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Abstract  
Artificial intelligence (AI) is revolutionizing plant sciences by enabling precise plant species identification, 

early disease diagnosis, crop yield prediction, and precision agriculture optimization. AI uses machine 

learning and image recognition to aid ecological research and biodiversity conservation. It plays a crucial 

role in plant breeding by accelerating the development of resilient, high-yielding crops with desirable traits. 

AI models using climate and soil data contribute to sustainable agriculture and food security. In plant 

phenotyping, AI automates the measurement and analysis of plant characteristics, enhancing our 

understanding of plant growth. Ongoing research aims to improve AI models’ robustness and interpretability 

while addressing data privacy and algorithmic biases. Interdisciplinary collaboration is essential to fully 

harness AI’s potential in plant sciences for a sustainable, food-secure future. 
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Introduction 

Artificial intelligence (AI) has emerged as a 

transformative force across various domains, and 

its integration into the field of plant sciences is 

poised to revolutionize the way we understand, 

cultivate, and sustainably manage plant life (50). 

This paper provides a concise overview of the 

pivotal role of AI in advancing plant sciences, 

emphasizing its multifaceted applications, benefits, 

and potential future developments. The utilization 

of AI in plant sciences including plant 

identification, disease diagnosis, yield prediction, 

phenotyping, and precision agriculture (23,17) 

Machine learning algorithms, coupled with image 

recognition techniques, have enabled rapid and 

accurate plant species identification, advancing 

ecological research as well as biodiversity 

conservation. AI-driven diagnostic tools empower 

plant pathologists and agronomists to early 

detection of diseases and pests, facilitating timely 

interventions that minimize crop losses (48). 

Contribution of AI in the field of plant breeding is 

particularly noteworthy, as it aids in the 

development of resilient and high-yielding crop 

varieties. AI models accelerate the selection of 

superior genetic traits by analyzing vast datasets 

which accelerates the breeding process (36). 

Furthermore, AI-based prediction models are 

leveraging climate and soil data that offer valuable 

insights into optimizing crop management practices 

and mitigating environmental impact (51). This, in 

turn, promotes sustainable agriculture and food 

security in a world struggling with climate change 

and growing population pressures (58). In the realm 

of plant phenotyping, AI-driven technologies 

automate the measurement and analysis of plant 

characteristics which provides a deeper 

understanding of plant growth and adaptation 

mechanisms for scientists (52). The real-time 

monitoring of plant health and growth opens new 

avenues for innovative research and improved crop 

management practices (45). Although the influence 

of AI on plant sciences is significant, ongoing 

research efforts are focused on enhancing AI 

models for robust and interpretable results (44, 49). 

There is also increasing attention to ethical 

considerations regarding data privacy, algorithm 

biases, and the responsible use of AI in agriculture 

(53). In addition to these interdisciplinary 

collaboration among plant scientists, data scientists, 

and engineers is essential for optimizing the 

potential of AI in the agricultural field (46). This 

article provides an overview of the integration of 

AI into plant sciences represents a paradigm shift 

and offers unprecedented capabilities for plant 

species identification, disease management, 

breeding, phenotyping, and sustainable agriculture. 

As this technology continues to evolve, it is 

essential that stakeholders work together to harness 

its full potential while addressing the ethical and 

social implications of its adoption. This abstract 

highlights the transformative role of AI in 

advancing our understanding of plant life and 

optimizing agricultural practices for a more 

sustainable and food-secure future. 

Big data Analytics 

In recent years, the field of plant science has 

undergone a major transformation with the advent 

of big data analytics and AI technologies (23). The 

integration of these two fields has opened up new 

opportunities to understand and improve various 

aspects of plant biology, agriculture, and crop 

production (31). Big data analytics in plant science 

is the use of advanced computational techniques to 
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analyze large and complex datasets generated from 

