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ABSTRACT: There are numerous concerns related to the extensive use of cloud computing, including performance 

issues with communication- and computation-intensive services on virtual cloud resources. The present study 

explores the utilization of a Deep Neural Network (DNN) model to predict and optimize SaaS instance configurations 

on the basis of analyzing a dataset on Kaggle, which harbors Amazon AWS SaaS Sales information. After the data 

preparation process, such as filling in missing values, handling outliers, and normalizing features, to guarantee the 

validity of the results, the data is separated into training, validation, and test sets. The DNN model is then trained and 

tested using a number of different performance measures: accuracy, precision, recall, F-measure, and loss. The model 

is found to be not only excellent but also very accurate, reaching an accuracy percentage of 96.33%, and a strong 

balance between precision and recall is maintained. The learning curves suggest that overfitting was not a factor 

during the training process, which was smooth and stable, while the confusion matrix supports the model's reliability. 

The DNN has consistently outperformed other common methods, including KNN, LGBM, ARIMA, AdaPCA, and SV, 

in different datasets. To sum up, the insights obtained from this study point to the robustness and the capability of 

the model in processing SaaS sales data as well as in optimizing cloud resource configurations. 

KEYWORDS: Cloud Computing, SaaS Optimization, Cloud Resource Management, Machine Learning, Deep Neural 

Network. 

 

1. Introduction 

Cloud computing is a system that lets users access 

computer resources (hardware and software) over the 

Internet as hosted services that may be flexibly scaled to 

meet user demands [1][2]. Cloud services are the name 

given to these services. In the cloud computing 

environment, the two primary participants are the 

cloud service provider and the cloud client [3]. Cloud 

service providers host cloud services in their data 

centers, which users (cloud customers) can access and 

utilize on a pay-per-use basis [4]. 

Resource optimizations are inappropriate for edge 

computing unless certain restrictions are included. First 

of all, because edge nodes are not located in the same 

local physical network as servers in a data center, intra-

cluster latency cannot be minimal [5]. Second, some of 

these models do not account for networking when 

determining the overall energy requirement, making 

wireless data transmission more energy-intensive than 

cable. Finally, in contrast to cloud computing, the 

ultimate offloading node is determined by user mobility 

[6]. Consequently, it is necessary to modify both the 

optimization problem and standard cloud simulations. 

These days, cloud computing is the most popular 

approach for supplying software and technological 

infrastructures. This approach gives users access to 

computer resources and apps without requiring them to 

set up or maintain hardware [7]. The three main cloud 

service paradigms are infrastructure as a service (IaaS), 

software as a service (SaaS), and platform as a service 

(PaaS).  Software suppliers may build successful 

businesses with the SaaS model.  Permitting the 

simultaneous delivery of software to several users via the 

cloud [8][9]. Additionally, the subscription-based 

business model offers chances for consistent revenue 

streams [10]. Therefore, maintaining a core user base is 

crucial to a SaaS model's commercial viability. Users 

utilize software solutions often and for extended periods 

of time when they see significant benefits from them [11]. 

SaaS's greatest asset is its engaged customers, who utilize 

it for extended periods of time with no assistance and 

may even recommend it to other users. 

Cloud computing offers scalable infrastructure for 

data processing and storage [12]but edge computing 
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reduces latency and boosts efficiency by bringing 

computation closer to the devices. The integration of 

these technologies with artificial intelligence (AI) 

[13][14] opens up new avenues for developing creative 

solutions that can learn, adapt, and react instantly to 

consumer demands. Machine learning (ML) models are 

frequently used for real-time decision assistance in a 

SaaS environment. ML models in this context usually 

look at user behavior and engagement metrics [15]. 

Recent research has shown that deep learning (DL)-

based prediction models, particularly those based on 

recurrent neural networks (RNNs), are highly capable 

of directly learning nonlinear temporal correlations 

from historical data [16]. However, many of these 

methods don't account for spatial connections between 

geographically dispersed nodes or subsystems. 

