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Abstract 

Artificial Intelligence (AI) and enterprise big data platforms are emerging as a key aspect in today's digital 

transformation, changing the way enterprises are able to utilise the huge and diverse data they produce. This 

review summarizes the state of the art of the use of AI techniques, specifically machine learning techniques 

and deep learning techniques, within scalable big data architectures, and the ability to derive actionable 

insights across a variety of industries including healthcare, finance, manufacturing and retail. This is provided 

against the backdrop of a number of pivotal research studies, and we review the analytical tools used to 

analyse enterprise data, as well as some practical examples of the benefits they can bring. We suggest an 

integrated theoretical model that we call AI-Driven Enterprise Insight (ADEI), with three interdependent 

layers of support, namely the data foundation, the intelligence engine, and the value realization layer, 

interconnected by a governance envelope, and a continuous feedback loop. The literature-based synthesis of 

benchmarks shows a strong consistency between the performance of the AI-based platforms and that of 

traditional analytics, with AI-based platforms being consistently more accurate, more throughput, and faster 

to insight than traditional analytics, and exhibiting a persistent balance between predictive power and 

interpretability. Another focus of the review is on the challenges at the intersection of data quality, scalability, 

privacy, security, and explainability of insights produced by AI. Finally, we discuss some potential future 

avenues of research and provide a unified view of today's field and its future. 

Keywords: Artificial intelligence; big data; enterprise analytics; machine learning; deep learning; data-

driven decision-making; explainable AI; data governance; distributed computing; digital transformation. 

 

1. Introduction  

The immense volume of data that businesses produce 

today has revolutionized the way businesses manage 

data in their decision-making process, strategy, and 

efficiency. Structured and unstructured data is 

generated in large volumes by businesses every day, 

stemming from transactions, customer interactions, 

sensor networks, social media and so much more. 

This stream of information, known as “big data,” has 

given enterprises new possibilities, but it has also 

posed new challenges, to get value from data assets 

[1]. Artificial Intelligence (AI) is now becoming a 

game-changer for enterprise big data platforms, 

allowing businesses to shift from reporting to 

predictive and prescriptive analytics that can put 

them on a competitive edge [2]. This is an important 

subject in contemporary research. With the volume, 

velocity and variety of data continuing to grow at an 

amazing rate, it is clear that traditional data 

processing techniques are no longer suitable for 

today's enterprise environments [3]. AI-powered 

techniques, such as machine learning and deep 

learning, can offer powerful insights for identifying 

hidden patterns, simplifying complex analytical 

tasks, and generating valuable insights on a massive 

scale [4]. They are increasingly integrated into large 

data platforms such as Hadoop, Apache Spark, and 

cloud computing and in the digital transformation 

process in almost every sector, from healthcare to 

finance, manufacturing to retail. [5] It's not merely 

about technological advances. Insights gained from 

enterprise big data platforms are more and more 

impacting the organization culture, business models, 

and even market structures [6]. The companies that 

manage to efficiently use these technologies can reap 

tremendous benefits in the areas of customer 

experience, operational efficiency, risk management 

and innovation. Those companies that lag are in 

danger of falling behind in the economy of data. 
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Therefore, the interaction of AI with big data 

platforms and how to use the combination of the two 

power in an effective manner is of interest for both 

the researcher and practitioners [7]. Although there is 

a growing literature on the topic, there are some 

important challenges and gaps which are not 

sufficiently addressed. First, there are numerous 

studies on individual machine learning algorithms 

and distributed computing frameworks, but research 

on how distributed computing and machine learning 

algorithms can be combined in enterprise scale 

platforms is less common [8]. Second, real world 

issues related to data quality, data governance, data 

scalability and data system interoperability still need 

to be resolved to enable successful implementation, 

which are not fully discussed in current reviews [9]. 

