 

to gain a competitive advantage over other players. In terms of competition, investments in data 

analytics tools are a crucial weapon to beat the competition through competitor analysis alongside 

internal assessments that provide a clear indicator of the business position. Lastly, leaders should 

consider digital decision-making tools harnessing data analysis and processing to gain better 

knowledge of their customers and implement personalised offers. 

 



Policymakers should consider developing open data policies to enable easier access to vital 

data for decision-making purposes. These policies should focus on transparency, accountability, 

and value creation through enhanced data availability. The data in question includes public 

information on government projects and all other metrics collected on behalf of the people that can 

be adequately deployed in decision-making. Suitable examples include data on the construction of 

important projects such as dams and other social amenities, natural disasters, and the 

socioeconomic status of given locations. This data will enable the decision makers to implement 

responses that target specific problems, designed to attain certain impacts and tailored to specific 

scenarios.  

Policymakers should also consider developing organisational data storage policies that will 

make it easier to store and retrieve data as needed securely. These policies should focus on 

revamping the data storage capacities and capabilities through cloud computing and other 

integrations and acquiring suitable analytics tools and software. The organisational data storage 

policies should also clearly define the data types, storage timelines, storage location, retrieval 

mechanisms, and budgetary considerations to support such integrations. Lastly, special concerns 

should be accorded to the need for ethical data processing and implementation policies that 

promote ethics in data collection, storage, and utilisation. 

 

Conclusion  

This chapter focused on digital strategies enabling easier decision-making, including DDDM, BI, 

advanced data analytics, and retail and customer analytics. DDDM supports informed and verified 

business decisions, minimises biases in decision-making, and enables organisations to make fast 

and comprehensive decisions. BI is majorly applicable in business performance analysis, and its 



inputs are vital in enhancing the timeliness and quality of decision-making inputs and overall 

improvements in organisational performance. Advanced data analytics is relevant for unearthing 

deeper insights and making valid predictions by harnessing internal data alongside that from third-

party providers (Abdulquadri et al., 2021). Finally, retail and customer analytics are essential for 

the current competitive retail environment by enabling sales forecasting, dynamic pricing, PEM, 

and the creation of data-driven supply chains.  

 

Overall, the increasing significance of digital strategies in decision-making implies that decision-

makers and organisational leaders should utilise these tools to enhance confidence in decision-

making, reduce over-reliance on gut instinct, and develop a data-driven culture in organisations 

(Khalil et al., 2022). Policymakers should consider integrating open data policies for easier access 

and deploy suitable policies for secure data storage and ethical data processing (Chemma et al., 

2022). 

 

While effort has been made to synthesise existing literature on this matter, there are some 

limitations to this study, and readers should interpret the provided insights in the context of these 

limitations. First, the study was highly conceptual, thus opening an opportunity for future research 

to explore and empirically validate the insights provided in this chapter. Second, like any other 

conceptual paper (e.g. Ahn et al., 2022; Kim, 2021; Taylor, 2022), the study gave a holistic view 

of DDDM and digital strategies for aiding ease of decision-making in service, and no data has been 

collected to validate the propositions empirically. Future studies can contextualise and validate the 

conceptual framework in business contexts. Notwithstanding, the study offers future research 

opportunities to understand better how to use data to aid in ease of decision-making in the services 



sector. Like others who have started this theoretical insight, this study will likely spur future 

research and expand our knowledge about the subject matter. Future studies must collect 

qualitative and quantitative data from the key stakeholders to understand their challenges and 

opportunities for using data to aid in ease of decision-making in service. 
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