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Abstract

Portable computing devices are indispensable tools in academic,
professional, and organizational environments. Hardware failures in
these devices cause significant productivity loss, unplanned
downtime, and costly repair procedures. Conventional monitoring
utilities are reactive by design, generating alerts only after
degradation has already progressed to a visible stage. This paper
presents an intelligent predictive system that applies supervised
machine learning techniques to analyze key hardware parameters
and estimate the probability of imminent laptop failure. A trained
classification model processes features such as processor
temperature, disk health indicators, memory utilization, fan speed,
and battery wear level. Categorical attributes are transformed using
label encoding and numerical features are normalized through
standard scaling to construct a uniform feature vector. The Random
Forest classifier, trained on historical device telemetry data, achieves
a classification accuracy of 94.3%, outperforming Logistic
Regression and Support Vector Machine baselines. Predictions are
served in real time through a Flask-based RESTful API that returns
probability scores together with a four-tier risk categorization —
Low, Medium, High, and Critical — enabling users to schedule
preventive maintenance before catastrophic failure occurs.
Experimental evaluation demonstrates that the proposed framework
reduces mean time to detection by 68% compared to threshold-based
approaches, while maintaining an average API response latency
below 120 milliseconds. The modular architecture supports
straightforward retraining and future integration with cloud-based
monitoring platforms.

Index Terms—Laptop failure prediction, machine learning,
predictive maintenance, Random Forest classifier, Flask API,
hardware monitoring, risk classification.

I. INTRODUCTION

Modern computing environments depend heavily on laptop
computers for executing critical tasks ranging from scientific
research and software engineering to enterprise data
processing and digital communication. The miniaturized
form factor of laptops, while providing portability, introduces
thermal, mechanical, and electrical stresses that increase the
probability of hardware degradation over time. When a
failure occurs unexpectedly, the consequences often include
irreversible data loss, workflow interruption, and substantial
financial expenditure on emergency repairs or device
replacement [1].

Traditional hardware diagnostic utilities, such as
S.M.A.R.T. disk monitoring and operating system event logs,
are inherently reactive. These tools issue alerts only after
measurable deterioration has commenced, providing users
with minimal response time. Moreover, most conventional
approaches apply fixed thresholds to individual sensor
readings in isolation, disregarding the multivariate
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interactions between system parameters that frequently
precede hardware failure [2].

Advances in machine learning have created new
opportunities for proactive system health management. By
training a classification model on historical telemetry data
labeled with known failure outcomes, it becomes possible to
identify compound patterns that precede device malfunction.
Such predictive capabilities allow users to receive early
warnings and take preventive action before critical
components reach a failure state [3].

This paper proposes a Laptop Failure Prediction System
that integrates a trained Random Forest classifier within a
Flask-based web service. The system accepts device
parameters submitted by a user or an automated monitoring
agent, preprocesses the input through encoding and feature
scaling, and returns a failure probability together with a
categorical risk level. The remainder of this paper is
organized as follows. Section II reviews related literature.
Section III presents the system methodology and architecture.
Section IV discusses experimental results. Section V
concludes the paper and outlines future research directions.

II. RELATED WORK

Hardware failure prediction and predictive maintenance have
attracted considerable research attention over the past two
decades. Early work by Murray et al. established that disk
drive failures could be anticipated using S.M.A.R.T. attribute
thresholds, achieving recall values of approximately 56% on
laboratory datasets [4]. While useful, these threshold-based
methods are inadequate for capturing the joint influence of
multiple degrading components.

Schroeder and Gibson conducted a large-scale empirical
study of disk failures across two high-performance
computing installations, demonstrating that age, workload
intensity, and temperature collectively influence failure rates
in ways that single-variable monitoring cannot capture [5].
Their findings motivated the transition toward multivariate
machine learning models for hardware diagnostics.

Zhang and Li investigated machine learning techniques
for laptop hardware degradation prediction, employing
Decision Tree, Naive Bayes, and k-Nearest Neighbor
classifiers on a synthesized dataset of system parameters [6].
Their best model achieved an accuracy of 87.4%, with
Decision Trees providing the most interpretable feature
importance rankings. Kaur and Singh extended this line of
inquiry by comparing ensemble methods, showing that
Random Forest outperformed individual classifiers due to its
ability to reduce variance through bootstrap aggregation [7].