Third, data privacy concerns, security issues, ethical 

concerns with AI use, and explainability of AI-

generated insights are emerging issues that need to be 

thoughtfully considered [10]. Last but not least, AI 

techniques and big data technologies are changing 

rapidly, and much existing research is quickly 

becoming outdated and necessitates an updated 

synthesis and consolidation. This review aims to fill 

those gaps by synthesising the current knowledge on 

insights generated with AI and enterprise big data 

platforms, and making it accessible. Later, readers 

can learn about the core technologies that enable 

enterprise big data platforms, the AI and machine 

learning methods frequently used to work with 

enterprise data, and how enterprise big data platforms 

are being used in a variety of industry sectors. The 

review will also address the main issues that need to 

be addressed in the implementation stage of the 

intervention, namely its technical, organizational and 

ethical aspects, before moving on to suggest 

directions for future research. In this way, we hope to 

provide researchers as well as practitioners with a 

current overview of the state of the art and 

opportunities for future research. The following table 

synthesizes ten influential studies that have shaped 

current understanding of AI-driven insights within 

enterprise big data platforms. These works span 

foundational architectures, analytical techniques, 

industry applications, and the organizational and 

ethical dimensions of deployment Shown in Table 1. 

 

 

Table 1 Summary of Key Research Studies 

Reference Findings (Key Results and Conclusions) 

[11] 
Showed how using Spark's MLlib makes scalable machine learning solutions possible 

on large datasets in clusters, thus making enterprise scale ML practical and available. 

[12] 

Demonstrated the ability of deep learning models to significantly outperform 

traditional models in deriving insights from complex unstructured enterprise data, with 

increased cognitive and interpretability complexity. 

[13] 

Discovered that using predictive analytics in a supply chain can enhance the accuracy 

of demand forecasting and lower costs of operations, but it needs to have a robust 

integration of data between partners. 

[14] 

Determined that cloud platforms reduce the cost of getting big data analytics by 

providing elastic and on-demand resources, giving smaller companies an opportunity to 

use advanced analytics. 

[15] 

That ML can enhance the accuracy of diagnosis and prediction of patient outcomes 

when applied to large clinical datasets, and the importance of privacy and transparency 

in the models. 

[16] 
Suggested that good data governance is a must for good data analytics, and that bad 

data is a main reason behind the failure of big data projects. 

[17] 

That outlining explainability techniques is crucial for the adoption of AI in the context 

of the enterprise since stakeholders are in need of explainable information to make trust 

in and act upon model outputs. 
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[18] 

Identified a positive relationship between capabilities to use big data analytics and the 

performance of a firm, but not just technology, but also an organizational culture and 

managerial skills. 

[19] 

Showcased how stream processing architectures provide the ability for real-time 

decision making and enable enterprises to take action on events as they happen, rather 

than in a batch fashion. 

[20] 
Suggested governance and technical measures to protect privacy and security and 

highlighted this as one of the key challenges in adopting big data. 

2. Proposed Theoretical Model and Block 

Diagrams 
To help begin understanding the process of how 

enterprises convert raw data into a stream of business 

value, two structural block diagrams are provided, 

and then an integrated theoretical model. The overall 

architecture is shown in the first diagram (Figure 1) 

as a 3-layered structural model, as the raw enterprise 

data makes its way up from the raw data to the 

processing layer to the intelligence layer, resulting in 

actionable insights. The layered separation captures 

the modern platforms that separate data ingestion, 

storage and analytics, to enable scalability [14, 16]. 

 

 
Figure 1 Layered Architecture of an AI-Driven 

Enterprise Big Data Platform, Showing The 

Upward Flow of Data Through Five Stacked 

Layers—From Data Sources to Insight 

Delivery—Within A Governance and Security 

Envelope 

 

The layered view shows where components live. The 

next diagram (Figure 2) shows how data flows 

through the pipeline as a sequence of processing 

stages, from raw capture to the closed feedback loop 

that lets deployed models continuously improve from 

new outcomes [9], [18]. 

 

 
Figure 2 Processing pipeline flow for AI-driven 

insight generation, illustrating the sequence from 

data collection through preprocessing, model 

training, insight generation, and decision-

making, with a feedback loop returning outcomes 

for continuous model refinement 

 

2.1.The AI-Driven Enterprise Insight (ADEI) 

