
ARTIFICIAL INTELLIGENCE TECHNOLOGY

A Systematic Literature Review of Artificial Intelligence: 
Multidisciplinary Implementations, Technical Frameworks, 
and Strategic Implications
Published: November 28, 2025  |  Index ID: #977

Artificial Intelligence (AI) has transitioned from a theoretical construct within computational logic to a ubiquitous

driver of industrial and societal transformation. In the modern era, AI is defined not merely by its ability to simulate

human cognition but by its capacity to process vast datasets, recognize complex patterns, and execute

autonomous decision-making with a degree of precision and speed unattainable by biological systems. This

systematic literature review explores the multidimensional applications of AI across diverse sectors, including

railway transport, education, cybersecurity, and public administration, while elucidating the underlying technical

frameworks that sustain these advancements.

The Evolution and Taxonomy of Artificial Intelligence

To understand the current state-of-the-art research in AI, it is essential to establish a clear taxonomy of the field. AI 

is broadly categorized into Artificial Narrow Intelligence (ANI), which is designed to perform specific tasks, and 

Artificial General Intelligence (AGI), a hypothetical stage where machines possess the cognitive ability to

perform any intellectual task a human can. Current research, as evidenced by recent literature, is predominantly

focused on the optimization and deployment of ANI across specialized domains.

Core Technical Sub-disciplines

•  Machine Learning (ML): The subset of AI focused on the development of algorithms that allow computers to 

learn from and make predictions based on data. Key methodologies include supervised learning, unsupervised 

learning, and reinforcement learning.

•  Deep Learning (DL): A specialized branch of ML utilizing multi-layered neural networks (Artificial Neural 

Networks) to model complex patterns in data, particularly effective in image recognition and natural language 

processing.

•  Natural Language Processing (NLP): The intersection of AI and linguistics that enables machines to 

understand, interpret, and generate human language.

•  Computer Vision (CV): The field that enables computers to derive meaningful information from digital images, 

videos, and other visual inputs.

Multidisciplinary Applications: A Technical Analysis

Recent systematic literature reviews highlight a surge in domain-specific AI implementations. Below, we analyze

the primary sectors currently undergoing radical shifts due to AI integration.

1. AI in Railway Transport and Logistics

The application of AI within the railway sector represents a significant leap toward Intelligent Transportation 

Systems (ITS). Literature indicates that AI is being utilized to enhance operational efficiency, safety, and

infrastructure management. Key technical areas include:

•  Predictive Maintenance: Utilizing Deep Learning models to analyze sensor data from rolling stock and tracks 

to predict mechanical failures before they occur. This utilizes the Long Short-Term Memory (LSTM) network 



architecture to handle time-series data.

•  Autonomous Signaling: Replacing traditional fixed-block signaling with AI-driven moving-block systems that 

optimize train spacing and frequency based on real-time traffic flow.

•  Energy Optimization: Algorithmic control of traction power to minimize energy consumption during 

acceleration and braking phases.

2. Impact of AI on Student Learning Outcomes

Research into AI in education (AIEd) focuses on the shift from standardized instruction to Adaptive Learning 

Environments. The primary mechanism here is the Intelligent Tutoring System (ITS) , which employs Bayesian

networks and reinforcement learning to tailor educational content to individual student performance levels.

Technical benefits include:

•  Learning Analytics: The use of Big Data tools to identify students at risk of failure, allowing for early 

intervention.

•  Automated Grading and Feedback: Leveraging NLP (e.g., Transformer models like BERT or GPT) to provide 

qualitative feedback on open-ended assignments, reducing the administrative burden on educators.

3. AI in Cybersecurity and Threat Mitigation

In the realm of cybersecurity, AI serves as both a defensive shield and a strategic tool for preempting cyber-

assaults. The implementation of AI in this field typically involves Anomaly Detection Systems (ADS). Unlike

signature-based systems, AI-driven security can identify zero-day vulnerabilities by recognizing deviations from

established network behavior baselines.



AI Technique Cybersecurity Application Core Advantage

Generative Adversarial Networks 
(GANs)

Simulating attack scenarios Strengthens defense models by 
generating synthetic threat data.

Random Forest Algorithms Phishing detection High accuracy in classifying malicious 
URLs based on structural features.

Convolutional Neural Networks (CNN) Malware visualization Identifies malicious code patterns by 
treating binary files as grayscale 
images.

Technical Framework: AI in IT Governance and Public Administration

The integration of AI into IT Governance processes, particularly within the framework of the Deming Cycle (Plan-

Do-Check-Act), ensures that AI deployment is both systematic and accountable. This is crucial for public

administration, where transparency and ethical considerations are paramount.

