EAIl Endorsed Transactions

on Cloud Systems Research Article EALLEU

Implementing Machine Learning on AWS Standalone
Cluster

Dia Aldeen Farabi'”

"Department of Electrical and Computer Engineering, University of Texas at San Antonio, San Antonio, TX, USA

Abstract

INTRODUCTION: This paper presents the implementation of a machine learning classification pipeline on Amazon Web
Services (AWS) EC2 in standalone cluster mode using Apache Hadoop and the scikit-learn library. OBJECTIVES: To
configure a cloud-based standalone cluster, deploy a Logistic Regression classifier on the Iris dataset, and evaluate its
performance using standard metrics. METHODS: An AWS EC2 t2.micro instance running Ubuntu 24.04 LTS was
provisioned and configured as a Hadoop standalone cluster. Python libraries including scikit-learn, pandas, Matplotlib, and
Seaborn were installed. The 150-sample Iris dataset was split 80/20 for training and testing. Logistic Regression was applied

with a maximum of 200 iterations. RESULTS: The model achieved 100% classification accuracy on the test set with a
precision, recall, and F1-score of 1.00 across all three Iris species. The confusion matrix confirmed zero misclassifications.
Training completed in under two seconds on the free-tier instance. CONCLUSION: Cloud-based standalone clusters on
AWS EC2 provide a cost-effective environment for deploying machine learning workloads. Logistic Regression with scikit-
learn delivers 100% accuracy on the Iris benchmark, demonstrating the viability of cloud-hosted ML pipelines for
educational and small-scale production use cases.
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1. Introduction
The Elastic Compute Cloud (EC2) service

Machine learning (ML) has emerged as one of the most
transformative technologies of the 21st century, enabling
systems to learn patterns from data without being explicitly
programmed [1]. Its applications span healthcare
diagnostics [2], financial fraud detection [3], autonomous
vehicles [4], natural language processing [5], and
cybersecurity threat analysis [6]. The proliferation of cloud
computing platforms has dramatically lowered the barrier
to deploying ML workloads at scale, offering on-
demand elastic resources without upfront hardware
investment. Amazon Web Services (AWS) is the leading
cloud provider, offering a comprehensive suite of services
for data storage, computation, and ML model deployment

(7.

allows practitioners to provision virtual machines
ranging from free-tier micro-instances to GPU-
accelerated instances, making it suitable for both
prototyping and production workloads [8]. Recent
studies have demonstrated that cloud-based ML
pipelines can achieve cost reductions of up to 60%
compared to  on-premises  alternatives  while
maintaining  equivalent ~ model  accuracy  [9].
Logistic Regression (LR)[16] remains one of the most
widely used classification algorithms due to its
interpretability, computational efficiency, and strong
performance on linearly separable datasets [10]. Despite
the rise of deep learning [15], LR continues to serve as a
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reliable baseline in clinical decision support [18], spam
filtering [19], and multi-class classification tasks [13]. The
Iris dataset comprises 150 samples of three Iris species with
four morphological features [17] and has become the
canonical benchmark for evaluating classification
algorithms [10].

Several recent works have explored cloud-based ML
deployment. Ahmed et al. [11] conducted a comprehensive
performance analysis of Apache Hadoop and Spark [20]
for large-scale datasets, finding that Spark outperforms
Hadoop MapReduce by up to 100x for iterative ML tasks.
Besong [12] provided a systematic review of Google Cloud
ML tools, highlighting the importance of managed services
in reducing operational overhead. Armbrust et al. [9]
outlined the foundational economics of cloud computing,
establishing that pay-per-use pricing models enable new
classes of applications. Despite these advances, practical
guides for configuring standalone clusters on free-tier
cloud instances remain scarce in the literature.

This paper addresses that gap by presenting a step-by-step
methodology for setting up a standalone Hadoop cluster on
an AWS EC2 free-tier instance, deploying a Logistic
Regression classifier using scikit-learn [13], and evaluating
performance on the Iris dataset. The contributions of this
work are: (I) a reproducible cloud configuration guide for
AWS EC2 standalone clusters; (ii) a comparative analysis
of package installation challenges on free-tier instances;
and (iii) empirical validation of a Logistic Regression
classifier achieving 100% accuracy on the Iris benchmark.
The remainder of this paper is organized as follows.
Section 2 describes the AWS EC2 cluster setup and
environment configuration. Section 3 discusses the
challenges encountered and workarounds applied. Section
4 presents the proposed algorithm and Logistic Regression
implementation. Section 5 reports experimental results and
discussion. Section 6 presents conclusions and future work
directions. References are listed at the end.

2. Setting Up the AWS EC2 Standalone
Cluster

2.1. Creating an AWS Account

An AWS account was created using the free-tier option,
which provides 12 months of access including 750 EC2
compute hours per month, 750 hours of RDS usage, and 5
GB of S3 storage. AWS Identity and Access Management
(IAM) was configured to grant controlled access to each
co-author, ensuring secure and auditable collaboration.

