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Abstract: The rapid evolution of telecom networks toward 5G and beyond necessitates a unified, intelligent framework
capable of handling large-scale heterogeneous data and enabling real-time decision-making. This study proposes a Unified
Data and Analytics Architecture (UDAA) that integrates multi-source telecom data into a scalable data fabric using cloud-
edge computing and software-defined networking principles. The framework employs graph-based data modeling and
advanced deep learning mechanisms, including Graph Neural Networks and reinforcement learning, to perform predictive
analytics, anomaly detection, and resource optimization. A closed-loop automation strategy is incorporated through
SDN/NFV orchestration to enable autonomous network control and dynamic scalability. Experimental results demonstrate
significant improvements in latency reduction, prediction accuracy (~91%), and overall network efficiency compared to
existing methods. The proposed architecture ensures interoperability, scalability, and security, providing a robust
foundation for seamless generational upgrades toward 6G and Al-native telecom networks.
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1. Overview

The rapid evolution of telecommunication networks
from legacy 2G/3G systems to advanced 4G LTE and 5G
architectures, along with the emerging transition toward
6G paradigms, has significantly increased the
complexity of network design, deployment, and
management [1][2]. This transformation is driven by
exponential growth in data traffic, the proliferation of
heterogeneous devices such as Internet of Things (IoT)
nodes, edge devices, and mobile users, as well as
stringent requirements for ultra-low latency and
dynamic service orchestration [3][4]. Consequently,
conventional network management approaches are
becoming inadequate to handle the scale, heterogeneity,
and real-time demands of modern communication
systems.

To address these challenges, a Unified Data and
Analytics Architecture (UDAA) emerge as a critical
enabler, integrating data-driven intelligence across all
layers of telecom infrastructure to support seamless
generational upgrades and continuous network evolution
[5]. At its core, the proposed architecture consolidates
multi-source and multi-format data streams originating
from radio access networks (RAN), core networks,
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transport layers, and user equipment into a centralized
yet logically distributed data fabric. This fabric
leverages cloud-native technologies, edge computing,
and software-defined networking (SDN) principles to
ensure scalability, flexibility, and real-time processing
capabilities [6].

Data ingestion pipelines are designed using high-
throughput streaming frameworks, such as Kafka-based
systems, enabling continuous capture of telemetry,
signalling data, performance metrics, and user behavior
patterns. A key component of the architecture is the data
lakehouse paradigm, which integrates the advantages of
data lakes and data warehouses to support both
structured and unstructured analytics. This unified
storage layer facilitates batch processing, real-time
analytics, and historical trend analysis, thereby enabling
comprehensive network visibility [7]. Advanced
Artificial Intelligence (AI) and Machine Learning (ML)
models, including deep learning, reinforcement learning,
and graph-based analytics, are deployed on top of this
data layer to support predictive maintenance, anomaly
detection, traffic forecasting, and intelligent resource
allocation [8].Furthermore, the architecture incorporates
closed-loop automation, wherein insights derived from
analytics are continuously fed back into network control
systems to enable autonomous decision-making. This is
achieved through integration with Network Function
Virtualization (NFV) and orchestration frameworks,
allowing dynamic  provisioning, scaling, and
optimization of network functions. Such automation
significantly reduces operational expenditure (OPEX)
while enhancing Quality of Service (QoS) and Quality
of Experience (QoE) [9]. To support generational
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upgrades (e.g., 4G to 5G and beyond), the architecture
ensures backward compatibility and interoperability
through standardized interfaces and APIs. It adopts open
frameworks such as Open RAN (O-RAN), enabling
multi-vendor integration and minimizing vendor lock-in.
Additionally, digital twin models of telecom networks
are incorporated to simulate and validate upgrade
strategies, reducing deployment risks and improving

performance reliability, as illustrated in Fig. 1. Security
and privacy are integral to the architecture, incorporating
mechanisms such as data encryption, access control,
anomaly-based threat detection, and compliance with
global telecom standards. The inclusion of blockchain-
based auditing and zero-trust frameworks further
enhances trust, transparency, and resilience in telecom
network operations [10].
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Figure 1: Unified data & Analytics Architecture Layout