various sources including genomics, phenomics, 

transcriptomics, proteomics, metabolomics, and 

environmental sensors (24). This comprehensive 

analysis provides researchers to gain valuable 

insights into plant growth, development, stress 

responses, disease resistance, and yield 

optimization. Big data analytics techniques play an 

important role in extracting meaningful information 

from large-scale plant science datasets (28). These 

techniques involve the application of statistical 

modeling, machine learning algorithms, and AI-

based approaches to identify patterns, correlations, 

and predictive models (1). Statistical methods such 

as regression analysis, Principal Component 

Analysis (PCA), and clustering algorithms help to 

identify relationships between different variables 

and group similar samples together (41). Machine 

learning algorithms such as random Forests, 

Support Vector Machines (SVM), deep learning 

neural networks (DLNNs), and Bayesian networks 

are employed for tasks such as classification, 

regression, feature selection, and anomaly detection 

(54). The applications of big data analytics in plant 

science provide numerous applications that 

contribute to the understanding and improvement of 

plant biology, agriculture, and crop production. 

Some of the key applications include: 

(a) Genomics and breeding: the employment of big 

data to enhance the accuracy of complex trait 

prediction during hybrid breeding of crop plants . 

Big data analytics enables the identification of 

genetic variations associated with desirable traits in 

plants (55). 

(b) Phenomics and crop improvement: phenomics 

data obtained from high-throughput phenotyping 

platforms can be analyzed using big data analytics 

techniques to understand the complex relationships 

between genotype and phenotype (15). This 

analysis helps to identify key traits that contribute 

to crop performance under different environmental 

conditions (15). By integrating phenomics and 

genomics data, researchers can develop predictive 

models for crop performance and optimize breeding 

(62). 

(c) Crop monitoring and precision agriculture: big 

data analytics with AI technologies enable real-time 

monitoring of crops using remote sensing, satellite 

imagery, and sensor networks (57, 63). This allows 

farmers to make informed decisions regarding 

irrigation, fertilization, pest control, and harvesting 

based on accurate and updated information about 

crop health, growth stage, and yield potential (7, 

30). 

(d) Plant disease diagnosis and management: big 

data analytics can help in the early detection and 

diagnosis of plant diseases by analyzing large-scale 

datasets containing information about disease 

symptoms, environmental factors, and pathogen 

genomics (3). 

(e) Climate change adaptation: big data analytics 

can help in understanding the impact of climate 

change on plant growth, development, and 

distribution (20,27). By analyzing historical climate 

data and plant performance data, researchers can 

identify regions or specific crops that are most 

sensitive to climate change (10). 

Blockchain technology 

Blockchain technology is a decentralized and 

distributed ledger system that enables secure and 

transparent transactions (37. It has attracted 

significant attention in recent years due to its 

potential applications in plant science (61). 

Blockchain technology along with AI can 

revolutionize the way plant science research is 

conducted, data is managed, and collaborations are 

established (40). One of the biggest challenges in 

plant science research is the lack of transparency 

and trust in data sharing and collaboration (25). 

Researchers often face difficulties in accessing and 

verifying data, which hindering progress and slows 

scientific discoveries. Blockchain technology can 

address these challenges by providing a secure and 

immutable platform for storing, sharing, and 

verifying data (5, 33). Moreover, blockchain 

technology can help combat counterfeit seeds or 

plants by providing a tamper-proof record of their 

origin and authenticity. This is important in plant 

breeding programs where maintaining the integrity 

of genetic resources is essential for development of 

new varieties (21). 

3-D Printing 

3-D printing also known as additive manufacturing, 

is a revolutionary technology that has attracted 

significant attention in various fields, including 

plant science . When it comes to the intersection of 

3-D printing and plant science, AI plays a key role 

in enhancing the capabilities and applications of 

this technology (26). 

 Tissue engineering and organogenesis: one of 

the key applications of 3-D printing in plant 

science is tissue engineering and organogenesis 

(38). Using AI algorithms, scientists can design 

and create complex structures that mimic the 

architecture of plant tissues and organs (34) . 

 Precision agriculture: another area where 3-D 

printing intersects with AI in plant science is 

precision agriculture (16). Precision 

agriculture’s aim is to optimize crop production 

by monitoring and managing agricultural 

practices using data-driven approaches (16, 42). 

By integrating AI algorithms with 3-D printing 

technology, farmers can create tools and 
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equipment customized to the specific 

requirements of their crops (11). 

