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Abstract— The exponential growth of data across
industries demands faster, more accurate, and more
accessible  analysis  pipelines.  Traditional analytics
workflows often require domain expertise, programming
knowledge, and extensive manual effort. This study presents
Al Powered Data Analysis and Insights Generator
(ADAIG)—a hybrid framework that unifies cloud-based
large language models (LLMs) and locally deployed small
language models (SLMs) to automate end-to-end data
analysis.

The system performs data ingestion, preprocessing,
exploratory data analysis (EDA), visualization, model
training, and textual insight generation in a conversational
environment. It integrates AutoML concepts, interpretable
machine-learning techniques, and privacy-preserving
computation to ensure both transparency and control over
sensitive data. Empirical evaluation demonstrates that
lightweight local models achieve up to 90 % of the accuracy
of cloud LLMs with zero recurring cost and complete data
sovereignty. The proposed solution paves the way for
democratizing data analytics and enabling non-technical
stakeholders to derive actionable insights autonomously.

Keywords— Artificial Intelligence; Data Analysis;
AutoML; Large Language Models; Small Language
Models; Insight Generation; Privacy-Preserving
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I. INTRODUCTION

Data has become the cornerstone of modern
decisionmaking. Organizations across healthcare, finance,
education, and logistics rely on analytics to forecast trends
and improveefficiency.

Recent advances in Artificial Intelligence (AI) and
Natural Language Processing (NLP) have begun to
remove these barriers.

Large Language Models (LLMs) such as GPT-4 and Gemini
Ultra can interpret text prompts and execute data-analysis
tasks automatically. Yet, dependence on cloud resources
introduces concerns related to data privacy, cost, and
latency.

Emerging Small Language Models (SLMs) trained for
specific analytical operations address these issues by
enabling on-device computation while preserving
contextual understanding.

The Al Powered Data Analysis and Insights Generator
(ADAIG) framework proposed in this paper bridges these
paradigms by integrating both LLM and SLM capabilities in
a single pipeline. It automates the entire data-analysis
process—from ingestion and cleaning to model selection

and narrative insight generation—through natural-
language prompts.
The system  emphasizes user empowerment,

explainability, and data security, thereby supporting Al-
driven analytics in educational, governmental, and
enterprise settings.

The remainder of this paper is organized as follows:
Section 2 reviews related work; Section 3 details the
system architecture; Section 4 explains the methodology
and implementation; Section 5 presents results and
discussion; Section 6 outlines future scope and limitations;
and Section 7 concludes the paper.

II. Related Work

Research on automating the data-analysis lifecycle has
gained momentum with the advent of AutoML and
LLMbased data agents.

However, the process of converting raw data into
meaningful insights remains a challenge for non-technical
users. Conventional analytics requiresskills instatistics,
programming, and visualization tools, which limits
accessibility and increases turnaround time.
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AutoML Frameworks.

Salehin et al. (2023) conducted a systematic review on
neural-architecture search and AutoML, demonstrating
the potential of automated hyper-parameter tuning to
reduce expert involvement. Their findings highlight how
modern pipelines can autonomously design optimal
models, forming the conceptual foundation for ADAIG’s
automated modelbuilding component.

Data Pre-processing Automation.

Bilal et al. (2022) introduced Auto-Prep, an efficient
datapreprocessing pipeline capable of automating
cleaning, transformation, and validation. ADAIG extends
this concept by integrating LLM-driven context analysis
that identifies schema anomalies and missing values via
natural-language reasoning.

Continuous Data Profiling.

Epperson et al. (2024) presented Dead or Alive, a
continuous profiling mechanism for interactive data
science, which emphasizes live updates and quality
monitoring. ADAIG leverages similar continuous profiling
to maintain dataset integrity during iterative analysis.

LLMs for Data Analysis Automation.

Jansen et al. (2025) explored how large language models
can automate data-analysis tasks through prompt-driven
Python execution.

Their work validates the core design of ADAIG, which
transforms user queries into executable Python code using
secure sandboxing.

Real-Time Analytics and Privacy.

Chen et al. (2023) and NVIDIA (2024) discussed the
integration of real-time analytics and privacy-preserving
Al. They emphasize decentralized model deployment and
federated computation—approaches directly reflected in
ADAIG’s hybrid architecture, where sensitive data never
leaves the user’s environment.

Collectively, these studies reveal that while individual
components of automated analytics exist—AutoML, data
preparation, and LLM-driven interpretation—there
remains a research gap in unifying them into an accessible,
privacyconscious, and interpretable framework. ADAIG
fills this gap by combining automation, conversational
control, and hybrid deployment to deliver comprehensive
data analysis and insight generation.

