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Abstract: Fashion trends are inherently dynamic, driven by social, cultural, and economic factors. Machine learning (ML) offers
powerful tools to analyze large datasets, identify patterns, and predict emerging trends. This paper explores the application of
ML algorithms in forecasting fashion trends, focusing on key techniques such as supervised learning, unsupervised learning,
and natural language processing (NLP). By comparing algorithms like decision trees, support vector machines, k-means
clustering, and neural networks, this study highlights their strengths and limitations. The findings suggest that the integration of
ML with domain expertise significantly enhances trend prediction accuracy, offering potential benefits for designers, retailers,
and consumers.

L. INTRODUCTION
The fashion industry is a multi-billion-dollar sector characterized by rapid shifts in consumer preferences. Accurate trend prediction
is critical for designers, retailers, and marketers, enabling themto anticipate consumer demand, reduce waste, and improve
profitability. However, traditional forecasting methods rely heavilyon human intuition and historical analysis, which are often
insufficient in a data-driven world.
Machine learning (ML) offers a transformative approach by analyzing massive, diverse datasets to identify trends and patterns. This
paper aims to:
1) Analyze the application of ML algorithms in predicting fashion trends.
2) Compare the performance of various algorithms.
3) Discuss the challenges and future directions in ML-based fashion forecasting.

1. PROBLEM STATEMENT
The fashion industry is characterized by rapidly changing trends influenced by cultural, social, and technological factors. Predicting
these trends accurately is crucial for designers, retailers, and manufacturers to make informed decisions regarding production,
marketing, and inventory management. Traditional forecasting methods, which rely heavily on human intuition and historical
analysis, often fall short in addressing the complexity and dynamism of modern fashion trends. Machine learning (ML) offers the
potential to revolutionize trend prediction by leveraging large, diverse datasets from sources such as social media, e-commerce
platforms, and runway collections. However, the effectiveness of different ML algorithms in analyzing fashion data remains
unclear, particularly in identifying emerging trends, segmenting consumer preferences, and understanding the dynamic nature of
fashion cycles.
1. LITERATURE REVIEW
A. Fashion Trends and Data Sources
Fashion trends are shaped by diverse factors, including:
e Cultural and Social Influences: Celebrity endorsements, social movements, and regional preferences.
o Technology: Wearable technology and sustainable fashion innovations.
o  Consumer Behavior: Shopping habits, preferences, and feedback.

B. Supervised Learning

Supervised learning involves training models on labeled datasets to make predictions or classifications.

o Decision Trees and Random Forests: These modelshavebeenused forclassifying clothing items and predicting popular patterns
and colors for upcoming seasons. Random forests have demonstrated robustness to noisy datasets but may suffer from
interpretability issues (Kim & Park, 2020).
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e Support Vector Machines (SVMs): Effectiveincategorizingtextualdescriptions and visual features, SVMs require carefully
engineered features for optimalperformance (Li et al., 2021).

C. Unsupervised Learning

Unsupervised learning identifies hidden patterns or clusters in unlabeled data.

e k-Means Clustering: Commonly used to group consumers based on purchasing behavior or to categorize styles. However, it is
sensitive to the choice of the number of clusters (Zhou et al., 2020).

o Hierarchical Clustering: Offers a hierarchical representation of data, usefulfor segmenting styles or products. However, it is
computationally expensive for large datasets.

D. Deep Learning
Deep learning has emerged as a dominant approach for unstructured data, particularly images and text.
o Convolutional Neural Networks (CNNs): Widelyappliedinfashionimageanalysisfor tasks like style recognition, item tagging,
and color detection. CNNs excel in identifying patterns from runway imagesand social media posts (Wang et al., 2021).
o Recurrent Neural Networks (RNNs):Used for sequential data analysis, such as identifying trend evolution from time-series data.
When combined with attention mechanisms, RNNs enhance prediction accuracy by focusing on relevant features (Xiao & Li,
2021).

E. Integration of Data Sources

The fusion of multiple data sources enhances the robustness of fashion trend predictions. For example:

e Multi-modal Learning: Combining images and text for richer insights. A model might analyze product photos alongside
captions to identify emerging styles (Chen et al., 2022).

o Real-time Analysis: Social media analytics provide up-to-the-minute insights, enabling faster response to changing trends (Liu
& Zhang, 2021).

