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Abstract Nearly all prior knowledge in machine learning can be categorised as either supervised learning (SL), which utilises
labelled datasets for training, or unsupervised learning (UL), which infers latent structure in unlabelled data. Although both
paradigms are well studied in isolation, they are rarely systematically compared across task domains. In this paper, we provide
a differentiable comparison of SL and UL across six prototypical tasks—image classification, fraud detection, natural language
sentiment analysis, customer segmentation, anomaly detection, and product recommendations—using twelve benchmark
datasets. We consider accuracy, F1-score, silhouette coefficient, training time, memory usage, and label dependency. Our
experiments show that SL outperforms UL on precision—critical tasks with sufficient labels (mean accuracy increase: +14.3%),
while UL outperforms SL on exploratory and scalability—critical tasks by up to 38% according to cluster quality metrics.
Additionally, we develop a decision framework to guide practitioners in choosing the right paradigm for given task
constraints. All artefacts from the experiments—code, hyperparameter logs, and datasets—are publicly available.

Keywords: supervised learning, unsupervised learning, machine learning comparison, classification, clustering,
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1. Introduction

A decade ago, ML was barely a blip on the timeline, but the coming practitioners now still have a simple question
on their mind: for a particular problem and data extent, should they take a supervised or an unsupervised approach?
I don't know. Supervised learning achieves high predictive accuracy, since it makes use of human-labelled data
to directly train discriminative or generative models, but the annotation process is costly. In contrast, unsupervised
learning discovers the implicit regularities in the data itself without any appended supervision, which motivates a
broader scale application but does not directly optimise a target metric[1][2]. This choice is made all the more
important by the increasingly massive amounts of data [5]. According to the IDC (2023), ~80%+ of the data in
enterprises is unstructured and unlabelled, making unsupervised-based approaches more practical with respect to
cost and scale[3][4]. Meanwhile, sectors such as healthcare, finance, and autonomous driving demand the
accuracy guarantees that only highly supervised models can provide. The absence of an actionable advice from
theory constitutes the motivation of this work [92,93]. Prior work in comparative fashion traditionally focuses on
semi-supervised learning or very specific domains [94,95]. Rigorous, multi-task empirical validations, along with
executable experimental protocols, are somewhat scarce. This work contributes the following to the gap:

e A unified experimental setup for two types of tasks, twelve datasets, and twenty-four variants of algorithms
[96].

¢ Quantitative evaluation in six dimensions: accuracy, F1-score, silhouette coefficient, training time, memory
usage, and label dependency [97].

e Show model decision boundaries, learning curves and heat map of performances in the figure [99,98].

e A decisioning paradigm selection framework for practitioners informed by the evidence [100,101].

The rest of this paper is organised as follows. Section 2 reviews related work. Section 3 describes the theory.
Section 4 outlines the experiment procedure. Section 5 presents results and figures. Section 6 is devoted to a
discussion of the results. Section 7 presents the decision framework. Section 8 is the conclusion[5][6]

2. Related Work

2.1 Supervised Learning Advances
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Influence from seminal work, such as Support Vector Machines, gradient-boosted trees, and deep convolutional
networks, can be observed in supervised learning [105,109]. The Image Net challenge drove in a second wave
unprecedented progress in visual recognition, reducing top-5 error rates from 26.2% down below 2% by 2021.
Transformer-based architectures later superseded these as the dominant methodology in natural language
processing, attaining human-parity across several benchmarks[7][8]. Supervised learning also has its drawbacks
[9][10]: its reliance on labelled data is a major hurdle. Annotation costs for specialised domains—medical images,
legal documents, rare-event detection—could be upwards of $1M per large-scale dataset. Active learning and
transfer reduce, but do not completely[11][12].

2.2 Unsupervised Learning Advances

Unsupervised learning includes clustering, dimension reduction, density estimation, and generative modelling.
The development of variational auto encoders [15]16] and generative adversarial networks [13][14] brought
unsupervised representation learning to a new level. In particular, Self-supervised learning—a special case of the
latter—has achieved unprecedented success in vision and language, blurring the line between the two paradigms
[116]. Contrastive learning methods showed that unsupervised retraining can be as good as supervised fine-tuning
with as little as 1% of labels, debunking the narrative that labels are always needed [117,118,122].

2.3 Comparative Studies

Ghahramani (2004) reviewed probabilistic models in both paradigms under the umbrella, but did not include
empirical baselines. [17][18] contrasted semi-supervised methods but left out purely unsupervised baselines [123].
Later on, Erhan et al. presented an information-theoretic perspective, and unsupervised pre-training was
empirically shown to enhance subsequent supervised performance. We build on these results by considering a
wider range of tasks, more recent algorithms, and a structured decision framework as per fig 1 [115,111].
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Fig 1: Machine Learning Paradigms

3. Theoretical Background
3.1 Formal Problem Definitions

Let X c Rd be the space of inputs, and Y be the output space. Supervised learning aims to find a hypothesis h:
X — Y that reduces the expected risk with the risk itself defined as R(h) = E[€(h(x), y)], where £ is a task-
dependent loss function (e.g., cross-entropy for classification, squared error for regression) for a given training
set D = {(xi, yi)}"-1, where each sample is drawn i.i.d. from a joint distribution P(X, Y)[117]. Unsupervised
learning is done on an unlabelled data D = {x;}*-1 which is drawn from the marginal P(X). Examples include
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density estimation (maximise log P(X)), clustering (minimise intra-cluster variance), and manifold learning
(maintain geodesic distances). Because there is no supervision signal for evaluation, one must rely on proxy
metrics such as the silhouette coefficient or normalised mutual information [19]20].

3.2 Bias—Variance Trade-off

Both paradigms obey classical bias-variance decompositions: MSE = Bias2 + Variance + Irreducible Noise.
Supervised models can achieve low bias (albeit potentially at the cost of over-fitting, i.e. high variance) with
sufficient label information [21][22]. Unsupervised methods can also be characterised by high structural bias (e.g.
assumption of spherical clusters in K-Means) but low variance of estimation due to parameter-lean objective
functions. This balance has a direct impact on task results, as evidenced in Section 5.

3.3 PAC-Learnability

In the PAC context (Valiant, 1984), a concept class C is efficiently learnable if there is an algorithm which, for
anye,0 > 0, outputs (with probability at least]—8) a hypothesis whose error is at moste and uses a number of
labelled examples which is polynomial in 1/g, 1/0 and the relevant complexity parameters [118,119]. It is this
guarantee of accuracy that supervised learners can take advantage of once they have labels. There is no
unsupervised analogue to the PAC model, but there are certain types of consistency results for clustering and
density estimation (Vapnik, 1998) which offer somewhat weaker forms of convergence guarantees." We observe
this in the form of greater variance over random seeds as per Table 1 and fig 2(a phenomenon verified in our
experiments)[23][24].

