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A Literature-Based Study on the Impact of Prompt Engineering on the Reliability
and Accuracy of Intelligent Models
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Abstract

This article investigates the development of a systematic framework based on "Prompt
Engineering" techniques to enhance the reliability and accuracy of intelligent models .

The research focuses on analyzing how prompt formulation and context impact output quality
in Large Language Models (LLMs) and machine learning algorithms.

This article covers both theoretical and empirical aspects, ranging from linguistic structural
organization to an experimental study comparing the performance of models (such as SVM
and Random Forest) before and after prompt optimization .

The work aims to bridge the gap between theoretical and actual model performance;
experiments demonstrated an increase in accuracy ranging from 20% to 40%.

This article concludes that prompt engineering serves as a key mechanism for controlling the
behavior of intelligent systems without retraining, thereby improving the efficiency of
sensitive applications.

Keywords: Prompt Engineering, Intelligent Models, Al Accuracy, Machine Learning,
System Reliability.
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