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Abstract: The exponential rise in digital data within corporate ecosystems has dramatically transformed the nature of business decision-making, which now requires advanced analytical techniques to handle voluminous amounts of information in real time. The purpose of this paper is to offer a comprehensive review of RTA as an innovative approach within business intelligence and decision support systems based on evidence from thirty current studies published between 2024 and 2026. Using concepts from information systems theory, decision-making processes, and intelligent computation, this study investigates the underlying architecture, methods for augmenting AI within these systems, and strategies for implementing them within specific domains. The Real-Time Decision Intelligence Model (RT-DIM) is presented as a theoretical model that demonstrates how streaming data systems serve as an intermediary layer between organizational data and decision-making outcomes. It has been found out that enterprises using analytics in real time have significant advantages when it comes to decision-making speed, forecasts' accuracy, and operational efficiency, including specific gains in different domains, such as financial services (where there is a 18.3% reduction in fraud), as well as cybersecurity where there is a 67% decrease in threat detection latency. This article points out several important research gaps in the field of analytics.
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1.  INTRODUCTION
It is an established fact that decision-making in its temporal aspect has been one of the most important dimensions of strategic competitiveness in any organization. The use of conventional decision support systems based on transactional data processing using batch methods and historical reporting has been effective enough for an environment of relatively static markets and low rates of data generation [1]. But the emergence of mobile technology, IoT applications, cloud computing, and social media content generation has made evident a problem, termed as "velocity problem," which refers to the fact that organizations can no longer match the velocity of data production with the speed of intelligence extraction [2].

Real-time analytics (RTA) is an answer to this problem in that it involves the constant intake, processing, and analysis of streaming data, thereby allowing organizations to gain insight within milliseconds or seconds after data generation, instead of waiting for hours or days [3]. Unlike the traditional approach to data warehousing, which focuses on the depth of historical data, RTA favors temporal immediacy, and allows decision-makers to have situational awareness based on current organizational states, instead of historical ones [4]. The significance of this technology is immense for business decisions made in all functional areas, such as e-commerce, financial services, manufacturing, and retail sectors [5].

While a number of practitioner-oriented publications exist highlighting the transformational power of RTA, the scholarly study of the ways through which the use of RTA enhances decision quality, and the contexts in which the same is made possible, has been relatively lacking so far. The literature review conducted for this research either tends to focus on the technological architecture involved, discussing the various frameworks used to carry out stream processing, like Apache Kafka, Apache Flink, and Spark Streaming, or discusses the relevance of big data to business processes without considering the aspect of temporal immediacy [6].

This study’s four primary aims include: (i) To review current literature on real-time analytics (RTA) and its impact on business decision-making; (ii) To explain the architectural differences between RTA and traditional methods; (iii) To assess the role of AI in real-time analysis; and (iv) To develop an integrative theory model, the RT-DIM, which explains how RTA can contribute towards improved decision making.

The rest of the paper is organized as follows. The second section reviews the existing literature on the topic and classifies reviewed research works. The third section analyzes architectural foundations. The fourth section explores AI and machine learning integration. The fifth section analyzes the evolution of BI platforms. The sixth section focuses on application domains. The seventh section identifies challenges and gaps. The eighth section introduces the RT-DIM framework.

2.  THEORETICAL BACKGROUND AND LITERATURE REVIEW
The theories underlying this study include three major disciplines: information system theory, organizational decision theory, and computational intelligence. The bounded rationality approach proposed by Simon [7], whereby an individual decision-maker faces limitations on his or her cognitive abilities and tends to satisfy rather than optimize, represents a strong theoretical justification for using augmented analysis. When there is limited ability of human beings to reason and make judgments, an information system that facilitates the process of information management and thereby alleviates the computational effort should result in improved decisions.

Aspects relating to RTA have changed significantly since the early studies related to decision support systems in the 1970s and 1980s [8]. RTA can be defined in the wider context of operational analytics, which is contrasted with strategic analytics in that the former focuses on immediate transactions rather than long-term planning [9]. According to Abbasi et al. [10], there are three generations of business analytics; namely, descriptive, predictive, and prescriptive, with each generation being increasingly enhanced through real-time aspects.

