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Abstract: Modern cloud computing systems require precise job failure prediction for system dependability, resource
efficiency, and ongoing service delivery. This study adds CatBoost, a strong gradient boosting algorithm, to a
multilayer voting-based prediction framework to improve accuracy and resilience. CatBoost handles categorical
features and complicated data distributions in cloud workloads better than traditional models, and its symmetric tree
structure and built-in overfitting control promote generalization across varied and dynamic contexts.
The enhanced system trains and evaluates the model using the Google Cluster 2019 trace dataset, outperforming
machine learning and ensemble methods. In addition to model improvement, a Flask-based web interface allows
users to upload task data and instantaneously receive failure predictions and categorization results. This integration
connects theoretical models to practice.
Experimental findings reveal that the CatBoost-based extension outperforms competing framework classifiers and
delivers dependable results even on unseen data. The suggested addition enhances the cloud job failure prediction
system's accuracy, scalability, and usability, making it appropriate for cloud infrastructure management and
decision-making.
Index terms - cloud job failure prediction, multilayer voting classifier, ensemble learning, CatBoost, Random
Forest, XGBoost, ANN.
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1. INTRODUCTION conflicts, software flaws, hardware malfunctions, and
computing resources by using the Internet to provide resource shortages, can cause job failures in the
scalable, adaptable, and on-demand services. cloud. These malfunctions result in significant waste
Maintaining continuous service availability has of processing and storage power in addition to
become essential to modern IT infrastructure as lowering service quality. Real-world events, like the
businesses move more and more workloads, apps, widespread outages that major service providers have
and crucial functions to cloud platforms. Since each seen, highlight how crucial early failure detection is
interruption has a direct impact on service quality and to averting service interruptions and preserving
user experience, cloud providers are required to operational continuity. Understanding task execution
provide steady performance, high availability, and characteristics and spotting possible errors before
smooth user job execution. However, resource they happen have become crucial for guaranteeing
management, workload optimization, and system reliable cloud services as the volume and diversity of
stability now face major issues due to the cloud cloud workloads keep growing. In order to provide
environments' quick growth and increasing more robust and productive cloud operations, our

complexity. A number of things, such as schedule
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work focuses on improving the efficacy and accuracy
of cloud task failure prediction.
2. LITERATURE SURVEY

1. Analysis of Job Failure and Prediction Model
for Cloud Computing Using Machine Learning:
Modern applications like eHealth, home automation,
and smart cities necessitate a new strategy to increase
the availability and dependability of cloud
applications. The majority of cloud services,
including software and hardware, have experienced
malfunctions because of the vastness and variety of
the cloud environment. In this work, we first use
publicly available traces to examine and describe the
behavior of completed and unsuccessful tasks. To
identify unsuccessful jobs before they happen, we
have created a failure prediction model. The
suggested methodology seeks to improve cloud
application efficiency and resource usage. We assess
the suggested model using three publicly accessible
traces: Trinity, Mustang, and the Google cluster. To
determine which machine learning model was the
most accurate, the traces were also run through a
number of other models. Our findings show a strong
relationship between tasks that failed and the

resources that were sought. Our model's high
accuracy, recall, and Fl-score were also
demonstrated by the evaluation results. The

availability and dependability of cloud services may
be increased by a number of strategies, including
restricting task re-submission, creating scheduling
algorithms, altering priority policies, and forecasting
work failure.

2. Machine learning job failure analysis and
prediction model for the cloud environment:

The future of smart appliances, electronic health, and
ubiquitous computing depends on dependable and
easily available cloud apps. Most cloud services, both
logical and physical, have failed because of the
cloud's size and variety. We evaluated and described
the behaviors of successful and failed actions using
traces that are already available. We came up with
and put into practice a technique to predict which
jobs will fail. The suggested approach improves the
resource utilization efficiency of cloud applications.
A thorough assessment of the suggested model was
carried out using publicly accessible Google Cluster,
Mustang, and Trinity traces. To choose the most
dependable model, the traces were also put into a
number of machine learning models. Our efficiency
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study demonstrates that the model's accuracy, F1-
score, and recall are all high. The reliability and
availability of cloud services may be increased by a
number of variables, including predicting failure,
scheduling algorithm  design, priority criteria
adjustment, and task resubmission restrictions.