2.2. Launching the EC2 Instance

The EC2 instance was launched through the AWS
Management Console following these steps: (1) Log in to
the AWS Management Console. (2) Navigate to EC2 and
click Launch Instance. (3) Select Ubuntu [14] 24.04 LTS
as the operating system. (4) Choose instance type t2. micro

(free-tier eligible, 1 vCPU, 1 GB RAM). (5) Configure
security groups to allow inbound SSH (port 22) and HTTP
(port 80). (6) Generate a new RSA key pair (.pen) for
secure access. (7) Launch the instance and note the public
IPv4 address.

2.3. SSH Access

Once running, the instance was accessed via SSH using the
generated key pair:

ssh -I /path/to/keypad ubuntu@<EC2-PUBLIC-IP>

2.4. Installing Required Packages

The following Python packages were installed to support
the ML pipeline: scikit-learn [13] for model training and
evaluation, pandas for data ingestion and manipulation,
Matplotlib and Seaborn for result visualization, and
NumPy as the numerical computing backend.

Sudo apt-get update && Sudo apt-get upgrade -y
Sudo apt-get install -y python3-sklearn python3-matplotlib
Sudo apt-get install -y python3-pandas python3-seaborn

2.5. Configuring the Hadoop Standalone
Cluster

Hadoop [21] was installed and configured across three EC2
instances (one master: cc_projectl; two slaves:
cc_project2, cc_project3). SSH key-pairs were generated
on each VM and strict host key checking was disabled. The
configuration files hadoop-env.sh, core-site.xml, and hdfs-
site.xml were updated with the master VM private IP. The
/etc/hosts file on each node was updated with private IP-to-
hostname mappings. On the master, the slaves file listed
the two worker hostnames.

Instances (4] i @ Connec Launchinstanees ¥

! Q Find Instance by attribute o tag[case-senstv) | Mgt v | 1 8
O lameg 9| isticeld | Mtnesate v | ntncetype | Stscheck | Mamstaty
0 «poet HBTSOR8T8OT8 (@) Ruming Q8 tmin O checkspaser Viewalame
] c_project? -07T6aad3 265148922 @r?.unring @Q t2micro @2;"2 checks passec View alarme
0 «poes f30ab4aded0hin (@) Rumning Q8 tmin O22chedks pasec View alam

Figure 1. Master VM and two Slave VMs in the AWS
EC2 Management Console showing instance name,
ID, state, and type

2.6. Downloading the Dataset to HDFS
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After starting the Hadoop cluster with bin/start-all.sh, the
Iris dataset was downloaded from the UCI Machine
Learning Repository and ingested into HDFS:

cd SHADOOP_PREFIX

mudar -p iris/data && cd iris/data

wet https://archive.ics.uci.edu/dataset/53/iris
bin/Hadoop fs -put /iris/data /user/cc/iris

3. Challenges and Workarounds

Several significant challenges were encountered during
setup. First, the t2.micro free-tier instance has only 1 GB
of RAM, which proved insufficient for running Apache
Spark natively. Initial attempts to install Spark caused out-
of-memory errors that terminated the session. Second,
early Python scripts using Spark's Mallik ran indefinitely
without producing output in the Spark UlI, likely due to
insufficient executor memory allocation.

The primary workaround was to replace the Spark/Mallik
pipeline with scikit-learn [13], which is a lightweight, in-
memory ML library built on NumPy and SciPy. Scikit-
learn requires significantly less memory than Spark,
making it compatible with the free-tier instance. This
substitution also simplified the code structure and reduced
execution time from indefinitely long Spark jobs to under
two seconds for the complete training-and-evaluation
cycle. A secondary challenge was Ubuntu package
dependency conflicts, which were resolved by running apt-
get update before each installation and using python3-
prefixed package names.

4. Proposed Algorithm and Logistic
Regression Implementation

4.1. General Algorithm

The following algorithm summarizes the end-to-end ML
pipeline implemented in this work:

Algorithm 1: ML Classification on AWS Standalone
Cluster

INPUT : Iris dataset (150 samples, 4 features, 3 classes)
OUTPUT: Trained classifier, accuracy report, confusion
matrix

Step 1 — Infrastructure Setup

1.1  Provision AWS EC2 t2.micro instance (Ubuntu
24.04)

1.2 Configure security groups (SSH port 22, HTTP port
80)

1.3 Install Hadoop; configure master/slave nodes

1.4 Install Python packages: scikit-learn, pandas,

2 EA

Matplotlib, Seaborn

Step 2 — Data Acquisition and Preprocessing
2.1 Download Iris dataset from UCI ML Repository to
HDFS
2.2 Load dataset via pandas; assign feature/label columns
2.3 Encode class labels (Iris-setose=0, versicolor=1,
virginica=2)
2.4 Split dataset: 80% training (120 samples),
20% testing (30 samples), random state=42

Step 3 — Model Training
3.1 Instantiate Logistic Regression(mixite=200)
3.2 Fit model on training set Train, yttrian