 Plant micropropagation: plant 

micropropagation, also known as tissue culture, 

is a technique for rapidly propagate plants in a 

controlled environment. The combination of 3-

D printing and AI could revolutionize this 

process by enabling the production of 

customized growing media and plant culture 

containers (38). 

Machine learning 

Machine learning in plant science is a rapidly 

growing field that uses AI techniques to analyze 

and interpret complex biological data related to 

plants (35). By applying machine learning 

algorithms to large datasets, researchers can 

uncover patterns that make predictions and gain 

insights into various aspects of plant biology 

including plant growth, development, disease 

resistance, and crop yield optimization (36). This 

integration of machine learning and plant science 

has the potential to revolutionize agriculture and 

contribute to sustainable food production  (34).One 

of the primary applications of machine learning in 

plant science is in plant phenotyping (36, 39). 

Phenotyping involves the measurement and 

analysis of observable traits and characteristics of 

plants, such as leaf area, height, biomass, and 

photosynthetic efficiency . Traditionally, 

phenotyping has been a labor-intensive and time-

consuming process (62). However, with the advent 

of machine learning techniques, it is now possible 

to automate and simplified this process (13). 

Machine learning algorithms can be trained on 

large datasets of plant images or sensor data 

collected from various sources such as drones, 

satellites, and field sensors (6). From these data 

sources, these algorithms have the capability to 

recognize patterns and extract valuable information 

(3). For example, convolutional neural networks 

(CNNs) a type of deep learning algorithm, have 

been successfully used to classify different plant 

species based on images of leaves. By analyzing 

thousands of leaf images with known species 

labels, CNNs can learn to identify key features that 

distinguish one species from another (12). Machine 

learning can help in the optimization of crop 

management practices. Algorithms can identify 

optimal planting dates, irrigation schedules, and 

fertilizer application rates by analyzing large data 

sets that include information on soil properties, 

weather conditions, and crop performance (4). 

Machine learning techniques are also being applied 

to plant genomics and transcriptomics. Genomic 

data provide valuable insight into the genetic basis 

of plant traits and responses to environmental 

stimuli (36). Machine learning algorithms can 

analyze genomic data to identify genes associated 

with specific traits and predict gene functions . 

Similarly, machine learning can analyze 

transcriptomic data that captures pattern of gene 

expression under diverse circumstances to 

understand how plants respond to various stresses 

and treatments (8, 56) In the context of plant 

science, machine learning algorithms are employed 

in plant sciences to analyze plant-related data, such 

as genomic information, phenotypic traits, 

environmental factors, and agronomic practices to 

gain insights about plant biology, improve crop 

yield and quality, and optimize agricultural 

practices (35). 

Supervised learning algorithms 

Supervised learning algorithms are widely used in 

plant science to build predictive models based on 

labeled training data (19). These algorithms learn 

from input-output pairs and can be used for tasks 

such as plant disease diagnosis, yield prediction, 

and crop classification. Supervised learning 

algorithms commonly used in plant science include: 

 SVM: SVM is a powerful algorithm that can be 

used for both classification and regression tasks 

(47). 

 Random Forests: Random Forest is an ensemble 

learning method that combines multiple decision 

trees to make predictions. Each tree is trained with 

a random subset of the training data and features to 

reduce overfitting and improve generalization . 

 Gradient Boosting: Gradient Boosting is another 

ensemble learning technique that combines 

multiple weak learners (usually decision trees) to 

build a powerful predictive model. It has been 

successfully used in plant science for tasks such as 

predicting crop yields, diagnosing diseases, and 

predicting traits (2). 

Unsupervised learning algorithms 

Unsupervised learning algorithms are used to 

discover patterns and structures in unlabeled data 

without using predefined outputs (22). These 

algorithms are particularly useful in plant science 

for tasks such as clustering similar plants, 

identifying hidden patterns in gene expression data, 

and discovering new plant traits. Some common 

unsupervised learning algorithms used in plant 

science include: 

 K-means Clustering: K-means clustering is a 

common algorithm used to partition data into a 

specified number of clusters (29). The aim is to 

minimize the distance between data points 

within each cluster while maximizing the 

distance between different clusters. K-means 

clustering is used in plant science for tasks such 

as plant phenotyping, genotypic clustering, and 

trait recognition (35). 
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 PCA: PCA is a dimensionality reduction 

technique that transforms high-dimensional 

data into a low-dimensional space while 

preserving the most important information (14). 

