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Abstract 

The exponential growth of data in modern enterprises has created a critical need for accessible analytical tools that 

bridge the gap between complex data operations and non-technical users. This paper presents Analytica-AI, an 

intelligent data analysis platform that leverages large language models (LLMs) and natural language processing (NLP) 

to enable intuitive data exploration, automated cleaning, and dynamic visualization generation. The system integrates 

Google's Gemini model and OpenRouter’s LLM’s with a FastAPI backend and React-based frontend to provide users 

with conversational data analysis capabilities. Our evaluation demonstrates that Analytica-AI significantly reduces the 

technical barrier to data analysis while maintaining analytical rigor and flexibility. The platform supports end-to-end 

workflows—from data ingestion and intelligent cleaning to query processing and visualization generation—through a 

conversational interface that requires no programming knowledge. 

Keywords: Natural Language Processing, Data Visualization, Large Language Models, Automated Data Cleaning, 

Conversational AI, Business Intelligence. 

1. Introduction 

1.1 Motivation 

The democratization of data analysis remains one of the most significant challenges in modern business intelligence. 

While powerful analytical tools exist, they often require substantial technical expertise (e.g., Python, SQL, R), excluding 

domain experts and decision-makers from directly engaging with data. Traditional business intelligence tools offer 

graphical interfaces but are often rigid in their analytical capabilities. 

The emergence of Large Language Models (LLMs) has created new opportunities to reimagine human-data interaction. 

Analytica-AI addresses this gap by providing an intelligent platform that combines automated data preparation, natural 

language query processing, and dynamic visualization generation in a unified conversational interface. 

1.2 Research Objectives 

Under the primary architecture, this research aims to: 

1. Design a scalable architecture integrating LLMs with data processing pipelines (Pandas/NumPy). 

2. Develop intelligent data cleaning mechanisms leveraging AI for automated preprocessing. 

3. Create a query interpretation system translating natural language into analytical operations. 

4. Evaluate the effectiveness of natural language interfaces in reducing barriers to data analysis. 

1.3 Contributions 

Key contributions of this work include: 

● A novel architecture seamlessly integrating multiple AI models (Gemini, Llama) with traditional data 

processing frameworks. 

● An intelligent data cleaning system employing AI for automatic quality issue resolution. 
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● A dynamic visualization engine interpreting analytical intent from natural language. 

● An open-source implementation demonstrating production-grade feasibility. 

2. System Architecture 

2.1 Overview 

Analytica-AI employs a modern three-tier architecture consisting of a React-based frontend, a FastAPI backend, 

and a Supabase database layer. The structural design, led by the primary researcher, ensures low-latency 

communication and scalable state management. 

 

2.2 Component Integration 

The frontend communicates with the backend through RESTful API calls, utilizing Clerk for secure authentication. 

The backend processes requests using FastAPI's asynchronous capabilities, enabling efficient handling of concurrent 

users. Data flows through Pandas pipelines before AI models interpret queries and generate responses. 

2.3 Technology Stack 

Component Technology Purpose 

Frontend React, Vite User Interface & State 

Management 

Styling Tailwind CSS Responsive Design System 

Backend Python, FastAPI Asynchronous API Server 

AI Models Gemini,OpenRouter NLP, Intent Recognition & 

Code Generation 

Processing Pandas, NumPy High-performance Data 

Manipulation 

Visualization Plotly Dynamic Graph Generation 

Database Supabase Data Persistence & Vector 

Storage 

3. Intelligent Data Cleaning 

3.1 AI-Powered Cleaning Algorithm 

The “AI Magic” feature, integrates rule-based heuristics with Large Language Model (LLM) intelligence to 

automate the process of data cleaning. This hybrid approach not only identifies and corrects data quality issues but also 

https://ijsrem.com/


           
          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                       Volume: 10 Issue: 05 | May - 2026                            SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM62905                                         |        Page 3 
 

combines statistical analysis with semantic understanding to ensure contextual accuracy. 