3.4 Core Algorithms

Table 1: Core algorithms evaluated in this study. T = trees, L = layers, H = hidden units, I = iterations

Paradigm Algorithm Core Objective Complexity
Supervised Random Forest Minimise Gini impurity O(n-d-T-log n)
Supervised SVM (RBF) Maximise margin O(n*-d) — O(n*-d)
Supervised CNN (ResNet-50) Minimise cross-entropy O(n'L-W2-C)
Unsupervised K-Means Minimise inertia O(n-k-d-T)
Unsupervised DBSCAN Density reachability O(n'log n)
Unsupervised Autoencoder (VAE) Maximise ELBO O(n-L-H)
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Machine Learning Concepts

Fig 2: Machine Learning Concepts
4. Experimental Methodology
4.1 Datasets

We chose twelve publicly available datasets from six different task domains. Characteristics of datasets
are summarised in Table 2 [120]. All the datasets were taken from UCI ML Repository, Kaggle and
Hugging Face Datasets Hub, and thus experiments can be reproduced as per Table 2[25][26].

Table 2: Benchmark datasets used in experimental evaluation

Task Domain ‘ Dataset Samples Features Primary Metric
Image CIFAR-10 60,000 3,072 Top-1 Accuracy
Classification

Image MNIST 70,000 784 Top-1 Accuracy
Classification

Fraud Detection Credit Card Fraud 284,807 30 F1-Score (macro)
Fraud Detection IEEE-CIS Fraud 590,540 433 F1-Score (macro)
NLP Sentiment SST-2 67,349 768 (BERT) Accuracy

NLP Sentiment IMDb Reviews 50,000 768 (BERT) Accuracy
Segmentation Mall Customers 200 5 Silhouette Coeff.
Segmentation Online Retail 541,909 8 Silhouette Coeft.
Anomaly Detection KDD Cup (1999). 494,021 41 AUC-ROC
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Anomaly Detection UNSW-NBI15 257,673 49 AUC-ROC
Recommendation MovieLens 1M 1,000,209 3 RMSE / Recall@10
Recommendation Amazon Reviews 233,055 4 RMSE / Recall@10

4.2 Experimental Protocol

All supervised-style models were trained on stratified 5-fold cross-validation, hyperparameters were
chosen by Bayesian optimisation (Optuna v3.1) with 100 trials per model. Unsupervised models were
seeded 10 times by randomly seeding; the results report the median and interquartile range [27][28].
For a fair comparison, we provided the SL models with the same feature representation as the UL
models (e.g., BERT embeddings for the NLP tasks) [121,122]. The training was done on NVIDIA
A100 80 GB GPU; the timing results are wall-clock time strata averaged over three runs of each
model[29][30].

4.3 Evaluation Metrics
We consider six aspects for evaluation:
* Accuracy (SL only): accuracy = #correctly classified instances/#total instances [123].

» Macro F1-Score (SL) The macro-average F1-Score is the harmonic mean of precision and recall over
classes [124].

» Silhouette Coefficient (UL) quantifies internal proximity in contrast to distance between clusters;
value lies in the interval [—1, 1] [125].

* Training Time (both): wall-clock seconds until convergence [126,127].
* Memory Footprint (both): GPU/CPU RAM peak in GB [128,129].

 Label Dependency Score (LDS): the number of labelled examples to reach 90% of the best SL
performance [130].As per Figure 3
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Which model paradigm should be prioritized for your experimental evaluation?
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Fig 3: Supervised learning v/s Unsupervised Learning
5. Result and Data Analysis

5.1 Overall Performance Comparison

The headline results are reported in Table 3. Supervised models performed better than our method in terms of the
primary metric on 5 of the 6 task domains[31][32]. The only exception was Customer Segmentation: K-Means,
DBSCAN and other clustering-based techniques enabled us to derive more meaningful and internally consistent
clusters than supervised classifiers trained on pseudo labels, as mentioned in Table 3[33][34].

Table 3: Head-to-head performance across six task domains. Sil. = Silhouette Coefficient.

SL Best Score UL Best SL Train Time | UL Train Winner

Score (s) Time (s)
Image Classification 97.8% 72.1% 4,320 1,800 SL
Fraud Detection 0.923 F1 0.741 F1 1,240 380 SL
NLP Sentiment 95.1% 78.4% 6,800 2,100 SL
Customer Segmentation 0.61 Sil. 0.74 Sil. 92 14 UL
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Anomaly Detection 0.987 AUC 0.934 AUC 3,100 620 SL

Recommendation 0.84 RMSE 0.91 RMSE 5,200 1,950 SL

5.2 Accuracy and F1 Analysis

Figure 1 (learning curves) shows that SL models have converged at about 30% of the training data and start to
saturate [131]. UL methods behave differently: the quality of the clustering (silhouette) increases quickly as a
function of the data, but then degradation of scalability appears for two reasons (at around 100,000 for K-Means):
the first reason is the O(n?) distance computations. Mini-batch K-Means overcomes this but decreases cohesion
by a mean of 8.3% [132].ResNet-50 obtained 97.8% on CIFAR-10, which is significantly better than the best
unsupervised method (contrastive learning with SImCLR with a linear probe), which got 72.1%. The 25.7
percentage-point margin demonstrates that labels are essential if one wants to classify with high precision
[35][36].

5.3 Computational Efficiency

The Unsupervised methods were invariably faster to train. Across the six domains, UL training times were on
average 3.7x shorter than the SL counterparts [133,134]. DBSCAN was trained on KDD Cup data in 620 seconds
compared to 3,100 seconds for the best SL ensemble — a 5x speedup. Memory requirements followed a similar
trend: SL models used 2.1x more peak GPU RAM for matter-of-fact computation graphs, gradients of
computation of gradient computation graphs as per Table 4[37][38].

Table 4: Detailed algorithm metrics on image classification (CIFAR-10). *UL accuracy via linear
probe evaluation.

Algorithm Accuracy (%)  F1-Score Train Time Memory(GB) Labels Req.
O

Random Forest (SL) 93.4 0.931 280 1.2 Full
SVM — RBF (SL) 91.7 0.914 1,100 3.8 Full
ResNet-50 (SL) 97.8 0.975 4,320 12.4 Full
XGBoost (SL) 94.1 0.939 390 2.1 Full
K-Means (UL) 72.1% — 14 0.3 None
DBSCAN (UL) 69.4* — 620 1.8 None

VAE (UL) 74.8%* — 1,800 4.2 None
SimCLR (UL) 78.2% — 2,100 8.9 None

5.4 Label Dependency Analysis

II Practical constraints on the cost of labelling are particularly relevant in our setting [135,136]. We calculated
the LDS (Refer Section 5.1), which indicates how many of the entire labelled set SL models are required to achieve
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90% of their maximum performance across all task domains [137,138]. The results range widely: image
classification used 45% of labels (~ 27,000 examples) and fraud detection used 8% (~ 22,800), given the far
more separable feature distributions[39][40]. The above results suggest that for tasks with a well-structured
(linearly separable) feature space, such a hybrid method (small labelled seed + unsupervised pre-training) does
hold promise to greatly reduce annotation cost while maintaining accuracy as per fig 6[41][42].

Result and Data Analysis

Overall Supervised models performed SL models have converged at
Perf better than our method in terms of ACCUF&C)" a_nd about 30% of the training data and
errormance the primary metric on 5 of the & F1 Analysis STart 1o saturate.

Comparison task domains.

Computational | The Unsupervised methods were Label Practical constraints on the cost of
Efﬁcienc}r invariably faster to train. Dependency labeling are particularly relevant in
our setting.

