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1. Introduction 

Abstract 
Today’s businesses require highly scalable and resilient digital services that can be responsive to real-time needs in a distributed 
and hybrid IT environment. However, traditional integration tools do not prove effective in ensuring continuous deployment, 
dynamic workload management, and heterogeneous system interoperability. Hence, this research presents the Digital 
Transformation Architecture for Scalable System Integration (DTASSI) approach aimed at solving the aforementioned problems 
within the context of today’s enterprise ecosystems. First, the suggested method uses data preprocessing based on Z-score 
normalization for achieving standardized feature scaling in relation to diverse enterprise metrics. In addition, features are 
extracted through the application of the Autoencoder algorithm, 
which helps avoid redundancy in high-dimensional enterprise data by extracting the key system characteristics. Moreover, deep 
learning (DL) algorithms are applied to enhance decision-making and system optimization. To be more specific, Orca Optimization 
Algorithm-tuned Adaptive Graph Neural Network (OOA-GNN) is used to predict workload and latency in a highly dynamic and 
distributed environment by identifying complex interdependencies between various system components. OOA is nature-inspired 
algorithm that simulates the cooperative hunting strategies used by model's parameters. GNNs use elemental dependencies to 
improve prediction models.  The effectiveness of the proposed DTASSI framework is evaluated through enterprise use-case 
analysis focusing on scalability, fault tolerance, and operational efficiency. The experimental results demonstrate a significant 
improvement in system performance, achieving Cloud Native best performance of 98% accuracy, 98% precision, and 97% recall, 
outperforming existing baseline approaches. Additionally, Python-based implementation is used for simulation, model training, 
and performance evaluation, enabling scalable experimentation and reproducibility of results. 
 
Keywords: Digital Transformation, Scalable System Integration, Cloud-Native Architecture, Microservices Architecture, Event-
Driven Architecture, Service Mesh, Deep Learning 
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Contemporary organizations require adaptive and scalable integration systems using cloud-native technology 
and Artificial Intelligence (AI) technology for legacy systems, increase in the agility, operate in the present, and 
facilitate efficient digital transformation [1]. Microservices, containerization, and orchestration are some 
examples of cloud-native architecture, which creates applications that are scalable and robust enough to 
facilitate automation, agility, and deployment while helping organizations deal with changing dynamics [2]. By 
adopting data-driven ecosystem integration, digital transformation in the retail and insurance industry makes 
use of cloud-native computing, AI, and DevOps for the purposes of updating technology [3]. It is possible to 
construct applications that possess cloud scalability with the help of microservices architecture and AI through 
cloud-native engineering [4]. When dealing with cloud-native infrastructures with large volumes of data, one 
of the most significant concerns would be addressing the trade-off between the current requirements [5]. For 
instance, the first critical concern that would arise would be related to the unsustainable increase in energy 
usage and carbon footprints associated with the fast-paced digitization process [6]. In addition, the existing 
Continuous Integration (CI), Continuous Deployment (CD) pipeline limits Machine Learning (ML) models and 
data, integrating AI/ML models, automation, security compliance, and performance analytics, leading to 
scalability issues, inefficiencies, and increased operational risks in enterprises [7]. Monolithic architecture and 
virtualization with manual provisioning and deployment would be adopted, which would result in poor fault 
tolerance, longer development cycles, higher maintenance costs, limited scalability, and an inability to adapt to 
workload changes [8]. 
Research Aim: This research aims to use DL and cloud-native techniques to develop a scalable architecture for 
digital A change in the nature of enterprise systems integration. The proposed approach enhances load 
estimation, latency This is achieved by using an OOA adjusted adaptive graph neural network, to achieve 
improvement and interoperability. This research Implements dynamic resource allocation, current decision 
making and efficient processing in distributed and diverse environments. digital environments.  
Research Organization: This paper is structured in the following manner: Section 1 introduces the research 
through the introduction, background, motivation, and problem statement for scalable system integration in 
digital transformation. Section 2 discusses the related work and the limitations identified. Section 3 describes 
the DTASSI framework along with the OOA-GNN model. Section 4 covers the results and discussion. Section 5 
concludes this research. 
 