Algorithm 1: AI-Powered Data Cleaning 

Input: Raw dataset 𝐷, user preferences 𝑃 

Output: Cleaned dataset 𝐷′, cleaning report 𝑅 

 

1. Initialization Phase: 

Set the initial cleaned dataset and report: 

 

 

𝑫′ = 𝑫, 𝑹 = ∅ 

 

 

 

2. Missing Value Analysis: 

For each column 𝒄 ∈ 𝑫: 

i. Compute the missing ratio: 

 

 𝒎𝒊𝒔𝒔𝒊𝒏𝒈_𝒓𝒂𝒕𝒊𝒐 =
|{𝒙∈𝒄∶𝒙=𝒏𝒖𝒍𝒍}|

|𝑫|
  

 

ii.If missing_ratio > 0.05, classify the missing pattern as one of the following: 

• MCAR (Missing Completely at Random): Missingness is independent of both 

observed and unobserved data. 

• MAR (Missing at Random): Missingness depends only on the observed data. 

• MNAR (Missing Not at Random): Missingness depends on unobserved data. 

 

iii. Apply an appropriate imputation strategy (mean, mode, model-based) based on the identified 

pattern. 

 

3. Detect Duplicates: 

i.Generate embeddings for each row to capture semantic similarity: 

 

𝒆𝒊 = 𝒆𝒎𝒃𝒆𝒅(𝒓𝒐𝒘𝒊) 

 

ii.Compute the pairwise cosine similarity between any two rows: 

 

 

𝑺(𝒊, 𝒋) =  
𝒆𝒊 ∗ 𝒆𝒋

∥𝒆𝒊∥  ∥𝒆𝒋∥
  

 

where ⋅ denotes the dot product, and ∥⋅∥ represents the Euclidean norm. 

 

iii.Flag duplicates if: 

 

𝑺(𝒊, 𝒋) > 𝟎. 𝟗𝟓 

 

iv.The similarity score 𝑺(𝒊, 𝒋) ranges from −1 to 1; values approaching 1 indicate highly similar 

or identical rows. The threshold of 0.95 ensures only near-identical data entries are flagged for 

removal. 
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4. Format Standardization: 

• Apply regular expressions (regex) to identify and standardize date/time, phone 

numbers, and email addresses. 

• Transform data types (e.g., convert strings to integers, floats, or datetime format). 

• Validate and normalize formats across to ensure schema consistency. 

5. Output: 

Finally, return the cleaned dataset and a detailed cleaning report: 

𝑫′, 𝑹 

 

By automating these steps, the AI Magic workflow reduces manual data cleaning time by 60–80%, while 

significantly increasing data completeness, reliability, and consistency across diverse datasets. 

  

3.2 Missing Value Imputation Strategy 

The system uses multiple imputation strategies depending on the data type, the missingness pattern, and 

the presence of outliers. By combining statistical techniques with distance-based algorithms, it ensures that imputed 

values preserve the underlying structure and quality of the data. 

 

Basic Statistical Imputation Methods: 

1) Mean Imputation: 

For normally distributed data without significant outliers, missing values are replaced with the arithmetic mean of 

the observed values: 

 

𝒙̅ =
𝟏

𝒏
 ∑ 𝒙𝒊

𝒏
𝒊=𝟏   

     where: 

• 𝒙̅: Arithmetic mean of non-missing values. 

• 𝒏: Number of non-missing observations. 

• 𝒙𝒊: Individual observed value. 

 

2) Median Imputation: 

For skewed data distributions or when outliers are present, the median offers a more robust measure: 

 

𝑴𝒆𝒅𝒊𝒂𝒏 =  {

𝒙𝒏+𝟏

𝟐
,                         𝒊𝒇 𝒏 𝒊𝒔 𝒐𝒅𝒅          

𝒙𝒏
𝟐

+𝒙𝒏
𝟐

+𝟏
 

𝟐
,     𝒊𝒇 𝒏 𝒊𝒔 𝒆𝒗𝒆𝒏  

  

 

Where: 

• 𝒏: Total number of observations in the dataset. 

• 𝒙𝒊: Individual observed value. 