Step 4 — Model Evaluation
4.1 Predict labels on Test
4.2 Compute accuracy score(yeast, yapped)
4.3 Generate classification report (precision, recall, F1)
4.4 Plot confusion matrix via Seaborn heatmap

Step 5 — Output Results
5.1 Print accuracy, classification report
5.2 Display confusion matrix figure

4.2. Implementation Details

All required Python packages were imported at the top of
the script. The Iris dataset, stored as iris. Data in the HDFS
directory, was loaded using pandas with explicitly assigned
column names: sepal length, sepal width, petal length, petal
width, and species. The species column was label-encoded
to integer values. The dataset was then split into training
(80%) and test (20%) subsets using train_test split with a
fixed random seed for reproducibility.

sklearn import dataset

sklearn.linear_model t LogisticRegression
sklearn.metrics ssification_report
sklearn.metrics confusion_matrix

t matplotlib.pyp plt
t pandas as pd
t seaborn as sns

Figure 2. Python library imports used in the ML
pipeline

iris = datasets.load_iris()

data = pd.DataFrame(iris.data, columns=iris.feature_names)
data[ 'target'] = iris.target

Figure 3. Loading the iris. Data dataset using the
panda library
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from sklearn.model_selection import train_test_split

X_train, X_test, y_train, y test = train_test_split(
iris.data, iris.target, test_size 2, random_state=42)

log_reg = LogisticRegression(max_iter=200)

log;reg.fit(x,train, y_train)

y_pred = log_reg.predict(X_test)

Figure 4. Training and testing data split using scikit-
learn train_test_split

5. Results and Discussion

The Logistic Regression model was trained on 120
samples and evaluated on 30 held-out test samples. The
model achieved 100% classification accuracy (accuracy
score = 1.00) across all three Iris species: Iris setose, Iris
versicolor, and Iris virginica. Precision, recall, and F1-
score were all 1.00 (100%) for every class, indicating zero
misclassifications on the test set. Total training and
inference time was under two seconds on the t2.micro
instance, confirming the computational suitability of the
free-tier environment for this benchmark.

Figure 5. Classification accuracy report showing
100% accuracy across all three Iris classes

buntu@ccprojectl:
Accuracy of Logistic R 5 %
precisti recall fl-score support

.00 10
[+]

11

accuracy
macro avg
weighted avg

Figure 6. Detailed classification report with per-class
precision, recall, and F1-score values

The confusion matrix confirms that all 30 test samples were
correctly classified. No off-diagonal entries were observed,
which is consistent with the linear separability of the Iris
dataset under the selected feature space. These results are
consistent with benchmark results reported in the literature,
where Logistic Regression achieves between 95% and
100% accuracy on the Iris dataset depending on train/test
split and preprocessing choices. The code for generating

the confusion matrix and its graphical output are shown in
Figures 7 and 8.

Figure 7. Python code for generating the Confusion
Matrix using scikit-learn and Seaborn

Confusion Matrix for Logistic Regression

i -0
0 1 2
Predicted

AEd Q=

Figure 8. Confusion Matrix heatmap showing zero
misclassifications across all three Iris species

6. Conclusions and Future Work

This paper presented a complete methodology for
deploying a machine learning classification pipeline on an
AWS EC2 standalone cluster using free-tier resources. The
work demonstrated that a Logistic Regression classifier
trained with scikit-learn on the Iris dataset achieves 100%
classification accuracy (precision = recall = F1 = 1.00 for
all classes) on a 20% held-out test set. The key
contributions include: (i) a step-by-step reproducible guide
for configuring an AWS EC2 instance as a Hadoop
standalone cluster; (ii) a practical workaround for memory
constraints inherent to free-tier instances by substituting
Spark Mallik with scikit-learn; and (iii) empirical evidence
that cloud-hosted micro-instances can effectively support
educational and small-scale ML workloads.
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The following conclusions can be drawn from this work.
First, the AWS EC2 free-tier environment, while memory-
constrained (1 GB RAM), is adequate for training and
evaluating classical ML algorithms on benchmark datasets.
Second, scikit-learn provides a highly accessible and
computationally efficient alternative to distributed
frameworks for single-node deployments. Third, the
Logistic Regression algorithm is well-suited to the Iris
classification task due to the linear separability of the
feature space, achieving perfect accuracy within two
seconds of training time.

Future work will explore several directions: (i) scaling the
cluster to multi-node EC2 configurations to evaluate
distributed ML frameworks such as Apache Spark Mallik
on larger datasets; (ii) benchmarking additional classifiers
including Support Vector Machines (SVM)[22], Random
Forests[23], and neural networks under the same cloud
infrastructure; (iii) integrating AWS SageMaker[24] for
automated model tuning and deployment; (iv) applying the
proposed pipeline to real-world high-dimensional datasets
in domains such as medical imaging and network intrusion
detection; and (v) evaluating cost-performance trade-offs
across different EC2 instance types (t2.medium, t3.large,
p3.xlarge) to inform optimal resource allocation for ML

practitioners.
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