Ahmed et al. deployed a proactive failure detection
framework for personal computers using gradient boosting,
reporting a detection rate of 91.2% with a false positive rate
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below 5% on a real-world telemetry corpus [8]. Their
architecture used a RESTful service layer for delivering
predictions but did not address multi-tier risk classification or
response latency requirements.

Deep learning approaches have also been explored for
predictive maintenance. Recurrent neural networks and long
short-term memory architectures have been applied to server
disk arrays to exploit temporal dependencies in sensor time
series [9]. Although these models offer superior accuracy on
large sequential datasets, they require substantially more
training data and computational resources than ensemble
classifiers, making them less practical for edge device
deployment.

The proposed system consolidates findings from the
aforementioned studies by selecting Random Forest as the
base learner, integrating a structured preprocessing pipeline,
and exposing predictions through a lightweight REST API
with quantified risk tiers. This design addresses the accuracy,
deployability, and interpretability requirements identified
across prior work.

III. METHODOLOGY / SYSTEM DESIGN
A. System Architecture
The proposed system follows a modular, layered architecture
comprising a client interface, a Flask API gateway, a
preprocessing module, a trained machine learning model, and
a response generator. Fig. 1 illustrates the overall
architecture.
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Fig. 1. System Architecture Diagram of the Laptop Failure
Prediction System.

When a user submits laptop parameters through the client
application, the Flask API receives the HTTP POST request
atthe /api/predict endpoint. The preprocessing module
encodes categorical variables and scales numerical features
before constructing a feature vector. The feature vector is
forwarded to the trained Random Forest model, which returns
a failure probability. The response generator maps this
probability to a risk tier and returns a structured JSON
response to the client.

B. Feature Set

The input feature set was determined through domain analysis
and correlation studies on historical telemetry data. Table |
summarizes the eleven features used for prediction.

TABLE1
INPUT FEATURE DESCRIPTION
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Feature Type Description
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CPU Temperature | Numerical Average processor die
(°O) temperature

GPU Temperature | Numerical | Graphics processor temperature
(°C)

RAM Usage (%) | Numerical | Fraction of physical memory in
use

Disk Health Score | Numerical | Composite S.M.A.R.T. health
index (0-100)

Fan Speed (RPM) | Numerical | Primary cooling fan rotational

speed
Battery Wear Numerical | Capacity degradation relative to
Level (%) design capacity

System Uptime Numerical | Continuous operation since last
(hrs) reboot

CPU Load (%) Numerical | Processor utilization averaged
over 5 minutes

Error Log Count | Numerical | Critical OS event count in last

24 hours
Laptop Brand Categorical Manufacturer identifier
OS Type Categorical Operating system platform

C. Data Preprocessing

Categorical features are transformed using label encoding.
For a categorical feature x. with K distinct classes, the
encoder maps each class to an integer in the range [0, K — 1].
Numerical features are normalized using z-score
standardization:

x'=(x—u/o(l)

where p denotes the training-set mean and ¢ denotes the
training-set standard deviation of the respective feature. The
standardized feature vector x' € R!! is assembled and passed
to the classifier.

D. Machine Learning Model

A Random Forest classifier [10] with N =200 decision trees
is employed. Each tree is trained on a bootstrap sample of the
training data and uses a random subset of features at each split
node to reduce correlation between trees. The ensemble
prediction is computed as:

P(failure) = (1/N) Zi=/™ hi(x")(2)

where /;(x") € (0, 1) is the prediction of the i-th tree. The
failure probability P(failure) is mapped to a categorical risk
tier as shown in Table II.
TABLE 11
RiSK LEVEL CLASSIFICATION THRESHOLDS

Risk Probability Recommended Action
Level Range
Low 0.00-0.25 Normal operation, routine

monitoring

Medium 0.26 —0.50 Schedule maintenance within 30

days
High 0.51-0.75 Back up data; inspect hardware
within 7 days
Critical 0.76 — 1.00 Immediate intervention required
E. Data Flow Diagram

The Data Flow Diagram (DFD) in Fig. 2 represents the
logical movement of information from input submission
through preprocessing, prediction, and risk classification to
the final response delivery.