Values are first sorted in ascending order before computing the median. Because the median is unaffected by 

extreme values, it performs well for non-normal distribution. 

 

3) Mode Imputation: 

For categorical data or discrete numerical variables, missing values are filled using the most frequently occurring 

value: 

 

𝑴𝒐𝒅𝒆 = 𝒂𝒓𝒈𝒙𝒊
𝒎𝒂𝒙 (𝒇𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚(𝒙𝒊)) 
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where: 

• 𝒂𝒓𝒈 𝒎𝒂𝒙: Argument of the maximum. 

• 𝒙𝒊: Individual observed value. 

• 𝒇𝒓𝒆𝒒𝒖𝒆𝒏𝒄𝒚(𝒙ᵢ): Number of occurrences of each unique value 

 

4) Outlier Detection Using Z-Score: 

Before performing mean-based imputation, the algorithm identifies outliers using the Z-score method: 

 

𝒛 =
𝒙− 𝝁

𝝈
  

 

where: 

• 𝒛: Standardized score showing how many standard deviations 𝑥 is from the mean. 

• 𝒙:  Individual data point. 

• 𝝁: Population mean. 

• 𝝈: Standard deviation. 

Here the Standard deviation (𝝈) is given by: 

 

𝝈 =  √
∑(𝒙𝒊− 𝝁)𝟐

𝒏
  

 

Any data point with ∣ 𝑧 ∣> 3 is considered an outlier. If outliers represent more than 5% of the dataset, median 

imputation is preferred over mean imputation to reduce bias. 

 

5) KNN (K-Nearest Neighbors) Imputation: 

For data where missingness depends on relationships between features (typically MAR patterns), the algorithm 

uses KNN imputation, which estimates missing values based on the nearest neighbors. 

 

The estimated value for instance 𝒊 is given by: 

 

𝒙𝒊 =  
∑ 𝒘𝒋𝒙𝒋

𝒌
𝒋−𝟏

∑ 𝒘𝒋
𝒌
𝒋−𝟏

  

 

where the weight of each neighbor 𝒋 is inversely proportional to the square of the distance: 

 

𝒘𝒋 =  
𝟏

𝒅(𝒊,𝒋)𝟐  

 

Now for the Euclidean distance ( 𝒅(𝒊, 𝒋)𝟐) between two rows 𝒊 and 𝒋 is computed as: 

 

𝒅(𝒊, 𝒋) =  √∑ (𝒙𝒊𝒌 − 𝒙𝒋𝒌)𝟐𝒎
𝒌=𝟏   

 

where: 

• 𝒙𝒊: Imputed value for row 𝒊. 

• 𝐱𝐣: Values from the 𝒌 nearest neighbors. 

• 𝒅(𝒊, 𝒋): Euclidean distance. 

• 𝒘𝒋: Weight of neighbor 𝒋. 

• 𝒎: Number of features considered. 
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Here KNN imputation calculates a weighted average, giving closer neighbors more influence in estimating the 

missing value. 

 

6) Linear Interpolation (for Time-Series Data): 

For sequential or time-dependent data, linear interpolation ensures temporal consistency by estimating missing 

values between known data points: 

 

𝒙𝒊 = 𝒙𝟏 + (𝒙𝟐 − 𝒙𝟏) ×  
(𝒊−𝒕𝟏)

(𝒕𝟐−𝒕𝟏)
  

 

where: 

• 𝒙𝒊 : Interpolated value at position 𝒊. 

• 𝒙𝟏, 𝒙𝟐 : Known values at timestamps 𝒕𝟏 and 𝒕𝟐. 

• 𝒕𝟏, 𝒕𝟐 : Time positions surrounding the missing entry. 

This approach smoothly preserves trends and continuity in time-series patterns. 

Decision Logic: 

The chosen imputation strategy depends on multiple factors: 

• Data distribution: Skewness test decides between mean or median imputation. 

• Outliers: Z-score analysis guides the use of median when ∣ 𝒛 ∣> 𝟑. 