2. Mathematical Model of Unified Data and
Analytics Architecture

The proposed Unified Data and Analytics Architecture
(UDAA) can be mathematically formulated as a multi-
layer optimization and learning framework that
integrates data ingestion, analytics, and network control.
1. Data Representation Model

Let the heterogeneous telecom data collected from
different sources [11] be represented as:

D= {Dran' Dcore' Dedge' Duser}

where:

e D,,,: Data from Radio Access Network

e D.yre: Core network data

® Deyge: Edge/loT device data

e D, .er: User behavior and telemetry data

The unified data lakehouse representation is:
N

Diotar = U D;
i=1

[Note: This formulation represents a generalized
abstraction of heterogeneous telecom data integration
inspired by edge computing and distributed data
frameworks]

2. Feature Extraction and Transformation
Each data stream is transformed into feature space [12]:

X = f(Dtotar)

where f(-)represents preprocessing operations such as
normalization, filtering, and encoding.

[Note: This transformation model is adapted from
standard machine learning preprocessing pipelines used
in telecom data analytics]

3. Learning and Prediction Model
The AI/ML model learns a mapping [13]:
Y =F(X,0)

where:

e X: Input feature vector

e Y: Output prediction (traffic load, anomaly score,
etc.)

e 0: Model parameters

[Note: This learning function is a generic supervised
learning representation commonly used in deep
learning-based telecom prediction system]

4. Optimization Objective Function
The system aims to minimize prediction error while
optimizing network performance [14]:

mgn L= aLpred + ,BLlatency + yLenergy

where:

® Lyreq: Prediction loss (e.g., MSE or cross-entropy)
® Ligtency: Network delay

® Lenergy: Power consumption

e a,f,y: Weight coefficients

[Note: This multi-objective optimization formulation is
derived from convex optimization and network
performance trade-off models]
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5. Network Resource Allocation Model
Resource allocation can be modelled as [15]:
R* = arg max (QoS(R) — AC(R))

where:

e R:Resource allocation vector

e QoS(R): Quality of Service

e (C(R): Cost function

e : Trade-off parameter

[Note: This model is adapted from classical resource
allocation and utility maximization frameworks in
network optimization literature]

6. Closed-Loop Control System

The architecture follows a feedback mechanism [16]:
U@ =Gy (1)
St+1)=St)+U(t)

where:

e U(t): Control action (scaling, routing, etc.)

e S(t): Network state

e G (-): Decision function

[Note: This control formulation reflects feedback-

driven SDN-based network control mechanisms [14].

The architecture follows a feedback mechanism]

7. Reinforcement Learning for Automation
For autonomous optimization [17]:

Q(s,) = Q(s,@) + 1 [r +ymax Q(s',a") = Q(s, @)

3. Literature Survey

where:

e (Q(s,a): Action-value function

e 7:Reward (QoS improvement)

e y: Discount factor

e 1: Learning rate

[Note: This equation is based on the standard Q-learning
update rule widely used in reinforcement learning for
autonomous network optimization [16]]

8. Overall System Objective
The complete system can be expressed as:
max(QoE—Cost—Risk)

subject to:
Latency < Ly, Reliability = Rpin

[Note: This objective function represents a high-level
abstraction of QoE-driven optimization under system
constraints, commonly used in telecom performance
modelling [11], [15], [17]] The mathematical model
defines UDAA as a multi-objective optimization and
learning system where heterogeneous telecom data is
transformed into actionable intelligence through AI/ML
models. The integration of predictive analytics, resource
optimization, and reinforcement learning-based control
enables self-optimizing, low-latency, and energy-
efficient telecom networks, ensuring smooth
generational transitions from 4G to 5G and beyond.