Page 891 of 893



International Journal of Engineering Science and Advanced Technology(I[JESAT)

Laptop Failure Prediction System

-:::ﬁeceive Input Daté::;-

|

< Preprocess Daté-:: )

‘ ::-I;redict Failu;éi: )

C :::i-:alculate Risk Leve-i::)-

-::Fietum Prediction Resuit:::-

User

Fig. 2. Level-0 Data Flow Diagram of the Laptop Failure
Prediction System.

F. Sequence Diagram

The sequence diagram in Fig. 3 captures the interaction order
between system components during a single prediction
request, from user input submission to JSON response
delivery.
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Fig. 3. Sequence Diagram for the Prediction Request Workflow.

G. Use Case Diagram

Fig. 4 presents the use case diagram for the system,
enumerating the functional interactions available to end users,
including parameter submission, prediction retrieval, risk
level viewing, and system health verification.
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Fig. 4. Use Case Diagram showing user interactions with the
prediction system.

H. Activity Diagram

The activity diagram in Fig. 5 describes the operational
workflow of the prediction process, including input
validation,  preprocessing, model inference, risk
classification, and response generation.
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Fig. 5. Activity Diagram describing the operational prediction
workflow.

1. API Endpoint Design

The Flask application exposes four RESTful endpoints. The
primary endpoint /api/predict accepts an HTTP POST
request containing a JSON payload of laptop parameters and
returns the failure probability, risk level, and status code.
Supporting endpoints include /api/health for service
status  verification, /api/model infofor classifier
metadata, and /api/sample input for test payload
retrieval. All responses conform to the JSON:API
specification and include appropriate HTTP status codes.
IV. RESULTS AND DISCUSSION

A. Dataset and Experimental Setup

The classifier was trained and evaluated on a dataset of
12,500 labeled records representing diverse laptop hardware
configurations. The dataset was partitioned using stratified
80/20 train-test split to maintain class distribution.
Hyperparameter optimization was performed via 5-fold
cross-validation on the training partition. The final model was
trained on the complete training set and evaluated on the held-
out test partition.

B. Classification Performance

Table III presents the comparative performance of three
evaluated classifiers — Logistic Regression (LR), Support
Vector Machine (SVM), and Random Forest (RF) — on the
test dataset.

TABLE 111
CLASSIFIER PERFORMANCE COMPARISON
Classifier | Accuracy | Precision | Recall F1- | AUC-
(%) (%) (%) Score | ROC
(%)
Logistic 81.7 80.2 79.5 79.8 0.874
Regression
Support 88.4 87.6 86.9 87.2 0.921
Vector
Machine
Random 94.3 93.8 93.1 934 | 0971
Forest

The Random Forest classifier achieved a test accuracy of
94.3%, an Fl-score of 93.4%, and an AUC-ROC of 0.971,
outperforming both baseline models across all metrics. The
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superiority of the ensemble approach is consistent with
findings reported in prior literature [7], [8].

C. Feature Importance Analysis

Feature importance scores derived from the mean decrease in
impurity across all trees are presented in Table IV. Disk
Health Score and CPU Temperature were identified as the
two most informative predictors, collectively accounting for
41.2% of the model's decision weight.

TABLE IV
FEATURE IMPORTANCE RANKINGS

Rank Feature Importance Score
1 Disk Health Score 0.234
2 CPU Temperature 0.178
3 Error Log Count 0.142
4 Battery Wear Level 0.119
5 RAM Usage 0.098
6 Fan Speed 0.087

7-11 Remaining Features 0.142

D. API Performance

API response latency was benchmarked under concurrent
load using 50 simultaneous HTTP requests. The mean
response time was 87 ms with a 99th-percentile latency of 143
ms, satisfying the sub-200 ms target established in the system
requirements. Memory consumption during sustained load
remained below 210 MB, confirming suitability for
deployment on resource-constrained edge servers.

E. Detection Latency Reduction

A comparative evaluation was conducted against a threshold-
based baseline that monitors each feature independently. The
proposed system reduced mean time to detection by 68.3%
across a held-out evaluation set of 1,000 known failure
events, demonstrating the practical advantage of multivariate
predictive modeling over single-sensor threshold monitoring.

F. Confusion Matrix Analysis

The confusion matrix on the test partition revealed a true
positive rate of 93.1% and a false positive rate of 3.4%. The
low false positive rate is particularly important in practice, as
excessive spurious warnings could erode user trust in the
prediction service. The high recall value ensures that genuine
failure precursors are detected with minimal miss rate.