A. Motivation and Contributions of the Study 

Modern cloud and SaaS infrastructures encounter 

difficulties in their optimization processes and in 

predicting user behavior accurately, mainly because 

they don't consider the edge environments' introduction 

of mobility, wireless costs, and latency, which are all 

negative factors for the traditional models. Likewise, the 

current ML methods do not encompass the important 

spatiotemporal patterns considered, and thus the 

resource allocation is poor, and churn prediction is 

weak. Therefore, the development of next-generation 

cloud-edge AI frameworks that are capable of modeling 

real-world dynamics better, thus improving efficiency 

and increasing user retention in the present-day SaaS 

ecosystems, is a must. The essential contributions 

offered by the study are discussed below: 

• Utilized the Amazon AWS SaaS Sales dataset 

sourced from Kaggle. 

• Implemented a rigorous preparation procedure that 

included normalizing the database using the usual 

scaling method, eliminating outliers, and imputing 

missing values. 

• Implemented a well-organized deep learning 

method, namely a Deep Neural Network, which 

efficiently predicts the SaaS configurations for 

cloud environments. 

• Evaluated the model's performance using the loss 

function, F1-score, accuracy, precision, and recall. 

B. Justification of the Study 

Improving SaaS instance configurations is 

significant for elevating cloud performance, preventing 

wasteful resource usage, and supporting organizations 

in making wiser decisions. However, traditional ML 

models tend to be ineffective since they are not capable 

of grasping the nonlinear and multifaceted aspects and 

connections of SaaS sales information in their entirety. 

The study in this way aims at offering a more accurate 

and powerful predictive tool. This is the advantage of the 

Deep Neural Network, as it is able to delve into greater 

details of the data, which is typically not available in the 

traditional models. The paper supports its argument by 

referencing other widely used techniques and proving its 

effectiveness by the outcomes, stating that a DNN-

centered approach is the most appropriate and efficient 

means of cloud resource control. 

C. Organization of the Study 

The study's structure is as follows: Section II explores 

the existing literature on SaaS Instance Configurations for 

Cloud Resource Optimization. Further, Section III 

outlines the methodology, including the dataset, model 

implementation, and performance. Next, Section IV gives 

the results analysis. Lastly, Section V concludes the study 

and gives future directions. 

2. Literature Review 

The primary sources that have contributed 

significantly to narrowing the focus and providing a 

rough direction of the study were a review and critical 

analysis of existing research on SaaS Instance 

Configurations for Cloud Resource Optimization. 

L. Zhang and J. Bai (2026) propose a two-phase 

cooperative IaaS resource design technique to optimize 

SaaS providers' anticipated income under three pricing 

models. Before dynamic resource reallocation among 

providers with resource surpluses and deficits, each 

provider first examines past user data to establish 

optimal resource demand. Demand uncertainty is 

addressed, Quality of Service (QoS) breaches are 

decreased, and resource utilization is improved. For the 

fixed-price (OCCS_FI), segmented-price (OCCS_SI), and 

dynamic-price (OCCS_DI) models, three approaches are 

created. Its efficiency in preserving high resource 

utilization while optimizing income is demonstrated by 

theoretical analysis and experimental [17]. 

Mohapatra et al. (2025). The system adopts the Cloud-

Odc framework that categorizes defects by severity, 

components involved, SaaS, PaaS, and IaaS layers. 

Experimental results on a dataset containing over 8,000 

annotated bug reports show that the accuracy of 

detection has been 40% improved and time to resolve has 

also been reduced significantly. The suggested system 

enhances completeness of the reports, decreases the 

overhead of interactions between developers and users, 

and increases the scalability and efficiency of defect 

management in contemporary cloud-based processes 

[18]. 

Burle et al. (2024) compare a collection of ML models 

based on recall, F1 score, accuracy, and precision. Results 

show that the Hybrid SVM + Decision Tree model had a 
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higher accuracy rate of 92.71% as compared to the rest 

of the models and provides more accurate results of 

customer churn in SaaS applications. Future studies are 

recommended to examine more advanced feature 

engineering methods, take into account time dynamics 

to better predict changes, and involve real-time streams 

of data to modify models dynamically.[19]. 