Figure 3 highlights the distribution of the thirty examined studies within five main areas of research, showing that most studies focus on the field of AI-enhanced analytics (n = 8) and big data-BI integration (n = 7), while the rest are equally divided among other fields such as domain-based applications, decision making, and process-related operations. Table 1 presents an organized summary of fifteen chosen studies in terms of authorship, field, methodology, and finding.
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Figure. 3.  Distribution of reviewed studies by research domain (N = 30).
Table 1.  Selected Literature Review Summary (Representative Studies from the 30-Paper Corpus)
	#
	Author(s) & Year
	Domain
	Methodology
	Key Finding

	1
	Thabit & Raewf (2025)
	Manufacturing
	Survey (n=147)
	RTA adoption depth positively predicts decision accuracy

	2
	Nawaz et al. (2025)
	Multi-sector
	Conceptual (B-DAD)
	Framework linking streaming data to strategic intelligence

	3
	Sharma & Gupta (2025)
	Business Intelligence
	Literature Review
	Continuous BI dashboards outperform periodic reporting

	4
	Yadav et al. (2024)
	Project Management
	Empirical
	Real-time insights improve project lifecycle decisions

	5
	Williams & Patel (2024)
	Finance & BI
	Mixed-methods
	Streaming analytics reduces reporting lag by 74%

	6
	Hassan et al. (2025)
	Enterprise AI
	Case Study
	AI-BI integration raises org. performance by 27%

	7
	Hernandez & Martinez (2026)
	Retail Banking
	Longitudinal
	AI-RTA reduces credit default rates by 18.3%

	8
	Kim & Park (2025)
	Insurance
	Comparative
	Replicates fraud detection gains in non-banking sectors

	9
	Okonkwo & Singh (2025)
	E-commerce Marketing
	Quasi-experimental
	Dynamic offers outperform batch campaigns by 23–41%

	10
	Chen et al. (2025)
	Digital Marketing
	Regression
	Real-time segmentation lowers customer acquisition cost

	11
	Al-Sai et al. (2025)
	Government / Public
	Case Study
	Policy responsiveness materially improved with RTA

	12
	Zhao et al. (2025)
	Manufacturing/Logistics
	Experimental
	AI + RTA yields up to 42% operational efficiency gain

	13
	Rajendran et al. (2024)
	Cybersecurity
	Lab Experiment
	Stream-based detection: 67% lower mean time to detect

	14
	Wang et al. (2025)
	E-commerce Operations
	Panel Data
	15–28% inventory turnover improvement with RTA

	15
	Kusuma & Santosa (2025)
	Retail Strategy
	Comparative
	RL-augmented RTA: 31% higher promotional profitability


Many academic studies have been conducted regarding the relationship between data analytics and the efficiency of decision-making processes. According to Thabit and Raewf [1], enterprises that utilize big data analytics exhibit significantly better performance outcomes compared to their counterparts that adopt an intuitive approach towards decision-making. Based on an investigation of 147 manufacturing companies, the research reveals a positive and statistically significant correlation between the degree to which enterprises utilize data analytics and the accuracy of their decisions. As further support of this idea, Nawaz et al. [2] develop the Business Data Analytics for Decision-making framework, according to which the use of real-time analytics plays a key role as an intermediary mechanism between raw enterprise data and strategic intelligence.

In terms of its connection with real-time analytics, artificial intelligence can be considered one of the most rapidly developing subfields in the academic discourse. As pointed out by Hernandez and Martinez [11], the use of machine learning algorithms within stream data processing pipelines makes it possible for companies to move toward more proactive decision-making, including anomaly detection, prediction of customer attrition, and resource optimization prior to negative results taking place. A long-term analysis of banking organizations conducted by Hernandez and Martinez revealed that the use of AI-powered real-time analytics helped lower credit defaults by 18.3% over three years.

The same has been observed with regards to organizational and strategic decision-making environments. Al-Sai et al. [15] discuss the use of real-time analytics in government agencies, revealing that decision-support systems based on real-time analytics enhance policy responsiveness and resource utilization efficiencies significantly, especially in terms of health services and urban management. Gunasekaran et al. [16] contend that real-time situational understanding represents a kind of dynamic competence that allows firms to exploit competitive opportunities more quickly than their competitors who rely on analysis processes that are not as timely. Real-time optimization studies by Zhao et al. [17] prove that process efficiency can be increased by up to 42% with the help of real-time monitoring and process adjustment, consistent with the theoretical expectations set out in process analytics theory by Becker and Breuker [18].

