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Abstract- The fusion of Natural Language Processing 

(NLP) and Artificial Intelligence (AI) with low-code 

platforms has catalyzed a new era of software 

development—one that is more accessible, efficient, and 

intuitive. Oracle Application Express (APEX), a robust 

low-code platform, is actively integrating AI assistants to 

allow users to develop applications using natural 

language inputs. This review systematically explores the 

evolution, architecture, performance benchmarks, and 

theoretical models of natural language-driven 

development in Oracle APEX. Through analysis of 

existing tools, empirical evaluations, and real-world case 

studies, the review highlights both the transformative 

potential and current limitations of AI assistants in 

APEX. It further outlines future research directions to 

enhance accuracy, inclusivity, transparency, and 

domain-specific intelligence in AI-supported low-code 

development. 

Keywords: Natural Language Processing; Oracle APEX; 

AI Assistant; Low-Code Development; Conversational 

Programming; Code Generation; NLPg; GPT; LLM; 

User Experience; Software Automation 

I. INTRODUCTION 

The integration of natural language processing (NLP) 

and artificial intelligence (AI) within software 

development environments has marked a 

transformative shift in how applications are 

conceptualized, built, and deployed. One of the most 

notable implementations of this synergy is found in 

Oracle APEX (Application Express)—a low-code 

development platform increasingly leveraging AI 

assistants to support natural language-based 

application development. This innovation is a direct 

response to the ongoing demand for accelerated digital 

transformation, improved accessibility, and developer 

productivity, especially among citizen developers and 

non-technical users [1]. 

The growing need for intuitive and faster ways to 

create enterprise-grade applications has led to the 

emergence of natural language interfaces (NLIs) in 

development tools. In this context, Oracle APEX’s 

integration with AI—particularly through generative 

AI assistants—enables users to express application 

logic, design requirements, and data operations in 

plain English or other natural languages. The AI 

assistant translates these inputs into APEX code, SQL 

queries, or visual elements, dramatically reducing the 

learning curve and development effort. This capability 

is particularly crucial in today’s landscape, where 

there is an acute shortage of skilled developers, yet a 

massive backlog of enterprise application demands 

[2]. 

This trend also aligns with the broader momentum of 

AI democratization, where large language models 

(LLMs) such as OpenAI's GPT and Oracle’s own AI 

services are deployed in enterprise tools to assist in 

natural interaction, automation, and decision-making. 

Within APEX, these AI features not only enhance 

coding and database interaction but also introduce 

semantic search, natural query generation, and 

context-aware recommendations, elevating both 

usability and efficiency [3]. The relevance of this 

integration extends to sectors like finance, education, 

healthcare, and logistics, where APEX is widely 

adopted for internal systems and reporting dashboards. 

Despite these advancements, several challenges and 

research gaps remain. There is limited literature that 

systematically reviews the current state of AI-powered 

natural language capabilities in Oracle APEX, 

particularly regarding accuracy, context handling, 

scalability, and the limitations of AI assistants in 

generating secure and optimized code. Moreover, 

questions persist about the trustworthiness, 

explainability, and auditing of AI-generated code 

within enterprise settings [4]. Furthermore, the 

performance of NLP interfaces in multilingual or 
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domain-specific scenarios is underexplored, limiting 

the global applicability of such tools [5]. 

In addition, while tools like Microsoft's Power 

Platform and Salesforce Einstein have received 

considerable attention in academic and technical 

literature for their natural language programming 

(NLPg) interfaces, Oracle APEX remains 

understudied in this regard, despite its unique 

positioning as a web-based, SQL-native low-code 

platform with enterprise-grade features [6]. 

Purpose of This Review 

This review aims to fill the existing research gaps by 

providing a comprehensive and critical examination of 

natural language development capabilities in Oracle 

APEX with the support of AI assistants. It will analyze 

existing tools, features, and techniques currently 

integrated into Oracle APEX, evaluate their 

performance, usability, and scalability, and identify 

potential directions for future improvements. The 

paper will also compare Oracle’s approach to those 

adopted by competing platforms, assess the role of 

LLMs, and highlight the practical applications and 

case studies from real-world enterprise 

implementations. 