2. Related Works 
Table 1 below depicts comparative research of different cloud-native systems incorporating AI for several areas 
and their research goals, methodologies, results, and constraints, concentrating on scalability, efficiency, and 
present processing while tackling issues related to cost, security, data confidentiality, and system integration. 
 
Table 1: Comparative Analysis of Cloud-Native Architectures and AI Integration Approaches 
Ref Objective Method Result Limitations 

[9] 

Build cloud-native 
Business 
Intelligence to 
enable scalable real-
time analytics. 

distributed analytics tools 
and cloud-native 
architecture. 

Increased decision-
making efficiency, 
decreased latency, and 
improved scalability. 

Migration, cost 
containment, and 
organizational change 
management 
challenges 

[10] 

Develop cloud-
native platforms to 
revolutionize the 
handling of financial 
data. 

Implement cloud-native 
data architectures that are 
secure, elastic, and 
decoupled. 

Improved financial 
services efficiency, 
compliance, and 
scalability 

Cost, governance 
issues, migration 
complexity, and 
regulatory restrictions 

[11] 

Improve banking 
risk management 
with cloud-native AI 
technology. 

Use scalable cloud-native 
infrastructure to apply AI 
models. 

Enhanced operational 
efficiency, real-time 
analytics, and fraud 
detection 

Issues with data 
privacy, regulatory 
complexity, and model 
dependability. 

[12] 

Implement cloud-
native architectures 
to enable scalable 

Make use of distributed 
training, Kubernetes, 
containerization, and 

Increased AI system 
efficiency, decreased 
latency, and improved 
scalability. 

Exorbitant expenses, 
latency problems, 
resource scheduling, 
and security difficulties 
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and effective AI 
solutions. 

model optimization 
methods. 

[13] 

Develop edge-cloud 
federated systems 
to enable scalable 
learning while 
protecting privacy. 

distributed edge-cloud 
model training with 
federated learning. 

Scalable edge 
intelligence, less data 
transport, and 
enhanced privacy 

Data heterogeneity, 
communication 
overhead, security, and 
dependability concerns 

[14] 

Create a cloud-
native, scalable 
healthcare platform 
with advanced 
analytics. 

Combine blockchain 
governance frameworks, 
microservices, Kubernetes, 
AI, and ML. 

Improved patient 
outcomes, security, 
predictive insights, and 
interoperability 

System overhead, 
regulatory compliance, 
data privacy, and 
integration complexity 

[15] 

Design cloud-native, 
scalable machine 
learning models for 
AI processes. 

Analyze ML performance 
with pipelines and cloud 
platforms 

Enhanced efficiency, 
scalability, and uniform 
accuracy across ML 
models 

Problems with resource 
allocation, cost control, 
and latency trade-offs 

[16] 

Improve scalable 
and efficient cloud-
native machine 
learning workflows. 

Microservices, containers, 
serverless data pipelines 

50% faster training and 
55% cost reduction 

Depends on stable 
cloud infrastructure 
availability 

 
Cloud-native artificial intelligence and analytics platforms deliver scalability and effectiveness; yet, there are 
constraints on cloud-native approaches, including architectural fragmentation, lack of intelligent orchestration, 
inefficient current adaptability to changing load, and complexity. DTASSI is a proposed model that integrates 
cloud-native concepts with adaptive optimization techniques using OOA-GNN. 
 

3. Digital Transformation Architecture for Scalable System Integration (DTASSI) 
Framework 
Data collection, preprocessing, feature selection, and optimization-based neural network modeling are all 
included in the learning architecture depicted in Figure 1, which is built on a combination of clouds. To attain 
the same scale of data values, the dataset is first adjusted using Z-score normalization. To identify the most 
significant characteristics, features are chosen depending on data transformations. Prediction and reliability 
are improved by the optimization-based neural model supplemented with a metaheuristic method. 