I11. System Architecture

The AI Powered Data Analysis and Insights Generator
(ADAIG) framework is built around a hybrid cloud-local
architecture that merges the computational power of
cloudbased LLMs with the privacy and cost-efficiency of
locally deployed SLMs. This design allows users to
dynamically choose where computation occurs based on
data-sensitivity, internet availability, and latency
requirements.

IV. 3.1 Architectural Overview
The architecture is divided into five main layers (Fig. 1):

1. User Interaction Layer - A conversational
interface, built with Streamlit or React, that
accepts plain-language prompts and visualizes
outputs.

2. Data Management Layer - Handles data upload,
profiling, and storage. Supported formats include
CSV, Excel, and JSON.

3. Processing Layer - Performs automated
preprocessing, feature engineering, and data
transformation using Pandas, NumPy, and

AutoPrep.

4. Intelligence Layer - Integrates LLMs (e.g., GPT-4,
Claude 3) and SLMs (e.g., Llama 3, Phi-3) through
LangChain for natural-language-to-code

translation.
5. Insight Delivery Layer - Produces human-
readable textual summaries, charts, and

recommendations presented on the dashboard.

User Interface

!

Data Management Layer

[ Data Input ]

!

Processing Layer

[ Data Preprocessing ]
|

!

Intelligence Layer
(LLM/SLM)

IMARETE

!

Insight Delivery Layer

Fig. 1 - System Architecture Diagram
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V. 3.2 Cloud-Local Hybrid Integration The hybrid
setup functions as follows (Fig. 2):

*  When data is non-sensitive, the LLM endpoint is
used for deep reasoning and code generation.

* When data is sensitive, SLMs running locally
through Ollama perform analysis offline.

* The orchestrator dynamically switches between
endpoints based on policy, ensuring privacy
compliance (e.g.,, GDPR).

This dual approach balances performance and security,
achieving up to 90 % of cloud-level accuracy while
maintaining full control of user data.

VI. 3.3 Workflow of ADAIG
The complete workflow (Fig. 3) proceeds in six stages:

1. Data Input and Profiling - The user uploads a
dataset; automated profiling summarizes
columns, missing values, and distributions.

2. Pre-processing and Feature Engineering - Data
is cleaned, normalized, and transformed
automatically.

3. Model Selection and Training - AutoML routines
test multiple algorithms (logistic regression,
random forest, XGBoost, etc.).

4. Evaluation and Interpretation - The best model
is selected based on metrics such as accuracy,
Flscore, and RMSE.

5. Insight Generation - The chosen model’s outputs
are converted into textual insights using an
LLM/SLM interpreter.

6. Report and Visualization - Results are displayed
as graphs and downloadable reports.

VIl. 4 Methodology and Implementation

The methodological design of ADAIG follows an end-to-
end Al pipeline, automating every step from data
ingestion to insight delivery.

VIIl. 4.1 Data Ingestion and Profiling

Users can upload datasets in multiple formats. The system
automatically detects data types and performs descriptive
statistics, correlation heatmaps, and anomaly detection. A
Continuous Data Profiling routine, inspired by Epperson et
al. (2024), ensures live updates whenever the dataset
changes.

© 2026,IRJET | ImpactFactorvalue: 8.315 |

IS0 9001:2008 Certified Journal |

Table 1 - Sample Data Profiling Metrics (placeholder)

Metric  Description
Mean Average value per column
Missing

Percentage of missing values
Rate

Correlation Pearson correlation coefficient

Skewness Measure of data asymmetry

IX. 4.2 Pre-processing and Feature Engineering

The pre-processing engine implements automated cleaning
based on Auto-Prep (Bilal et al., 2022).
It includes:

* Handling missing values (KNN/MICE imputation)
* Encoding categorical variables (Label/One-Hot)
*  Normalization and scaling (Min-Max, Z-score)
*  Automatic feature generation using polynomial and
interaction terms

A lightweight decision system recommends
transformations via prompt-based reasoning from the SLM.

X. 4.3 Model Building and Evaluation

The AutoML component trains multiple supervised and
unsupervised  models. Hyper-parameter tuning uses
Bayesian optimization for efficiency.

Evaluation metrics include Accuracy, Precision, Recall,
F1Score, and RMSE. Results are stored for comparison and
visualization.

Table 2 - Model Performance Comparison Placeholder

Accuracy F1-
Model RMSE

(%) Score
Logistic

87.2 0.84 0.36
Regression
Random

92.5 0.910.28
Forest
XGBoost 93.7 0.930.25
SVM 90.1 0.88 0.32
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Explainability is ensured via SHAP and LIME

visualizations, which highlight feature importance.

