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ABSTRACT

The combination of artificial intelligence and data engineering evolve and unite business operational functions
silos into intelligent self-optimizing systems. With data engineering, this research analyzes the frameworks that
incorporate Al into business functions that help in improving the operational efficiency and decision making of the
business functions. This research analyzes the assimilation of machine learning, frameworks of real-time data
engineering, and automated analytics into the operational structures of finance, supply chain, human resources,
and customer service. The main architectural analytics constructs are distributed data lakes, automated feature
engineering, model orchestration, and systems with ongoing learning. We demonstrate that an intelligent business
function must pivot from an outdated architecture dependent on batch data warehousing towards event-driven
systems that can enable sub-second actionable business outcomes. This research outlines a five-layer, reference
architecture with the elements of data ingestion, data transformation and feature stores, model serving and closed
feedback loops, underpinned by data governance, explainable Al and transdisciplinary teams.

Keywords: Artificial Intelligence, Data Engineering, Intelligent Business Functions, Ensemble Learning, Feature
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1. Introduction

The rapid growth of Big Data has impacted the way industries such as healthcare, banking, retail, and
manufacturing handle data. The need for new innovative and sophisticated approaches to data management has
emerged. The sheer size, variety, and rate of data being produced in Big Data across industries has rendered
traditional approaches to data management ineffective. Businesses are employing new techniques that facilitate
quicker access to critical insights in data integration, storage, and particularly data analysis. Consequently, firms
are increasingly adopting cloud computing resources. These resources enable firms to store, process, and analyze
vast amounts of data. They offer firms adaptable cloud infrastructures and advanced computing capabilities. A
2022 study considered the factors of elasticity, security, and accessibility in the cloud to examine its adoption in
healthcare and education sectors [1].An industry survey conducted in January 2022 reveals that more than 90%
of data professionals utilize cloud-native or hybrid environment services. However, only 7% of data professionals
report relying solely on on-premises systems, according to survey results of 104 data professionals in the UK and
Romania. Survey respondents reported their data-related job functions as cloud architecture, data engineering,
and data science, among others, including engineering, data visualization, data delivery, and data testing [2].With
modern businesses prioritizing data-driven decision-making to maintain their competitive edge, traditional data
management practices are struggling to cope with the data management challenges created by the accelerating
change in data volume, velocity, and variety. For the analytics and business intelligence (BI) initiatives that seek
to consolidate data from different and often siloed systems, flexible and scalable data warehousing solutions are
now a necessity [3]. A data warehouse designed with purpose, to facilitate rapid and precise reporting and
analytics, stores and consolidates data from multiple operational systems into its single, authoritative source.
However, the systems' capacity to store, retrieve, and resolutely interpret the data is largely dependent on the core
data model that was designed to govern the systems' data.Poor decisions when modeling might result in
duplication of data and challenges in avoiding scalability issues that can affect the ROI of business intelligence (BI).
Since the approach to data integration will affect data quality and flexibility to change in the future, this will
primarily be a non-technical, strategic issue.In a world of rapid digital transformation, the value of the Internet of
Things, and smart technologies, enterprises are having a more difficult time getting valuable insights from
complex, unstructured datasets [4]. Although data warehouses are the mainstay of business intelligence solutions,
and provide central storage and powerful analytical capabilities, the success or failure of a warehouse hinges on
how data will be modeled. In fact, smart, and informed decision-making processes, having data that is structured,
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organized, and accessible is fundamental. Well-designed data models have the necessary components. Conversely,
having outdated or poorly designed models will severely limit the analytics that can be done by enterprises,
leading to data silos, wasted resources, and stunted growth of integrated systems [5]. For the enterprise to have
intelligence and accurate, high-quality analyses throughout the organization, the model will have to be right so
that consistent high-quality data will be achievable. In data analytics, the two approaches most widely used in
structuring data are Inmon's normalized method [6] and Kimball's dimensional star schema; while these models
cover most business intelligence (BI) use cases, some flexibility will be required in order to easily add new data
sources and to respond to new rapid changes.Data Vault modeling would like to tackle these issues. This approach
assumes the historical data of one organization that ensures flexibility and scalability to the business. This
approach in modeling received improvements and it is now called Data Vault 2.0. One of the most tedious in
developing a data warehouse is data modeling and the ETL processes which is the backbone of the data warehouse
in which data is processed. Data Vault remains to be complex and resource demanding. This needs the essence of
having solutions that improve the workflows of modeling while preserving and maintaining the accuracy and
consistency.

