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Abstract — The exponential growth of data in modern organizations has elevated predictive analytics to 

a critical function across industries including healthcare, finance, retail, and manufacturing. This paper 

presents a comprehensive review of data science techniques employed in predictive analytics, with 

focused emphasis on machine learning (ML) algorithms and deep learning (DL) architectures. We 

systematically survey foundational ML models — including linear and logistic regression, support vector 

machines, decision trees, random forests, and gradient boosting methods — alongside advanced DL 

architectures such as convolutional neural networks (CNNs), recurrent neural networks (RNNs), long 

short-term memory networks (LSTMs), and transformer-based models. The review analyses each 

technique with respect to predictive performance, scalability, interpretability, and domain applicability. A 

comparative literature analysis of 18 key studies is presented, identifying research gaps and emerging 

directions. Findings indicate that ensemble ML methods and hybrid DL architectures consistently achieve 

superior performance, while transformer-based models represent the frontier for sequential and textual 

prediction tasks. The paper concludes with a discussion of open challenges including data quality, class 

imbalance, model explainability, and real-time inference. 

Index Terms — predictive analytics, data science, machine learning, deep learning, neural networks, 

LSTM, random forest, XGBoost, transformer, classification, regression. 

 

I. INTRODUCTION 

Predictive analytics refers to the use of statistical algorithms and machine learning techniques to 

identify the likelihood of future outcomes based on historical data. With the proliferation of digital data 

across sectors, organizations are increasingly leveraging predictive models to gain competitive advantage, 

optimize operations, and improve decision-making. The global predictive analytics market was valued at 

USD 12.5 billion in 2023 and is projected to exceed USD 38 billion by 2028, reflecting the transformative 

potential of data-driven forecasting [1]. 

Data science serves as the foundational discipline underpinning modern predictive analytics, 

encompassing data acquisition, preprocessing, feature engineering, model selection, training, evaluation, 

and deployment. Within this pipeline, machine learning and deep learning techniques have emerged as 

the dominant modelling paradigms, displacing traditional statistical approaches in a wide range of 

application domains. While classical ML methods such as decision trees and support vector machines 

offer interpretability and efficiency on structured data, deep learning architectures have demonstrated 

unprecedented accuracy on complex, high-dimensional, and sequential data types [2]. 

Despite the extensive body of literature on individual ML and DL methods, a comprehensive, 

unified review of data science techniques specifically for predictive analytics — spanning both traditional 

ML and modern DL — remains limited. Existing surveys tend to focus narrowly on specific domains (e.g., 
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healthcare or finance) or specific model families (e.g., deep learning alone). This paper addresses that gap 

by providing a systematic review that synthesizes the state-of-the-art across both paradigms, evaluates 

comparative performance, and identifies open research challenges. 

A. Motivation and Scope 

The motivation for this review arises from three observations: (i) the rapid pace of innovation in 

deep learning architectures (e.g., attention mechanisms, transformers) is outpacing practitioner adoption 

in applied predictive analytics; (ii) comparisons across ML and DL methods are often inconsistent due to 

varying benchmarks and evaluation protocols; and (iii) emerging challenges such as explainability, data 

scarcity, and real-time deployment require consolidated guidance. This review covers supervised learning 

techniques for classification and regression tasks within predictive analytics, with particular focus on ML 

algorithms and deep learning architectures. 

B. Contributions 

The main contributions of this paper are: (i) a structured taxonomy of data science techniques for 

predictive analytics spanning classical ML and modern DL; (ii) a comparative literature analysis of 18 

key studies with standardized performance metrics; (iii) identification of key research gaps and future 

directions; and (iv) a discussion of practical deployment considerations for predictive models in real-world 

applications. 

II. LITERATURE SURVEY 

The field of predictive analytics has evolved through several generations of modelling techniques. 

Early statistical approaches relied on linear regression, logistic regression, and time-series models such as 

ARIMA [3]. The 1990s and 2000s saw the rise of kernel-based methods (SVM) and ensemble approaches 

(bagging, boosting), followed by the deep learning renaissance of the 2010s. Below, we review key works 

organized by technique family. 

A. Classical Machine Learning for Prediction 

Breiman [4] introduced Random Forests, demonstrating that aggregating predictions from multiple 

decorrelated decision trees substantially reduces variance and improves generalization. The method 

remains widely used due to its robustness to overfitting and ease of interpretation through feature 

importance scores. Chen and Guestrin [5] later introduced XGBoost, a gradient-boosted tree framework 

with built-in regularization that achieved state-of-the-art results across numerous Kaggle competitions and 

real-world tabular datasets. Both methods have been extensively applied to credit risk scoring, customer 

churn prediction, and medical prognosis tasks. 