Zhao et al. (2024) checked the effectiveness, and an 

approximate 24s retrieval time of 100-1000 information 

groups is obtained. The optimized level of information 

trust gives security coefficients of 98.83% and 96.86% to 

the human resources information to send and receive 

endpoints, respectively. SaaS cloud computing is also 

useful in improving the efficiency of the HR 

management system, and information trust can 

optimize the HR information security during 

transmission [20]. 

Alzahrani and Tang (2024) propose a new method. 

Specifically, the microservice-based SaaS deployment 

issue may be resolved with Hybrid Particle Swarm 

Optimization (HPSO). Throughout the optimization 

process, the HPSO incorporates social, cognitive, and 

adaptive inertia weight to balance the trade-off between 

exploration and exploitation.  The HPSO also employs a 

local optimizer to improve the swarm's optimal global 

solution, with a focus on increasing energy efficiency. 

Through experimentation, they have used the HPSO 

and compared its performance with a GA approach. The 

experimental findings indicate that, in comparison to 

GA, the HPSO may further lower the rise in energy 

consumption by 3.68% [21]. 

Alzahrani and Tang (2023) This article proposes a 

novel SaaS deployment mechanism based on 

microservices.  The data center determines where to 

deploy microservices under the new approach. The 

increasing energy consumption of the compute servers 

and communication network is taken into consideration 

by the new microservice-based SaaS deployment 

methodology. The deployment of microservices-based 

SaaS is a combinatorial optimization challenge.  To 

address the issue, a genetic algorithm with a mending 

mechanism is suggested.  The suggested strategy can 

reduce the energy usage related to microservice-based 

SaaS deployment by 37.55% as compared to the 

conventional deployment approach [22]. 

Sharma and Bhardwaj (2022) The purpose of this 

study is to use the method for the improved Emperor 

Penguin optimization approach to give a unique way of 

distributing virtual machines to fulfill the demands of 

individual consumers.  This relevance is further 

demonstrated by the fact that the proposed solution relies 

on well-established optimization techniques for effective 

virtual machine allocation.  The NetBeans IDE 12.4 was 

used to install this Java-based application [23]. 

Table I summarizes recent studies on SaaS Instance 

Configurations for Cloud Resource Optimization along 

with the datasets, focus, methods, findings, and 

limitations used in those studies. 

 

TABLE 1. Recent Studies on Saas Instance Configurations for Cloud Resource Optimization 
Author & 

Year 

Purpose / Focus Method / Model Used Key Findings Limitations / Future 

Work 

L. Zhang and 

J. Bai (2026) 

To optimize SaaS resource 

configuration, improve 
resource utilization, and 

maximize providers’ expected 

revenue. 

Two-stage collaborative 

IaaS resource allocation 
using fixed-price, 

segmented-price, and 

dynamic-price models. 

Improved resource utilization and 

revenue while reducing Quality of 
Service (QoS) violations under 

uncertain user demand. 

Deep learning-based 

prediction of optimal SaaS 
instance configurations is 

not explored. 

Mohapatra et 

al., (2025) 

To classify cloud-based defect 

reports by severity, affected 

component, and service layer 
(SaaS/PaaS/IaaS) using the 

Cloud-Odc framework. 

Cloud-Odc classification 

system using >8,000 

annotated bug reports. 

40% improvement in defect 

detection accuracy; reduced 

resolution time; improved report 
completeness and scalability. 

Not specified; potential for 

broader datasets and real-

time integration. 

Burle et al. 

(2024) 

To evaluate ML models for 

predicting customer churn in 
SaaS applications. 

Multiple ML models; 

best-performing hybrid 
SVM + Decision Tree. 

Hybrid model achieved 92.71% 

accuracy, outperforming other 
models. 

Explore advanced feature 

engineering, temporal 
dynamics, real-time data 

streams. 

Zhao et al. 
(2024) 

To assess SaaS-based HR 
information management 

efficiency and transmission 

security. 

Information trust 
optimization in SaaS 

cloud environment. 

Retrieval time ~24s; security 
coefficients 98.83% (sending) and 

96.86% (receiving); better HR 

management efficiency. 

Retrieval speed may need 
optimization; scalability 

across diverse HR systems. 

Alzahrani & 
Tang, (2024) 

To optimize microservice-
based SaaS deployment with 

improved energy efficiency. 