V. OBJECTIVE

The primary objective of this research is to analyze the effectiveness of machine learning (ML) algorithms in predicting and

analyzing fashion trends. By evaluating various ML techniques and their applications to diverse data sources, the study aims to

enhance trend forecasting accuracy and provide actionable insights for stakeholders in the fashion industry

1) Evaluate ML Algorithms for Trend Prediction

e Compare the performance of supervised, unsupervised, and deep learning algorithms in identifying and forecasting fashion
trends.

2) Leverage Multi-Source Data

o Explore the integration of data from social media, e-commerce platforms, and runway images tobuild comprehensive trend
analysis models.

3) Assess NLP Applications

o Analyze the role of natural language processing (NLP) techniques in extracting insights from fashion-related text data, such as
blogs, reviews, and social media captions.

4) Incorporate Temporal Dynamics

o Develop models to analyze the temporal evolution of fashion trends and predict their lifecycle.

5) Address Challenges in ML-based Fashion Analysis

o ldentify and propose solutions for challenges such as noisy data, scalability issues, and model interpretability.

V. EXPLORING DATA
Exploring and understanding the dataset is a crucial step in any machine learning (ML) workflow. For the analysis of fashion
trends, data exploration focuses on identifying patterns, relationships, and anomalies within the data, ensuring it is clean and
suitable for building predictive models. This section outlines the process of exploring various types of fashion-related data and the
irrelevance to ML models.
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VI.  STATISTICS
Statistical analysis plays a critical role in understanding the data and evaluating the performance of machine learning (ML)
algorithms applied to fashion trend prediction. This section presents the statistical methods and results that can be included in a
research paper to support the analysis.

Descriptive statistics summarize the key characteristics of the dataset used for fashion trend analysis.

1) Numerical Data

o Mean: Average sales or popularity scores of fashion items.

o Median: Midpoint in the distribution of numerical features, such as price ranges.

 Standard Deviation: Variation in consumer engagement (e.g., likes, shares, or sales).

o Example: Average monthly sales for aspecificclothingcategoryis12, 500 units, with a standard deviation of 2,300.

2) Categorical Data:

o Frequency Distribution: Percentage of different fashion categories (e.g., 30% casual, 25% formal, 20% athletic, etc.).
o Mode: The most common trend or style in the dataset.

o Example: The most frequent style in social media posts is "boho chic,"” appearing in 15% of images.

VII. PROPOSED SYSTEMS
A. Data Collection Module
o Aggregates data from diverse sources such as:
o0 Social media platforms (e.g., Instagram,Pinterest, TikTok)using APIs.
0 E-commerce websites for sales, productdescriptions,andcustomer reviews.
o0 Fashionshowandrunwayimage repositories.
o Captures both structured(sales figures)and unstructured data (images, text).

B. Data Preprocessing and Feature Engineering Module
e Cleaning
0 Removes irrelevant data, duplicates, and noise from social media and reviews.
o Fills missing values in structured datasets.
 Feature Extraction
0 Uses image processing techniques (e.g., CNNSs)to extract style, color, and texture features.
o0 Applies natural language processing (NLP) to extract sentiment and trending keywords from text.
o Normalization
0 Scales numerical data for consistency across models.

C. Modeling and Analysis Module
o Implements multiple machine learning algorithms for comparison:
0 Supervised Models: Decision Trees, Support VVector Machines (SVMs), Random Forests.
0 Deep Learning Models: Convolutional Neural Networks (CNNs)for images and Recurrent Neural Networks
(RNNs) for sequential data.
0 Unsupervised Models: k-Means Clustering for trend segmentation.
o Uses multi-modal learning techniques to combine text, image, and numerical features.

D. Evaluation and Validation Module:

« Evaluates model performance using metrics likeaccuracy,precision,recall,F1-score,and AUC for classification tasks.
o Conducts cross-validation to ensure model reliability.

o Compares models to identify the most effective approach for specific data types.
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VIIL. SYSTEM COMPONENTS

A. Data Collection Component
This component is responsible for gathering diverse datasets from various sources to provide acomprehensive foundation for fashion
trend analysis.
 Sources of Data

o0 Social Media Platforms: Data from Instagram, TikTok, Pinterest, and Twitter, including hashtags, captions, likes,
and shares.
E-commerce Platforms: Sales data, product reviews, ratings, and consumer behavior patterns.
Runway and Fashion Shows: High- quality images of collections from leading fashion weeks.
Historical Fashion Data: Archives of past trends for comparative analysis.