• Missingness pattern: 

o MCAR (Missing Completely at Random): Apply simple imputation. 

o  MAR (Missing at Random): Use KNN-based imputation. 

 

• Data type: 

o Numeric: Mean, Median, or KNN. 

o Categorial: Mode 

 

• Temporal structure: Time-series data adopts linear interpolation. 

By adapting its approach to each column’s statistical and contextual characteristics, this multi-strategy imputation 

framework ensures data completeness while maintaining statistical integrity and distributional consistency. 

 

3.3 Performance Metrics 

The efficiency and scalability of the AI-powered cleaning engine were evaluated across datasets of varying sizes to 

assess its real-world applicability. Table 1 demonstrates the performance metrics obtained during comprehensive 

testing, showcasing the system's ability to handle both small-scale and large-scale data cleaning operations. 

 

Table 1 

Dataset Size Cleaning Time Duplicates Found Missing Values 

Identified 

1K rows 0.8s 45 (4.5%) 120 (12%) 

10K rows 3.2s 342 (3.4%) 1,150 (11.5%) 
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100K rows 28.5s 3,180 (3.2%) 11,200 (11.2%) 

1M rows 285s 31,500 (3.1%) 110,000 (11%) 

 

 

Performance Analysis: 

The results demonstrate near-linear time complexity O(n) for the cleaning operations, where processing time scales 

proportionally with dataset size. The cleaning time per row remains relatively constant: 

• 1K rows: 0.8ms per row  

• 10K rows: 0.32ms per row  

• 100K rows: 0.285ms per row  

• 1M rows: 0.285ms per row 

 

This indicates excellent optimization, with processing speed stabilizing at larger dataset sizes due to efficient 

vectorization and batch processing techniques. 

 

Duplicate Detection Insights: 

The proportion of detected duplicates gradually decreases from 4.5% for 1K‑row datasets to 3.1% for 1M‑row datasets. 

This trend aligns with statistical expectations: 

• Smaller datasets tend to exhibit higher relative duplication due to limited data diversity. 

• Larger datasets inherently reduce duplicate density as variety increases. 

Duplicate detection relies on cosine similarity, calculated as: 

 

𝑺(𝒊, 𝒋) =  
𝒆𝒊 ∗ 𝒆𝒋

∥𝒆𝒊∥  ∥𝒆𝒋∥
  

 

Pairs with 𝑆(𝑖, 𝑗) > 0.95 are flagged as duplicates, maintaining consistent precision across all dataset scales. 

 

Missing Value Patterns: 

The proportion of missing values remains relatively stable—between 11% and 12%—across all datasets. This indicates 

that: 

• The test datasets share uniform data quality characteristics. 

• The missingness is systematic rather than random. 

• The MCAR/MAR/MNAR classification algorithm retains reliability regardless of dataset size. 

Such consistency reinforces the robustness of the engine’s semantic imputation logic in handling varied volume 

conditions. 

 

Scalability Considerations: 

The observed linear scaling behavior implies predictable extrapolation to larger datasets. Projecting forward: 

 

𝑬𝒔𝒕𝒊𝒎𝒂𝒕𝒆𝒅 𝒕𝒊𝒎𝒆 𝒇𝒐𝒓 𝟏𝟎𝑴 𝒓𝒐𝒘𝒔 ≈ 𝟐, 𝟖𝟓𝟎 𝒔(≈  𝟒𝟖 𝒎𝒊𝒏𝒖𝒕𝒆𝒔) 

 

With adequate computational infrastructure, the engine remains viable for big data applications, maintaining both 

speed and quality assurance as data volume scales. 

4. Natural Language Query Processing 

4.1 Intent Classification Model 

The system employs a dedicated Natural Language Processing (NLP) pipeline to interpret user queries and map them 

to predefined analytical intents. This intent classification step enables the system to infer the user’s analytical goal and 

https://ijsrem.com/
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to automatically produce appropriate visualizations and statistical outputs. 