S.No | Author(s) Key OQutcome / Contribution Identified Research Gap
1 Gupta & Jha (2015) | Proposed 5G architecture with improved QoS and | Lack  of real-time  analytics
capacity. integration.
2 Barakabitze et al. | Developed an SDN-NFV based 5G slicing framework. | Limited scalability in multi-domain
(2020) networks.

3 Bonfim et al. (2018) | Explored integrated SDN-NFV architectures. High complexity and interoperability
issues.

4 Yousaf et al. (2018) | Identified SDN/NFV as core enablers for next-gen | Limited automation and intelligence.

networks.

5 Ranjbar et al. (2025) | Analyzed 5G deployment readiness and architecture. | Lack of a unified analytics
framework.

6 Taleb et al. (2017) Proposed network slicing architecture for 5G. Resource allocation inefficiency.

7 Foukas et al. (2017) | Implemented end-to-end network slicing. Lack of dynamic orchestration.

8 Lietal. (2018) Developed Al-based traffic prediction models. Limited real-time adaptability.

9 Zhang et al. (2019) | Integrated Edge computing into 5G frameworks. Security vulnerabilities.

10 Mao et al. (2017) Surveyed Mobile Edge Computing (MEC) potential. Lack of unified data management.

11 Nguyen et al. (2020) | Applied Deep Learning for network optimization. High computational overhead.

12 Chen et al. (2021) Advanced Al-driven network automation. Limited explainability (XAI gap).

13 Sun et al. (2016) Explored Big Data analytics for telecom. Data heterogeneity issues.

14 Han et al. (2015) Proposed cloud-based telecom architecture. Latency challenges.

15 Taleb et al. (2018) Researched Multi-access Edge Computing (MEC). Integration complexity.

16 Zhang et al. (2020) | Developed 5G IoT architecture. Scalability issues.

17 Khan et al. (2019) Managed resources using Machine Learning. Lack of a wunified optimization
model.

18 Zhou et al. (2019) Used Reinforcement Learning in networks. Slow convergence speeds.

19 Bega et al. (2019) Applied Al specifically for network slicing. Limited real-time deployment.

20 Wang et al. (2020) Focused on data-driven network optimization. Data privacy concerns.

21 Jiang et al. (2021) Introduced Digital Twin concepts for telecom. Lack of standardization.

22 Xu et al. (2022) Outlined 6G vision and Al-native networks. Undefined architecture models.

23 Saad et al. (2020) Defined the role of Al in 6G networks. Lack of practical implementation.

24 Dang et al. (2020) Investigated 6G enabling technologies. General integration challenges.
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| Ayoubi et al. (2018) | Surveyed Machine Learning in mobile networks.

4. Research Objective

e To design a unified data and analytics architecture
for telecom network evolution

e To develop an Al-driven framework for real-time
network optimization and automation

5. Problem Formulation

e To enable seamless interoperability and generational
upgrades across 4G, 5G, and beyond

e To enhance network performance, scalability, and
security using data-centric approaches

Problem Formulation
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Figure 2: Problem Formulation Layout

The evolution of telecommunication networks from
legacy systems to advanced 5G and emerging 6G
paradigms introduces significant challenges in terms of
data heterogeneity, scalability, real-time decision-
making, and network interoperability shown in fig.2.
Existing architectures operate in fragmented silos, where
Radio Access Networks (RAN), core networks, and edge
infrastructures generate massive volumes of structured
and unstructured data that remain underutilized due to
the absence of a unified analytical framework. This leads
to inefficient resource allocation, increased latency, poor
Quality of Service (QoS), and limited adaptability to
dynamic traffic conditions. Furthermore, current
solutions lack closed-loop automation and intelligent
orchestration, restricting their ability to support seamless

generational upgrades and autonomous network
management. Therefore, the problem is formulated as
the design of a Unified Data and Analytics Architecture
(UDAA) that integrates multi-source telecom data into a
scalable data fabric, applies AI/ML-driven predictive
analytics, and enables optimized decision-making
through a multi-objective optimization framework. The
objective is to minimize latency and operational cost
while maximizing network performance, reliability, and
Quality of Experience (QoE), subject to constraints of
scalability, security, and interoperability.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(21s), 5265-5273 | 5268

| Limited real-time learning capability. |



6. Research Methodology
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Figure 3 (a): Proposed Methodological Layout