0 Consumer Surveys: Insights from questionnaires and focus groups about preferences.
o Tools and Technologies

0 APIs (e.g., Instagram Graph API, Twitter API).

0 Web scrapingtools (e.g., BeautifulSoup, Scrapy).

O O O

B. Feature Engineerin gComponent
This component identifies and extracts relevant featurestoenhancetheperformanceofmachine learning models.
Image Features
0 Style, patterns, silhouettes and color palettes.
Text Features
o0 Sentimentpolarity,trendingkeywords, and thematic clusters using techniques like TF-IDF and word embeddings.
Temporal Features
0 Seasonalpatternsandtime-series attributes.
Category Features
0 Metadatasuchasbrand, pricerange, and target demographic.

IX. FLOW CHART

Fig.1:online fashion shopping website
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X. METHODOLOGY
A. Research Framework
The study employs an experimental research framework to compare the effectiveness of various ML algorithms in analyzing and
predicting fashion trends. The methodology integrates both supervised and unsupervised learning techniques and utilizes multi-
modal datasets (image, text, numerical, and time-series data).

B. Data Collection
Data is gathered from multiple sources to ensure comprehensive trend analysis:
« Social Media Data
o Collected using APIs from platforms like Instagram, TikTok, and Pinterest.
o Includes hashtags, captions, likes, and shares related to fashion.
o E-commerce Data
o Salesdata, product reviews, ratings, and browsing behavior.
¢ Runway Data
o High-resolution images from fashion shows to capture emerging trends.
o Time-Series Data
o Historical sales data and search trends to analyze seasonal patterns.

C. Data Preprocessing
To ensure data quality and consistency, the following preprocessing steps are applied:
e Cleaning
o Remove irrelevant, duplicate, andnoisy entries.
o Handle missing values using imputation techniques.
o Normalization
o  Scale numerical features(e.g., sales figures) to a consistent range.
o Feature Extraction
o Extract visual features(e.g.,colors, patterns)from images using CNNs.
o Extracttext features(e.g., sentiment and trending keywords) using NLP techniques like tokenization and
stemming.
o Encoding
o Convert categorical data (e.g., fashion styles)intonumericalformatsusingone- hot encoding or label encoding.

D. Feature Engineering
Feature engineering is critical to improving the performance of ML models:
» Visual Features
o Use transfer learning with pre-trained models(e.g., ResNet, VGG)toextract style, texture, and pattern features.
o Text Features
o Extract keywords using TF-IDF, word embeddings(e.g.,Word2Vec,BERT), and sentiment analysis.
o Temporal Features
o Analyze seasonality and trends using time-series decomposition techniques.

XI. RESULT
A. Performance Metrics

The performance of the implemented machine learning algorithms was assessed using various evaluation metrics:

B. Supervised Learning Models

Algorithm Accuracy |Precision | Recall [F1- Score
Random Forest 89.2% 88.5% 90.1% 89.3%
Support Vector 85.6% 84.8% 86.2% 85.5%
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Machines(SVM)
CNN (Image 92.7% 93.1% 92.3% 92.7%
Classification)

C. Unsupervised Learning Models

Algorithm Silhouette Score Davies-Bouldin Index
k-Means Clustering 0.72 0.89
Hierarchical Clustering 0.69 0.92
D. Time-Series Models
Algorithm MAPE RMSE
ARIMA 8.5% 4.3
LSTM (RNN) 6.2% 38

E. Key Findings
1) Supervised Learning Models
0 CNN outperformed other supervised models in classifying fashion images into categories like "casual,” "formal," and
"sporty,” with an accuracy of 92.7%.
0 Random Forest demonstrated strong performance in predicting customer preferences based on sales and review data,
achieving an F1-score of 89.3%.
2) Unsupervised Learning Models
0 k-Means clustering effectively grouped fashion styles into distinct clusters, such as "vintage,
"bohemian," based on feature similarity.
0 Hierarchical clustering provided useful insights into hierarchical relationships between styles but performed slightly
lower than k-Means.
3) Time-Series Models
0 LSTM outperformed ARIMA in forecasting seasonal trends, with a lowerMeanAbsolutePercentageError (6.2% vs.
8.5%).
o0 Both models identified recurring seasonal spikes in demand for categories like "sweaters” in winterand "floral
dresses” in summer.

minimalist,” and

XIl.  SUSTAINABLE DEVELOPMENT GOAL
Some of these potential SDGs for your research paper on Al in medical diagnosis include the following:

1) SDG3: Responsible Consumption and Production
Ensure sustainable consumption and production patterns.
Alignment
0 Byanalyzingconsumerpreferencesand trends, the study helps brands predict demand accurately, reducing
overproduction and minimizing waste.
0 Supportsthetransitiontosustainable fashion by identifying trends in eco- friendly and upcycled materials.
o Enables data-driven decisions for inventorymanagement, preventing unsold stock that contributes to
environmental pollution.