Framework 

Based on the two perspectives of the structure 

described above, we introduce a theoretical model 

that we believe is an integrated perspective of the 

enterprise, namely the AI-Driven Enterprise Insight 

(ADEI) framework, which conceptualizes the 

transformation of raw data to continuous enterprise 

value. The model is based on three pillars that are 

interconnected. The first pillar, the data foundation, 

includes the data infrastructure for ingestion, storing, 

and processing. Data quality, integration and 

accessibility is essential to the generation of effective 

insights and poor quality, poor integration and poor 
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accessibility at this layer will impact the following 

layers, [9]. This base provides the scalability that is 

missing from traditional storage systems, meaning 

that enterprises can deal with the volume and velocity 

of data streams in today's world with distributed 

storage and elastic cloud resources [14]. The second 

pillar is the intelligence engine, which consists of the 

machine learning and deep learning algorithms that 

transform the data prepared into predictions, 

classifications and identified patterns. The usefulness 

of this pillar can be determined by both the 

sophistication of the algorithms and by the level of 

interpretability – stakeholders need to be able to 

understand and trust the outputs of the model before 

taking action based on them. Hence, explainability is 

not an add-on function in the proposed framework but 

it is part of the design considerations. The third pillar 

– the value realization layer transforms insights 

generated into decisions and actions that result in 

measurable business outcomes. Most importantly, 

studies have repeatedly found that technology does 

not by itself generate value – there is an interface 

between the analytical capability and firm 

performance that must be provided by organizational 

capabilities, managerial competence and culture [18]. 

Human and organisational factors are thus included 

as part of the framework, and are not considered 

external factors. These pillars are connected by two 

cross-cutting dimensions. The whole system is 

protected by a governance and security layer, with the 

aim of guaranteeing data quality, adherence to 

regulations, protection of privacy and correct use 

throughout the system [20]. There is a feedback loop 

that closes the loop: outputs and new data that are 

continually fed back into models to update and refine 

them, allowing the system to adjust with time, not 

deteriorate as conditions change [9]. These are all 

components of a learning system, and their 

contribution becomes even greater as it is used. 

3. Experimental Results 

This is a review article, so the results given here are 

the synthesis of the results from the reviewed 

literature, and illustrate benchmarks rather than 

results from one original experiment. They are cited 

to summarise the regular numerical relationships that 

emerge from the studies analysed and should be 

interpreted as more as “typical” relationships rather 

than as specific numbers. The difference in predictive 

accuracy between traditional analytics and AI-

powered big data platforms in four illustrative 

enterprise areas is shown in Figure 3. In all domains, 

the accuracy of the approaches is significantly higher 

with the addition of machine learning and deep 

learning models in the platform, with the reported 

accuracy in each case increasing from around 68 – 

76% to 84 – 93%. In the areas of fraud detection and 

clinical diagnostics, the improvement is most 

striking, where pattern-recognition capabilities of AI 

methods prove particularly useful with complex, 

high-dimensional data. Figure 4 then considers 

scalability, showing the relative processing 

throughput through the system as the data volume 

grows when processing using a single node system 

compared to a distributed system. The one-node setup 

achieves similar performance for small data sizes, but 

falls off rapidly with larger data sizes, effectively 

under 10% of the throughput for multi-terabyte data 

sizes. The distributed platform, on the other hand, 

supports high throughput throughout the range, 

which is attributed to the horizontal scalability that 

distributed platforms and elastic cloud resources 

offer. That's why distributed enterprise architectures 

are hands down the better choice for enterprise 

deployments. Table 2 below summarizes the results 

of the analysis of the quantitative findings 

synthesized. 

 

 

Table 2 Synthesized performance and operational benchmarks comparing traditional analytics with 

AI-driven enterprise big data platforms, compiled from the reviewed literature 

Metric 
Traditional 

analytics 

AI-driven 

platform 
Relative change Source 

Mean predictive 

accuracy (across 

domains) 

~72% ~89% +17 pts [27], [28] 
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Fraud detection 

precision 
76% 93% +17 pts [28] 

Throughput at 5 

TB (relative to 

baseline) 

8% 76% ~9.5× [29] 

Time-to-insight 

(batch reporting 

cycle) 

Hours–days Near real-time 
Substantial 

reduction 
[30] 

Forecasting error 

(MAPE, demand 

planning) 

~18% ~9% ~50% lower [27] 

Insight 

interpretability 

(stakeholder trust 

index) 

High 
Moderate–

variable 
Trade-off [31] 

Table 2 shows two observations. First, the metrics of 

accuracy, precision, throughput and latency are all 

trending in the direction of platforms that are using 

artificial intelligence, as can be seen in Figures 3 and 

4 [13]. Importantly, the interpretability row shows 

that there is a true trade-off: the deep learning models 

that enable the accuracy improvements are not 

always as interpretable as the simpler traditional 

models they are replacing, which can decrease the 

trust of the stakeholders unless explainability 

techniques are purposefully applied. One of the key 

practical issues reviewed in this paper concerns the 

conflict between prediction and interpretation. 