3. Prediction of Cloud Server Job Failures using
Machine Learning based KNN Classification and
LSTM Modelling Methods

Instead of using a local server or a personal computer
to store, manage, and analyze data, cloud computing
uses a network of distant servers housed online. Since
the cloud computing sector has expanded
significantly in recent years, it is crucial to ensure
that the service being provided does not diverge from
the planned offering. So, to build a reliable cloud
service platform, we need to understand and
characterize failures. Understanding the causes of
failure and forecasting potential future failures are the
goals of this endeavor. We utilize the Google cluster
workload trace to do this. According to our data, jobs
that ultimately fail require a disproportionate amount
of resources. In order to anticipate the qualities that
are essential to failure, we employ Long Short-Term
Memory Networks (LSTM). The KNN classification
model, which was trained on the available data, is
then used to forecast the termination status.

4. Cloud failure prediction based on traditional
machine learning and deep learning

One of the most important problems is cloud failure,
which may cost cloud service providers millions of
dollars in addition to the productivity losses
experienced by industrial users. The main strategy to
deal with this problem is fault tolerance management,
and one method to stop a failure from happening is
failure prediction. Creating a highly accurate
predictive model is one of the primary issues in
failure prediction. A thorough assessment of models
based on various machine learning methods is
currently lacking, despite some work on failure
prediction  models  having  been  offered.
Consequently, we present a thorough comparison and
model evaluation of prediction models for task and
job failure in this work. Three deep learning
algorithm variations and five conventional machine
learning algorithms are used in the construction and
training of these models. Google Cloud Traces is a
benchmark dataset that we utilize to train and
evaluate the models. We tested the scalability of the
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models, identified their key characteristics, and
assessed their performance using a variety of
measures. The following conclusions were drawn
from our analysis. First, we discovered that Extreme
Gradient Boosting yields the best model for task
failure prediction, with the disk space and CPU
requests being the key factors affecting the forecast.
Second, we discovered that Random Forest and
Decision Tree generate the best models for task
failure prediction, with the task priority being the
most crucial component for both models. The
Logistic Regression model is the most scalable
among the others, according to our scalability
research.
5. Workload Failure Prediction for Data Centers
The efficiency of HPC data centers is greatly
impacted by failed workloads that used a large
amount of time and space for calculation, which in
turn limits the amount of scientific work that can be
accomplished. Although computing power has grown
dramatically over time, workload failure detection
and prediction have trailed far behind and will
become more crucial as system complexity and scale
continue to rise. In order to forecast workload
failures, we train machine learning models on a large
number of data sets and examine workload traces
gathered from a production cluster. Our prediction
models include a runtime model that forecasts
failures at runtime and a queue-time model that
calculates the likelihood of workload problems prior
to execution. According to evaluation findings,
workload failures may be predicted by the queue-
time model and the runtime model with a maximum
precision score of 90.61% and 97.75%, respectively.
With the aid of the runtime model and the work
scheduler, CPU time and memory use may be
decreased by up to 16.7% and 14.53%, respectively.
3. METHODOLOGY
i) Proposed Work:
In order to improve forecast accuracy and resilience,
the proposed work incorporates CatBoost, an
advanced gradient boosting algorithm, into the
multilayer voting-based cloud task failure prediction
framework. To efficiently manage intricate cloud
workload patterns, the system is built as a hybrid,
multi-stage architecture that blends ensemble
learning, deep learning, and boosting approaches.
The Google Cluster 2019 dataset is first preprocessed
to prepare categorical characteristics for effective
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learning, handle missing values, and normalize
features. To provide probability-based predictions,
the first stage involves training and optimizing many
basic classifiers using GridSearch, including Decision
Tree, K-Nearest Neighbors (KNN), AdaBoost,
XGBoost, and Artificial Neural Networks (ANN). A
weighted soft voting technique is used to aggregate
these outputs and provide a trustworthy
categorization of work status (success or failure).