The proposed methodological layout represents a
unified, Al-driven framework designed to address the
core challenges identified in the problem formulation,
including data heterogeneity, lack of real-time analytics,
and inefficient resource management in evolving
telecom networks. The initial stage, “Construct Spatial
Graphs,” transforms multi-source telecom data—
originating from RAN, core networks, edge devices, and
user equipment—into a structured graph-based
representation, where network entities such as base
stations, users, and loT nodes are modelled as nodes, and
their interactions (e.g., connectivity, traffic flow,
interference, and handovers) are represented as edges.
This spatial-temporal graph modelling is essential for
capturing the complex, dynamic, and non-Euclidean
nature of telecom systems, thereby enabling a unified
data abstraction aligned with the objective of integrated
analytics architecture. Subsequently, the “Deep
Learning Mechanism” block applies advanced Al
techniques, such as Graph Neural Networks (GNNs),

Deep Neural Networks (DNNs), and Reinforcement
Learning (RL), to extract high-level features, learn
hidden patterns, and generate predictive insights for
tasks like traffic forecasting, anomaly detection, and
intelligent resource allocation. This stage directly
supports the objective of developing an Al-driven
optimization framework by enabling real-time, data-
driven decision-making. The integration of graph-based
representation with deep learning forms a closed-loop
analytical pipeline, where insights can be continuously
fed into network control mechanisms (e.g., SDN/NFV)
for autonomous orchestration and dynamic optimization.
Overall, this methodology ensures scalability,
adaptability, and interoperability while minimizing
latency and operational cost, thereby fulfilling the
objectives of enhancing network performance, enabling
seamless generational upgrades, and establishing an
intelligent, self-optimizing telecom ecosystem for 5G
and beyond.
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Graph-Based Deep Learning Framework for Telecom Network Evolution
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Figure 3 (b): Proposed backend consideration inside spatial graph layout

The proposed Al-driven framework fig. 3(b) shows
within the Unified Data and Analytics Architecture
(UDAA) initiates with the construction of spatial graphs
derived from heterogeneous telecom data sources, where
network entities such as base stations, user equipment,
edge nodes, and core functions are represented as nodes,
and their interactions (signal strength, handovers, traffic
flows, latency links) are modeled as weighted edges to
capture spatial-temporal dependencies across the
network. Following data pre-processing and feature
extraction, including normalization of KPIs (throughput,
latency, packet loss, QoE metrics) and encoding of
contextual attributes, the graph-structured data is fed
into a deep learning pipeline centered on a Graph Neural
Network (GNN) encoder, which learns high-
dimensional node embeddings by aggregating
neighborhood information using message-passing
mechanisms and attention-based weighting to preserve
both local and global network patterns. The encoded
representations are then utilized in two parallel learning
pathways: a surrogate metabolic flux-like decoder that
predicts future network states, traffic evolution, and KPI
degradation patterns under varying load and upgrade
scenarios, and a global aggregation module that

7. Result and Implementation Layout

integrates node-level embeddings into network-wide
performance indicators, enabling holistic evaluation.
These outputs are jointly optimized through a composite
loss  function incorporating  prediction  error
minimization, anomaly detection accuracy, and resource
efficiency constraints, ensuring robust generalization
across dynamic network conditions. The model further
integrates  reinforcement  learning-based  policy
optimization, where the learned state representations
guide autonomous decision-making for resource
allocation, load balancing, and fault mitigation in a
closed-loop manner. Performance metrics derived from
this framework, including Upgrade Readiness Index
(URI), Network Efficiency Score (NES), and anomaly
risk measures, are continuously evaluated and fed back
into the system, enabling adaptive learning and real-time
optimization. By leveraging graph-based deep learning
and multi-level aggregation, the proposed AI model
effectively captures complex interdependencies in
evolving telecom networks, thereby supporting
predictive analytics, intelligent orchestration, and data-
driven generational upgrades from 4G to 5G and
beyond.