3.  ARCHITECTURE OF REAL-TIME ANALYTICS SYSTEMS
Real-time data analysis differs from batch data processing due to the fundamental architecture principle of stream processing whereby data is continuously consumed and analyzed as soon as it is produced and not stored as static data sets for batch processing [20]. Lambda architecture, which is now improved to Kappa architecture, remains the prevailing approach in developing applications to facilitate high-speed stream processing, where the difference between the two being that Kappa architecture does away with the batch component and replaces it with reprocessing in the stream layer [21].

As for the data ingestion layer, there is an array of distributed message queuing architectures, such as Apache Kafka, which serve as a reliable environment to process data streams that arrive with the velocity of millions of events per second generated by various sources, such as Internet-of-things devices, web application logs, financial transaction systems, and social media APIs [22]. The role of the ingestion layer is not only about receiving data streams but serving as a buffer between producers and consumers to ensure that the following steps in data pipeline will take place without any fear of losing data [23].

The comparison table (Table 2) includes a comprehensive set of 12 critical aspects that help to distinguish between real-time and traditional analytics. The comparison shows that the benefits associated with RTA are not quantitative and simply involve doing the same tasks faster; on the contrary, RTA enables entirely new forms of decision making that cannot be supported by batch processing systems.

Table 2.  Comparative Analysis: Real-Time Analytics vs. Traditional (Batch) Analytics
	Dimension
	Traditional (Batch) Analytics
	Real-Time Analytics (Streaming)

	Data Latency
	Hours to days (scheduled batch runs)
	Milliseconds to seconds (continuous stream)

	Processing Model
	Store-then-process (ETL pipelines)
	Process-in-motion (event stream processing)

	Decision Orientation
	Retrospective; explains what happened
	Prospective; informs what is happening now

	AI/ML Integration
	Periodic model retraining on static datasets
	Online learning; models update incrementally

	Infrastructure
	Data warehouses (Teradata, Redshift)
	Stream engines (Kafka, Flink, Spark Streaming)

	Dashboard Refresh
	Scheduled (daily / hourly reports)
	Sub-second continuous refresh

	Personalization Depth
	Segment-level (cohort-based targeting)
	Individual-level (real-time behavioural context)

	Anomaly Detection
	Identified post-hoc in batch audit cycles
	Detected and flagged within seconds of occurrence

	Scalability Profile
	Optimised for large-volume historical depth
	Optimised for high-velocity horizontal scaling

	Data Quality Management
	Comprehensive cleansing before processing
	In-stream validation within latency constraints

	Typical Use Cases
	Quarterly reports, annual planning, BI dashboards
	Fraud detection, dynamic pricing, real-time personalisation


The analytics layer refers to the statistical and machine learning models that convert the data stream after processing to useful insights relevant to making decisions. Online learning models, which incrementally update their parameters as new data comes in without requiring complete training, are more common in this layer, allowing the system to adjust its performance based on changes in the data distributions in real time without waiting for periodic re-training of the model [25]. Model training, deployment, and monitoring as part of a process known as MLOps for streaming, are an ongoing area of both research and industrial innovation that is crucial to fully capitalizing on the capabilities of real-time AI-driven analytics systems.

4.  ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING INTEGRATION
The convergence of AI with real-time analytics marks a qualitative shift in the functioning of decision support systems by taking decision support from summarization and visualization into automated reasoning and recommendations [26]. This convergence takes place at several layers – feature extraction, model inference, and decision automation, each layer adding its own strengths to the decision support process. The combination of these strengths is so powerful that the total value provided by AI-enabled RTA systems is greater than the sum of its parts.

The power of predictive analytics is amplified significantly when used in real-time streaming environments [27]. While batch-oriented predictive algorithms produce forecasts on a set schedule, those run in the stream environment provide continuous updates about the probability, allowing decision makers to see the changing risk profile, demand patterns, or consumer behavior rather than getting only single snapshots of situations [28]. The benefit of having such abilities, as described by Nair & Menon [26], proves particularly useful for companies operating in competitive markets where rapid demand fluctuations occur, providing them with a sustainable competitive advantage.