PCA has been widely used in plant science for 

tasks such as gene expression analysis, trait 

visualization, and trait selection (32,59). 

 Self-Organizing Maps (SOM): SOM are a type 

of artificial neural network (ANN) that learns 

to map high-dimensional input data onto a low-

dimensional network grid of nodes or neurons 

(9,43). SOMs are used in plant science for tasks 

such as gene expression analysis, phenotypic 

mapping, and genotype-phenotype association 

studies (18). 

Conclusion 

In conclusion, the integration of AI into plant 

sciences has ushered in a transformative era. It has 

opened up new avenues for understanding and 

managing plant life, which is useful for ecological 

research, biodiversity conservation, disease 

detection, crop breeding, and sustainable 

agriculture. The potential of AI in this field is 

immense, but it comes with the responsibility of 

refining AI models for robustness and addressing 

ethical considerations. As we navigate this exciting 

journey, interdisciplinary collaboration remains the 

cornerstone that guides us toward a future that is 

not only more sustainable but also more food-

secure. AI in plant sciences represents a powerful 

tool in our quest to feed a growing global 

population while preserving our environment. 

 

References 

1.Aditya Shastry K, Sanjay H. Data Analysis and 

Prediction Using Big Data Analytics in 

Agriculture. In: Pattnaik P, Kumar R, Pal S, 

editors. Internet of Things and Analytics for 

Agriculture. Singapore: Springer; 2020.   

2.Alloghani M, Al-Jumeily D, Mustafina J, Hussain 

A, Aljaaf AJ. A Systematic Review on Supervised 

and Unsupervised Machine Learning Algorithms 

for Data Science. In: Berry M, Mohamed A, Yap B, 

editors. Supervised and Unsupervised Learning for 

Data Science. Cham: Springer; 2020.  

3.Ale L, Sheta A, Li L, Wang Y, Zhang N. Deep 

Learning Based Plant Disease Detection for Smart 

Agriculture.   

4.Ansari MHD, Santosh L, Raviraj MK, Srivastava 

PL, Pandit V, Gade S, et al. Recent Advances in 

Plant Nanobionics and Nanobiosensors for 

Toxicology Applications. Curr 

Nanosci. 2020;16:27–41. 

5.Astill J, Dara RA, Campbell M, Farber JM, 

Fraser EDG, Sharif S, et al. Transparency in food 

supply chains: A review of enabling technology 

solutions. Trends Food Sci Technol. 2019;91:240–

7.  

6.Azlah MAF, Chua LS, Rahmad FR, Abdullah FI, 

Wan Alwi SR. Review on Techniques for Plant 

Leaf Classification and 

Recognition. Computers. 2019;8:77. 

7.Badawy MEI, Rabea EI. A Biopolymer Chitosan 

and Its Derivatives as Promising Antimicrobial 

Agents against Plant Pathogens and Their 

Applications in Crop Protection. Int J Carbohydr 

Chem. 2011;2011:460381.  

8.Cembrowska-Lech D, Krzemińska A, Miller T, 

Nowakowska A, Adamski C, Radaczyńska M, et 

al. An Integrated Multi-Omics and Artificial 

Intelligence Framework for Advance Plant 

Phenotyping in Horticulture. Biology 

(Basel). 2023;12:1298. 

9.Chon TS. Self-Organizing Maps applied to 

ecological sciences. Ecol Inform. 2011:6:50–61.  

10.Cravero A, Bustamante A, Negrier M, Galeas 

P. Agricultural Big Data Architectures in the 

Context of Climate Change: A Systematic 

Literature Review. Sustainability. 2022;14:7855.  

11.Dijk ADJv, Kootstra G, Kruijer W, Ridder Dd. 

Machine learning in plant science and plant 

breeding. iScience. 2020;24:101890.  