 
Figure 1: Cloud-Based Hybrid Optimization Learning Framework Architecture 
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3.1 Data collection 
This particular Cloud Integration dataset is used for researching scalable system integration and intelligent 
cloud-native enterprise analytics. The dataset represents actual metrics of operational processes that occur in 
the context of microservices-based architecture and in modern cloud environments. This dataset contains 
12,000 instances, which includes several properties that describe workload characteristics, service 
dependencies, system performance measurements, and cloud-based application operational behavior. In 
distributed enterprise ecosystems, these features facilitate efficient analysis of workload forecasts, latency 
modeling, system optimization, and intelligent decision-making. To ensure accurate evaluation, the gathered 
data was divided into 75% for training and 25% for testing. The data can be applied to developing models of 
cloud optimization and adaptive digital transformation. Kaggle Source:  
https://www.kaggle.com/datasets/colabsss/cloud-integration-dataset  
Data feature exploration: Figure 2(a) shows distribution patterns and system stability across operational 
modes by showing pairwise correlations between cloud system performance measures such as CPU utilization, 
memory usage, API request rate, and network throughput. A parallel coordinates visualization of metrics, such 
as CPU consumption, memory usage, API response time, and load balancer utilization, is shown in Figure 2(b).  

 
Figure 2: Cloud system monitoring and analysis of (a) Pairwise correlation analysis, (b) Parallel 
coordinates visualization status 
 
3.2 Data preprocessing using z-score normalization 
 Normalization is applied to enable the analysis of heterogeneous enterprise data from cloud and distributed 
computing environments to provide uniform scalability among different key performance indicator (KPI) 
operations under varying loads. It improves the quality, reliability, and interoperability of data. When 
circumstances become complex, normalization provides better predictions and aids in data processing. To 
ensure uniform distribution of features to achieve optimal model operation, Equation (1) shows the 
normalization process that is based on statistics derived from training data. 
                             𝑍 − 𝑆𝑐𝑜𝑟𝑒𝑑 𝐸𝑀𝐺𝑒,𝑔,𝑗 = (𝐸𝑀𝐺𝑒,𝑔,𝑗 − 𝜇𝑡𝑟𝑎𝑖𝑛,𝑗)/𝜎𝑡𝑟𝑎𝑖𝑛,𝑗                (1) 

In equation (1), 𝑍 is the normalized value for the output corresponding to the data characteristic of the 
enterprise data. 𝑆𝑐𝑜𝑟𝑒𝑑 stands for the process of normalizing the raw data. 𝐸𝑀𝐺(𝑒,𝑔,𝑗) is the value for the 

heterogeneous enterprise data characteristic input, where 𝑒 is the instance or record id, 𝑔 is the service 
group/system part, and 𝑗 is a particular feature like latency, CPU utilization, and throughput. 𝜇 is the mean 
value, meaning the average value distribution for the particular feature. 𝑡𝑟𝑎𝑖𝑛 is the training set used to derive 
statistical parameters. 𝜇𝑡𝑟𝑎𝑖𝑛,𝑗  is the mean value for feature 𝑗 from the training set, while 𝜎𝑡𝑟𝑎𝑖𝑛,𝑗  is the standard 

deviation for feature 𝑗. 
3.3 Feature extraction using Autoencoder 
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An autoencoder is a type of unsupervised DL algorithm applied to extract features from heterogeneous data 
within enterprises through distributed computing and cloud technology. System metric measurements like 
latency and throughput, among others, are encoded in the hidden layer to create a latent representation that 
contains important aspects of the data. The features help eliminate redundancy in the data and enhance its 
quality for better processing and compatibility during system integration. 
                               𝑊 = 𝑒𝜃(𝑊) = 𝑡(𝑋𝑊 + 𝑎𝑊)                            (2) 
In Equation (2), 𝑊 denotes the feature vector that captures information from different sources in an enterprise, 
such as heterogeneous data. The function 𝑒𝜃(𝑊) is the encoder model, which is parameterized by 𝜃. 𝑋 is the 
input matrix consisting of system parameters, such as latency and throughput. The product 𝑡(𝑋𝑊) denotes the 
linear transformation of the features, whereas 𝑎𝑊is the bias term. 