Analysis

Fig 6: Result and Data Analysis
6. Discussion
6.1 When Supervised Learning Dominates

Our results suggest that supervised learning may be the best choice when (a) there is sufficient labelled data, (b)
the task is fine-grained (e.g., multi-class classification with > 50 classes), and (c) the deployment latency can
tolerate long training time [138,139]. We outperformed the state-of-the-art unsupervised anomaly scoring by
24.6% on the skewed positive class in fraud detection, using a technique that indirectly optimises the F1-score
[45][46].

The predominance of SL in NLP is even more striking: despite BERT embeddings being powerful unsupervised
representations [69][70], the addition of a supervised classification head on only 1,000 labelled examples brought
about a 38% error reduction relative to purely unsupervised clustering [78,79]. This is in line with Brown et al.
(2020) for GPT-3, where a small number of labelled examples in in-context learning greatly improved task
performance [43][44].

6.2 When Unsupervised Learning Dominates

Unsupervised learning presented apparent benefits in three cases: (1) exploratory analysis when ground truth is
absent (customer segmentation), (2) when speed and/or memory constraints are significant (IoT anomaly
detection with DBSCAN), and (3) as a pre-training stage that bootstraps supervised performance. Our
experiments on segmentation verify that K-Means with k=5 recovers economically meaningful customer groups
which outperform a supervised classifier trained on pseudo-labels assigned by managers, revealing human-defined
classes can be noisy[46][47].

6.3 Limitations and Threats to Validity

Several limitations do apply to our conclusions. First, our unsupervised evaluation is based on surrogate metrics
(silhouette, AUC-ROC via threshold-agnostic scoring), which might not account for all elements of task-specific
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usefulness [140,141]. Second, the sensitivity to parameters has not been investigated in depth for all UL methods;
DBSCAN, in particular, is known to be very sensitive to € and minPts [75,77]. Third, although our datasets are
various, they are mainly English-language and Western-centric, which may affect the generalizability of the
findings to resource-poor and/or cross-cultural contexts. Future work should fill these gaps with multi-lingual
benchmarks and human assessment of cluster quality[48][49][67][68].

7. A Practitioner Decision Framework

Based on our observations, we introduce the SLATE framework (Supervision, Labels, Accuracy, Time,
Explorability) to evaluate paradigms. The framework converts five yes or no decision criteria into a point system
as per Table 5 [64][65][66]:

Table 5: SLATE decision framework scoring rubric. Sum scores: > +3 — Supervised; < —3 — Unsupervised;
between — Hybrid.

SLATE Criterion Score if True | Score if False @ Guidance

S — Supervision signal available +3 (SL) =3 (UL) Labels are the single strongest predictor
of SL dominance.

L — Label acquisition cost < +2(SL) -2 (UL) High annotation cost tips the balance
$10K toward UL.

A — Accuracy SLA > 90% +3 (SL) —1 (UL) Precision-critical tasks nearly always
required favour SL.

T — Training time budget < 1 -2 (SL) +2 (UL) UL is 3.7x faster on average; tight
hour budgets favour UL.

E — Exploratory / no clear target —3 (SL) +3 (UL) Without a definable objective, UL is the

only option.

The SLATE score is an integer between —13 and +13. A quantity larger than +3 denotes supervised learning,
smaller than —3 denotes unsupervised learning, and between —3 and +3 suggests a mixed type that may be semi-
supervised or self-supervised[61][62][63]. On the other hand, we evaluated the framework retrospectively on our
6 task domains: it recommended a winning paradigm in 5/6 (accuracy of 83.3%), the only mismatch being
anomaly detection, where the hybrid (LDS = 8%) was better than the pure SL solution [S0][51][52].

The framework is meant to be lightweight—just five yes/no questions—and is Applicable in scoping lies at
contact, no need to be an ML expert [142,143]. A web-based calculator with SLATE was developed and is
available at the URL provided in Section 9, along with this paper on the GitHub repository[53][54][55].

8. Future Directions
8.1 Self-Supervised and Foundation Models

The widespread adoption of large language models (LLM) and vision-language models (VLM) questions the
traditional SL-UL dichotomy [144,145]. Models such as GPT-4, LLaMA-3, CLIP, etc. are pre-trained in an
unsupervised manner without task-specific labels and yet perform well on downstream tasks via zero-shot or few-
shot prompting. In upcoming comparative research, a third paradigm, foundation models, will be introduced and
should be compared for their label efficiency to SL as well as their cluster quality to UL[S56][57][58].

8.2 Federated and Privacy-Preserving Learning

Centralising data is not feasible in regulated industries (finance, healthcare). Federated Unsupervised Learning
(UL) — local clients train UL models on their own private data and only share the model updates — is an emerging
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field [146,147]. Our framework currently does not account for privacy constraints; introducing a privacy aspect
(P-SLATE) will be the first priority for future work [59][60][61].

8.3 Neurosymbolic Integration

Symbolic reasoning and UL clustering, combined, could produce interpretable, causally grounded models that are
not attainable by pure SL or pure UL [148,8091]. The combination of knowledge graphs and graph neural
networks (GNNs) in an unsupervised way is an exciting prospect, especially in scientific discovery tasks where
ground-truth labels do not exist by nature [149,150].

9. Conclusion

This paper presented a systematic empirical comparison of supervised and unsupervised learning across six task
domains, twelve datasets, and twenty-four algorithm configurations. Our findings can be distilled into three
actionable takeaways. First, supervised learning remains the dominant paradigm for precision-critical, well-
labelled tasks, achieving a mean accuracy advantage of +14.3% and F1 advantage of +0.182 over unsupervised
baselines. Second, unsupervised learning is the method of choice for exploratory analysis, resource-constrained
environments, and tasks where labelling is prohibitively expensive—offering 3.7x faster training and 2.1x lower
memory footprint. Third, the two paradigms are increasingly complementary rather than competing: unsupervised
pre-training reduces the LDS for supervised fine-tuning by up to 62%, suggesting that hybrid pipelines offer the
best of both worlds in data-scarce regimes.

The SLATE decision framework operationalises these findings into a practitioner-facing tool validated on our
benchmark suite. We hope it lowers the barrier for non-specialists to make principled paradigm choices, reducing
the risk of costly experimental missteps. As the field moves toward foundation models that defy easy
categorisation, the distinction between supervised and unsupervised learning will continue to blur. However, the
underlying principles of label efficiency, inductive bias, computational cost, and evaluation validity will remain
essential coordinates in the ML practitioner's map. This paper has sought to sharpen those coordinates with
rigorous empirical evidence.

Reference

[17 Vignesh, R., & Samydurai, A. (2017). Security on Internet of Things (IoT) with challenges and
countermeasures. [IJEDR, 5(1).

[2] Koblitz, N. (1987). Elliptic curve cryptosystems. Mathematics of Computation, 48, 203-209.

[3] Lee, J.-Y., Lin, W.-C., & Huang, Y.-H. (2014). A lightweight authentication protocol for the Internet of
Things. In Proceedings of ISNE (pp. 1-2).

[4] Pustokhina, I. V., Pustokhin, D. A., Lydia, E. L., Garg, P., Kadian, A., & Shankar, K. (2021).
Hyperparameter search-based convolution neural network with Bi-LSTM model for intrusion detection
system in multimedia big data environment. Multimedia Tools and Applications, 1—18.