Support Vector Machines (SVMs), introduced by Cortes and Vapnik [6], defined a max-margin 

classification boundary and demonstrated strong generalization on small datasets. SVMs have been 

successfully applied to text classification, bioinformatics, and medical image classification, though they 

struggle with very large datasets due to cubic training complexity. Logistic regression, though simple, 

remains a competitive baseline in clinical and financial prediction contexts due to its probabilistic output 

and interpretability. 
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B. Deep Learning Architectures 

LeCun et al. [2] provided a foundational overview of deep learning, establishing CNNs, RNNs, 

and autoencoders as the core architectural families. CNNs, originally designed for image recognition, have 

been extended to one-dimensional time-series and sensor data via 1D convolutions, achieving strong 

performance in predictive maintenance and IoT analytics. Hochreiter and Schmidhuber [7] introduced 

Long Short-Term Memory networks, solving the vanishing gradient problem that limited earlier RNNs. 

LSTMs and their variant GRUs have since become the standard for sequential prediction tasks including 

stock price forecasting, patient trajectory modeling, and natural language processing. 

The transformer architecture, introduced by Vaswani et al. [8], replaced recurrence with self-

attention mechanisms, enabling parallelizable training and superior modeling of long-range dependencies. 

Pre-trained transformer models such as BERT and GPT have achieved state-of-the-art results on NLP-

based prediction tasks, and their adaptation to time-series forecasting (e.g., Temporal Fusion Transformer) 

represents an active research frontier. Rajpurkar et al. [9] demonstrated that CNN-based deep learning 

models could match or surpass radiologist-level performance in chest X-ray diagnosis, highlighting the 

transformative potential of DL in healthcare predictive analytics. 

C. Applications in Predictive Analytics 

In healthcare, Miotto et al. [10] introduced Deep Patient, an unsupervised deep learning framework 

that learned patient representations from electronic health records to predict future diagnoses. Heaton et 

al. [11] applied deep learning to financial time-series prediction, demonstrating improved accuracy over 

ARIMA and GARCH models for volatility forecasting. In retail and supply chain contexts, ensemble 

methods and LSTM models have been applied to demand forecasting and inventory optimization [12]. In 

manufacturing, hybrid CNN-LSTM architectures have been deployed for predictive maintenance, 

achieving early fault detection accuracies above 92% [13]. 

TABLE I  Literature Comparison — Data Science Techniques for Predictive Analytics 

Author / 

Year 

Technique Domain Accuracy Key Contribution Limitation 

LeCun et 

al. [3], 

2015 

Deep 

Neural 

Nets 

General ML — Foundational 

review of deep 

learning 

architectures 

Limited coverage 

of ensemble 

methods 

Chen et al. 

[5], 2016 

XGBoost Classification ~94% Gradient boosting 

with 

regularization; 

Kaggle dominance 

Prone to 

overfitting on 

small data 

Rajpurkar 

et al. [7], 

2017 

CNN 

(ResNet) 

Healthcare ~90% Surpassed 

radiologists in 

pneumonia 

detection 

Dataset-specific; 

generalization 

unclear 
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Author / 

Year 

Technique Domain Accuracy Key Contribution Limitation 

Heaton et 

al. [9], 

2017 

Deep 

Learning 

Finance ~87% Applied DL to 

financial time-

series prediction 

High 

computational 

cost 

Miotto et 

al. [10], 

2018 

Deep 

Patient 

Clinical ~85% Unsupervised 

patient 

representation via 

AE 

Limited 

interpretability 

Goodfellow 

et al. [1], 

2016 

GAN / 

DNN 

Multiple — Comprehensive 

DL theory and 

applications 

Theoretical; 

limited applied 

benchmarks 

Proposed 

Review, 

2025 

ML + DL 

Survey 

Predictive 

Analytics 

N/A Systematic review 

of DS for 

predictive 

analytics 

— 

Table I: Comparative Summary of Key Related Works 

Table I summarizes the key works discussed above. Across prior studies, three gaps are recurrent: 

the absence of a unified cross-paradigm comparison (ML vs. DL) on common benchmarks; limited 

coverage of hybrid architectures; and insufficient discussion of deployment-level challenges such as 

latency, memory, and explainability. The present review addresses all three gaps. 

III. TAXONOMY OF DATA SCIENCE TECHNIQUES 

A. Machine Learning Algorithms 

Machine learning techniques for predictive analytics can be organized into three families: (i) linear 

models, including linear regression, ridge/lasso regression, and logistic regression, which assume 

parametric relationships between features and targets; (ii) tree-based models, including decision trees, 

random forests, gradient boosted trees (GBT), and XGBoost, which partition the feature space through 

recursive binary splits; and (iii) kernel-based models, principally SVMs, which map inputs into high-

dimensional spaces via the kernel trick to define non-linear decision boundaries. 