Hybrid Particle Swarm 
Optimization (HPSO) 

with adaptive parameters 

+ local optimizer. 

Reduced energy consumption by 
3.68% compared to GA. 

Further improvements 
needed; may need testing 

on larger real-world 

systems. 

Alzahrani & 

Tang, (2023) 

To use a combinatorial 

optimization technique to 

lower energy usage in a 
microservice-based SaaS 

setup. 

A genetic algorithm (GA) 

that has a mechanism for 

repair. 

Reduced energy consumption by 

37.55% versus traditional 

deployment. 

GA may still face scaling 

issues; potential for hybrid 

or more adaptive methods. 

Sharma & 
Bhardwaj 

(2022) 

To propose efficient virtual 
machine allocation for cloud 

customers. 

Modified Emperor 
Penguin Optimization 

algorithm; implemented 

in Java. 

Enhanced VM allocation efficiency; 
demonstrates usefulness of bio-

inspired optimization. 

Implementation limited to 
Java/NetBeans; may need 

scalability testing. 
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3. Research Methodology 

This research is aimed at developing a deep learning 

architecture that has the potential to predict the trends 

in Amazon AWS SaaS sales. To do this, the study begins 

by gathering a real-world dataset from Kaggle and 

preparing the data by filling in missing values, 

removing outliers, and standardizing the dataset. A deep 

neural network is developed and tested using different 

performance indicators. Under this approach, the study 

would provide useful insights and accurate forecasts that 

can be used to make superior decisions in SaaS 

arrangement. The methodology flowchart is shown in Fig 

1. 

 

Fig. 1. Proposed Methodology Flowchart of Saas Instance Configurations for Cloud Resource Optimization 

The following section highlights the steps that are 

illustrated in the SaaS Instance Configurations of Cloud 

Resource Optimization. 

A. Data Collection 

The research leveraged the Amazon AWS SaaS Sales 

dataset sourced from Kaggle. The dataset has 98 rows 

and 11 columns. It represents the history of a B2B SaaS 

company selling sales and marketing software on the 

AWS platform. It also suggests snapshots of 9,994 total 

transactions. The EDA is shown below: 

 

 

Fig. 2. Correlation Matrix 

Fig 2 shows the correlation matrix, implying the pairwise correlation of features and attributes. As is clear, the 

features, such as Row ID, Customer ID, Quantity, Sales, Discount, and Profit, are correlated in the SaaS sample 

configurations. 

 

Collected the Amazon 

AWS SaaS Sales dataset 

from Kaggle 

Data Preprocessing 

Imputing missing values, 

outlier removal, 

normalization using 

Standard Scaler 

Data Splitting 

Training Set: 70% 

Validation Set: 15% 

Testing Set: 15% 

Deep Neural 

Network Model 

Evaluation Matrix 

Accuracy, Precision, Recall, 

F-measure and Loss 

RESULTS 

https://aimjournals.com/index.php/ijidml


International Journal of Intelligent Data and Machine Learning (IJIDML) 

https://aimjournals.com/index.php/ijidml 

 

37 

 

 
 

 

Fig. 3. Distribution of Sales and Profit 

Fig 3 presents the histogram visualization of the 

distribution of sales and profit in the dataset. The sales 

data is widely spread, with values extending to the 

positive range, whereas the profit is clustered around 0 

with some negative values. 

B. Data Preparation 

To ensure data consistency and quality for model 

testing and training, the raw dataset is rigorously 

preprocessed. The various preprocessing steps involved 

in this work include handling missing values. 

• Imputing missing values: The process of imputing 

missing values entails substituting values that are 

deduced from the connections with other variables 

and the observations that include missing values.  

• Outlier removal: Conditions were established to 

eliminate outliers based on real construction data 

using the missing value imputation procedure. For 

every column in the supplied dataset, outliers were 

eliminated separately. This procedure uses the 

missing value imputation approach to determine 

the number of outlier data points. 