                   𝑊′ = ℎ𝜃
′ (𝑍) = 𝑡(𝑋′𝑍 + 𝑎𝑍)                                `     (3) 

Equation (3) represents  W', which denotes the reconstructed feature vector approximating the original 
enterprise data after decoding. ℎ𝜃′(𝑍)  represents the decoder function with parameters 𝜃′, mapping latent 
features to the original space. 𝜃′includes trainable weights and biases. 𝑍 is the compressed latent 
representation. 𝑋′is the decoder weight matrix, and 𝑋′𝑍performs linear transformation. 𝑎𝑍is the bias term, 
while 𝑡(𝑋′𝑍 + 𝑎𝑍)introduces non-linearity for accurate reconstruction. 

                           𝜃 = 𝑚𝑖𝑛 𝐾 (𝑊, 𝑊′) = 𝑚𝑖𝑛 𝐾 (𝑊, ℎ((𝑒(𝑊)))              (4) 

Equation (4), 𝜃 denotes the optimal weights and biases minimizing reconstruction error. 𝑚𝑖𝑛represents the 
optimization process. 𝐾(𝑊, 𝑊′)is the cost function measuring the difference between original features 𝑊and 
reconstructed features 𝑊′. 𝑊 is the initial enterprise feature representation, while 𝑊′is the reconstructed 

output. 𝑒(𝑊)encodes features into latent space, and ℎ((𝑒(𝑊))decodes them back. 

                             𝐾1(𝜃) = ∑ ‖𝑤𝑗 − 𝑤′𝑗‖
2𝑚

𝑗=1                               (5) 

In Equation (5), 𝐾1(𝜃) represents the reconstruction loss measuring how accurately original enterprise features 
are reproduced. ∑  𝑚

𝑗=1 denotes summation over all features. 𝑤𝑗is the original value of the 𝑗-th feature, and 𝑤𝑗
′is 

its reconstructed value. ∥ 𝑤𝑗 − 𝑤𝑗
′ ∥2computes the squared error, emphasizing larger deviations between 

original and reconstructed features. 

                  𝐾2(𝜃) − ∑ [𝑤𝑗 𝑙𝑜𝑔(𝑧𝑗) + (1 − 𝑤𝑗) 𝑙𝑜𝑔(1 − 𝑧𝑗)]𝑚
𝑗=1              (6) 

Equation (6) represents, 𝐾2(𝜃)denotes the cross-entropy loss measuring reconstruction or prediction quality. 
∑  𝑚

𝑗=1 represents summation over all features with a negative sign for minimization. 𝑤𝑗is the original feature 

value, and 𝑧𝑗  is the predicted probability. 𝑤𝑗𝑙𝑜𝑔(𝑧𝑗)evaluates correctness when the value is one, while 

(1 − 𝑤𝑗)𝑙𝑜𝑔(1 − 𝑧𝑗)evaluates correctness when the value is zero. 