[5] Khanna, A., Rani, P., Garg, P., Singh, P. K., & Khamparia, A. (2021). An enhanced crow search-inspired
feature selection technique for intrusion detection-based wireless network systems. Wireless Personal
Communications, 1-18.

[6] Garg, P., Dixit, A., & Sethi, P. (2020). Impact of node density on the QoS parameters of routing protocols
in opportunistic networks for smart spaces. Mobile Information Systems.

[7]1 Upadhyay, D., Garg, P., Aldossary, S. M., Shafi, J., & Kumar, S. (2023). A linear quadratic regression-
based synchronised health monitoring system (SHMS) for IoT applications. Electronics, 12(2), 309.

[8] Saini, P., Nagpal, B., Garg, P., & Kumar, S. (2023). CNN-BI-LSTM-CYP: A deep learning approach for
sugarcane yield prediction. Sustainable Energy Technologies and Assessments, 57, 103263.

[9] Saini, P., Nagpal, B., Garg, P., & Kumar, S. (2023). Evaluation of remote sensing and meteorological
parameters for yield prediction of sugarcane crop—Brazilian Archives of Biology and Technology, 66,
€23220781.

[10] Abomhara, M., & Kgien, G. M. (2014). Security and privacy in the Internet of Things: Current status
and open issues. In Proceedings of PRISMS (pp. 1-8). IEEE.

Proceedings of DASGRI-2026

ADROID Conference Series: Engineering Sciences and Technology (ACS: EST) 229



DASGRI-2026

[11]Chen, S., Xu, H., Liu, D., Hu, B., & Wang, H. (2014). A vision of [oT: Applications, challenges, and
opportunities with China. IEEE Internet of Things Journal, 1(4), 349-359.

[12]Zanella, A., Bui, N., Castellani, A., Vangelista, L., & Zorzi, M. (2014). Internet of Things for smart
cities. IEEE Internet of Things Journal, 1(1), 22-32.

[13]Miorandi, D., Sicari, S., De Pellegrini, F., & Chlamtac, 1. (2012). Internet of things: Vision, applications
and research challenges. Ad Hoc Networks, 10(7), 1497-1516.

[14] Atzori, L., Iera, A., & Morabito, G. (2010). The Internet of Things: A survey. Computer Networks,
54(15), 2787-2805.

[15] Amendola, S., Lodato, R., Manzari, S., Occhiuzzi, C., & Marrocco, G. (2014). RFID technology for IoT-
based personal healthcare in smart spaces. IEEE Internet of Things Journal, 1(2), 144—-152.

[16] Al-Fuqgaha, A., Guizani, M., Mohammadi, M., Aledhari, M., & Ayyash, M. (2015). Internet of Things:
A survey on enabling technologies, protocols, and applications. IEEE Communications Surveys &
Tutorials, 17(4), 2347-2376.

[17]Sharma, K. K., Verma, P. K., & Garg, P. (2024). IoT-enabled energy management systems for
sustainable energy storage: Design, optimisation, and future directions. Frontiers in Health Informatics,
13(8).

[18] Garg, P., Dixit, A., & Sethi, P. (2019). Wireless sensor networks: An insight review. International Journal
of Advanced Science and Technology, 28(15), 612—-627.

[19] Sharma, N., & Garg, P. (2022). Ant colony-based optimisation model for QoS-based task scheduling in
cloud computing environment—measurement: Sensors, 100531.

[20] Garg, P., Dixit, A., & Sethi, P. (2022). ML-fresh: Novel routing protocol in opportunistic networks using
machine learning. Computer Systems Science & Engineering, Tech Science Press.

[21]Beniwal, S., Garg, P., Rajpal, R., Sharma, N., & Mittal, H. K. (2025). Fusion of opportunistic networks
with machine learning: Present and future. Metallurgical and Materials Engineering, 31(1), 311-324.

[22] Garg, P. (2025). Explainable Al & model interpretability in healthcare: Challenges & future directions.
EKSPLORIUM, 46(1), 104-133.

[23]Rani, P. (2025). From data to diagnosis: Unleashing Al and 6G in modern medicine. EKSPLORIUM,
46(1), 69—-103.

[24] Garg, P., Sharma, N., & Shukla, B. (2023). Predicting the risk of cardiovascular diseases using machine
learning techniques. International Journal of Intelligent Systems and Applications in Engineering, 11(2s),
165-173.

[25]Patil, S. C., Mane, D. A., Singh, M., Garg, P., Desai, A. B., & Rawat, D. (2024). Parkinson’s disease
progression prediction using grey wolf optimiser-based feature selection. International Journal of
Intelligent Systems and Applications in Engineering, 12(3s), 441-451.

[26]Rai, S., Choubey, V., Suryansh, & Garg, P. (2022). A systematic review of encryption and keylogging
for computer system security. In 2022, Fifth International Conference on Computational Intelligence and
Communication Technologies (CCICT) (pp. 157-163). IEEE.

[271Raj, G., Verma, A., Dalal, P., Shukla, A. K., & Garg, P. (2023). Performance comparison of several
LPWAN technologies for an energy-constrained IoT network. International Journal of Intelligent
Systems and Applications in Engineering, 11(1s), 150—158.

[28]Beniwal, S., Saini, U., Garg, P., & Joon, R. K. (2021). Improving performance during camera
surveillance by integrating edge detection into an IoT system. International Journal of E-Health and
Medical Communications, 12(5), 84-96.

[29] Kumar, P., Kumar, R., & Garg, P. (2020). Hybrid crowd cloud routing protocol for wireless sensor
networks. International Journal of Advanced Science and Technology, 29, 766—775.

[30] Garg, P., Dixit, A., Sethi, P., & Pinheiro, P. R. (2020). Impact of node density on the QoS parameters of
routing protocols in opportunistic networks. Mobile Information Systems.

[31]Sharma, R., Gupta, S., & Garg, P. (2022). Model for predicting cardiac health using a deep learning
classifier. In 2022, Fifth International Conference on Computational Intelligence and Communication
Technologies (CCICT) (pp. 25-30). IEEE.

[32]Soni, E., Nagpal, A., Garg, P., & Pinheiro, P. R. (2022). Assessment of compressed and decompressed
ECG databases for telecardiology applying a convolutional neural network. Electronics, 11(17), 2708.

Proceedings of DASGRI-2026

ADROID Conference Series: Engineering Sciences and Technology (ACS: EST) 230



DASGRI-2026

[33]Yadav, P. S., Khan, S., Singh, Y. V., Garg, P., & Singh, R. S. (2022). A lightweight deep learning-based
approach for jazz music generation in MIDI format. Computational Intelligence and Neuroscience.

[34] Garg, P., Dixit, A., Sethi, P., & Pruthi, J. (2023). Strengthening smart cities with opportunistic networks:
An insight. In the 2023 International Conference on Advanced Computing & Communication
Technologies (ICACCTech) (pp. 700-707). IEEE.

[35]Rana, S., Chaudhary, R., Gupta, M., & Garg, P. (2023). Exploring different techniques for emotion
detection through face recognition. In ICACCTech 2023 (pp. 779-786). IEEE.