CatBoost, an enhanced high-performance model
trained on the same dataset, is presented to further
improve the system. CatBoost has better predictive
performance than standard models because it

naturally handles categorical data, minimizes
overfitting, and  captures intricate  feature
relationships. Deeper understanding of system

behavior is made possible in the second step by using
a Random Forest classifier to group the discovered
unsuccessful jobs into distinct failure kinds, such as
Lost, Kill, Evict, Finish, and Fail. Furthermore, a web
application built using Flask is created to offer real-
time prediction capabilities. Through an interactive
interface, users may submit data related to their jobs
and obtain prediction results quickly. All things
considered, the suggested work offers a very precise,
scalable, and intuitive approach for predicting cloud
task failures, enhancing system dependability and
facilitating proactive resource management in cloud
systems.

ii) System Architecture:

The multilayer prediction framework processes cloud
job data sequentially to reliably forecast job failure
and type. Initial input is the Job Dataset (Google
Cluster 2019), which comprises resource utilization,
scheduling, and task behavior. Data is preprocessed
to manage missing values, standardize features, and
prepare categorical characteristics for model training.
The system's main decision-maker, the first
prediction layer, receives the processed dataset.
Voting Classifiers use Decision Trees, K-Nearest
Neighbors (KNN), AdaBoost, and Artificial Neural
Networks in the first layer. Job success or failure is
predicted by each model individually. A weighted
soft voting technique combines all classifier strengths
to generate a more consistent and accurate result. The
voting framework is supplemented with CatBoost, a
robust gradient boosting model that effectively
handles category data and complicated feature
interactions to provide correct predictions.
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The first layer's output is sent to the second layer,
where a Random Forest classifier classifies
unsuccessful jobs as Lost, Kill, Evict, Finish, or Fail.
This tiered technique detects errors and explains their
reasons. Finally, the system outputs the Job Failure
Type for proactive decision-making, resource
optimization, and fault management. The design also
includes a Flask-based web interface for real-time
user interaction, allowing users to contribute input
data and get prediction results, making it suitable for
deployment.

Job Dataset
.
First Layer

Voting Classifier

Oecision  K-Nesrest
Trees i

Extension

— CatBoost

Type

Fig.1. Proposed Architecture

iii) MODULES:

1. Importing the Packages

This module initializes all required Python libraries
for data processing, visualization, machine learning,
deep learning, CatBoost, and Flask deployment. It
ensures smooth execution of preprocessing, model
training, evaluation, and web integration tasks.

2. Exploring the Dataset

This module loads and analyzes the Google Cluster
dataset to understand feature types, job behavior, and
failure patterns. It helps identify inconsistencies and
guides preprocessing and model selection.

3. Visualization

This module uses graphical techniques like bar charts
to analyze job success and failure distribution. It
helps detect imbalance and understand the impact of
features on job outcomes.
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4. Pre-Processing

This module cleans the dataset by handling missing
values, removing inconsistencies, and normalizing
features. It improves data quality and ensures better
model performance.

5. Label Encoding

This module converts categorical features into
numerical values using encoding techniques. It
enables machine learning models to process non-
numeric data efficiently.

6. Data Splitting (Train & Test)

This module splits the dataset into training and

testing sets (80-20). It ensures proper model
validation and prevents overfitting.

7. Model Training

This module trains multiple models including

AdaBoost, CatBoost. A voting classifier combines
predictions, while CatBoost enhances accuracy with
better generalization.

8. Evaluation

This module evaluates models using accuracy,
precision, recall, and Fl-score. It compares
performance and validates prediction reliability.

9. Flask Server

This module deploys the trained model using Flask to
provide a web-based interface. It enables real-time
prediction and user interaction.

10. User Login

This module ensures secure access through
authentication. Only authorized users can access the
prediction system.

11. Job Failure & Type Prediction

This module accepts user input, predicts job status
using voting/CatBoost models, and classifies failure
type using Random Forest. Results are displayed
clearly for decision-making.

12. Logout

This module securely ends the user session and
prevents unauthorized access after usage.

iv) ALGORITHMS:

1. AdaBoost

AdaBoost is an ensemble learning algorithm that
combines multiple weak learners to form a strong
classifier. It assigns higher importance to
misclassified samples in each iteration, improving
accuracy progressively. This adaptive learning
mechanism helps reduce prediction errors. In cloud
job prediction, AdaBoost refines classification by
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focusing on difficult cases. It enhances reliability by
iteratively correcting mistakes made by previous
models.
2. Ensemble Voting Model (Proposed Layer-1)
The ensemble voting model integrates predictions
from multiple classifiers using a weighted soft voting
mechanism. Each model contributes probability
scores, and the final decision is made based on
combined outputs. This approach reduces bias and
variance while improving stability. In the proposed
system, it serves as the first layer to classify jobs as
success or failure. It enhances robustness by utilizing
complementary strengths of different algorithms.
3. CatBoost (Extension Model)
CatBoost is a gradient boosting algorithm specifically
designed to handle categorical data efficiently. It uses
ordered boosting and symmetric trees to prevent
overfitting and improve generalization. It requires
minimal  preprocessing and  provides  high
performance on complex datasets. In this system,
CatBoost acts as an extended model delivering
superior prediction accuracy. It effectively captures
complex patterns in cloud workloads, making it
highly reliable for failure prediction.