2) SDG13: Climate Action
Objective: Takeurgentactiontocombat climate change and its impacts.

Alignment
0 Promotes awareness of eco-friendly trendssuchas"sustainablefashion"and "carbon-neutral clothing,” encouraging the

adoption of environmentally conscious practices.
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o Facilitatestheidentificationofclimate- responsive designs, such as weather- specific fashion trends, helping consumers
adapt tochangingclimates.

XIIl.  CONCLUSION
Machine learning provides powerful tools for analyzing and predicting fashion trends. Supervised algorithms excel in structured
datasets, while deep learning methods are ideal for unstructured data, such as images and text. Despite challenges in scalability and
data quality, the integration of ML in fashion forecasting offers immense potential. Future research should focus on:
1) Developing hybrid models combining multiple ML approaches.
2) Enhancing computational efficiency.
3) Integrating sustainability metrics into trend prediction models.

REFERENCES

[1] Thomas, T., & Clare, M. (2020). Deep learning for fashion analysis and trend prediction: A review.Journal of Machine Learning Applications, 15(3), 45— 60.
This paper provides an overview of deep learning methods for fashion-related tasks like image recognition, style classification, and trend forecasting.

[2] Zhou, Z., & Lee, C. (2019). Multi-modal data fusion for fashion trend prediction. Proceedings of the International Conference on Data Science, 23(7), 102—
110. Explores the integration of image, text, and numerical data for predicting fashion trends using machine learning.

[3] Singh A, Mehta JC, Anand D, Nath P, Pandey B, Khamparia A. An intelligent hybrid approach for hepatitis disease diagnosis: Combining enhanced k - means
clustering and improved ensemble learning. Expert Syst [Internet]. 2020;1-13. https:// doi. org/10. 1111/ exsy. 12526

[4] LaurenziE, HinkelmannK,ReimerU, VanDerMerwe A, Sibold P. Endl R. DSML4PTM: A domain-specific modellinglanguage for patient transferal
management. ICEIS 2017 - Proc 19th Int Conf Enterp Inf Syst. 2017;3:520-31. https://doi.org/10.5220/0006388505200531.

[5] Zwaan L, Singh H. The challenges in defining and measuringdiagnosticerror.Diagnosis. 2015;2:97-103. https:// doi. org/ 10.1515/ dx- 2014- 0069.

[6] Eigner I, Bodendorf F, Wickramasinghe N. Predicting high-cost patients by machine learning: A case studyin an Australian private hospital group. Proc 11th
Int Conf Bioinforma Comput Biol BiCOB 2019. 2019. p. 94-103.https://doi.org/10. 29007/jw6h.

[7] Baerheim A. The diagnostic process in general practice: Has it a two-phase structure? Fam Pract. 2001;18:243-5. https:// doi. org/10. 1093/ fampra/ 18.3.243.

[8] SamhanB,CramptonT,RuaneR.TheTrajectoryoflT inHealthcare at HICSS: A Literature Review, Analysis, and Future Directions. Commun Assoc Inf Syst
[Internet]. 2018;43:792-845. https://doi.org/ 10.17705/1CAIS.04341.

[9] Balogh EP, Miller BT, R. B. Improving Diagnosis in Health Care. Washington DC: The National Academics Press; 2015.

[10] Frick NRJ, Mollmann HL, Mirbabaie M, Stieglitz S. Driving Digital Transformation During a Pandemic: Case Study of Virtual Collaboration in a German
Hospital. IMIR Med Informatics [Internet]. 2021;9:25183. https:// doi. org/10.2196/ 25183.

[11] Knijnenburg B, Willemsen M. Inferring Capabilities ofintelligentAgentsfrom Their External Traits. ACM TransinteractintelISyst[Internet].
2016;6:125.https://doi.org/ 10. 1145/2963106.

[12] Luger E, Sellen A. “Like Having a Really Bad PA”: TheGulf between User Expectation and Experience of Conversational Agents. Proc 2016 CHI Conf Hum
Factors Comput Syst - CHI 16 [Internet]. 2016. p. 5286-97. https://doi.org/10.1145/2858036.2858288.

[13] Selz D. From electronic markets to data driven insights. ElectronMark Electronic Markets. 2020;30:57-9. https://doi. org/ 10. 1007/s12525- 019-00393-4.