• Normalization with Standard Scaler: the 

numerical values were normalized to the scale of 0 

and 1. Specifically, the standard method was 

applied to transform and normalize the features in 

a bounded range to ensure all the features 

contribute equally to the analysis. The data was 

scaled using the following Equation (1): 

𝑥𝑖
′ =

𝑥𝑖−𝜇𝑖

𝜎𝑖
    () 

𝒙𝒊
′: normalized value for the 𝑖-th feature; 𝒙𝒊: original 

value of the 𝒊-th feature; 𝝁𝒊: mean average of the 𝑖-th 

feature; 𝝈𝒊: standard deviation of the 𝑖-th feature. 

C. Data Splitting 

The deep learning algorithm has undergone 

extensive testing and training.  The trials support 

dividing the dataset at a 70:15:15 ratio into training, 

validation, and testing sections. 

D. Model Development 

The deep neural network (DNN) model is applied in 

this part. The input layer of any Deep Neural Network 

design is crucial since its main job is to process the given 

data [24]. The DNN model is preferred over traditional 

ML techniques for a number of reasons.  First, 

complicated natural data with strong nonlinearity cannot 

be handled by typical learning algorithms since they only 

employ one stacking layer.  Second, conventional 

machine learning algorithms need human or technical 

expertise to choose the best data for accurate prediction. 

Technical skills include objects, whereas human skills 

involve people. In machine learning, a "learning 

algorithm" allows a software computer to simulate how a 

human learns to classify specific kinds of data. The 

hidden units in the DNN model are essential elements 

that actively contribute to learning. A model may become 

more effective during training if hidden layers are added; 

however, there is a cost. Processing time, model 

complexity, and forecast accuracy are the costs associated 

with this. The DNN model may be formalized as follows 

using Equation (2): 

 𝑞𝑟 = 𝑓(𝐺𝑟 + ∑ 𝐿𝑤𝜓𝑤
𝑟𝑎

𝑤=1 )   (2) 

where q_r denotes the output at layer r, the bias value, 

and the layer r weight via neuron w. 

E. Evaluation Matrix 

The confusion matrix is a helpful tool that can be used 

to evaluate how well DL and ML models categorize data 

in comparison to the dataset's real labels. This matrix has 

four essential components: 

The number of instances that were accurately 

classified as positive is known as True Positive (TP). False 

Positive (FP): The number of instances in which the 

model misclassifies cases that are actually negative as 

positive.  The quantity of correctly categorized negatives 

is known as True Negative (TN). False Negative (FN): 

The number of truly positive cases that the model has 

classified as negative. 

These factors form the foundation for evaluating the 

suggested model's categorization performance using the 

following metrics. The number of accurately identified 

events (both positive and negative) divided by the total is 
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the accuracy. Recall: It assesses the model's capacity to 

detect positive cases and is also known as the true 

positive rate or sensitivity. Precision: It assesses how 

well the model makes wise suggestions and lowers false 

positives. F-Measure: The F-Measure provides a balance 

between the two classification performance 

characteristics by combining recall and accuracy. Loss: 

Loss is used to quantify the model forecasts' actual 

values. As shown by Equations (3) to (6), the 

mathematical formulae used to calculate these 

parameters are often provided. 

 Accuracy =
TP+TN

TP+FP+TN+FN
   () 

 Precision =
TP

TP+FP
    () 

 Recall =
TP

TP+FN
    () 

 F − measure = 2 × (
Precision×Recall

Precision+Recall
)   () 

4. Experimental Results and Evaluation 

The experimental system consisted of a high-

performance computing environment, which included 

five NVIDIA GeForce GTX 1080 GPUs; each of them had 

8 GB of dedicated memory. The system was equipped 

with 8 GB of DDR4 RAM and powered by an Intel® 

Core™ i7-8700B processor with 12 MB cache and a 

maximum clock speed of 4.60 GHz. 

A. Experimental Findings 

Table II illustrates the performance of the DNN model 

applied to the optimization of SaaS instance 

configurations in a cloud environment. The performance 

results reflect an overall strong effectiveness with an 

accuracy of 96.33%, which means the predictions are very 

reliable. The model also preserves balanced classification 

performance by achieving 90.83% accuracy, 90.96% 

recall, and 90.86% F1-score, thus proving its ability to 

consistently identify the right resource configurations 

and at the same time keeping false positives and 

negatives very low. 