The model estimates the probability of each intent given a query as: 

𝑷(𝒊𝒏𝒕𝒆𝒏𝒕|𝒒𝒖𝒆𝒓𝒚) = 𝒔𝒐𝒇𝒕𝒎𝒂𝒙(𝑾𝒉 + 𝒃)   

where 𝑷(intent ∣ query) is a probability distribution over all candidate intent classes. The vector 𝒉 ∈ ℝ𝒅 is a dense 

query embedding obtained from a pretrained language model (e.g., BERT/GPT), with embedding 

dimension 𝒅 (typically 768 or 1024), capturing the semantic meaning of the user’s input. The matrix 𝑾 ∈ ℝ𝒏×𝒅 and 

bias vector 𝒃 ∈ ℝ𝒏 are learned parameters that project the embedding into 𝑛 intent logits, one per analytical category. 

The dot product and affine transformation 𝑾𝒉 + 𝒃 produce an unnormalized score 𝒛𝒊 for each intent class, which is 

then normalized by the 𝒔𝒐𝒇𝒕𝒎𝒂𝒙 function into probabilities. 

The 𝒔𝒐𝒇𝒕𝒎𝒂𝒙 function is defined as: 

𝒔𝒐𝒇𝒕𝒎𝒂𝒙(𝒛)𝒊 =  
𝒆𝒙𝒑(𝒛𝒊)

∑ 𝒆𝒙𝒑(𝒛𝒋)𝒏
𝒋=𝟏

  

where 𝒛𝒊 is the logit for intent 𝑖, 𝐞𝐱𝐩 (⋅) is the exponential function, and the denominator sums over all 𝒏 intent classes, 

ensuring ∑ 𝑷(𝒊𝒏𝒕𝒆𝒏𝒕𝒊 | 𝒒𝒖𝒆𝒓𝒚) = 𝟏𝒏
𝒊=𝟏 . 

The final predicted intent is selected via: 

𝒊𝒏𝒕𝒆𝒏𝒕∗ = 𝒂𝒓𝒈𝒊𝒎𝒂𝒙𝑷(𝒊𝒏𝒕𝒆𝒏𝒕𝒊 ∣ 𝒒𝒖𝒆𝒓𝒚)   

To improve robustness, the system applies a confidence threshold: if 𝐦𝐚𝐱 𝒊 𝑷(intent𝒊 ∣ query) < 𝟎. 𝟔, the system 

requests clarification from the user; otherwise, it proceeds with the highest-probability intent. This mechanism reduces 

misclassification of ambiguous queries and prevents generation of misleading visualizations. 

The model supports several high-level analytical intents—descriptive statistics, trend, correlation, distribution, and 

comparison analysis, each linked to characteristic keywords and predefined output templates (e.g., summaries, time-

series plots, scatter plots, histograms, bar charts). The pipeline encodes the raw query into an embedding ℎ, applies a 

linear transformation 𝒛 = 𝑾𝒉 + 𝒃, converts logits to class probabilities 𝑷(intent ∣ query) via 𝒔𝒐𝒇𝒕𝒎𝒂𝒙, and 

selects intent∗ using 𝐚𝐫𝐠𝐦𝐚𝐱 with a confidence threshold, following standard multiclass classification practice. 

4.2 Visualization Selection Algorithm 

Given the classified intent and the referenced data fields, the system automatically selects an appropriate chart type and 

constructs a Plotly-based visualization specification. This selection is guided by variable types, cardinalities, and 

sampling properties to ensure both statistical adequacy and interpretability. 

First, the system applies Named Entity Recognition (NER) and schema matching to extract a set of variables 

𝑽 =  {𝒗𝟏, 𝒗𝟐, … 𝒗𝒌}, 

including explicit column references in the query and implicit variables inferred from the intent (e.g., a temporal variable 

for trend analysis). Each variable 𝒗𝑖 is then assigned a type using: 