4. EXPERIMENTAL RESULTS
The experimental results demonstrate  the
performance comparison of multiple machine
learning and deep learning algorithms used for cloud
job failure prediction. The evaluation is carried out
using key metrics such as Accuracy, Precision,
Recall, and F1-Score. From the results, it is observed
that most of the models, including Decision Tree,
ANN, KNN, XGBoost, and the proposed ensemble
model, achieve near-perfect performance with values
close to 99-100%, indicating strong learning
capability and effective feature utilization.
Among all models, the CatBoost (Extension Model)
achieves 100% accuracy, precision, recall, and F1-
score, outperforming all other algorithms and proving
its superiority in handling complex and categorical
cloud workload data. The proposed ensemble voting
model also delivers highly stable and consistent
results, demonstrating the advantage of combining
multiple classifiers. In contrast, AdaBoost shows
comparatively lower performance, highlighting its
limitations in handling complex data patterns.
Overall, the results confirm that the proposed
multilayer framework with CatBoost extension
significantly ~ improves  prediction  accuracy,
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robustness, and reliability in cloud job failure
prediction systems.
Accuracy: The ability of a test to differentiate
between healthy and sick instances is a measure of its
accuracy. Find the proportion of analysed cases with
true positives and true negatives to get a sense of the
test's accuracy. Based on the calculations:
Accuracy = TP + TN /(TP + TN + FP + FN)
(TN +TP)

T
Precision: The accuracy rate of a classification or
number of positive cases is known as precision.
Accuracy is determined by applying the following
formula:
Precision = True positives/ (True positives + False
positives) = TP/(TP + FP)

Accuracy =

TP

(TP + FP)

Recall: The recall of a model is a measure of its
capacity to identify all occurrences of a relevant
machine learning class. A model's ability to detect
class instances is shown by the ratio of correctly
predicted positive observations to the total number of
positives.

Precision =

TP

(FN +TP)
F1-Score: A high F1 score indicates that a machine
learning model is accurate. Improving model
accuracy by integrating recall and precision. How
often a model gets a dataset prediction right is
measured by the accuracy statistic..

(Recall - Pre cision)

. (Recall + Pre cision)

Recall =

F1=2

>

»

Figure 2: Test Data Upload Module
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Figure 3: Prediction Results

Figure 4: Accuracy Graph
5. CONCLUSION

An efficient multilayer voting-based system for cloud
task failure prediction is presented in this study,
which aims to increase accuracy and dependability in
challenging cloud settings. Several machine learning
and deep learning models are included in the first
layer, which enables the system to effectively capture
a variety of task execution behavior patterns.
Prediction stability is improved by the use of
weighted soft voting, and system performance is
better understood because to the second-layer
Random Forest, which allows precise categorization
of certain failure kinds.

The model is further strengthened by the suggested
expansion using CatBoost, which offers excellent
generalization  ability, effective handling of
categorical data, and improved accuracy. The
expanded model works better than conventional
methods, attaining nearly flawless prediction
performance, according to experimental data.
Furthermore, the system is useful and easy to use for
real-time applications thanks to the incorporation of a
Flask-based web interface. All things considered, the
suggested system provides a reliable, expandable, and
deployable  solution for effective  resource
management and preemptive cloud task failure
prediction.
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6. FUTURE SCOPE

Real-time streaming data processing utilizing Apache
Kafka or Spark can improve the suggested system for
continuous monitoring and rapid failure prediction in
live cloud settings. It would increase responsiveness
and enable preemptive work failure mitigation.
Integrating deep learning architectures like LSTM or
Transformer models may capture temporal
correlations in task execution records, boosting
sequential workload pattern prediction accuracy.
Future work might deploy the system in distributed
and multi-cloud contexts for scalability and
adaptation across cloud platforms. Auto-scaling and
resource optimization based on forecast outcomes aid
dynamic  workload = management.  Dashboard
visualization and alarm systems will increase
usability of the web interface, helping administrators
make faster and more informed cloud dependability
choices.
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