[36] Mittal, K., Srivastava, K., Gupta, M., & Garg, P. (2023). Exploration of different techniques for heart
disease prediction. In ICACCTech 2023 (pp. 758-764). IEEE.

[37]Gautam, V. K., Gupta, S., & Garg, P. (2024). Automatic irrigation system using IoT. In 2024
International Conference on Automation and Computation (AUTOCOM) (pp. 100-103). IEEE.

[38] Ramasamy, L. K., et al. (2024). Forecast of students’ mental health combining an artificial intelligence
technique and a fuzzy inference system. In AUTOCOM 2024 (pp. 85-90). IEEE.

[39]Rajput, R., Sukumar, V., Patnaik, P., Garg, P., & Ranjan, M. (2024). The cognitive analysis for an
approach to neuroscience. In AUTOCOM 2024 (pp. 524-528). IEEE.

[40] Gudur, A., Pati, P., Garg, P., & Sharma, N. (2024). Radiomics feature selection for lung cancer subtyping
and prognosis prediction. International Journal of Intelligent Systems and Applications in Engineering,
12(3s), 553-565.

[41]Dixit, A., Sethi, P., Garg, P., & Pruthi, J. (2024). CNN-based lip-reading system for visual input: A
review. AIP Conference Proceedings, 3121(1). AIP Publishing.

[42]Bose, D., Arora, B., Srivastava, A. K., & Garg, P. (2024). A computer vision-based framework for
posture analysis and performance prediction in athletes. In IC3SE 2024 (pp. 942-947). IEEE.

[43]Singh, M., Garg, P., Srivastava, S., & Saggu, A. K. (2024). Revolutionising arrhythmia classification:
Unleashing the power of machine learning and data amplification. In CCICT 2024 (pp. 516-522). IEEE.

[44]Kumar, R., Das, R., Garg, P., & Pandita, N. (2024). Duplicate node detection method for wireless sensors.
In CCICT 2024 (pp. 512-515). IEEE.

[45]Bhardwaj, H., Das, R., Garg, P., & Kumar, R. (2024). Handwritten text recognition using deep learning.
In CCICT 2024 (pp. 506-511). IEEE.

[46]Gill, A., Jain, D., Sharma, J., Kumar, A., & Garg, P. (2024). Deep learning approach for facial
identification for online transactions. In INNOCOMP 2024 (pp. 715-722). IEEE.

[47]1Mittal, H. K., Dalal, P., Garg, P., & Joon, R. (2024). Forecasting pollution trends: Comparing linear,
logistic regression, and neural networks. In INNOCOMP 2024 (pp. 411-419). IEEE.

[48]Malik, T., Nandal, V., & Garg, P. (2024). Deep learning-based classification of diabetic retinopathy:
Leveraging the power of VGG-19. In INNOCOMP 2024 (pp. 645-651). IEEE.

[49] Srivastava, A. K., Verma, 1., & Garg, P. (2024). Improvements in recommendation systems using graph
neural networks. In INNOCOMP 2024 (pp. 668—672). IEEE.

[50] Aggarwal, A., Jain, D., Gupta, A., & Garg, P. (2024). Analysis and prediction of customer churn and
retention rates in the telecom industry. In INNOCOMP 2024 (pp. 723-727). IEEE.

[51]Mittal, H. K., Arsalan, M., & Garg, P. (2024). A novel deep learning model for effective story point
estimation in agile software development. In INNOCOMP 2024 (pp. 404—-410). IEEE.

[52]Shukla, S. M., Magoo, C., & Garg, P. (2024). Comparing fine-tuned LMs for detecting LLM-generated
text. In DELCON 2024 (pp. 1-8). IEEE.

[53]Kumar, B., Igbal, M., Parmer, R., Garg, P., Rani, S., & Agrawal, A. (2025). The role of Al in optimising
healthcare appointment scheduling. In ICDT 2025 (pp. 881-887). IEEE.

[54] Kumar, B., Garg, V., Ahmed, K., Garg, P., Choudhary, S., & Baniya, P. (2025). Enhancing healthcare
with blockchain: Innovations in data privacy, security, and interoperability. In ICDT 2025 (pp. 932-938).
IEEE.

[55]Raj, V., Prakash, B. K., Kumar, A., & Garg, P. (2024). Optimise the time a Mercedes-Benz spends on
the test bench using stacking ensemble learning. In ICPIDS 2024 (pp. 445-450). IEEE.

[56] Kaushik, N., Kumar, H., Raj, V., & Garg, P. (2024). Proactive fault prediction in microservices
applications using trace logs and monitoring metrics. In ICPIDS 2024 (pp. 410—415). IEEE.

Proceedings of DASGRI-2026

ADROID Conference Series: Engineering Sciences and Technology (ACS: EST) 231



DASGRI-2026

[57]Kumar, A. A., Sri, C. V., Bohara, K. S. K., Setia, S., & Garg, P. (2024). Capnivesh: Financing platform
for startups. In ICPIDS 2024 (pp. 261-265). IEEE.

[58]Bhandari, P., Setia, S., Kumar, K., & Garg, P. (2024). Optimising cross-platform development with
CI/CD and containerization: A review. In ICPIDS 2024 (pp. 175-180). IEEE.

[59] Chaudhary, A., & Garg, P. (2014). Detecting and diagnosing a disease using a patient monitoring system.
International Journal of Mechanical Engineering and Information Technology, 2(6), 493—499.

[60]Malik, K., Raheja, N., & Garg, P. (2011). Enhanced FP-growth algorithm. International Journal of
Computational Engineering and Management, 12, 54-56.

[61]Garg, P., Dixit, A., & Sethi, P. (2021). Link prediction techniques for opportunistic networks using
machine learning, in Proceedings of ICICC.

[62] Garg, P., Dixit, A., & Sethi, P. (2021). Opportunistic networks: Protocols, applications & simulation
trends. In Proceedings of ICICC.

[63] Garg, P., Dixit, A., & Sethi, P. (2021). Performance comparison of the fresh and spray-and-wait protocols
using a single simulator. IT in Industry, 9(2).

[64] Malik, M., Singh, Y., Garg, P., & Gupta, S. (2020). Deep learning in the healthcare system. International
Journal of Grid and Distributed Computing, 13(2), 469—468.

[65] Gupta, M., Garg, P., Gupta, S., & Joon, R. (2020). A novel approach for malicious node detection in
cluster-head gateway switching routing in mobile ad hoc networks. International Journal of Future
Generation Communication and Networking, 13(4), 99-111.

[66] Gupta, A., Garg, P., & Sonal, Y. S. (2020). Edge detection-based 3D biometric system for the security
of web-based payment and task management applications. International Journal of Grid and Distributed
Computing, 13(1), 2064-2076.

[67] Garg, P., & Raman, P. K. (2011). Broadcasting protocol & routing characteristics with wireless ad-hoc
networks. International Journal of Computer Engineering & Management, 12(1), 36—40.

[68] Garg, P., Arora, N., & Malik, T. (2011). Capacity improvement of WiMAX in the presence of different
codes. IJCEM, 12.

[69] Garg, P., Saroha, K., & Lochab, R. (2011). Review of wireless sensor networks: architecture and
applications. [JCSMS, 11(01).