3.4 GNN for Improving scalability through graph learning 
The Graph Neural Network (GNN) is embedded into the proposed cloud-native digital transformation 
architecture for modeling the interaction between the components of the enterprise operating in a distributed 
manner. Microservices are modeled as nodes of the graph, while communications and data flow are modeled as 
edges. GNN aggregates the information available at the nodes connected to each other to understand system 
behavior. This helps in predicting system behavior in terms of load, latency, and resource utilization. 
                                                    𝑇 = 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 (𝑅, 𝐿)                           (7) 
In Equation (7), 𝑇 quantifies similarity between system representations. 𝑅 is the reference representation such 
as baseline performance or historical workload data. 𝐿 is the learned representation from the model. 
similarity (𝑅, 𝐿) measures alignment between both, indicating prediction accuracy and system consistency. 
                                                 𝐵 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑇)                             (8) 
Equation (8) refers to 𝐵, which represents the normalized attention or probability distribution derived from 
similarity scores. 𝐵 is is the final weighted vector. 𝑇 denotes similarity between system representations. 
𝑆𝑜𝑓𝑡𝑚𝑎𝑥 converts scores into probabilities, emphasizing higher similarities and reducing lower ones for 
improved decision-making accuracy. 
                                               𝑃: 𝑃 = 𝐵𝑈                                (9) 
In Equation (9), 𝑃 is the predicted system output state. 𝐵is is the normalized attention/probability vector 
obtained via softmax. 𝑈represents value or feature vectors. The product 𝐵𝑈 forms a weighted representation 
for accurate prediction. 
                                              𝑀𝑖𝑠ℎ(𝑤) = 𝑤 ∗ 𝑡𝑎𝑛 𝑔 𝐼𝑛 (1 + 𝑓𝑤)      (10) 
Equation (10) describes the 𝑀𝑖𝑠ℎ activation function used in DL for smooth and non-linear feature 
transformation. 𝑤 is the value that the feature or neuron being fed into the network is. A smooth logarithmic 
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transformation, 𝑡𝑎𝑛 𝑔 𝐼𝑛 is computed for the term 𝑓𝑤  is the function has the multiply operation as 𝑙𝑛, which is 
numerical stable for both positive and negative input. 𝑡𝑎𝑛 introduces bounded non-linearity which enhances 
the representational power. Lastly, multiplication by 𝑤 leaves Input information and boosts gradient flow, 
resulting in better learning efficiency in complex data environments. The 𝑔 decoder function is used to decode 
information.  
3.5 OOA for optimized parameter tuning 
In the digital transformation architecture designed, the Orca-based optimization method is used to determine 
the best possible system configurations that can be used in scalable integration. In this case, each possible 
solution represent a particular configuration of microservices and resources assigned with a certain energy 
value. Solutions that have higher energy explore globally in distributed environments, whereas solutions with 
lower energy optimize their configuration locally. 
                                                           𝑓1 = 𝐸1 − 𝐸𝑡                              (11) 
Equation (11) denotes, 𝑓1 represents the fitness value representing the difference between the actual and  
𝐸1 desired performance is the current energy state of the candidate solution or the fitness of the candidate 
solution.𝐸𝑡  represents the energy of the target. State corresponding to the desired optimal performance. 
Minimizing 𝑓1 helps to guide the solution towards improved In dynamic environments, accuracy and optimum 

system performance.                                                                                                 𝐹𝑗 =
𝑓𝑗−𝑓𝑚𝑖𝑛

𝑓𝑚𝑎𝑥−𝑓𝑚𝑖𝑛
                   

       (12) 
In Equation (12), 𝑓𝑗 denotes the standardised fitness value of the 𝑗 −th solution, 𝑓𝑗 the original fitness value, 

𝑓𝑚𝑖𝑛 and 𝑓𝑚𝑎𝑥  the minimum and maximum fitness value in the population. Normalization: transforms all of the 
fitness values to range from 0 to 1, allowing a fair comparison, stable convergence and a fair fitness evaluation 
during optimization.                                                            𝑐𝑗 = 𝐹𝑗 × 𝑄                       

     (13) 
Equation (13) explains, 𝑐𝑗is the final fitness value of the 𝑗-th solution is 𝐹𝑗 which is used for selection. The 

normalized fitness in is: the range [0,1]. 𝑄 is a quality factor which weights fitness based on the needs of the 
system, and thereby improves the quality of decisions made. in optimization. A hybrid architectural 
optimization-learning model which integrates GNN and OOA to obtain efficient learning from graphs and ideal 
parameter adjustment. In this case, the aim of OOA is to capture interdependencies between system elements 
using GNN while doing global searches for optimal model parameters, represented in Algorithm 1. 

Algorithm 1: OOA–GNN for DTASSI-Based Enterprise System Optimization 

1. Input: Enterprise dataset 𝑋(latency, throughput, CPU, workload metrics) 
2. Output: Optimized parameters (𝑊∗, 𝑏∗), predicted system output 𝑃̂ 
3. Data Collection 
4. Load heterogeneous enterprise system metrics from distributed cloud environments. 
5. Z-Score Normalization 
6. Standardize input features for uniform scaling: 

7. 𝑋′ =
𝑋−𝜇

𝜎
 

8. Feature Extraction (Autoencoder) 
9. Extract latent representation: 
10. 𝑍 = 𝑒𝜃(𝑋′) 
11. Reconstruct input (for learning constraint): 
12. 𝑋′′ = ℎ𝜃′(𝑍 
13. Graph Construction with Model system as graph 𝐺(𝑉, 𝐸), where nodes represent services and edges 

represent dependencies. 
14. Initialize OOA–GNN 
15. Initialize population of candidate solutions (𝑊, 𝑏)and GNN parameters. 
16. Fitness Evaluation and evaluate each solution using prediction error: 
17. 𝑓 = 𝐸𝑝𝑟𝑒𝑑 − 𝐸𝑡𝑎𝑟𝑔𝑒𝑡  