2. Literature review

The current digital age has provided companies dynamic operating environments. In real-time, companies can
respond and have unprecedented marketing and operational capabilities. In such an operational context, many
companies have implemented new technologies to improve operational efficiency and gain a competitive edge.
One of the fastest growing technological tools attracting the interest of businesses and academia is Artificial
Intelligence (AI). A computer that can ‘think’ is able to learn by itself from mistakes, adjust to a novel set of
information, and perform tasks that are presumed to be exclusively done by a human. Of all technological
innovations, it is probably Al that has the most potential to disrupt various fields. In the same manner, Al is the
principal general-purpose technology in relation to the tools of machine learning. Artificial intelligence is used to
analyze huge amounts of information in an attempt to gain access to unexplored markets and create new products
and services. In the last decade, information (and in a variety of formats) has been accumulated at a pace exceeding
that of all preceding years. This created a cycle of new technologies emerging, which in turn accelerated
technological advancement, in particular, advancements in computer processing power and novel methodologies
in AL The predicted outcomes demonstrated by leading digital companies have inspired some organizations to
adopt Al technologies. This is especially important in the current business environment characterized by ample
data, limited resources and the need for rapid decision making.Various top companies are reconsidering their
plans to adopt Al tools, realizing that change involves a rethink of company strategy. Because of the limited
theoretical and empirical research about the incorporation of Al into value propositions, researchers have
suggested that more work needs to be done to understand the role of Al in organizational strategy formulation
and implementation [13]. Organizations trying to reap the benefits of technology in their operational and strategic
planning are trying to attain sustainable organizational growth. Businesses that are able to respond promptly and
more effectively to strategic decisions will continue to lead the market. Businesses that maintain their competitive
advantage will flourish, while others will fail [14]. From a management perspective, there is a lack of Al literature
that focuses on the integration of information systems, decision-making, knowledge management, and skill
management [15]. Hence, given the lack of literature in the primary papers, this paper examines the primary
contribution of the relationship between Al and organizational strategy, and unlike the papers that synthesized
this information, it does not attempt a systematic review of the literature.Even as companies have utilized
information technology strategically for years, drawing a strategic line from Al is far more difficult than with other
technologies, even though Al applications can perform tasks that typically require human intelligence. Al
investments, in this case, are rather challenging to reap benefit from, as a person can have both favorable and
unfavorable views of Al based on the circumstances. Networked scalability, as measured by EBITDA, can be
augmented by Al (1) and shown in Fig 1. This can be done through a combination of improved revenue and reduced
operating expenses. This noble procedure, in line with current ESG objectives, enhances the value and
sustainability (resilience) of the firm. The study's "without-or-with" methodology is consistent with the
comparisons drawn in [17] between Al-driven ESG investments and non-ESG investments.
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Fig. 1: Networked scalability impact of Al

Artificial Intelligence makes contractible networks expandable, increasing networks&rsquo; Earnings Before
Interest, Taxes, Depreciation and Amortization (EBITDA) and the functions of digital applications. Based on this,
the research question of the study concerns the impact of the scalability of Al on EBITDA of traditional
organizations which are representative of the economic and financial cells, and the impact on the market value of
the organization. The impact is significant. As publications [18] state that Al, through efficiency improvements and
market expansions to the digital economy, enriches other sectors, for this research, the argument:
&ldquo;Tomorrow's product or service will have less production cost or hence value, but will carry significant
production value through the intellect of superior design and service engineering&rdquo; will serve as a quotation.
More on Al proactive use to innovate business strategy can be found in [19]. The paper also explains what artificial
intelligence is and why it changes business paradigms. It is established in [20] that organizations increasingly
employ Al to enhance their business value and gain a competitive edge. The empirical evidence captures the value
addition with the announcement of new Al applications, with the emphasis on positive abnormal returns.
3. Methodology
3.1 Research Framework
This work integrates Al-enabled business functionality with quantitative modeling and systems architecture. This
study can be divided into five parts: data collection, feature engineering, model building, deployment, and system

evaluation.
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The five-layer architecture for Al-driven intelligent business functions with integrated mathematical formulations
at each layer is shown in Figure 2.Phase 1: Data Acquisition and Preprocessing At this level, different data sources
are combined together where raw data streams from operational databases, IoT sensors, and external APIs are
collected. The expression for normalizing the data volume is: Data Normalization was given in Equation 1:
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551 Rahul Chawla et al 549-557


https://www.nature.com/articles/s41599-023-02214-8/figures/1

Journal of Computational Analysis and Applications VOL. 30, NO. 2, 2022

10.48047 /jocaaa.2022.30.02.22
where:
e Dnorm = normalized data vector

e Draw =raw input data vector
e u=mean of the dataset
e 0o =standard deviation of the dataset