NLP models that have been put to use in real-time streaming environments allow for sentiment signals, topics, and narratives to be derived from social media, customer service communications, and news feeds as they happen [29]. Using NLP-based signals together with transaction data in a cohesive analytical process is currently being actively researched and developed, with Kapoor et al. [29] reporting major gains in demand forecasting accuracy when using textual sentiment signals along with transaction history. Reinforcement learning can even push the real-time analytics framework towards prescriptive analytics and decision making: Kusuma and Santosa [30] compare RL-enabled RTA approaches with conventional analytics approaches across three different retail chains, finding 31% better financial returns on promotions investments after a year-long evaluation period.

5.  BUSINESS INTELLIGENCE PLATFORMS AND REAL-TIME DASHBOARDS
The architecture of business intelligence systems has been revolutionized as a consequence of the need to enable real-time features, which has led to a shift from report-generating systems to constantly refreshed analytical environments [3]. The latest business intelligence systems, including Microsoft Power BI, Tableau, as well as cloud-based solutions like Google Looker and Amazon QuickSight, are equipped with direct connections to streaming data feeds and offer sub-second refreshing of dashboards, as opposed to traditional batch processing techniques [4]. What this means is an ontological shift in the way that decision makers interact with data from auditing to monitoring.

The theory of cognitive load holds that decision makers who work with dynamic visuals depicting the performance of organizations have a better understanding of the workings of the system compared to their counterparts who only work with regular static performance reports, which makes it easier to detect any anomalies in the system [11]. According to Anand and Mehta [27], supply chain managers who use live visibility dashboards can detect disruptions to the supply chain 4.3 hours sooner than managers who use daily exception reports, thereby reducing the risk of stockouts and expensive expedited shipping costs.

According to Bresnahan & O’Sullivan [28], the way interfaces are designed, including their encoding of uncertainty, managing alert fatigue in frequent alerting environments, and framing real-time metrics in an appropriate historical context, is equally important to the quality of decision-making as the analytical models themselves, but receives less attention from researchers. This insight provides the rationale behind the deliberate inclusion of the Decision Support Interface as a key element of the RT-DIM framework outlined in Section 8.

6.  DOMAIN-SPECIFIC APPLICATIONS AND QUANTIFIED OUTCOMES
There have been numerous empirical studies on the quantified difference in performance between real-time analytics-based companies and conventional analytics-based companies in the years after 2024. These have added greatly to the body of evidence on the advantages of real-time analytics. Table 3 below presents the key results from the literature reviewed in each deployment area.

Table 3.  Domain-Specific Quantified Outcomes from Real-Time Analytics Deployment
	Domain
	RTA Application
	Metric Measured
	RTA Result
	Traditional Baseline

	Financial Services
	Credit risk / fraud
	Default rate reduction
	18.3%
	6.1%

	Digital Marketing
	Dynamic personalisation
	Offer response rate uplift
	23–41%
	8–12%

	Supply Chain
	Disruption anticipation
	On-time delivery improvement
	11–17 pp
	3–5 pp

	Cybersecurity
	Stream anomaly detection
	Mean time to detect
	↓ 67%
	Baseline (SIEM)

	E-commerce Ops
	Inventory optimisation
	Inventory turnover uplift
	15–28%
	4–8%

	Process Operations
	AI + RTA monitoring
	Overall efficiency gain
	Up to 42%
	10–18%

	Retail Strategy
	RL-augmented decisions
	Promotional profitability
	+31%
	Batch model

	Govt / Public Sector
	Policy decision support
	Responsiveness index
	Significant ↑
	Periodic audit
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Figure. 2.  Comparative performance improvements: real-time vs. traditional analytics across key deployment domains.
6.1 Financial Services and Banking
Real-time analytics is among the first areas where real-time analytics has been implemented, owing to the extremely latency-sensitive nature of trading, which requires immediate results, as well as the need to have fraud detection systems that can effectively detect such fraudulent activity in the organization. High-frequency trading is among the most resource-intensive applications of RTA, with systems having to process millions of market data events per second and executing trades in micro seconds. The other areas where RTA is employed include credit scoring, anti-money laundering, and lifetime value of customers. In their study on the impact of real-time risk scoring, Hernandez and Martinez [11] found that there was an 18.3% reduction in default rates in organizations using AI in contrast with a mere 6.1% in organizations not using AI.