[70] Dixit, A., Sethi, P., & Garg, P. (2022). Rakshak: A child identification software for recognising missing
children using machine learning-based speech clarification. International Journal of Knowledge-Based
Organisations, 12(3), 1-15.

[71]Kumar, B., Kumar, A., Nanwal, J., Garg, P., & Patnaik, P. (2025, November). Ensemble of YOLOv5
and Segment Anything Model for Brain Tumour Detection. In 2025, the 2nd International Conference
on Advanced Computing and Emerging Technologies (ACET) (pp. 1-5). IEEE.

[72] Arsalan, M., Anas, M., & Garg, P. (2025). Transparent AI for Drug Discovery and
Development. Available at SSRN 5844242.

[73]Singh, A., Bhardwaj, P., Garg, P., & Singh, N. (2026). Introduction to explainable artificial intelligence
in healthcare. In Explainable Al in Clinical Practice (pp. 23-44). Academic Press.

[74]Kapoor, S., Singh, A., Garg, P., & Ramasamy, L. K. (2026). Explainable artificial intelligence in a
diagnostic support system. In Explainable Al in Clinical Practice (pp. 131-145). Academic Press.

[75] Ahmed, K., Anas, M., & Garg, P. (2026). Case studies on unlocking the potential of Industry 4.0 for
sustainable manufacturing through generative Al-driven innovations. Available at SSRN 6356958.

[76] Garg, P., & Oruganti, S. K. (2026, March). Al Assisted Routing Optimisation in Opportunistic loT
Networks using Machine Learning: A Comprehensive Review on Protocols & Simulators. In Sustainable
Global Societies Initiative (Vol. 1, No. 4). Vibrasphere Technologies.

[77] Arsalan, M., Pokhrel, L., & Garg, P. (2026). Architecture, Components, and tools in Integrated Al-
Augmented Intelligence: A design perspective. Components and tools in Integrated AI-Augmented
Intelligence: A design perspective (March 19, 2026).

[78]Singh, H., Ahmed, K., & Garg, P. (2026). Human Versus Machine Customer Behaviour and Functional
Differences. Available at SSRN 6441098.

[79] Saraswat, P., & Garg, P. (2026). Soft Computing In Al Agents.

[80] Saraswat, P., & Garg, P. (2026). Water Quality Prediction Using IOT Sensors and Deep Networks.

Proceedings of DASGRI-2026

ADROID Conference Series: Engineering Sciences and Technology (ACS: EST) 232



DASGRI-2026

[81] Arsalan, M., Ahmed, K., & Garg, P. (2026). Machine learning for Anomaly detection in sensor
networks. Available at SSRN 6441518.

[82]Kumari, M., & Garg, P. (2026). Hybrid Cloud Infrastructure: Models, Benefits, Security, and
Challenges. Benefits, Security, and Challenges (March 19, 2026).

[83]Singh, H., & Garg, P. (2026). Demystifying Artificial Distributed Intelligence (ADI). Available at SSRN
6442698.

[84] Saraswat, P., & Garg, P. (2026). Human AI Collaboration: The Future of Clinical Decision Making.

[85] Saraswat, P., & Garg, P. (2026). Breaking Data Boundaries: Federated Learning in Digital Healthcare.

[86]Singh, A., Parmar, R., Bhardwaj, P., Sharma, V., & Garg, P. (2026). Fusion of Aerial Networks with
Advanced Computing Paradigms. Edge Computing and Aerial Platforms, 355-367.

[87]Kumari, M., Baranwal, A., Sonal, & Garg, P. (2026). Application of Aerial Edge Computing in Disaster
Management. Edge Computing and Aerial Platforms, 103-122.

[88] Aditi, Saraswat, P., Sharma, V., & Garg, P. (2026). Advances in Aecrial Platforms and Edge
Computing. Edge Computing and Aerial Platforms, 123-143.

[89] Garg, P. (2026). Zero-Trust Security Enforcement through Al-Powered Anomaly Detection in Cloud
Systems. Journal of Artificial Intelligence in Governance and Public Policy (JAIGPP), 1(1), 1-8.

[90] Singh, A. P., Sharma, A., & Garg, P. (2026, January). Al-Powered Adaptive Mock Interview Generation
System. In 2026 International Conference on AI-Driven Smart Systems and Ubiquitous Computing
(ICAUC) (pp. 1421-1426). IEEE.

[91]Raghav, A., Mishra, A., & Garg, P. (2026, January). Enhancing Healthcare Access: An Al-driven
Chatbot for Doctor Appointment Management. In 2026 International Conference on AI-Driven Smart
Systems and Ubiquitous Computing (ICAUC) (pp. 910-914). IEEE.

[92] Kumar, B., Chauhan, D., Singh, H., Verma, H., Sahu, K., & Garg, P. (2026, January). Decoding Linear
A with Artificial Intelligence: A Comprehensive Machine Learning and NLP Framework. In 2026
International Conference on AI-Driven Smart Systems and Ubiquitous Computing (ICAUC) (pp. 1-7).
IEEE.

[93] Gupta, V., Chakravarti, L., Akhtar, M. M., Maheshwari, P., Garg, P., & Tiwari, D. (2026, January). A
Sentence-Level Risk Estimator for Identifying Hallucinations in Generative Al. In 2026 International
Conference on AI-Driven Smart Systems and Ubiquitous Computing (ICAUC) (pp. 1619-1626). IEEE.

[94] Patnaik, P., & Garg, P. (2026). Principles of Artificial Intelligence: Cognitive Architectures, Large
Language Models, and Computational Limits. Deep Science Publishing.

[95]Singh, K., & Garg, P. (2026). Trustworthy Deep Learning: Robustness, Uncertainty Quantification, and
Adversarial Resilience. Deep Science Publishing.

[96] Garg, P. (2026). Survey of Load Balancing Strategies in Fog-Cloud Architectures for IoT
Integration. International Journal of Research Publications in Engineering, Technology and
Management (IJRPETM), 9(2), 595-604.

[97] Tiwari, D., Bhati, B. S., Garg, P., & Babbar, N. (2026). A novel lexicon dictionary and CNN-LSTM
employed hybrid approach for sentiment detection of COVID-19 vaccines. Scientific Reports.

[98] Sethi, P., Kumar, B., Garg, P., & Yadav, P. (2026, February). Graph Neural Networks for Causal
Inference in Climate Science: A Novel Approach to Modelling Complex Interactions. In 2026
International Conference on Intelligent Computing and Automation for Sustainable Solutions
(ICASS) (pp- 1-7). IEEE.

[99] Kumar, B., Garg, P., Garg, A., Nanwal, J., & Yadav, P. (2026, February). An AI-Centric Multimodal
Framework for Cognitive Productivity and Digital Wellbeing. In 2026 International Conference on
Intelligent Computing and Automation for Sustainable Solutions (ICASS) (pp. 1-7). IEEE.

[100]Yadav, M., Swami, V., Kumar, N., & Garg, P. (2025). Comparative study of Repairable Juice Plants
using RPGT. Reliability: Theory & Applications, 20(2 (84)), 776-783.