18. Normalize fitness: 𝐹 =
𝑓−𝑓𝑚𝑖𝑛

𝑓𝑚𝑎𝑥−𝑓𝑚𝑖𝑛
 

19. OOA Optimization and Update candidate solutions using an energy-based selection strategy  
20. GNN Learning for Aggregate neighborhood information: 

21. 𝐻(𝑙+1) = 𝜎(𝐴̃𝐻(𝑙)𝑊(𝑙)) 
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22. Prediction for the final system: 
23. 𝑃̂ = 𝐺𝑁𝑁(𝑍; 𝑊∗, 𝑏∗) 
24. Output 
25. Return optimized model and predicted system performance. 

 

4. Result and Discussion 
The hybridized DTASSI framework, in combination with OOA and GNN, proves to be an effective and scalable 
approach for enterprise system integration that leverages cloud-native microservices architecture and DL 
intelligence. It is implemented in Python and runs on a cloud-based Kubernetes simulation platform.  
Traditional Accuracy (%): It is the percentage of properly processed requests or predictions in monolithic 
systems, which have low flexibility when dealing with dynamically changing loads. Cloud-Native Accuracy 
(%): It refers to correct predictions or successful service executions in the DTASSI architecture, modularity, and 
scalability of microservices. Traditional Precision (%): It shows the number of correctly predicted positive 
events, such as workload scaling or request handling. Classic systems often make false positive predictions 
because of inflexible rules. Cloud-Native Precision (%): It refers to the increased accuracy of positive 
predictions in microservice systems. This metric eliminates false predictions. Traditional Recall (%): It is the 
percentage of correct identification of all workload spikes or service requests in legacy systems. The metric is 
relatively low because of poor scalability and delayed reactions. Cloud-Native Recall (%): It refers to the 
percentage of detection of the most current workload changes or service requests. It is relatively high because 
of present monitoring and event-driven architecture. 
Performance evaluation using existing dataset [16]: The proposed DTASSI method trained on existing 
publicly available machine learning datasets, such as those from Kaggle, AWS Open Data and Google Dataset 
Search, to maintain consistency across experiments. It evaluated for performance in comparison to 
conventional methods and current ML algorithms, such as RF, XGB, CNN, LSTM, and BERT. Performance metrics, 
including accuracy, precision, and recall, are used to evaluate both conventional and cloud-native scenarios. 
Because of its enhanced scalability, microservices design, and actual time computing capabilities, it was found 
that the cloud-native method consistently performs better than the conventional one. As Table 2 and Figure 3 
demonstrate, that the proposed DTASSI architecture performs better than others. 
 
Table 2: Performance Comparison of Traditional and Cloud-Native Models 

ML Model 
Traditional 
Accuracy 
(%) 

Cloud Native 
Accuracy (%) 

Traditional 
Precision (%) 

Cloud Native 
Precision 
(%) 

Traditional 
Recall (%) 

Cloud 
Native 
Recall (%) 

Random Forest [16] 85 88 83 86 82 85 

XGBoost [16] 87 90 85 88 84 87 

CNN [16] 80 83 78 81 77 80 

LSTM [16] 78 81 76 79 75 78 

BERT [16] 75 78 74 77 73 76 

DTASSI [Proposed] 92 96 91 95 90 94 
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Figure 3: Stacked Performance Comparison of Traditional and Cloud-Native Models 
 
Performance evaluation using the cloud integration dataset: The Existing models and proposed DTASSI 
trained on Cloud Integration Dataset, containing microservice interactions, API workflows, workloads, and 
distributed performance metrics, is utilized to train and evaluate DL models within the proposed scalable 
cloud-native integration architecture. Specifically, the DTASSI model with OOA-GNN integration outperforms 
the baseline models on all assessment criteria, demonstrating the efficacy of the suggested approach in 
anticipating intelligent workloads and reducing latency. Table 3 and Figure 4 illustrate, with Cloud Native 
accuracy, precision, and recall rates approaching 98%, 98%, and 97%, respectively, in the cloud-native 
environment, the suggested DTASSI architecture is more accurate, efficient, and dependable. 
 