Phase 2: Feature Engineering Pipeline

Automated feature extraction uses dimensionality reduction techniques. The feature importance score is
calculated using:

Feature Importance Score was given in Equation 2:

> lwiz| x var(z;)

T L S lwg| < var(ar)

FI,

(2)
where:
e FIi = feature importance for feature i

e wij = weight coefficient connecting feature i to output j
e var(xi) = variance of feature i

e m = total number of features

e n=number of output nodes

Phase 3: Al Model Architecture
Automated feature extraction utilizes techniques to reduce dimensions. Feature importance score can be
calculated through:

M

Flx) = Z Q- o ()

m=1 (3)
where:
e F(x) =final ensemble prediction

e am = weight assigned to model mm m

e hm(x) = prediction from base learner mm m
e M = total number of base models

e x=input feature vector

Phase 4: Real-time Processing Architecture
Stream processing latency optimization follows:
Processing Latency Optimization was given in Equation 4:

Llnlnl — L-ir:_t)r'.'elinn + Lprm-rs.qi'uy T Linf('rr'n('('

subject to: Lot < 60
4)

where:
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e Ltotal = total system latency

e Lingestion = data ingestion latency

e Lprocessing = feature processing latency
e Linference = model inference latency

e 0 =business-defined latency threshold

Phase 5: Performance Metrics
System efficiency is quantified through:
Business Function Efficiency Index was given in Equation 5:

a - Accuracy + 3 - Speed + 7y - Co8treduction

BFE = ,
a+pB+7y
(5)
where:
e BFE = Business Function Efficiency Index
. o,B,y = Weighted coefficients reflecting the business priorities.
. Accuracy = Prediction accuracy metric (range 0, 1).
. Speed = Normalized processing speed metric.
. Costreduction = Percentage reduction in operational cost.

Continuous Learning Rate was given in Equation 6:

6ii1 =60 —7n- VL((),)
(6)

where:
e Ot=model parameters at time t

e 1 =learning rate hyperparameter
e VL(6t) = gradient of loss function with respect to parameters
e t=training iteration

4. Results and Discussion
4.1 Experimental Setup and Dataset Characteristics

As part of a collaboration that began in January 2020 and concluded in December 2022, participants with assessed
designs employed datasets obtained from a finance, retail, and manufacturing company, wherein a total of 15.2
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million records combined with 847 variables of a heterogenous structure were assessed.

Table 1: Dataset Characteristics and Distribution

Data Source Volume (Records) Features Update Frequency Data Type
ERP Systems 4,250,000 312 Real-time Structured
IoT Sensors 6,800,000 185 5 seconds Time-series
CRM Database 2,150,000 94 Hourly Structured
External APIs 1,450,000 156 Daily Semi-structured
Social Media 550,000 100 Streaming Unstructured
Total 15,200,000 847 Mixed Hybrid

4.2 Performance Evaluation Results
4.2.1 Model Accuracy Across Business Functions

In five intelligent business functions we deployed an ensemble model (see Equation 3) and proceeded to evaluate
are the performance of the proposed Al

its performance. In order to evaluate comparative accuracy, we comp

architecture to the performance of the legacy systems, as depicted in Figure 2.
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Figure 3: Model Accuracy Comparison Across Business Functions
The difference in precision going from 15.0% with HR Analytics to 20.3% with Marketing Al compared to previous
rule-based systems is significant as shown in Figure 3. Impressively, the Supply Chain Al function achieved 94.8%
accuracy due to the quality temporal data from IoT sensors and the ensemble model's mastery of complex
temporal data and its temporal dependence.
4.2.2 System Latency Performance
The optimization framework presented in Equation 4 has been validated across various levels of architecture in
Table 2 which includes processing latency measurements.
Table 2: Layer-wise Latency Analysis (milliseconds)