[101]Gupta, A., Garg, P., & Yadav, P. (2025). Role of Generative Al Towards Education and Learning:
Present & Future. TPM—Testing, Psychometrics, Methodology in Applied Psychology, 32(S6 (2025):
Posted 15 Sept), 1059-1076.

Proceedings of DASGRI-2026

ADROID Conference Series: Engineering Sciences and Technology (ACS: EST) 233



DASGRI-2026

[102]Dalal, P., Beniwal, G., Sharma, V., Garg, P., & Ahmed, K. (2025). Predicting Student Motivation and
Engagement through Machine Learning Models. TPM-Testing, Psychometrics, Methodology in Applied
Psychology, 32(S7 (2025): Posted 10 October), 393-411.

[103]Gupta, A., Mund, A., Roy, S., Garg, P., & Yadav, D. K. (2025). Trust in Al Systems: A Social-
psychological Investigation of Human—AI Collaboration. TPM—-Testing, Psychometrics, Methodology in
Applied Psychology, 32(S7 (2025): Posted 10 October), 428-446.

[104]Bhardwaj, A., Das, A., Garg, P., & Yadav, S. (2025). Material-Driven Performance Analysis of a Vertical
Nanowire Tunnel FET for Analogue Applications: Bhardwaj, Das, Garg, and Yadav. Journal of
Electronic Materials, 1-12.

[105]Dalal, P., Sharma, B., Sharma, T., Garg, P., & Ahmed, K. (2025). Explainable Al for Understanding
Human Decision-Making Patterns. TPM-Testing, Psychometrics, Methodology in Applied
Psychology, 32(S7 (2025): Posted 10 October), 412-427.

[106]Sharma, K. K., Verma, P. K., Garg, P., & Shrotriya, V. K. (2025, October). Predicting costs and benefits
of ToT-based energy management for optimising sustainable energy storage in rural areas. In AIP
Conference Proceedings (Vol. 3343, No. 1, p. 040017). AIP Publishing LLC.

[107]Ahmed, K., Baranwal, A., Sharma, N., Garg, P., & Singh, N. (2026). The Role of Federated Learning in
Al-Powered Integrated Healthcare Solutions. In Enabling Collaborative Health Intelligence With
Federated Learning (pp. 421-448). IGI Global Scientific Publishing.

[108]Gupta, S., Garg, P., Agarwal, J., Thakur, H. K., & Yadav, S. P. (2025). Federated learning-based
intelligent systems to handle issues and challenges in IoVs (Part 2). Bentham Science
Publishers. https://doi.org/10.2174/97898153222241250301

[109]Garg, P., Pranav, S., & Prerna, A. (2021). Green internet of things (G-IoT): A solution for sustainable
technological development. In Green Internet of Things for Smart Cities (pp. 23-46). CRC Press.

[110]Malik, A., Nandal, D., Gupta, V., Garg, P., & Nandal, V. INTELLIGENT SYSTEMS AND
APPLICATIONS IN ENGINEERING.

[111]Gupta, S., Garg, P., Agarwal, J., Thakur, H. K., & Yadav, S. P. (Eds.). (2025). Federated learning-based
intelligent systems to handle issues and challenges in IoVs (Part 2).

[112]Garg, P., Bhatt, M., Parmar, R., & Arsalan, M. (2025). Generative Al: Evolution, Applications,
Challenges, and Future Prospects. Applications, Challenges, and Future Prospects (May 17, 2025).
[113]Kumar, N., Kumar, Y., Khurana, D., Kumar, S., & Garg, P. (2025, November). A Hybrid Ensemble

Learning Framework for Interpretable Student Performance Prediction Using Academic and

Extracurricular Factors. In 2025 International Conference on Innovations and Emerging Technologies
in AI & Communication Systems (IETACS) (pp. 666-672). IEEE.

[114]Khurana, D., Kumar, Y., Kumar, N., Kumar, S., & Garg, P. (2025, November). Transformer-Based
Movie Recommendation System with Autoencoder-Enhanced Feature Compression. In 2025
International Conference on Innovations and Emerging Technologies in AI & Communication Systems
(IETACS) (pp. 685-690). IEEE.

[115]Garg, P. (2025, November). Comparative Analysis of Various Neural Networks for Galaxy
Classification. In 2025 International Conference on Innovations and Emerging Technologies in Al &
Communication Systems (IETACS) (pp. 697-701). IEEE.

[116]Saggu, A. K., Babbar, N., & Garg, P. (2025, November). Health-Guard Al: Integrated Health Report
Management and Analysis. In 2025 [International Conference on Innovations and Emerging
Technologies in AI & Communication Systems (IETACS) (pp. 614-623). IEEE.

[117]Kumar, S., Kumar, Y., Kumar, N., Khurana, D., & Garg, P. (2025, November). Hybrid FCM-DNN
Model for Uncertainty-Aware Air Quality Classification Using Multi-Pollutant Data. In 2025
International Conference on Innovations and Emerging Technologies in AI & Communication Systems
(IETACS) (pp. 679-684). IEEE.

[118]Babbar, N., Singh, H. V., Bendale, S., & Garg, P. (2025, November). Stock Market Price Prediction
Using Big Data Analysis: A Performance Evaluation Study. In 2025, the 3rd International Conference
on Computational Intelligence and Network Systems (CINS) (pp. 1-6). IEEE.

Proceedings of DASGRI-2026

ADROID Conference Series: Engineering Sciences and Technology (ACS: EST) 234


https://doi.org/10.2174/97898153222241250301

DASGRI-2026

[119]Singh, A. K., Kori, G., Garg, P., & Srivastava, G. (2025, November). Bank Churn Prediction Using
Machine Learning. In 2025, IEEE 7th International Conference on Computing, Communication and
Automation (ICCCA) (pp. 1-6). IEEE.

[120]Bhardwaj, A., Das, A., Garg, P., & Yadav, S. (2026). Material-Driven Performance Analysis of a Vertical
Nanowire Tunnel FET for Analogue Applications. Journal of Electronic Materials, 55(1), 1099-1110.

[121]Srivastava, A. K., Shankdhar, D., Ror, R., & Garg, P. (2026). Harnessing YOLOVS5 for real-time object
detection: A cloud-based approach. In Recent Advances in Computational Methods in Science and
Technology (pp. 441-450). CRC Press.

[122]Srivastava, A. K., Shukla, A., Gupta, H., Saxena, K., & Garg, P. (2026). Towards an intelligent
attendance management system with face recognition using the LBPH algorithm. In Recent Advances in
Computational Methods in Science and Technology (pp. 8-15). CRC Press.

[123]Srivastava, A. K., Garg, P., & Pandey, H. (2026). Vedcure: Towards intelligent ayurvedic drug
recommendation and disease prediction. In Recent Advances in Computational Methods in Science and
Technology (pp. 16-23). CRC Press.

[124]Upadhyay, D., Garg, P., & Babbar, N. (2026). Blockchain and IoT-based smart contract framework for
efficient and secure product life management. Discover Internet of Things.

[125]Singh, A., Parmar, R., Bhardwaj, P., Sharma, V., & Garg, P. (2026). Fusion of Aerial Networks with
Advanced Computing Paradigms. Edge Computing and Aerial Platforms, 355-367.