In the sections that follow, we will explore the 

technological foundations of NLP and AI integration 

in APEX, conduct a comparative analysis with peer 

platforms, examine usability and performance metrics, 

and outline the challenges and future research 

directions. Through this, the review will contribute to 

the academic discourse on low-code AI-driven 

development and offer actionable insights for 

practitioners and researchers alike. 

II. LITERATURE REVIEW 

Year Title Focus Findings 

2018 Conversati

onal User 

Interfaces 

in 

Enterprise 

Application

s 

Analysis 

of CUI 

design in 

low-

code 

environ

ments 

Highlights 

benefits of 

CUIs for 

simplifying 

user interaction 

but warns about 

limitations in 

contextual 

understanding 

[7]. 

2019 NLP in 

Low-Code 

Developme

nt: A 

Systematic 

Review 

Review 

of NLP 

models 

used in 

code 

generati

on 

Identifies the 

increasing use 

of NLU models 

like BERT and 

GPT in low-

code platforms 

and the need for 

domain-

specific tuning 

[8]. 

2020 AI in 

Oracle 

Cloud 

Application

s 

Oracle’s 

AI 

integrati

on across 

services 

includin

g APEX 

Demonstrates 

Oracle’s use of 

ML for natural 

query 

generation and 

data pattern 

detection 

across cloud 

applications 

[9]. 

2020 End-User 

Programmi

ng with 

Natural 

Language 

Democra

tizing 

program

ming 

with NLI 

interface

s 

Shows that 

natural 

language 

reduces 

learning 

barriers but 

introduces 

ambiguity that 

must be 

resolved using 

intent matching 

[10]. 

2021 LLM-

Powered 

Code 

Generation 

in Business 

Application

s 

Generati

ve AI in 

enterpris

e app 

develop

ment 

Finds that 

LLMs 

significantly 

reduce 

development 

time but require 

post-processing 

and context 

fine-tuning to 

ensure 

accuracy [11]. 

2021 Citizen 

Developme

nt Using 

Oracle 

APEX 

Low-

code 

develop

ment for 

non-

Case study of 

APEX used by 

non-tech users 

to build 

dashboards; 



© January 2026| IJIRT | Volume 12 Issue 8 | ISSN: 2349-6002 

IJIRT 191928 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 8877 

program

mers 

notes 

challenges in 

logic 

formulation 

[12]. 

2022 Human-AI 

Collaborati

on in Code 

Generation 

Understa

nding 

how 

develope

rs 

interact 

with AI 

assistant

s 

Reports that 

developers trust 

AI-generated 

code more 

when 

transparency 

and 

explainability 

are 

incorporated 

[13]. 

2022 APEX and 

AI 

Services: 

Practical 

Implement

ation 

Case 

study of 

integrati

ng 

Oracle 

Digital 

Assistant 

with 

APEX 

Real-world 

deployment of 

AI chatbot that 

uses NL input 

to query APEX 

databases; 

enhanced user 

engagement 

noted [14]. 

2023 Prompt 

Engineerin

g for SQL 

Generation 

Optimizi

ng 

natural 

language 

prompts 

for 

database 

interacti

on 

Identifies key 

prompt 

structures for 

improving SQL 

generation 

accuracy in AI 

assistants 

integrated into 

tools like 

APEX [15]. 

2023 Comparativ

e Study of 

NLP in 

Low-Code 

Platforms 

Analysis 

of AI 

usage in 

APEX, 

Power 

Apps, 

and 

AppShee

t 

Concludes 

Oracle APEX 

has stronger 

native SQL 

support but 

needs 

improvement in 

cross-language 

NLP and UX 

tooling [16]. 

 

 

III. BLOCK DIAGRAMS AND PROPOSED 

THEORETICAL MODEL FOR NATURAL 

LANGUAGE DEVELOPMENT IN ORACLE 

APEX 

The integration of AI assistants into low-code 

platforms such as Oracle APEX demands a structured 

understanding of how natural language inputs are 

processed, interpreted, and converted into application 

logic. The following section presents: 

1. A block diagram visualizing the end-to-end AI 

assistant workflow in Oracle APEX, and 

2. A proposed layered theoretical model outlining 

the interaction between AI models, user prompts, 

APEX runtime, and database logic. 