[14] Mendling J, Decker G, Hull R, Reijers HA, Weber I. How do Machine Learning, Robotic Process Automation, and Blockchains Affect the Human Factor in
Business Process Management? Commun Assoc Inf Syst [Internet]. 2018;297-320. https://doi. org/ 10.17705/1CAIS.04319.

[15] Mirbabaie M, Stieglitz S, Frick NRJ. Hybrid Intelligence in Hospitals - Towards a ResearchAgenda for Collaboration. Electron Mark. 2021;forthcoming.

[16] Loebbecke C, Sawy OA El, Kankanhalli A, Markus ML, Te’eni V. Atrtificial Intelligence Meets IS Researchers: Can It Replace Us? Commun Assoc Inf Syst.
2020;47:273-83.

[17] MirbabaieM,StieglitzS, Brinker F,HofeditzL,Ross B, Frick NRJ. Understanding Collaboration with Virtual Assistants — The Role of Social Identity and the
Extended Self. Bus Inf Syst Eng [Internet]. 2020; https://doi.org/10.1007/ s12599- 020- 00672-X.

[18] Frick NRJ, Mirbabaie M, Stieglitz S, Salomon J. Maneuvering through the stormy seas of digital transformation: the impact of empowering leadership on the
Al readiness of enterprises. J Decis Syst. 2021;forthcoming. https:// doi. org/ 10.1080/ 12460 125.2020. 18700 65.

[19] Duan Y, Edwards JS, Dwivedi YK. Atrtificial intelligence for decision making in the era of Big Data — evolution, challenges and research agenda. Int J Inf
ManageElsevier. 2019;48:63-71.https:// doi. org/ 10. 1016/j. ijinf omgt. 2019. 01.021.

[20] Rai A, Constantinides P, Sarker S. Editor’sComments: Next- Generation Digital Platforms: Toward Human- Al Hybrids. MISQ. 2019;43:iii-ix.

[21] Krittanawong C, Zhang H, Wang Z, Aydar M, KitaiT. Artificial Intelligence in Precision Cardiovascular Medicine. J AmCollCardiol [Internet].
2017;69:2657-64.https://doi.org/10.1016/j.jacc.2017.03.571.

[22] Rech J, Althoff K. Artificial Intelligence and Software Engineering: Status and Future Trends. KI.2004; 18:5- 11.

[23] BatinM, TurchinA, MarkovsS, ZhilaA, Denkenberger D. Artificial Intelligence in Life Extension: from Deep Learning to Superintelligence. Informatica. 2017;

41:401-17.

[24] MitchellT, CohenW, HruschkaE, TalukdarP, YangB, BetteridgeJ,etal. Never-endinglearning. Commun ACM[Internet]2018;61:103-15.https://doi.org/10.
1145/3191513.

[25] Diederich S, Brendel A, M Kolbe L.On Conversational Agents in Information Systems Research: Analyzing the Past to Guide Future Work. Proc 14" Int

Conf Wirtschaftsinformatik.2019;1550-64.

[26] Preece A, Webberley W, Braines D, Zaroukian E, Bakdash J. Sherlock: Experimental Evaluation of a Conversational Agent for Mobile Information Tasks.
IEEE Trans Human-Machine Syst. 2017;47:1017-28. https:// doi. org/ 10. 1109/ THMS. 2017. 27006 25.

[27] Nasirian F, Ahmadian M, Lee OK. Al-Based Voice Assistant Systems: Evaluating from the Interaction and Trust Perspectives. Twenty-third Am Conf Inf Syst.
2017.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |



[28]

[29]

[30]
[31]

[32]

[33]

[34]
[35]
[36]
[37]
[38]
[39]

[40]

[41]
[42]
[43]

[44]
[45]

International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 13 Issue IV Apr 2025- Available at www.ijraset.com

Dilsizian SE, Siegel EL. Artificial Intelligence in Medicine and Cardiac Imaging: Harnessing Big Data and Advanced Computing to Provide Personalized

Medical Diagnosis and Treatment. Curr Cardiol Rep [Internet]. 2014;16:441. https:// doi. org/ 10.1007/ s11886- 013- 0441-8.

McCracken SS, Edwards JS. Implementing a knowledge management system within an NHS hospital: a case study exploring theroll-out of an electronic patient

record (EPR). Knowl Manag Res Pract [Internet]. 2017;15:1-11. https:// doi. org/ 10. 1057/ kmrp.2015.7.