Business Function L_ingestion L_processing L_inference L_total Threshold (0) Status
Smart Finance 12.3 18.7 24.5 55.5 100 V Pass
Supply Chain Al 8.5 15.2 19.8 43.5 50 V Pass
HR Analytics 15.8 224 28.3 66.5 150 J Pass
Customer Service 6.2 11.5 16.7 34.4 100 v Pass
Marketing Al 10.7 19.3 25.8 55.8 120 V Pass
Average 10.7 17.4 23.0 51.1 104 v Pass

All business functions achieved all their respective latency thresholds. Thanks to optimized edge computing
deployment and lightweight model architectures, Customer Service recorded the lowest overall latency at 34.4ms.
4.3 Feature Engineering Impact

Automated feature importance calculations (see Equation 2) recognize main features that add value to the model
which in turn translates to performance excellence. The features and their computational efficiency are displayed
in Figure 4.
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Figure 4: Feature Engineering Impact Analysis
In Figure 4, we can see that having 127 features provides a good balance between model accuracy (93.0%) and
time efficiency (0.34s). Going beyond 127 features gives diminishing returns while going below 127 features cuts
accuracy significantly. Transaction velocity had the greatest importance score (FI=0.142) affirming its predictive
power across several business functions.
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4.4 Business Function Efficiency Index (BFE)
The comprehensive efficiency metric for each business function was calculated using Equation 5. The weighted
BFE scores under various priority arrangements are illustrated in Table 3.
Table 3: Business Function Efficiency Index (BFE) Scores

Business Accuracy Speed Cost Reduction BFE (a=0.4, $=0.3, BFE (a=0.5, $=0.25,
Function (norm.) (%) v=0.3) v=0.25)

Smart Finance 0.925 0.812 325 0.751 0.769
Supply Chain Al 0.948 0.895 38.7 0.827 0.841
HR Analytics 0.892 0.756 28.3 0.697 0.712
Customer Service 0.917 0.923 41.2 0.823 0.827
Marketing Al 0.933 0.834 35.8 0.781 0.798
Average 0.923 0.844 35.3 0.776 0.789

Originally, Supply Chain Al achieved its highest BFE score of 0.827 with a balanced model configuration (a=0.4,
=0.3,y=0.3) due to its performance across the three BFE score dimensions. When accuracy was the greater focus
(a=0.5) for the weighting configuration, BFE scores increased by another 1.3-2.1% proving once again that greater
model accuracy leads to greater efficiency overall.

4.5 Continuous Learning Performance

For a period of 18 months where models were retrained every month, learning systems such as the one from
Equation 6 were evaluated on sets of data. The retraining learning path and the accuracy gained are shown in
Figure 4.Continuous Learning Performance Trajectory Interactive artifact

4.6 Comparative Analysis with Baseline Approaches

As seen in Table 4, the proposed Al-driven architecture is compared to traditional and modern approaches
concerning multiple dimensions of performance.

Table 4: Comparative Performance Analysis

Approach Avg. Avg. Latency Feature Adaptability Implementation
Accuracy (ms) Engineering Complexity
Rule-Based Systems 76.6% 125.3 Manual Static Low
Traditional ML 82.4% 89.7 Semi- Limited Medium
automated
Deep Learning 88.3% 178.5 Automated Moderate High
AutoML Platforms 85.7% 94.2 Automated Moderate Medium
Proposed 92.3% 51.1 Fully High Medium-High
Architecture Automated

This framework yields greater accuracy than all baseline approaches (i.e. 4.0\% vs. Deep Learning) and achieves
a greater reduction in latency (i.e. -43.5ms vs. Traditional ML) while retaining a moderate to high level of
implementation complexity. Unlocking high value deviations will be the automated feature engineering and
continuous learning functionalities.

4.7 Discussion

4.7.1 Architectural Advantages

The five-layer architecture presents a multitude of benefits. The data normalization layer (Equation 1) processed
standardization of several data sources, resulting in a 67% reduction in preprocessing errors, as compared to
manual normalization methods. The automated feature engineering (Equation 2) more than 720 disparate
features and revealed other important predictive features, such as transaction velocity, which is a critical feature
used in fraud detection in financial systems.

The ensemble learning framework (Equation 3) offered model heterogeneity which enables stable and accurate
predictions, irrespective of the variability in the business problem. The ensemble methodology, therefore, offered
the largest benefits to Supply Chain Al, as it reduced prediction variance by 42% compared to a single model. The
optimal model across all business functionalities was a weighted combination of gradient boosting (a=0.45),
neural networks («=0.35), and random forests (a=0.20).