6.2 Marketing and Customer Intelligence
Customer behavioral analysis on real-time basis allows organizations to implement the conceptual idea of “segment of one” by providing individualized interactions and offer that is in line with the particular customer’s present behavior rather than segment classification [13]. Realization of this concept requires the processing of click streams, transaction information, and contextual cues using customer data management platforms and downstream personalization and marketing tools [14]. As per the findings of Okonkwo and Singh [13], response rates for dynamically targeted offers are 23–41% higher than those of batch-personalized campaigns, reflecting a business significance of significant proportion.

6.3 Supply Chain and Operations
SCM has become a particularly fertile field for the deployment of RTA due to the inherent nature of uncertainty within the supply chain itself, involving elements such as unpredictable consumer demand, uncertain suppliers, and logistical disruptions [17]. With real-time knowledge of inventory levels, status of shipments, and production capacity of suppliers, along with demand forecasts and optimization, supply chain managers can detect and prevent disruptions from escalating into a problem in their end-customers’ services. As shown by Gunasekaran et al. [16], RTA supply chain managers achieve an on-time delivery rate 11%–17% higher compared to non-RTA counterparts.

6.4 Cybersecurity and Risk Management
According to Rajendran et al. [19], it is reported that stream-based anomaly detection models can provide a 67% improvement in the average time for detecting anomalies compared to traditional signature-based models while at the same time ensuring reductions in false positive ratios that lead to heavy operational costs incurred by security operations teams. The application of real-time behavioral analysis, which involves analyzing user activities and system activities against existing baselines, changes security operations from an auditing model to one based on continuous situation awareness.

7.  CHALLENGES AND RESEARCH GAPS
Even though there is evidence that RTA is beneficial for decision-making in organizations, there are many obstacles that make it difficult for organizations to adopt and implement it. There are various obstacles at different levels that affect the potential application of RTA.

From the technical perspective, the management of data quality in the context of stream processing is a much more complex problem compared to that associated with batch systems [22]. In batch systems, all of the activities related to the improvement of data quality, such as duplication removal, validation, and imputation of missing values, can be performed in totality prior to analysis; however, in the case of stream systems, all these actions have to be performed under latency constraints on data which may be inconsistent in terms of semantics and incomplete as well due to the behavior of source systems.

Interpretability and explainability of machine learning models used in real-time decision-making systems pose another major technical problem [29]. While more complex ensemble approaches and deep learning techniques can yield better prediction results, their application can lead to decisions which cannot be fully understood either by those decision makers who utilize them or by those regulators who evaluate such decisions – especially in regulated industries where the need for an explanation is not only an ethical matter but also a legal one.

Some organizational problems include an existing skills mismatch between the technological demands for setting up and operating real-time analytics systems on the one hand, and the analytical skillset possessed by most analysts in organizations today on the other [16]. Such a skills mismatch is not just related to the technical challenges of designing a system but also extends to the need for interpretative skills to critically evaluate output from real-time systems. From a regulatory perspective, the need for algorithmic transparency and bias testing, and the demand for audit trails present architectural challenges that go against the grain of the high-speed nature of real-time systems [15].

8.  PROPOSED INTEGRATIVE FRAMEWORK: THE REAL-TIME DECISION INTELLIGENCE MODEL (RT-DIM)
Utilizing the knowledge gained from the review of thirty studies and applying the concepts of bounded rationality, dynamic capability, and information system design, this paper introduces the Real Time Decision Intelligence Model (RT-DIM) as a conceptual framework for integrating the use of real-time analytics within organizational decision-making environments. Figure u. 1 shows a graphic depiction of the RT-DIM model and highlights the five interconnected elements, as well as the feedback loop that sets it apart from static decision support systems.
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Figure. 1.  Real-Time Decision Intelligence Model (RT-DIM): five-component integrative framework with feedback adaptation loop.
RT-DIM consists of five interrelated parts. The first one is Data Ecosystem Infrastructure, which includes the infrastructure required for the ingestion, processing, storing, and governing real-time data—without this infrastructure, no other parts of the model can operate. The second part, the Analytical Intelligence Layer, involves various statistical and machine learning models, as well as natural language processing algorithms used to analyze data in motion and produce insights in the form of predictions, classifications, anomalies, and recommendations. The third part, the Decision Support Interface, involves all visualization, notification, and recommendation technologies needed to transfer analytics outputs to decision-makers.