 

 
Figure 3 Comparison of predictive accuracy 

between traditional analytics and AI-driven big 

data platforms across four enterprise domains 

(synthesized from reviewed literature) 

The first chart compares reported performance gains 

when AI-driven analytics are added to enterprise big 

data platforms, synthesized across several application 

domains from the reviewed literature. The chart 

above (Figure 3) illustrates a consistent pattern 

reported across the reviewed literature: integrating AI 

and machine learning into big data platforms yields 

accuracy improvements over traditional analytics in 

every domain examined, with the largest gains in 

fraud detection and clinical diagnostics [13]. The next 

chart examines a different dimension how processing 

throughput scales as data volume grows on 

distributed versus single-node systems. 

 

 
Figure 4 Relative processing throughput versus 

data volume for single-node and distributed 

platforms, illustrating the scalability advantage 

of distributed architectures (synthesized from 

reviewed literature) 
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4. Future Directions 

With tremendous progress made, a few areas that 

could be developed in greater detail in the future as 

enterprise big data platforms evolve remain. The first 

one is understandable and reliable AI. With the 

growing sophistication of deep learning models used 

in organizations to inform decisions with high stakes, 

the need for outputs that are interpretable and can be 

audited by stakeholders will only grow even stronger 

[17]. Future research directions should include the 

ability to incorporate explainability directly within 

enterprise pipelines (as opposed to it being an add-

on) and setting standards for the quality of 

explainability in a business context. Another trend is 

privacy-enhancing, security-focused analytics. With 

growing regulatory attention and public awareness of 

data privacy, methods that are helpful in the area of 

data protection, such as federated learning, 

differential privacy and secure multi-party 

computation, are becoming more relevant in this 

context, since enterprises must make good use of the 

benefits of data for sensitive data without risking 

compromising the data itself [20]. Research that is 

able to strike a balance between privacy guarantees, 

scalability, and speed of enterprise operations would 

be of great value. Third, an improvement is needed in 

data governance and automation of data quality in the 

field. Waste due to poor data quality is a significant 

factor in failed programs, and future platforms must 

feature some sort of intelligent and automated 

governance element to continuously monitor, clean 

and document the data as it flows throughout the 

system [16]. Equally important and relevant is 

addressing principles of ethical use of AI – fairness, 

accountability, and bias mitigation. Lastly, real-time 

and edge intelligence appear to be a promising new 

area. With data now coming from many distributed 

sensors and devices, bringing the analytical power to 

the data can minimize latency and help provide 

timely, more informed decision-making. Linking 

real-time stream processing with models that 

continually learn from new results might lead to 

platforms that respond to events and are even 

anticipating them. Together, these routes point to a 

new generation of trustworthy, privacy mindful, self-

governing, and more autonomous systems, as 

opposed to platforms that simply process data. 

Conclusion 

Artificial intelligence combined with enterprise big 

data platforms is one of the most impactful 

advancements in today's data-driven enterprises. We 

have followed the field from its technological origins, 

its analytical techniques, its applications, and its 

theoretical constructs, which interpret the analytical 

techniques. If these layers are complemented by 

appropriate governance and a continuous feedback 

loop then the proposed ADEI framework can help to 

explain these platforms as learning systems, as the 

value of such systems increases over time rather than 

being static pipelines. The findings from all the 

evidence analysed across this review, is clear and 

consistent, – AI platforms-based analytics has a 

significant superiority over traditional analytics, in 

terms of accuracy, scalability and speed, and also 

present new challenges with respect to 

interpretability, privacy, governance and ethical use 

of analytics. While technology enables content and 

ideas to be created and shared through these 

platforms, the promise of these platforms requires 

equal parts of organizational ability, human 

judgment, and stewardship of content and data. Those 

organizations that connect these technical and human 

aspects as one will be best suited to win in the field 

as it becomes more and more explainable, privacy-

preserving, self-governing and real-time. The way 

forward is not just to create more powerful models 

but to create trustworthy, transparent systems that are 

truly for the benefit of decisions. 
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