12.Durai SKS, Shamili MD. Smart farming using 

Machine Learning and Deep Learning 

techniques. Decis Anal J. 2022;3:100041. 

13.Elbasi E, Zaki C, Topcu AE, Abdelbaki W, 

Zreikat AI, Cina E, et al. Crop Prediction Model 

Using Machine Learning Algorithms. Appl 

Sci. 2023;13:9288.  

14.Elhaik E. Principal Component Analyses 

(PCA)-based findings in population genetic studies 

are highly biased and must be reevaluated. Sci 

Rep. 2022;12:14683.  

15.Esposito S, Carputo D, Cardi T, Tripodi 

P. Applications and Trends of Machine Learning in 

Genomics and Phenomics for Next-Generation 

Breeding. Plants (Basel). 2019;9:34.  

16.Fragassa C, Vitali G, Emmi L, Arru M. A New 

Procedure for Combining UAV-Based Imagery and 

Machine Learning in Precision 

Agriculture. Sustainability. 2023;15:998. 

17.Garske B, Bau A, Ekardt F. Digitalization and 

AI in European Agriculture: A Strategy for 

Achieving Climate and Biodiversity 

Targets? Sustainability. 2021;13:4652. 

18.Ganesan N, Tauro CJ. A study of Applications 

of Fuzzy Logic in Various Domains of Agricultural 

Sciences. IJCA. 2015;975:8887. 

19.Gaye B, Zhang D, Wulamu A. Improvement of 

Support Vector Machine Algorithm in Big Data 

Background. Math Prob Eng. 2021;2021:5594899.  

20.Hassani E, Huang H, Silva X. Big data and 

climate change. BDCC. 2019;3:12.  



Vidyabharati International Interdisciplinary Research Journal (Special Issue)                            ISSN 2319-4979 

 

National Conference on Multidisciplinary Perspectives In Artificial Intelligence                                   

(NCMPAI-2025) November 11, 2025                    250 

21.Habib G, Sharma S, Ibrahim S, Ahmad I, 

Qureshi S, Ishfaq M. Blockchain Technology: 

Benefits, Challenges, Applications, and Integration 

of Blockchain Technology with Cloud 

Computing. Future Internet. 2022;14:341.  

22.Jayalakshmi V, Reddy AL, Devi SR, Imran 

MM. Genetic diversity study through K-Means 

clustering in germplasm accessions of chickpea 

(Cicer arietinum L.). EJPB. 2023;13:1402–7.  

23. Javaid M, Haleem A, Khan IH, Suman 

R. Understanding the potential applications of 

Artificial Intelligence in Agriculture Sector. Adv 

Agron. 2023;2:15–30.  

24.Javaid M, Haleem A, Singh RP, Suman 

R. Enhancing smart farming through the 

applications of Agriculture 4.0 

technologies. IJIN. 2022;3:150–64.  

25.Jakku E, Taylor B, Fleming A, Mason C, Fielke 

S, Sounness C, et al. “If they don’t tell us what they 

do with it, why would we trust them?” Trust, 

transparency and benefit-sharing in Smart 

Farming. NJAS. 2019;90–1:100285.  

26.Kalyan BGP, Kumar L. 3D Printing: 

Applications in Tissue Engineering, Medical 

Devices, and Drug Delivery. AAPS 

PharmSciTech. 2022;23:92.  

27.Kamyab H, Khademi T, Chelliapan S, 

SaberiKamarposhti M, Rezania S, Yusuf M, et 

al. The latest innovative avenues for the utilization 

of artificial Intelligence and big data analytics in 

water resource 

management. RINENG. 2023;20:101566.  

28.Khiarak JN, Valizadeh-Kamran R, Heydariyan 

A, Damghani N. Big data Analysis in Plant Science 

and Machine Learning Tool Applications in 

Genomics and Proteomics. IJCSE. 2018;4:23–31.  

29.Lever J, Krzywinski M, Altman N. Principal 

component analysis. Nat Methods. 2017;14:641–2.  

30.lgado J, Short NM, Roberts DP, Vandenberg 

B. Big Data Analysis for Sustainable Agriculture 

on a Geospatial Cloud 

Framework. FSUFS. 2019;3:54.  