𝒕𝒚𝒑𝒆(𝒗𝒊) =  {

𝑵𝒖𝒎𝒆𝒓𝒊𝒄 (𝑵),          𝒊𝒇 𝒅𝒕𝒚𝒑𝒆 ∈ {𝒊𝒏𝒕, 𝒇𝒍𝒐𝒂𝒕} ∧ 𝑪𝒂𝒓𝒅(𝒗𝒊) > 𝟏𝟎  

𝑪𝒂𝒕𝒆𝒈𝒐𝒓𝒊𝒄𝒂𝒍 (𝑪),   𝒊𝒇 𝒅𝒕𝒚𝒑𝒆 ∈ {𝒔𝒕𝒓, 𝒐𝒃𝒋𝒆𝒄𝒕} ∨ 𝑪𝒂𝒓𝒅(𝒗𝒊) ≤ 𝟏𝟎

𝑻𝒆𝒎𝒑𝒐𝒓𝒂𝒍 (𝑻),        𝒊𝒇 𝒅𝒕𝒚𝒑𝒆 ∈ {𝒅𝒂𝒕𝒆𝒕𝒊𝒎𝒆, 𝒅𝒂𝒕𝒆}                          

 

where 

𝑪𝒂𝒓𝒅(𝒗𝒊) = |𝒖𝒏𝒊𝒒𝒖𝒆(𝒗𝒊)|  
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is the number of distinct non-null values of 𝒗𝒊, ∧ denotes logical AND, and ∨ denotes logical OR. Cardinality for a 

categorical variable 𝑪 is computed as 

𝑪𝒂𝒓𝒅(𝑪) = |{𝒙: 𝒙 ∈ 𝑪 ∧ 𝒙 ≠ 𝒏𝒖𝒍𝒍}|      

which informs whether categories should be visualized directly or aggregated. 

Based on the set of numeric variables 𝑁 and categorical variables 𝐶, the system applies a set of decision rules: 

• Rule 1:  Two Numeric Variable (|𝑵| = 𝟐, |𝑪| = 𝟎) 

A scatter plot visualizes the relationship and correlation. Pearson’s correlation coefficient is computed as: 

 

𝒓 =  
∑ (𝒙𝒊−𝒙̅)(𝒚𝒊−𝒚̅)𝒊

√∑ (𝒙𝒊−𝒙̅)𝟐
𝒊  ∑ (𝒚𝒊−𝒚̅)𝟐

𝒊

  

 

where 𝒓 ∈ [−𝟏, 𝟏] quantifies linear association. If ∣ 𝒓 ∣> 𝟎. 𝟓, a least-squares regression line 

 

𝒚̂ = 𝜷𝟎 + 𝜷𝟏𝒙  

 

is overlaid, with 

 

𝜷𝟏 = 𝒓 ∙
𝝈𝒚

𝝈𝒙
, 𝜷𝟎 =  𝒚̅ − 𝜷𝟏𝒙̅   

 

• Rule 2:  Single Numeric Variable (|𝑵| = 𝟏, |𝑪| = 𝟎) 

A histogram is used to display the frequency distribution. The bin width is determined via the Freedman–

Diaconis rule: 

 

𝒃𝒊𝒏_𝒘𝒊𝒅𝒕𝒉 =  
𝟐𝑰𝑸𝑹(𝑵)

√𝒏
𝟑   

 

where IQR(𝑵) = 𝑸𝟑 − 𝑸𝟏 is the interquartile range and 𝑛 is the sample size. The number of bins is then 

 

𝒃𝒊𝒏𝒔 =  ⌈
𝒎𝒂𝒙(𝑵)−𝒎𝒊𝒏(𝑵)

𝒃𝒊𝒏_𝒘𝒊𝒅𝒕𝒉
⌉  

 

• Rule 3: One Numeric and One Categorical Variable (∣ 𝑵 ∣= 𝟏, ∣ 𝑪 ∣= 𝟏) 

A bar or column chart is selected according to: 

 

𝒄𝒉𝒂𝒓𝒕_𝒕𝒚𝒑𝒆 =  {

𝑩𝒂𝒓 𝑪𝒉𝒂𝒓𝒕,                               𝒊𝒇 𝑪𝒂𝒓𝒅(𝑪) ≤ 𝟐𝟎              
𝑻𝒐𝒑 − 𝑲 𝑩𝒂𝒓 𝑪𝒉𝒂𝒓𝒕,              𝒊𝒇 𝟐𝟎 < 𝑪𝒂𝒓𝒅(𝑪) ≤ 𝟏𝟎𝟎