Table 3: Performance Evaluation of Models Using Cloud Integration Dataset 

ML Model Traditional 
Accuracy (%) 

Cloud Native 
Accuracy (%) 

Traditional 
Precision 
(%) 

Cloud Native 
Precision (%) 

Traditional 
Recall (%) 

Cloud Native 
Recall (%) 

Random Forest 86 91 84 89 83 88 
XGBoost 88 93 86 91 85 90 
CNN 81 86 79 84 78 83 
LSTM 79 84 77 82 76 81 
BERT 76 81 74 79 73 78 
DTASSI [Proposed] 96 98 95 98 94 97 
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Figure 4: Comparative Structural Analysis of Traditional and Cloud-Native Model Performance Metrics 
 
In case of the Cloud Integration Dataset, where the enterprise data is diverse and dynamic, the existing models 
such as Random Forest [16], XGBoost [16], CNN [16], LSTM [16], and BERT [16] find it difficult to identify the 
complex service relationships and fast-changing workload conditions. In order to overcome these limitations, 
the DTASSI model along with OOA-GNN has been introduced. 
 

5. Conclusion 
The research presented DTASSI architecture as a feasible solution which would help to integrate systems in 
distributive and hybrid enterprise architectures. The proposed framework uses Z-score normalization, 
Autoencoder-based feature selection, and OOA-GNN-based DL to recognize complex relations between system 
components which result in better intelligent decision making. The proposed architecture demonstrated good 
potential in workload prediction and estimation, which helped to increase system reliability, scalability, and 
efficiency. The outcomes from experiments performed demonstrate that DTASSI framework has much better 
performance than others, with 98% cloud native accuracy, 98% cloud native precision, and 97% cloud native 
recall. Despite having many benefits, the proposed framework has some disadvantages related to high 
computational complexity and long training time when processing large datasets. Future research could focus 
on lightweight Dl, edge computing, IoT-based real-time data integration, and federated learning. 
 

References 
1 Katta, T.B., 2024. Transforming enterprise integration with cloud native innovations and next generation 

technology paradigms. International Journal of Research Publications in Engineering, Technology and 
Management (IJRPETM), 7(2), pp.10347-10358.  https://doi.org/10.15662/IJRPETM.2024.0702006   

2 Patan, L., 2024. Leveraging cloud-native architecture for scalable and resilient enterprise applications: A 
comprehensive analysis. International Journal of Computer Engineering And Technology (IJCET), 15(5), 
pp.583-591. https://doi.org/10.5281/zenodo.13861921  

3 Pasupuleti, V.S.M., Gupta, R. and Rachamalla, D., 2025. Intelligent Cloud-Native Architectures for Secure, 
Scalable, and AI-Driven Digital Transformation in Retail and Insurance Domains. Journal of Computer 
Science, 2, p.100009. https://doi.org/10.70389/PJCS.100009  

4 Samala, S., 2025. CLOUD-NATIVE ENGINEERING AND AI-POWERED AUTOMATION FOR SCALABLE 
PLATFORMS. International Journal of Applied Mathematics, 38(10s), pp.2562-2585. 
https://doi.org/10.12732/ijam.v38i10s.1140  

5 Cherekar, R., 2025. Integrating AI-Based Image Processing with Cloud-Native Computational 
Infrastructures for Scalable Analysis. International Journal of Artificial Intelligence, Data Science, and 
Machine Learning, 6(2), pp.12-19. https://doi.org/10.63282/3050-9262.IJAIDSML-V6I2P102  

http://www.svedbergopen.com/
https://doi.org/10.15662/IJRPETM.2024.0702006
https://doi.org/10.5281/zenodo.13861921
https://doi.org/10.70389/PJCS.100009
https://doi.org/10.12732/ijam.v38i10s.1140
https://doi.org/10.63282/3050-9262.IJAIDSML-V6I2P102


www.svedbergopen.com                                        International Journal of Artificial Intelligence and Machine Learning 
 

 

Vol.6, No.5s, 2026                                                                                                                                                                      165 