31.Ma C, Zhang HH, Wang X. Machine learning 

for Big Data analytics in plants. Trends Plant 

Sci. 2014;19:798–808. 

32.Mishra D, Dash R, Rath AK, Acharya 

M. Feature selection in gene expression data using 

principal component analysis and rough set 

theory. Adv Exp Med Biol. 2011;696:91–100.  

33.Mohammad A, Vargas S. Challenges of Using 

Blockchain in the Education Sector: A Literature 

Review. Appl Sci. 2022;12:6380. 

34.Mehrotra S, Kumar S, Srivastava V, Mishra T, 

Mishra BN. 3D Bioprinting in Plant Science: An 

Interdisciplinary Approach. Trends Plant 

Sci. 2020;25:9–13.  

35.Mostafa S, Mondal D, Panjvani K, Kochian L, 

Stavness I. Explainable deep learning in plant 

phenotyping. Front Artif Intell. 2023;6:1203546.  

36.Najafabadi MY, Hesami M, Eskandari 

M. Machine Learning-Assisted Approaches in 

Modernized Plant Breeding Programs. Genes 

(Basel). 2023;14:777.  

37.Nasnodkar S, Cinar B, Stephanie N. Artificial 

intelligence in toxicology and pharmacology. J Eng 

Res Rep. 2023;25:192–206.  

38.Nath SD, Nilufar S. An Overview of Additive 

Manufacturing of Polymers and Associated 

Composites. Polymers (Basel). 2020;12:2719.  

39.Oltis PS, Nelson G, Zare A, Meineke EK. Plants 

meet machines: Prospects in machine learning for 

plant biology. Appl Plant Sci. 2020;8:e11371.  

40.Patil AS, Tama BA, Park Y, Rhee KH. A 

framework for blockchain based secure smart green 

house farming. In: Park J, Loia V, Yi G, Sung Y, 

editors. Advances in Computer Science and 

Ubiquitous 

Computing. Singapore: Springer; 2017.   

41.Paudel N, Rai M, Adhikari S, Thapa A, Bharati 

S, Maharjan B, et al. Green Extraction, 

Phytochemical Profiling, and Biological Evaluation 

of Dysphania ambrosioides: An In Silico and In 

Vitro Medicinal Investigation. J Herbs Spices Med 

Plants. 2023;30:97–114. 

42.Punithavathi R, Rani ADC, Sughashini KR, 

Kurangi C, Nirmala M, Ahmed HFT, et 

al. Computer Vision and Deep Learning-enabled 

Weed Detection Model for Precision 

Agriculture. Comput Syst Sci Eng. 2023;44:2759–

74.  

43.Rahaman MM, Chen D, Gillani Z, Klukas C, 

Chen M. Advanced phenotyping and phenotype 

data analysis for the study of plant growth and 

development. Front Plant Sci. 2015;6:619.  

44.Rudin C, Chen C, Chen Z, Huang H, Semenova 

L, Zhong C. Interpretable machine learning: 

Fundamental principles and 10 grand 

challenges. Statist Surv. 2022;16:1–85.  

45.Roper JM, Garcia JF, Tsutsui H. Emerging 

Technologies for Monitoring Plant Health in 

Vivo. ACS Omega. 2021;6:5101–7.  

46.Ryan M, Isakhanyan G, Tekinerdogan B. An 

interdisciplinary approach to artificial intelligence 

in agriculture. NJAS. 2023;95:2168568.  

47.Sarker IH. Machine Learning: Algorithms, Real-

World Applications and Research Directions. SN 

Comput Sci. 2021;2:160.  

48.Shoaib M, Shah B, Ei-Sappagh S, Ali A, Ullah 

A, Alenezi F, et al. An advanced deep learning 

models-based plant disease detection: A review of 

recent research. Front Plant Sci. 2023;14:1158933 



Vidyabharati International Interdisciplinary Research Journal (Special Issue)                            ISSN 2319-4979 

 

National Conference on Multidisciplinary Perspectives In Artificial Intelligence                                   

(NCMPAI-2025) November 11, 2025                    251 

49.Shah V, Konda SR. Neural Networks and 

Explainable AI: Bridging the Gap between Models 

and Interpretability. IJCST. 2021;5:163–76.  