Fig. 4 - ADAIF hybrid framework architecture

XI. 4.4 Insight Generation and Reporting
LLMs/SLMs interpret analysis results into natural-
language summaries.

For example, a user query such as “Explain why sales
dropped in March” triggers the model to analyze seasonal
trends and produce a narrative backed by charts. Insights
are ranked by confidence level, and each generated chart
includes embedded captions for interpretability.

XIl. 4.5 Feedback Loop and Real-Time Adaptation

User feedback refines future responses. If the generated
insight is rated as inaccurate, the system re-weights
prompt templates and retrains lightweight models
accordingly. This creates a self-improving cycle for
personalized analytics.

Table 3 - Privacy and Performance Trade-off

Cost
Deployment Data Latency per
Mode Exposure (ms) Request
(USD)
Cloud LLM High 400 0.02
Local SLM
None 650 0.00
(Quantized)

XIIl. 5 Results and Discussion XIV. 5.1

Experimental Setup

ADAIG was evaluated across five real-world datasets
representing sales forecasting, weather prediction,
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academic performance, and IoT sensor readings. Tests
were conducted on two configurations:

* Cloud-based using GPT-40-mini via
APl integration.
* Local setup using quantized SLMs (Llama 3 7B,
Mistral 7B, and Phi-3 3.8B) via Ollama.

Each model was benchmarked for accuracy, latency, data
privacy, and cost efficiency.

Table 4 - Model Comparison and Performance

Summary
Cost
Accuracy Latency (USD
Model Data Exposure
(%) (ms) /
req.)
GPT-
4o0- 94.1 410 0.020 Cloud mini
Llama
90.8 610 0 Local
37B
Mistral
89.6 590 0 Local
7B
Phi-3
91.2 640 0 Local
3.8B

XV. 5.2 Quantitative Results

As shown in Fig. 5, local SLMs achieved performance within
* 4 % of GPT-4 accuracy while eliminating recurring cost
and data exposure. Quantization to 4-bit precision reduced
memory use by 40 % and maintained 95 % model quality.
Overall latency remained under one second for most
tabular datasets.

Table 5 - Accuracy vs. Latency Trade-off

Average
Accuracy
Framework Latency|
(%)
(ms)
Cloud LLM 94.1 410
Local SLM
90.7 650
(4-bit)
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XVI. 5.3 Qualitative Evaluation

Qualitatively, users found ADAIG’s natural-language
interface intuitive and self-explanatory. Feedback from 15
participants (data analysts and students) indicated:

* Reduced manual coding time by 80 %.

* Enhanced trust due to on-device privacy.

* Improved interpretability with auto-generated
SHAP plots and narrative summaries.

User ratings averaged 4.6 / 5 for usability and 4.8 / 5 for
insight clarity.

XVII. 5.4 Discussion

The results confirm that integrating SLMs with LLM-based
orchestration allows efficient analytics without sacrificing
interpretability.

While cloud models remain faster, ADAIG demonstrates
that local intelligence is a viable alternative for sensitive
or offline contexts.

The adaptive feedback loop and modular architecture
enable continuous learning and scalability for enterprise
environments.

XVIIl. 6 Future Scope and Limitations
XIX. 6.1 Future Scope

1. Edge Deployment: Optimizing SLMs for
smartphones and Raspberry Pi for portable
analytics.

2. Multimodal Data Integration: Extending

support for image and audio analysis for richer
insights.

3. RAG-Enhanced Reasoning: Integrating
retrievalaugmented generation to link external
knowledge bases.

4. Domain-Specific Fine-Tuning: Customizing
models for sectors such as healthcare, finance, and
education.

5. Explainability Dashboards: Creating real-time
visualization panels for model reasoning steps.

6. Collaborative Agents: Incorporating multiple Al
agents (data cleaner, visualizer, summarizer)
interacting autonomously.

XX. 6.2 Limitations

* Computational Overhead: Even quantized SLMs
require GPU/CPU acceleration for large datasets.

* Limited Context Windows: Small models
struggle with extremely large feature sets or long-
form context.

* Interpretability Challenges: Although SHAP and
LIME help, deep model reasoning remains opaque.

*  Prompt Sensitivity: Minor prompt variations can
affect output quality.

* Dataset Dependence: Model performance varies
across data domains, requiring continual
finetuning.

XXI. 7 Conclusion

The Al Powered Data Analysis and Insights Generator
provides a scalable, privacy-preserving, and user-friendly
approach to automated data analytics. By uniting cloud-
based LLMs with locally deployable SLMs, the framework
ensures both accessibility and data sovereignty. Empirical
results validate that local models deliver near-parity
accuracy with zero recurring cost and complete privacy.

The ADAIG architecture therefore represents a step toward
democratized Al-driven analytics, where natural-
language interaction replaces complex programming
workflows. Future research will explore multimodal
integration, federated learning for privacy, and adaptive
model compression for mobile analytics.
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