Latency Reduction using UDAA
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Figure 4: Latency consideration layout
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This graph demonstrates the impact of Al-driven real-time data processing, edge computing integration,

optimization on network latency. The results show a and predictive traffic optimization, validating the
consistent reduction in latency from ~120 ms to ~70 ms objective of minimizing latency and enhancing QoS in
after applying UDAA. This improvement is attributed to next-generation telecom networks.

Model Performance Metrics
1.000

0.975 A

0.950 A

0.925 A

0.900 A

Score

0.875 4
0.850 -
0.825 4

Accuracy Precision Recall Fl-score

Metrics
Figure 5: Model consideration layout

The performance metrics indicate that the proposed Al model achieves high classification and prediction efficiency, with
accuracy reaching 91% and balanced precision-recall performance. The strong F1-score (~0.90) confirms robust model
generalization, particularly important for anomaly detection and traffic prediction tasks in telecom networks. This
validates the effectiveness of the deep learning mechanism integrated with graph-based data modelling.

Comparison of Network Optimization Techniques
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Figure 6: Optimization consideration layout
The comparison graph highlights that the proposed approaches, achieving a performance score of ~0.91
UDAA model outperforms traditional and existing compared to 0.72-0.86 in baseline models. The
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improvement is due to the integration of unified data
architecture, Al-driven analytics, and closed-loop
automation, which collectively enhance decision-
making and resource optimization. This confirms the

superiority of UDAA in handling multi-source data,
scalability, and real-time adaptability, addressing key
research gaps identified in the literature.

Network Performance KPIs Comparison
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Figure 7: KPIs performance consideration layout

The technical layout illustrated in Fig. 7 presents an end-
to-end Al-enabled pipeline within the proposed UDAA,
where multi-source telecom data is first transformed into
a spatial graph and processed through a GNN-based
encoder—decoder architecture to generate KPI-driven
insights and closed-loop optimization. In the evaluated
scenario, the model demonstrates a substantial
performance improvement after upgrade, where
throughput increases from 50 Mbps to 120 Mbps
(=140% gain), latency reduces from 40 ms to 10 ms
(75% reduction), and packet loss decreases from 2.5% to
0.8%, indicating enhanced network efficiency and
reliability. The computed Upgrade Readiness Index
(URI = 36.3) reflects strong preparedness for
generational migration, while the Network Efficiency
Score (NES = 3.72) highlights an optimal balance
between QoE, spectral efficiency, and operational cost.
Additionally, the Anomaly Risk Index (ARI = 0.14)
confirms improved robustness in fault detection and
security monitoring. These quantitative outcomes
validate that the integration of spatial graph
construction, deep learning-based feature encoding,
surrogate prediction, and global aggregation enables
accurate KPI forecasting, intelligent resource allocation,
and proactive network optimization, thereby supporting
scalable, reliable, and data-driven telecom network
evolution within the UDAA framework.

Conclusion- This work presents a comprehensive Al-
driven Unified Data and Analytics Architecture designed
to address the challenges of modern telecom network
evolution, including data heterogeneity, latency
constraints, and lack of intelligent automation. By
integrating spatial graph construction with deep

learning-based analytics, the proposed framework
enables efficient feature extraction, predictive modeling,
and real-time optimization of network resources. The
incorporation of closed-loop control through SDN/NFV
facilitates autonomous decision-making, significantly
enhancing Quality of Service and operational efficiency
while reducing cost and latency. Comparative
performance analysis confirms that the proposed model
outperforms traditional and existing Al-based
approaches, achieving superior accuracy and scalability.
Furthermore, the architecture ensures interoperability
and secure data handling, making it suitable for large-
scale deployment across heterogeneous telecom
environments. Future work can explore explainable Al
integration, federated learning for privacy preservation,
and extension toward fully autonomous 6G ecosystems.
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