V. CONCLUSION AND FUTURE WORK

This paper presented an Al-driven laptop failure prediction
system that integrates a trained Random Forest classifier
within a Flask-based RESTful API to deliver real-time,
probability-based hardware health assessments. The system
demonstrated a classification accuracy of 94.3% and an
AUC-ROC 0f 0.971 on a held-out test dataset, outperforming
Logistic Regression and Support Vector Machine baselines.
The four-tier risk classification scheme — Low, Medium,
High, and Critical — provides actionable guidance for
scheduling preventive maintenance. Mean API response
latency of 87 ms under concurrent load confirms deployment
feasibility in real-time monitoring scenarios. The proposed
framework reduces mean time to failure detection by 68%
relative to conventional threshold-based approaches,
substantiating the value of multivariate machine learning for
proactive hardware management.

Future research directions include: (1) automated real-
time telemetry ingestion through OS-level monitoring agents
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to eliminate manual parameter entry; (2) integration of time-

series models, such as LSTM networks, to capture temporal
degradation patterns; (3) cloud-based deployment on scalable
container orchestration platforms to support enterprise multi-
device monitoring; (4) incorporation of anomaly detection
algorithms for identifying rare failure modes not well
represented in historical training data; (5) development of an
interactive visualization dashboard providing longitudinal
health trend reporting; and (6) extension of the feature set to
include vibration sensor data and thermal imaging inputs for
improved detection of mechanical and thermal failures.

ACKNOWLEDGMENT

The authors thank the Department of Computer Science and
Engineering, Sreyas Institute of Engineering and
Technology, Hyderabad, for providing the computational
resources and laboratory facilities that supported this
research. The authors also acknowledge the constructive
feedback provided by faculty reviewers during the
preparation of this manuscript.

REFERENCES
[1] I. Sommerville, Software Engineering, 10th ed. Pearson, 2016.

[2] C. M. Bishop, Pattern Recognition and Machine Learning. Springer,
2006.

[3] A. Géron, Hands-On Machine Learning with Scikit-Learn, Keras,
and TensorFlow, 2nd ed. O'Reilly Media, 2019.

[4] G. F. Murray, D. T. Anderson, and W. J. Bolosky, "A study of
practical deduplication," in Proc. FAST, 2011, pp. 1-14.

[5] B. Schroeder and G. A. Gibson, "Disk failures in the real world: What
does an MTTF of 1,000,000 hours mean to you?" in Proc. FAST,
2007, pp. 1-16.

[6] Y. Zhang and J. Li, "Predictive maintenance of laptops using
machine learning techniques," Int. J. Comput. App!., vol. 175, no. 6,
pp- 12-19, 2020.

[7] R. Kaur and P. Singh, "Machine learning based hardware failure
prediction in computing devices," J. Emerging Technol. Innovative
Res., vol. 6, no. 7, pp. 123-130, 2019.

[8] S. Ahmed, A. Khan, and M. Yousuf, "Proactive detection of system
failures in personal computers using predictive models," /EEE
Access, vol. 9, pp. 6543265445, 2021.

[9] S. Raschka and V. Mirjalili, Python Machine Learning, 3rd ed. Packt
Publishing, 2019.

[10] L. Breiman, "Random forests," Mach. Learn., vol. 45, no. 1, pp. 5—
32, Oct. 2001.

[11] Scikit-learn Developers, "Scikit-learn: Machine learning in
Python," J. Mach. Learn. Res., vol. 12, pp. 2825-2830, 2011.
[Online]. Available: https://scikit-learn.org/stable/

[12] Pallets Projects, "Flask web framework documentation," 2023.
[Online]. Available: https:/flask.palletsprojects.com/

[13] The Pandas Development Team, "Pandas: Powerful Python data
analysis toolkit," 2023. [Online]. Available:
https://pandas.pydata.org/docs/

[14] C. R. Harris et al., "Array programming with NumPy," Nature, vol.
585, pp. 357-362, 2020.

[15] G. Joblib Developers, "Joblib: Running Python functions as
pipeline jobs," 2023. [Online]. Available:
https://joblib.readthedocs.io/

[16] ISO/IEC 25010:2011, Systems and Sofiware Quality Requirements
and Evaluation (SQuaRE). International Organization for
Standardization, 2011.

Page 893 of 893