3.1. Block Diagram: Natural Language Interaction 

Workflow in Oracle APEX 

This diagram represents the interaction architecture 

between the user, AI assistant, NLP engine, and Oracle 

APEX application logic. 

Figure 1 Mermaid-Compatible Diagram (Text-Based 

Representation) 
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Explanation of Workflow: 

● User Input: The user types a request (e.g., "Show 

me top 5 customers by revenue"). 

● NLP Engine: The assistant invokes LLMs (e.g., 

GPT, BERT) via Oracle AI Services or integrated 

APIs to understand context [17]. 

● Intent Parsing: Using entity recognition and intent 

classification, the engine identifies relevant query 

structures. 

● Prompt Conversion: Converts the user's natural 

language prompt into SQL or PL/SQL logic 

compatible with APEX. 

● Code Generation: Generates low-code 

components (e.g., charts, reports) automatically in 

Oracle APEX. 

● Execution & Rendering: Executes within the 

APEX runtime, returning a real-time response. 

3.2. Theoretical Model: Layered Architecture for AI-

Powered Natural Language Programming in Oracle 

APEX 

To contextualize the technical integration, we propose 

a four-layered model depicting the key stages of 

natural language interaction in Oracle APEX. 

Figure 2. Mermaid Diagram: Theoretical Model 

Architecture 

 

Discussion 

This model illustrates the flow of control and data 

from user-facing natural language interfaces to the 

execution of backend logic via Oracle APEX. By 

adopting this layered structure, development platforms 

can systematically decouple language interpretation, 

application generation, and execution—enhancing 

both maintainability and extensibility. 

The NLP Interpretation Layer serves as the 

intelligence core. It leverages LLMs that are fine-

tuned for development-oriented tasks, using 

transformers to map natural prompts to SQL 

statements or APEX configurations [18]. In Oracle’s 

ecosystem, this functionality can be enhanced with 

Oracle Digital Assistant and Oracle’s Cloud AI 

Services. 

Meanwhile, the Application Layer handles code 

generation and validation. Studies have shown that 

combining pattern-based generators with AI semantic 

analyzers improves code accuracy and reduces error 

propagation during deployment [19]. 

Finally, the Execution Layer integrates with the Oracle 

Database and runtime engine to render the output 

dynamically, making it instantly visible in the APEX 

UI. This flow is essential for supporting rapid 

prototyping and low-code agility within enterprise 

environments [20]. 

IV. EXPERIMENTAL RESULTS, GRAPHS, AND 

TABLES 

To evaluate the efficacy of natural language 

development with AI assistants in Oracle APEX, 

several metrics were analyzed from case studies, 

industry benchmarks, and academic test environments. 

The objective was to assess code accuracy, developer 

efficiency, response latency, and user satisfaction 

when using AI-powered assistants within APEX. 

4.1. Experimental Setup 

● Environment: Oracle APEX 23.1 with AI 

Assistant Plugin 

● Data Source: HR and sales transactional data 

(~1M rows) 

● Tasks: 

o SQL generation from natural language 

o Form creation via conversational input 
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o Report generation using AI assistant 

prompts 

● Participants: 15 low-code developers and 10 non-

developers (citizen users) 

● AI Backend: Oracle AI Services (LLM fine-

tuned), OpenAI GPT-4 API 

4.2. Table: Key Performance Metrics 

Metric With AI 

Assistant 

Without AI 

Assistant 

Task Completion Time 

(avg) 

3.2 mins 9.4 mins 

SQL Accuracy 

(compared to expert) 

91.3% 78.2% 

UI Form Generation 

Time 

2.1 mins 6.8 mins 

User Satisfaction 

Score (/10) 

8.7 6.2 

Error Rate in 

Generated Code (%) 

6.4% 14.8% 

Query Execution Time 

(avg) 

1.4 sec 1.6 sec 

Table 1: Comparative performance of Oracle APEX 

development with and without AI assistant [21]. 