TABLE II. Model Performance for Saas Instance Configurations for Cloud Resource Optimization 

 
Metrics Deep Neural Network  

Accuracy 96.33 

Precision 90.83 

Recall 90.96 

F1-Score 90.86 

 

 

Fig. 4. The Learning Progress in Terms of Training Accuracy, Validation Accuracy, Training Loss, and 

Validation Loss 

Fig 4 shows model learning progress mapped out to an interval of 10 epochs. The training and validation accuracy 

curves in Fig 4(a) are both rising steadily, and then the plateau is probably the same for both, which points to the 

learning being effective and the model being able to generalize well. The loss of both training and validation is 

constantly going down and then is at low and stable levels throughout the period depicted in Fig 4(b), indicating 

smooth convergence and thus no major overfitting happening. 

(a)Accuracy (b)Loss 
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Fig. 5. Confusion Matrix of the Deep Neural Network 

The Deep Neural Network's (DNN) confusion matrix is shown in Fig 5. The matrix clearly displays 14463 samples 

of class 0 and 3396 samples of class 1, showing the true negatives and true positives, respectively, whereas 343 samples 

of class 0 and 338 samples of class 1 represent the false positives and false negatives, respectively. Collectively, the 

proposed architecture demonstrates the superior performance. 

B. Comparative Evaluation 

Table III clearly demonstrates that the neural network performs efficiently in optimizing the cloud resources using 

SaaS configurations. The proposed architecture —a Deep Neural Network —performed well on the Amazon AWS 

SaaS sales database, achieving an accuracy of 96.33%. The other benchmarking models, likely KNN, LGBM, ARIMA, 

AdaPCA, and SV, show an accuracy of 79.72, 72.0, 89.3, 93.2, 89.7, respectively, across the multiple datasets, which is 

lower than the proposed model. Therefore, it is clear that the applied dataset and implemented model work 

efficiently. 

TABLE III. Performance Comparison for Saas Instance Configurations for Cloud Resource Optimization 

 
Ref. Dataset Model Accuracy 

[25] WOA reduced, full variable & chi-squared 
derived datasets 

KNN 79.72 

[26] KKBOX and Telco LGBM 72.0 

[27] Publicly available Cloud data ARIMA 89.3 

[28] Google Cluster Usage Traces Dataset AdaPCA 93.2 

[29] Synthetic Big Data SV 89.7 

Prop. Amazon AWS Saas Sales Dataset DNN 96.33 

The suggested Deep Neural Network approach distinctly beats the benchmark methods over various datasets, 

showcasing its ability to easily handle SaaS configuration data and make fewer wrong optimization choices. The 

model's remarkable generalization, consistent learning behavior, and even classification performance are indicators 

of its capability to cope with the difficulties of cloud resource optimization in terms of both traditional and modern 

baseline models combined. 

5. Conclusion and Future Scope 

Software as a service (SaaS) is a popular cloud-based 

software delivery strategy.  SaaS systems provide their 

customers scalable, adaptable, and affordable services 

that can be accessed anywhere, at any time, and on 

demand. The findings of this research indicate that a 

Deep Neural Network is capable of analyzing SaaS sales 

data with high efficiency and precision in predicting the 

best configurations of cloud resources. The meticulous 

data preparation and thorough assessment resulted in 

exceptional model performance, which allowed for the 

attainment of not only high accuracy but also balanced 

classification metrics. The confusion matrix and learning 

curves provide more proof that the model was correctly 

trained and not overfitted. The DNN was contrasted with 

other conventional ML techniques, and it always came 

out on top, thus reinforcing its capability to detect 

intricate and nonlinear patterns in the dataset. In a 

nutshell, the results point out that DNN methodology is 

not only a good but also a reliable choice for enhancing 

cloud resource optimization in SaaS setups. 

Future work may take advantage of better and more 

diverse SaaS datasets in order to develop the 
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generalization of the model. Moreover, for predictive 

accuracy, the use of advanced deep-learning 

architectures such as LSTMs or transformers can be a 

contributing factor. Apart from that, real-time 

deployment, automated hyperparameter tuning, and 

integrating cost-optimization metrics can do a lot to 

cloud resource optimization when it comes to practical 

environments. 
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