50. Singh AV, Chandrasekar V, Janapareddy P, 

Mathews DE, Laux P, Luch A, et al. Emerging 

Application of Nanorobotics and Artificial 

Intelligence To Cross the BBB: Advances in 

Design, Controlled Maneuvering, and Targeting of 

the Barriers. ACS Chem Neurosci. 2021;12:1835–

53.  

51. Singh AV, Rosenkranz D, Ansari MHD, Singh 

R, Kanase A, Singh SP, et al. Artificial Intelligence 

and Machine Learning Empower Advanced 

Biomedical Material Design to Toxicity 

Prediction. Adv Intell Syst. 2020;2:202000084.  

52.Singh AV, Ansari MHD, Rosenkranz D, 

Maharjan RS, Kriegel FL, Gandhi K, et 

al. Artificial Intelligence and Machine Learning in 

Computational Nanotoxicology: Unlocking and 

Empowering Nanomedicine. Adv Healthc 

Mater. 2020;9:e1901862.  

53.Singh AV, Chandrasekar V, Paudel N, Laux P, 

Luch A, Gemmati D, et al. Integrative 

toxicogenomics: Advancing precision medicine and 

toxicology through artificial intelligence and 

OMICs technology.  Biomed Pharmacother.  2023; 

163:114784.  

54.Singh AV, Maharjan R, Kanase A, Siewert K, 

Rosenkranz D, Singh R, et al. Machine-Learning-

Based Approach to Decode the Influence of 

Nanomaterial Properties on Their Interaction with 

Cells. ACS Appl Mater Interfaces. 2021;13:              

1943–55.  

55.Singh RK, Prasad M. Big genomic data analysis 

leads to more accurate trait prediction in hybrid 

breeding for yield enhancement in crop 

plants. Plant Cell Rep. 2021;40:2009–11.  

56.Singh AV, Chandrasekar V, Laux P, Luch A, 

Dakua SP, Zamboni P, et al. Micropatterned 

Neurovascular Interface to Mimic the Blood–Brain 

Barrier’s Neurophysiology and Micromechanical 

Function: A BBB-on-CHIP 

Model. Cells. 2022;11:2801. 

57.Sishodia RP, Ray RL, Singh SK. Applications 

of Remote Sensing in Precision Agriculture: A 

Review. Remote Sens. 2020;12:3136.  

58.Talaviya T, Shah D, Patel N, Yagnik H, Shah 

M. Implementation of artificial intelligence in 

agriculture for optimisation of irrigation and 

application of pesticides and 

herbicides. AIIA. 2020;4:58–73.  

59.Vesanto J, Alhoniemi E. Clustering of the self-

organizing map. IEEE Trans Neural 

Netw. 2000;11:586–600 

60.Wang X, Li N, Li W, Gao X, Cha M, Qin L, et 

al. Advances in Transcriptomics in the Response to 

Stress in Plants. Glob Med Genet. 2020;7:30–4.  

61.Xiong H, Dalhaus T, Wang P, Huang 

J. Blockchain Technology for Agriculture: 

Applications and Rationale. Front 

Blockchain. 2020;3:7.  

62.Yang W, Feng H, Zhang X, Zhang J, Doonan 

JH, Batchelor WD, et al. Crop Phenomics and 

High-Throughput Phenotyping: Past Decades, 

Current Challenges, and Future Perspectives. Mol 

Plant. 2020;13:187–214.  

63.Yavuz Ozalp A, Akinci H, Zeybek 

M. Comparative Analysis of Tree-Based Ensemble 

Learning Algorithms for Landslide Susceptibility 

Mapping: A Case Study in Rize, 

Turkey. Water. 2023;15:2661.hang J, Gai M, 

Ignatov AV, Dyakov SA, Wang J, Gippius NA, et 

al. Stimuli-Responsive Microarray Films for Real-

Time Sensing of Surrounding Media, Temperature, 

and Solution Properties via Diffraction 

Patterns. ACS Appl Mater 

Interfaces. 2020;12:19080–91.

  

  

 