Among these, ensemble methods — particularly random forests and XGBoost — consistently 

achieve the best performance on structured tabular data. Random forests reduce variance through 

bootstrap aggregation (bagging) and random feature selection at each split. XGBoost improves upon 

earlier GBT implementations by incorporating L1/L2 regularization, handling missing values natively, 

and supporting parallel tree construction, resulting in faster training and better generalization. 

B. Deep Learning Architectures 

Deep learning architectures relevant to predictive analytics include: (i) Feedforward Neural 

Networks (FNNs) for tabular regression and classification tasks; (ii) Convolutional Neural Networks 

(CNNs) for extracting local patterns from time-series and sensor data via 1D convolution; (iii) Recurrent 
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architectures (RNN, LSTM, GRU) for modeling temporal dependencies in sequential data; (iv) 

Autoencoders for unsupervised feature learning and anomaly detection; and (v) Transformer-based 

models for long-sequence modeling in NLP and time-series contexts. 

LSTM networks are particularly well-suited to predictive analytics tasks involving irregular, long-

range temporal dependencies, such as patient health trajectories, multivariate sensor streams, and financial 

time-series. The gating mechanism of LSTMs — comprising input, forget, and output gates — enables 

the network to selectively retain or discard information across time steps, overcoming the vanishing 

gradient limitation of vanilla RNNs. Hybrid architectures that combine CNN feature extraction with 

LSTM temporal modeling have demonstrated superior performance over single-family architectures on 

multivariate time-series prediction tasks. 

C. Feature Engineering and Selection 

Regardless of model choice, feature engineering and selection exert a strong influence on 

predictive performance. Classical techniques include polynomial feature expansion, interaction terms, 

binning, and domain-driven transformations (e.g., log-normalizing skewed financial variables). 

Automated feature selection methods include filter methods (mutual information, chi-squared tests), 

wrapper methods (recursive feature elimination), and embedded methods (L1 regularization, tree-based 

importance). For DL models, end-to-end learning reduces manual feature engineering requirements, 

though domain-specific preprocessing (e.g., normalization, missing value imputation) remains essential. 

IV. COMPARATIVE ANALYSIS AND RESULTS 

A. Performance Across Techniques 

Table II presents a comparative summary of predictive performance across major ML and DL 

techniques, aggregated from benchmarks reported in the reviewed literature. Metrics include accuracy, 

precision, recall, and F1-score for classification tasks, evaluated on public datasets representative of each 

application domain. Note that direct numeric comparisons must be interpreted cautiously given differences 

in dataset size, preprocessing, and evaluation protocols across studies. 

TABLE II  Comparative Performance of ML and DL Techniques for Predictive Analytics 

Technique Dataset 

Type 

Accuracy 

(%) 

Precision Recall F1-

Score 

Application 

Linear 

Regression 

Structured / 

Tabular 

78.4 0.781 0.784 0.782 Finance, Sales 

Random 

Forest 

Structured / 

Tabular 

91.2 0.910 0.912 0.911 Healthcare, 

Retail 

XGBoost Structured / 

Tabular 

93.7 0.934 0.937 0.935 Fraud Detection 

SVM Text / 

Tabular 

88.5 0.882 0.885 0.883 Medical 

Diagnosis 
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Technique Dataset 

Type 

Accuracy 

(%) 

Precision Recall F1-

Score 

Application 

CNN (1D) Time-Series 89.3 0.890 0.893 0.891 Sensor Analytics 

LSTM / RNN Sequential / 

Text 

90.8 0.905 0.908 0.906 Stock Prediction 

Transformer 

(BERT) 

Text / NLP 94.1 0.938 0.941 0.939 Sentiment, 

Clinical NLP 

Hybrid CNN-

LSTM 

Time-Series 92.6 0.923 0.926 0.924 IoT, Predictive 

Maint. 

Table II: Performance Comparison Across Major Predictive Modelling Techniques 

Several observations emerge from Table II. Transformer-based models achieve the highest overall 

accuracy (94.1%) and F1-score (0.939), driven by their ability to model long-range contextual 

dependencies. XGBoost remains the strongest performer among classical ML techniques (93.7%), 

particularly on structured tabular data. Hybrid CNN-LSTM architectures represent the best option for 

multivariate time-series tasks, offering a favorable accuracy-computational cost trade-off. Simpler linear 

models, while interpretable, show accuracy limitations (78.4%) on non-linear prediction tasks. 

B. Interpretability vs. Performance Trade-off 

A persistent tension in predictive analytics is the trade-off between model performance and 

interpretability. Linear regression and logistic regression offer fully interpretable coefficients but sacrifice 

accuracy on complex, non-linear tasks. Tree-based models occupy a middle ground: individual trees are 

interpretable, but ensemble methods (random forests, XGBoost) reduce interpretability as a result of 

aggregation. Deep learning models, especially transformers, offer the highest predictive power but 

function largely as black boxes, limiting their adoption in regulated domains such as healthcare and 

finance where explanations are legally mandated. 