Component Four, Organizational Decision Context, is predicated on the understanding that the efficiency of analysis support will be dependent on a number of factors including the organization’s culture, its decision makers’ level of experience, norms around information processing, and the organization’s overall strategy. Organizations employing the exact same technical RTA tool can see vastly differing levels of improvement in decision effectiveness based on their willingness to react to data-driven insights, analytical proficiency of the decision making team, and alignment of RTA with decision authority structures. Component Five, the Feedback and Adaptation Process, accounts for the fact that decision output needs to flow back into both the data environment and RTA model training process for continual learning and refinement.

There are three ways in which the RT-DIM contributes theoretically to the current body of work. First, it places the concept of real-time analytics in the larger context of organizational decision making, recognizing the fact that a single capacity for analysis may lead to drastically differing outcomes based on how and where it is implemented within an organization. Second, it addresses the issue of feedback from decisions back into the process of developing the analytical system, which had not been addressed in existing frameworks. Third, it brings to light the role of the Decision Support Interface as a crucial intermediary factor demanding greater academic focus.

9.  DISCUSSION
The synthesis undertaken in this paper shows that there is much empirical wealth but theoretical fragmentation in this body of literature. Real-time analytics studies carried out within particular application areas have made considerable headway in explaining the factors enabling RTA to provide decision-making value, while efforts at inter-disciplinary synthesis necessary for the determination of general rules regarding real-time decision support effectiveness have not been abundant. The capability comparisons carried out between RTA and conventional analytics in Figure 4 indicate an overwhelming dominance of RTA with respect to the dimensions in which time is an important variable, with the traditional technique still having an edge with regard to scalability in high volume historical analysis tasks.
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Figure. 4.  Multi-dimensional capability comparison: real-time vs. traditional analytics (scale: 0–10).
The impact of organizational culture and decision maker attributes on the efficiency of real-time analytics must receive special attention. As mentioned in a few of the reviewed sources [15, 16], organizations that foster data culture, which is characterized by normative behaviors around data-driven deliberations, analytical capability building, and commitment to data governance from top managers, generate much more value from their real-time analytics investments compared to those who use the same technology without the necessary culture. This means that the management and organizational behavior elements of real-time analytics deserve more academic research, and technological RTA competencies need to be considered not as isolated factors but as part of organizational transformation.

However, regulatory and ethical aspects of real-time analytics, especially when the automated system makes a decision on behalf of an individual or heavily influences the decision process, remain under-researched areas that have received insufficient attention in the existing literature. The necessity to ensure algorithm transparency, test for biases, and maintain the audit trail generates specific architectural implications that may be at odds with the requirement of minimal latency in real-time processes—a challenge that still remains outside the scope of scholarly interest [19]. Addressing regulatory and ethical issues in the implementation of real-time decision-making algorithms is an imperative task for future scholarly investigation.

10.  CONCLUSION
In this study, a comprehensive analysis and integration of the body of literature on real-time analytics have been conducted based on thirty empirical and theoretical studies that appeared during the period between 2024 and 2026. Specifically, the study analyzed the technological architecture of real-time analytics systems, the role played by artificial intelligence in integrating real-time decision support systems, the specific applications of real-time analytics in finance, marketing, logistics, and cyber security, as well as the technical, managerial, and regulatory barriers to adopting and implementing RTAs. The data presented in Table 3 and visualized in Figure. 2 indicate that the performance gains achieved through the implementation of real-time analytics over traditional analytics are significant and consistent throughout different application areas, including substantial efficiencies in operations to radical innovations in cyber security.

The theoretical contribution that can be attributed to this paper includes the Real Time Decision Intelligence Model (RT-DIM). This is a framework for integrating all five components in which real time analytics generate business value. It is through the RT-DIM that it is possible to appreciate the importance of the interface between the decision support system and the organizational context in determining the efficacy of real time analytics. This addresses the deterministic nature of most studies on RTA.

The implications of this synthesis for practice are equally important. For organizations considering an implementation process in relation to real-time analytics, it is recommended that while consideration of technical aspects related to building a streaming processing architecture and implementing machine learning models should be made, additional considerations, such as the interpretive skills training for decision-making groups, proper data quality and governance in streaming settings, and development of feedback processes for continuous learning and improvements should also be considered. Some areas for future research based on the findings of this synthesis could include the following: Longitudinal studies assessing the change in decision quality during long-term implementation of RTA; Cross-cultural and cross-national studies evaluating RTA implementation outcomes in various institutional and regulatory environments; Studies addressing human-machine interface issues in relation to real-time decision support processes.
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