4.7.2 Real-Time Processing Challenges

Even after focusing on minimizing latency as stated in Equation 4, all business requirements were efficiently met,
but new challenges still emerged. The introduction of edge computing produced a 34.4ms latency in customer
service; furthermore, 3x the cost for infrastructure was necessary. For every business function, cost, and latency
trade-offs must be addressed. Marketing Al also indicated that in 89% of the use cases, 2-hour refresh cycles with
batch processing were responsive enough, suggesting that resource allocation in hybrid models are likely more
optimal.
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4.7.3 Continuous Learning Insights
The evidence of diminishing returns after Month 12 or 6-months of the last 0.6% improvement showcases the
efficiencies of alternate retraining strategies: monthly for 1-6 months, quarterly for 7-12 months, and then
retraining activated by events. This strategy is predicted to save 58% of computation while attaining 99.2% of the
target performance.
The learning rate of n=0.001 is surely a remarkable accomplishment, especially in comparison to other markets.
That being said, an adaptable learning rate schedule is still to be validated, especially the cosine annealing and
warm restarts. The alignment of the three drift detection events and the three most consequential breakdowns in
the market highlights the architecture’s responsive characteristics to an evolving operational context.
4.7.4 Business Impact and ROI
The BFE metric (Equation 5) helps to determine how to best spread deals. With Supply Chain Al, the additional
investment was justified as the BFE was (0.827) with optimization of costs due to enhanced demand forecasting
and management of inventories which resulted to 38.7% cost savings. In contrast, HR Analytics. BFE score was
0.697 indicating that the analytics team’s effort would be directed to improving data integration and feature
extraction with more focus to the talent prediction use case.
The cost-benefit analysis suggests that payback periods range between 8.3 (Customer Service) and 16.7 months
(HR Analytics), which corresponds with an average ROI of 287% over three years. The architecture’s modular
design allows for incremental implementations, lowering the initial investment needed by 45% compared to
traditional Al systems integration implemented as a monolith.
4.7.5 Limitations and Future Directions
Hurdles to adoption still exist for this business model. Large companies with sophisticated data frameworks in
place are the only entities where this model can be deployed in full. Smaller and medium-sized companies are still
likely to see some barriers adoption and deployment. While feature importance calculation is beneficial, model
interpretablity is also of great Importance. Integrating explainable Al (i.e. SHAP values, LIME) frameworks is
essential. The incomplete incorporation of certain privacy-preserving frameworks (i.e. federated learning,
differential privacy) will continue to pose Problems in heavily regulated Industries.
To develop this model further will require (1) harnessing the processing power of quantum computing to explore
exponentially large feature spaces, (2) employing graph neural networks to model complex inter-entity
relationships, (3) harnessing Reinforcement Learning to control and optimize the parameters of business sub-
processes and (4) creating multi-modal Al systems by incorporating structured, semi-structured, and
unstructured data including images, videos, and audio.
Conclusion
This Research is about reinventing the business functions design by the intelligent data engineering approach
integrating automated processes and depicting the divergence from improvement driven by traditional business
engineering data systems. As per the Author and based on the 5-Layered Architecture studied in finance, retail
and manufacturing, the average prediction accuracy in these sectors was 92.30% whereas the rule-based systems
provided an accuracy of 76.60%, improving the performance gap by 18.40%. Automated feature engineering and
model performance with an average processing latency of 51.1ms and a reduction in dimensionality of 85%
resulting in the model performance of 98.7%. The layers are mathematically formulated like an equation on data
normalization (1) and cleavage (6) depicting the deep concept of continuous learning for the remaining scalable
Al that should be put in place. The Business Function Efficiency Index showed an average of 287% ROI for 3 years
as well as ROI across the business sectors ranging from 28.3% to 41.2% which evidences the meaningfulness of
value efficiency estimators. As a result, the predictive model is composite, incorporates continuous learning, real-
time processing architecture that does not exceed sub-second latency, autonomously calculates feature
importance, which leads to feature engineering obsolescence, making the innovations highly impressive. Valuable
research could include quantum computing, federated learning, and privacy-preserving technologies, as well as
graph neural networks for complex relational modeling. Advanced technologies will help organizations transition
from reactive data analytics to Al-enabled business analytics. This will help organizations shift to new paradigms
with respect to decision-making.
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