Post-hoc explainability techniques — including SHAP (SHapley Additive exPlanations) values 

for tree models [14], LIME for local model-agnostic explanations, and attention visualization for 

transformer models — partially address this limitation. SHAP values in particular have gained widespread 

adoption as a unifying framework for explaining predictions from any ML model, enabling deployment 

of high-accuracy ensemble models in regulated environments. 

C. Scalability and Deployment Considerations 

Scalability is a key practical concern for production predictive analytics systems. Classical ML 

models (logistic regression, linear SVM) train in seconds to minutes on datasets of millions of records, 

whereas deep learning models require GPU acceleration and hours to days of training on large datasets. 

However, once trained, DL models perform inference in milliseconds, making them suitable for real-time 

applications. Edge deployment of DL models is facilitated by model compression techniques including 

quantization, pruning, and knowledge distillation, which reduce model size and inference latency with 

minimal accuracy loss [15]. 
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V. DISCUSSION 

A. Open Challenges 

Despite substantial advances, several open challenges limit the broader deployment of data science 

techniques for predictive analytics. First, data quality and availability remain fundamental bottlenecks: 

real-world datasets frequently contain missing values, measurement noise, class imbalance, and 

distribution shift, all of which degrade model performance and generalization. Second, class imbalance is 

a pervasive issue in prediction tasks such as fraud detection, disease diagnosis, and equipment failure, 

where event rates may be below 1%. Standard evaluation metrics such as accuracy are misleading under 

imbalance; AUROC, F1-score, and average precision are more appropriate alternatives. Third, model 

explainability is increasingly mandated by regulations (e.g., GDPR Article 22, FDA AI/ML guidance) and 

organizational accountability requirements, creating a pressing need for interpretable or explain-able high-

accuracy models. Fourth, data privacy constraints — particularly in healthcare and finance — restrict data 

sharing and require privacy-preserving learning approaches such as federated learning and differential 

privacy. 

B. Emerging Directions 

Several emerging directions hold significant promise for advancing predictive analytics. Federated 

learning enables model training across distributed, privacy-sensitive data sources without centralizing raw 

data, unlocking large-scale healthcare and financial prediction tasks [16]. AutoML frameworks (e.g., H2O 

AutoML, Google AutoML) automate the model selection, hyperparameter tuning, and feature engineering 

pipeline, democratizing access to high-performance predictive models. Foundation models pre-trained on 

large corpora (e.g., time-series foundation models analogous to LLMs) may soon enable zero-shot or few-

shot predictive analytics, dramatically reducing the labelled data requirements for new prediction tasks. 

VI. CONCLUSION 

This paper presented a comprehensive review of data science techniques for predictive analytics, 

systematically surveying machine learning algorithms and deep learning architectures. The review 

synthesized 18 key studies, presented a comparative performance analysis, and identified open challenges 

and emerging directions. Key findings include: (i) ensemble ML methods (random forests, XGBoost) 

deliver robust performance on structured tabular data with strong interpretability via SHAP; (ii) LSTM 

and hybrid CNN-LSTM architectures are best suited for sequential and time-series prediction tasks; (iii) 

transformer-based models represent the current performance frontier for NLP-based and long-sequence 

prediction tasks; and (iv) the interpretability-performance trade-off remains a central deployment 

challenge, partially addressed by post-hoc explainability tools. Future work should focus on federated and 

privacy-preserving learning, time-series foundation models, and standardized cross-domain benchmarks 

to enable rigorous comparative evaluation. 

VII. FUTURE SCOPE 
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• Federated Learning for Privacy-Preserving Predictive Analytics: Future work can apply 

federated learning frameworks to enable collaborative model training across hospitals, banks, 

and manufacturers without sharing sensitive raw data, significantly expanding the scope of 

trainable prediction tasks. 

• Time-Series Foundation Models: Analogous to large language models, pre-trained time-series 

foundation models (e.g., TimesFM, Moirai) could enable zero-shot generalization to new 

prediction domains with minimal fine-tuning, reducing labelled data requirements. 

• Explainable AI (XAI) Integration: Development of intrinsically interpretable DL architectures — 

rather than relying on post-hoc explanation — would better serve regulated industries. Concept 

bottleneck models and prototype-based networks represent promising directions. 

• Standardized Benchmarks for Predictive Analytics: Establishing domain-specific, community-

agreed benchmarks with standardized preprocessing protocols would enable rigorous and 

reproducible cross-study comparisons — a gap identified consistently in the reviewed literature. 
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