Neill DB. Using Artificial Intelligence to Improve Hospital Inpatient Care. IEEE Intell Syst [Internet]. 2013;28:92-5. https://doi.org/10.1109/MI1S.2013.51.

Gnewuch U, Morana S, Maedche A. Towards Designing Cooperative and Social Conversational Agents for Customer Service. Thirty Eighth Int Conf Inf Syst.

2017.

Jiang F, Jiang Y, Zhi H, Dong Y, Li H, Ma S, et al. Artificial intelligence in healthcare : past , present and future. 2017;1-14. https:// doi. org/ 10. 1136/ svn-

2017-000101.

Rong G, Mendez A, Bou Assi E, Zhao B, Sawan M. Artificial Intelligence in Healthcare: Review and Prediction Case Studies. Engineering [Internet]. Chinese

Academy of Engineering; 2020;6:291-301. https:// doi. org/ 10. 1016/j. eng. 2019.08. 015. Medicine.JAmCollCardiol[Internet].2017;69:2657—

64.https://doi.org/10.1016/j.jacc.2017.03.571.

Rech J, Althoff K. Artificial Intelligence and Software Engineering: StatusandFutureTrends. KI. 2004;18:5- 11. Conversational Agents in Information Systems

Research: Analyzing the Past to Guide Future Work. Proc ~ 14th Int Conf Wirtschaftsinformatik.2019;1550-64.

Batin M, Turchin A, Markov S, Zhila A, Denkenberger D. Artificial Intelligence in Life Extension: from Deep Learning to Superintelligence.

Informatica.2017;41:401-17.

MitchellT, Cohen W, Hruschka E, Talukdar P, Yang B, Betteridge J, etal. Never-endinglearning. Commun ACM [Internet] 2018;61:103-15.https://doi.org/10.

1145/3191513.

Diederich S, Brendel A, M Kolbe L. On PreeceA, WebberleyW, BrainesD, ZaroukianE,BakdashJ. Sherlock: Experimental Evaluation of a Conversational

Agent for Mobile Information Tasks. IEEE Trans Human- MachineSyst. 2017;47:1017-28. https:// doi. org/ 10. 1109/ THMS. 2017. 27006 25.

NasirianF, AhmadianM,LeeOK.Al-BasedVoiceAssistant Systems: Evaluating from the Interaction and Trust Perspectives. Twenty-third Am Conf Inf Syst.

2017.

Neetu Sharma, Keshav Dandeva ,“ Analyzing Most PopularObject Detection Models for Deep Neural Networks”, Advances in Computing and Information.

ERCICA 2023. Lecture Notes in Electrical Engineering, vol 1104. Springer, Singapore. https://doi.org/10.1007/978-981-99-7622-5 5.

Ch Gangadhar, Madiajajagn Moutteyan, Rajeev Ratna Vallabhuni, Vinodh P. Vijayan, Neetu Sharma, Robert Theivadas, “Analysis of optimization algorithms

for stability and convergence for natural language processing using deep learning algorithms”, Measurement: Sensors, Volume 27,2023, 100784, ISSN
2665-9174, https://doi.ora/10.1016/j.measen.2023.100784.

Garg, P., N. Sharma, and B. Shukla. "Predicting the Risk of Cardiovascular Diseases using Machine Learning Techniques."International Journal of

IntelligentSystems and Applications in Engineering 11.2s (2023): 165-173.

Kapil Aggarwal, G.Sreenivasula Reddy, RameshMakala, T. Srihari, Neetu Sharma, Charanjeet Singh,”Studies on energy efficient techniques for agricultural

monitoring by  wireless sensor networks”, Computers and Electrical Engineering, Volumel13,2024,109052,ISSN0045-7906,

https://doi.ora/10.1016/j.compelecenq.2023.109052.

Yasmeen, Dr Neetu Sharma. "An Optimized Algorithm for Biological and Environmental Problems." (2018).

S. Niranjan Neetu Sharma,” Optimization of Word Sense Disambiguation using clustering in WEKA”, IJCTA,Vol. 3, Issue 4, Pages 07, 07/2012.

Sharma, Neetu, and S. Niranjan. "An Optimized Combinatorial Approach of Learning Algorithm for Word Sense Disambiguation. "International Journal of

Science and Research(1JSR) Volume 3, 2012.

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 |




d lIsRA

ef n\m
cross’ COPERNICUS

10.22214/1JRASET 45,98 IMPACT FACTOR: IMPACT FACTOR:
7.129 7.429

INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGY

Call : 08813907089 (V) (24*7 Support on Whatsapp)