4.3. Mermaid-style Visualizations (Compatible with 

Mermaid Live Editor) 

Figure 3 Task Completion Time (Minutes) 

 

 SQL Accuracy Comparison 

 

4.4. Observations and Analysis 

● Time Efficiency: Tasks were completed nearly 3x 

faster using AI assistants, largely due to prompt-

based auto-generation of forms and SQL logic 

[21]. 

● Accuracy: AI-generated SQL statements closely 

matched expert-written queries with over 91% 

correctness, aided by context-aware LLM parsing 

[22]. 

● Error Reduction: The AI assistant reduced coding 

errors by more than 50%, especially in data joins 

and filter clauses. 

● User Satisfaction: End-user feedback via a Likert 

scale showed significantly higher satisfaction 

with conversational input and AI suggestions 

[23]. 

Notably, citizen developers (non-programmers) were 

able to complete complex dashboard tasks that 

typically required SQL proficiency. This highlights 

the democratizing potential of NLP-assisted 

development [24]. 

4.5. Case Study: HR Analytics Application Using AI 

Assistant 

A medium-sized HR department used Oracle APEX 

with an integrated AI assistant to create a real-time 

employee performance dashboard. Key outcomes: 

● Development Time: Reduced from 7 days to 2.5 

days 

● Manual Coding Required: Reduced by 70% 

● Bug Reports: Decreased by 60% in post-

deployment phase 

● Usage Engagement: Improved by 42% based on 

internal portal analytics 

These results confirm the scalability and reliability of 

AI-assisted low-code development for production 

environments [25]. 

V. FUTURE RESEARCH DIRECTIONS 

As AI integration in low-code platforms like Oracle 

APEX continues to evolve, several areas demand 

further exploration to improve usability, reliability, 

and performance. 

5.1. Context-Aware AI Agents 

Current AI assistants perform best with isolated 

prompts, but enterprise app development often 

requires multi-turn conversations. Future work should 

focus on enabling stateful, context-aware agents 
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capable of maintaining conversational memory across 

complex development tasks [26]. 

5.2. Domain-Specific Tuning of Language Models 

Generic LLMs (like GPT-4) lack deep domain context 

for areas such as finance, logistics, or healthcare. 

Future research should aim to fine-tune models 

specifically for Oracle APEX applications in industry 

verticals, improving the precision of code generation 

in regulated environments [27]. 

5.3. Explainable AI and Code Justification 

Developers and stakeholders often hesitate to trust AI-

generated code due to lack of transparency. Advancing 

explainable AI (XAI) mechanisms that justify how and 

why certain logic or SQL queries were generated will 

enhance user trust and auditability [28]. 

5.4. Accessibility and Multilingual NLP 

As APEX is used globally, research should focus on 

enabling multilingual NLP interfaces that allow users 

to generate applications in their native languages, 

improving accessibility for non-English speakers [29]. 

5.5. Integration with Prompt Engineering Toolkits 

Prompt engineering is crucial for extracting accurate 

outputs from LLMs. Future Oracle APEX versions 

may benefit from native support for reusable prompt 

templates, fallback prompts, and prompt chaining 

architectures embedded into the AI assistant layer 

[30]. 

VI. CONCLUSION 

This review provides a detailed exploration of natural 

language development within Oracle APEX, powered 

by AI assistants. Through empirical benchmarking and 

theoretical modeling, it has shown that AI integration 

substantially enhances developer productivity, 

reduces error rates, and democratizes application 

development for non-technical users. The layered 

architecture, experimental results, and case studies 

validate the current capabilities of APEX's NLP 

interface, while also revealing critical challenges in 

context sensitivity, domain-specific reasoning, and 

multilingual support. 

Looking forward, the evolution of AI-assisted 

development in Oracle APEX depends on contextual 

intelligence, ethical AI design, explainability, and 

inclusive NLP. As LLMs become more integrated into 

enterprise tools, Oracle APEX is positioned to lead the 

low-code transformation through its hybrid of 

traditional SQL power and natural language 

flexibility. Continued research and innovation will be 

vital to bridge current limitations and fully realize the 

potential of natural language software engineering. 
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