6 Gangina, P., 2025. The role of cloud-native architecture in enabling sustainable digital 
infrastructure. International Journal of Research and Applied Innovations, 8(5), pp.13046-13051. 
https://doi.org/10.22399/ijcesen.3950  

7 Blomqvist, D.M., 2024. Platform Engineering for Intelligent Cloud-Native Enterprises with AI and ML 
Pipelines along with Continuous Integration Security and Performance Analytics. International Journal of 
Research Publications in Engineering, Technology and Management (IJRPETM), 7(4), pp.10844-10850. 
https://doi.org/10.15662/IJRPETM.2024.0704004   

8 Ugwueze, V.U., 2024. Cloud native application development: Best practices and challenges. International 
Journal of Research Publication and Reviews, 5(12), pp.2399-2412. 
https://doi.org/10.55248/gengpi.5.1224.3533  

9 Bukhari, T.T., Oladimeji, O., Etim, E.D. and Ajayi, J.O., 2024. Cloud-native business intelligence 
transformation: Migrating legacy systems to modern analytics stacks for scalable decision-
making. International Journal of Scientific Research in Humanities and Social Sciences, 1(2), pp.744-762. 
https://doi.org/10.32628/IJSRSSH242763  

10 Maheshwari, J., 2025. The Rise of Cloud-Native Data Platforms: Architecture, Benefits, and 
Challenges. Journal Of Multidisciplinary, 5(8), pp.182-194. https://doi.org/10.5281/zenodo.16784794  

11 Fathima, S.A., 2025. AI-Driven Insights for Risk Management in Banking: Leveraging Cloud-Native 
Technologies for Scalability. International Journal of Artificial Intelligence, Data Science, and Machine 
Learning, 6(1), pp.31-38. https://doi.org/10.63282/3050-9262/IJAIDSML-V6I1P104  

12 Nuthalapati, A., 2025. Scaling AI Applications on the Cloud toward Optimized Cloud-Native Architectures, 
Model Efficiency, and Workload Distribution. International Journal of Latest Technology in Engineering, 
Management & Applied Science, 14(2), pp.200-206. https://doi.org/10.51583/IJLTEMAS.2025.14020022  

13 Aunugu, D.R. and Vathsavai, V.G., 2025. Cloud-Based AI Solutions for Scalable and Intelligent Enterprise 
Modernization. ICCK Transactions on Emerging Topics in Artificial Intelligence, 2(2), pp.81-89. 
http://dx.doi.org/10.62762/TETAI.2025.440076  

14 Karanam, R., 2025. Cloud Native Enterprise Healthcare Platform Integrating AI Machine Learning 
Blockchain Governance and Clinical Risk Intelligence. International Journal of Computer Technology and 
Electronics Communication, 8(6), pp.11811-11820.  https://doi.org/10.15680/IJCTECE.2025.0806026  

15 Gupta, A. and Chaturvedi, Y., 2024. Cloud-native ML: Architecting AI solutions for cloud-first infrastructures. 
Nanotechnology Perceptions, 20(7), pp.930-939. https://doi.org/10.62441/nano-ntp.v20i7.4004  

16 Puthraya, K., Gupta, R. and DSouza, B., 2025. The Role of Cloud-Native Architectures in Accelerating Machine 
Learning Workflows through Data Engineering Innovations. Journal Of Applied Sciences, 5(2), pp.10-17. 
https://doi.org/10.5281/zenodo.15106432  

http://www.svedbergopen.com/
https://doi.org/10.22399/ijcesen.3950
https://doi.org/10.15662/IJRPETM.2024.0704004
https://doi.org/10.55248/gengpi.5.1224.3533
https://doi.org/10.32628/IJSRSSH242763
https://doi.org/10.5281/zenodo.16784794
https://doi.org/10.63282/3050-9262/IJAIDSML-V6I1P104
https://doi.org/10.51583/IJLTEMAS.2025.14020022
http://dx.doi.org/10.62762/TETAI.2025.440076
https://doi.org/10.15680/IJCTECE.2025.0806026
https://doi.org/10.62441/nano-ntp.v20i7.4004
https://doi.org/10.5281/zenodo.15106432