The Deming Cycle (PDCA) Integration for AI

1.  Plan: Identifying organizational objectives where AI can provide value (e.g., resource allocation in public 

health) and defining the ethical constraints.

2.  Do: The pilot implementation of AI models using DevOps and MLOps pipelines to ensure continuous 

integration and deployment.

3.  Check: Utilizing performance metrics (Precision, Recall, F1-Score) to evaluate the model's accuracy and bias.

4.  Act: Scaling the AI solution across the organization or iterating on the model based on performance data.

Comparative Evaluation of AI Methodologies

Selecting the appropriate AI methodology is contingent upon the specific requirements of the application, such as

data volume, required latency, and the need for explainability.



Metric/Feature Machine Learning 
(Traditional)

Deep Learning Reinforcement Learning

Data Dependency Moderate; works with 
structured data.

High; requires massive 
datasets.

Low initially; generates 
data through interaction.

Hardware Requirements Standard CPUs. High-performance GPUs/
TPUs.

High-performance 
computing.

Feature Engineering Manual extraction required. Automated via neural 
layers.

Defined by reward 
functions.

Interpretability High (Decision Trees, 
Linear Regression).

Low ("Black Box" nature). Moderate (Action-Reward 
mapping).

Procedural Workflow for Conducting a Systematic Literature Review in AI

For researchers and technical strategists, the process of synthesizing AI literature requires a rigorous methodology 

to ensure the validity of findings. The following steps delineate the PRISMA (Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses) adapted for AI:

Phase 1: Identification

Searching academic databases (ACM Digital Library, IEEE Xplore, Scopus) using Boolean operators. Example:

("Artificial Intelligence" OR "Machine Learning") AND ("Railway" OR "Transportation").

Phase 2: Screening

Removing duplicates and evaluating abstracts against inclusion/exclusion criteria. AI-specific criteria often include

the requirement for empirical data and algorithmic transparency.

Phase 3: Eligibility and Quality Assessment

Full-text review of selected papers. Technical writers must assess the Reproducibilityof the research—can the

described neural network architecture be reconstructed from the provided hyperparameters?

Phase 4: Data Synthesis

Extracting key technical metrics, such as model architecture, dataset characteristics, and performance outcomes,

to form a comprehensive narrative of the field.

Case Study: Addressing Failure Modes in AI Implementation

Despite the promise of AI, implementation often faces technical and operational challenges. A common failure 

mode in AI-driven IT Governanceis "Model Drift," where the performance of an AI model degrades over time as

the real-world data distribution changes.

The Problem: Concept Drift in Public Service AI

An AI model designed to predict urban traffic flow in a public service context may lose accuracy after significant

changes in city infrastructure or public transport policies. The original training data no longer represents the current

reality.

The Solution: Continuous Monitoring and Retraining



•  Automated Monitoring: Implementing triggers that alert data scientists when the model's F1-score falls below 

a pre-defined threshold.

•  Data Re-labeling: Periodically incorporating new real-world data into the training set to update the model 

weights.

•  Champion-Challenger Testing: Running a new model (the challenger) in parallel with the live model (the 

champion) to validate improvements before full deployment.

The Future of Human-Computer Interaction (HCI) in AI Design

As AI becomes more integrated into design workflows, the HCI community is focusing on "Human-in-the-

Loop" (HITL) systems. This paradigm ensures that AI acts as an augmentative tool rather than a replacement. In 

design, AI lens research suggests that the challenge lies in creating interfaces that allow designers to interact with 

non-deterministic AI outputs effectively. This requires Explainable AI (XAI)—techniques that allow humans to

understand why an AI reached a specific conclusion, which is vital for high-stakes decisions in engineering and

governance.

Strategic Synthesis and Implications

The literature surveyed confirms that Artificial Intelligence is no longer a monolithic field but a fragmented 

landscape of highly specialized technical solutions. From the optimization of railway logistics using LSTM networks 

to the protection of digital assets via GAN-based threat modeling, the common thread is the shift toward data-

centric architectures. For organizations to leverage these advancements, the focus must shift from merely adopting 

tools to building robust MLOps infrastructuresthat prioritize data quality, ethical governance, and continuous

iteration.

Technical leaders must recognize that the efficacy of AI is bound by the quality of its training data and the rigor of

its governance framework. By adhering to systematic methodologies like the Deming Cycle and prioritizing

explainability, the integration of AI can move beyond experimental phases into stable, high-value industrial

applications. The ongoing evolution of AI research promises even greater convergence between human intuition

and machine efficiency, provided that the foundational principles of technical transparency and systematic review

are maintained.
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