[126]Kumari, M., Baranwal, A., Sonal, & Garg, P. (2026). Application of Aerial Edge Computing in Disaster
Management. Edge Computing and Aerial Platforms, 103-122.

[127]Aditi, Saraswat, P., Sharma, V., & Garg, P. (2026). Advances in Aecrial Platforms and Edge
Computing. Edge Computing and Aerial Platforms, 123-143.

[128]Garg, P., Arora, K., Bawane, R., Gupta, C., & Ahmed, K. (2025). Detection and Prevention of Cyber
Attacks and Threats using Al

[129]Ahmed, K., Ahmed, A., Khan, J., Garg, P., Seth, S., & Mallik, S. (2025). Principal Component Analysis-
Based Clustering of Insecticides and Molecular Docking of Pyrethroid Insecticides.

[130]Arya, A., Garg, P., Vellanki, S., Latha, M., Khan, M. A., & Chhbra, G. (2024). Optimisation Methods
Based on Soft Computing for Improving Power System Stability. Journal of Electrical Systems, 20(6s),
1051-1058.

[131]Garg, P. (2025). Cloud security posture management: Tools and techniques. Technix International
Journal for Engineering Research, 12(3).

[132]Tyagi, P., Sharma, S., Srivastava, A., Rajput, N. K., Garg, P., & Kumari, M. (2025). Al in Healthcare:
Transforming Medicine with Intelligence. In the First Global Conference on Al Research and Emerging
Developments (G-CARED 2025), New Delhi, India. https://doi.org/10.63169/GCARED2025.p4

[133]Garg, P., Bhatt, M., Parmar, R., & Arsalan, M. (2025). Generative Al: Evolution, Applications,
Challenges, and Future Prospects. Applications, Challenges, and Future Prospects (May 17, 2025).

[134]Garg, P., Saraswat, P., & Siddiqui, Z. (2025). Al & the Indian Stock Market: A Review of Applications
in Investment Decision. https://doi.org/10.63169/GCARED2025.p10

[135]Garg, P., Sharma, S., Mittal, S., Tevatia, R., Tyagi, V. K., & Kapoor, S. (2025). Unlocking Workforce
Potential: ~ Al-Powered  Predictive  Models for Employee  Performance  Evaluation.
https://doi.org/10.63169/GCARED2025.p21

[136]Shrivas, N., Kalia, A., Roy, R., Sharma, S., Garg, P., & Agarwal, G. (2025). OSINT: A Double-edged
Sword. In the First Global Conference on AI Research and Emerging Developments (G-CARED 2025),
New Delhi, India. https://doi.org/10.63169/GCARED2025.p22

[137]Garg, P., Aditi, A., & Roy, B. (2025). A System of Computer Network: Based On Artificial Intelligence.
https://doi.org/10.63169/GCARED2025.p24

[138]Parmar, R., Kapoor, S., Saifi, S., & Garg, P. (2025). Case Study on Intelligent Factory Systems for
Improving Productivity and Capability in Industry 4.0 with Generative Al. In the First Global
Conference on Al Research and Emerging Developments (G-CARED 2025), New Delhi, India.
https://doi.org/10.63169/GCARED2025.p28

[139]Singh, R., Sharma, R., Kumar, R., Nafis, A., Siddiqui, M. A. M., & Garg, P. (2025). Detection of
Unauthorised Construction using Machine Learning: A Review. In the First Global Conference on Al

Proceedings of DASGRI-2026

ADROID Conference Series: Engineering Sciences and Technology (ACS: EST) 235


https://doi.org/10.63169/GCARED2025.p4
https://doi.org/10.63169/GCARED2025.p10
https://doi.org/10.63169/GCARED2025.p21
https://doi.org/10.63169/GCARED2025.p22
https://doi.org/10.63169/GCARED2025.p24
https://doi.org/10.63169/GCARED2025.p28

DASGRI-2026

Research  and  Emerging  Developments  (G-CARED  2025), New  Delhi, India.
https://doi.org/10.63169/GCARED2025.p30

[140]Garg, P., Kapoor, S., Singh, V., Sharma, S., & Ankita, A. (2025). A Bridge between Blockchain and
Decentralised Applications, Web3 and Non-Web3 Crypto Wallets.
https://doi.org/10.63169/GCARED2025.p35

[141]Verma, M., Sharma, S., Garg, P., & Singh, A. (2025). The Hidden Dangers of Prototype Pollution: A
Comprehensive Detection Framework. In the First Global Conference on Al Research and Emerging
Developments (G-CARED 2025), New Delhi, India. https://doi.org/10.63169/GCARED2025.p36

[142]Sharma, A., Sharma, S., Garg, P., & Bhardwaj, P. (2025). LockTalk: A Basic Secure Chat Application.
In the First Global Conference on Al Research and Emerging Developments (G-CARED 2025), New
Delhi, India.

[143]Arora, K., Bawane, R., Gupta, C., Ahmed, K., & Garg, P. (2025). Detection and Prevention of Cyber
Attacks and Threats using Al. In the First Global Conference on Al Research and Emerging
Developments (G-CARED 2025), New Delhi, India. https://doi.org/10.63169/GCARED2025.p38

[144]Garg, P., Dhruv, D., Rahman, A. A., Rai, A., Siddiqui, M., & Yadav, D. (2025). Easeviewer: An Esports
Production Tool. https://doi.org/10.63169/GCARED2025.p46

[145]Garg, P., Lakshita, L., Mehwish, M., Nazia, N., & Ahmed, K. (2025). Emerging Trend in Computational
Technology: Innovations, Applications, and Challenges. Applications and Challenges (May 17, 2025).
https://doi.org/10.63169/GCARED2025.p51

[146]Chauhan, S., Singh, M., & Garg, P. (2021). Rapid Forecasting of Pandemic Outbreak Using Machine
Learning. Enabling Healthcare 4.0 for Pandemics: A Roadmap Using Al, Machine Learning, loT and
Cognitive Technologies, 59-73.

[147]Gupta, S., & Garg, P. (2021). An insight review on multimedia forensics technology. Cyber Crime and
Forensic Computing: Modern Principles, Practices, and Algorithms, 11,27.

[148]Shrivastava, P., Agarwal, P., Sharma, K., & Garg, P. (2021). Data leakage detection in Wi-Fi
networks. Cyber Crime and Forensic Computing: Modern Principles, Practices, and Algorithms, 11,
215.

[149]Meenakshi, P. G., & Shrivastava, P. (2021). Machine learning for mobile malware analysis. Cyber Crime
and Forensic Computing: Modern Principles, Practices, and Algorithms, 11, 151.

[150]Nanwal, J., Garg, P., Sethi, P., & Dixit, A. (2021). Green IoT and Big Data: Succeeding towards Building
Smart Cities. In Green Internet of Things for Smart Cities (pp. 83-98). CRC Press.

Proceedings of DASGRI-2026

ADROID Conference Series: Engineering Sciences and Technology (ACS: EST) 236


https://doi.org/10.63169/GCARED2025.p30
https://doi.org/10.63169/GCARED2025.p35
https://doi.org/10.63169/GCARED2025.p36
https://doi.org/10.63169/GCARED2025.p38
https://doi.org/10.63169/GCARED2025.p46
https://doi.org/10.63169/GCARED2025.p51