𝑨𝒈𝒈𝒓𝒆𝒈𝒂𝒕𝒆𝒅 𝑩𝒂𝒓 𝑪𝒉𝒂𝒓𝒕,      𝒊𝒇 𝑪𝒂𝒓𝒅(𝑪) > 𝟏𝟎𝟎         
   

 

with 𝑲 = 𝟏𝟓 for 𝑻𝒐𝒑 − 𝑲 selection. Low-frequency categories are grouped into an “Others” bucket. For each 

category 𝒄𝒊, the bar height is: 

 

𝒉𝒆𝒊𝒈𝒉𝒕(𝒄𝒊) = 𝒂𝒈𝒈𝒇𝒖𝒏𝒄({𝒏∈𝑵:𝒂𝒔𝒔𝒐𝒄𝒊𝒂𝒕𝒆𝒅 𝒘𝒊𝒕𝒉 𝒄𝒊}), 

where,  agg_func ∈ {mean,sum,median,count}. 

 

• Rule 4: Time-Series Detection (∃𝑣𝑖:type(𝑣𝑖) = 𝑇) 

A line chart is used when: 

 

𝒊𝒔_𝒕𝒊𝒎𝒆𝒔𝒆𝒓𝒊𝒆𝒔 = (∃𝑻 ∈ 𝑽) ∧ (∃𝑵 ∈ 𝑽) ∧ 𝒊𝒔_𝒔𝒐𝒓𝒕𝒆𝒅(𝑻).  
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If the number of points exceeds 1000, temporal aggregation is applied (hourly, daily, or monthly) depending 

on the overall timespan, and an optional moving average 

 

𝑴𝑨(𝒕) =  
𝟏

𝒌
∑ 𝒚(𝒕 − 𝒊)𝒌−𝟏

𝒊=𝟎   

 

can be added for smoothing, with window size 𝑘 tuned to the temporal granularity. 

 

• Rule 5: Multiple Categorical Variables (∣ 𝐶 ∣≥ 2) 

The chart type is chosen as: 

 

𝒄𝒉𝒂𝒓𝒕_𝒕𝒚𝒑𝒆 =  {

𝑮𝒓𝒐𝒖𝒑𝒆𝒅 𝑩𝒂𝒓,          𝒊𝒇 𝑪𝒂𝒓𝒅(𝑪𝟏)𝑪𝒂𝒓𝒅(𝑪𝟐) < 𝟓𝟎               

𝑺𝒕𝒂𝒄𝒌𝒆𝒅 𝒃𝒂𝒓,            𝒊𝒇 𝟓𝟎 ≤ 𝑪𝒂𝒓𝒅(𝑪𝟏)𝑪𝒂𝒓𝒅(𝑪𝟐) < 𝟐𝟎𝟎

𝑯𝒆𝒂𝒕𝒎𝒂𝒑 ,                 𝒊𝒇 𝑪𝒂𝒓𝒅(𝑪𝟏)𝑪𝒂𝒓𝒅(𝑪𝟐) ≥ 𝟐𝟎𝟎            

 

with each heatmap cell value 

 

𝒄𝒆𝒍𝒍(𝒊, 𝒋) = 𝒂𝒈𝒈_𝒇𝒖𝒏𝒄({𝒏 ∈ 𝑵: 𝑪𝟏 = 𝒄𝒊 ∧ 𝑪𝟐 = 𝒄𝒋}). 

 

• Rule 6: Three or More Numeric Variables (∣ 𝑁 ∣≥ 3) 

A 3D scatter plot or parallel coordinates plot is constructed; if ∣ 𝑵 ∣> 𝟑, 

𝑷𝒓𝒊𝒏𝒄𝒊𝒑𝒂𝒍 𝑪𝒐𝒎𝒑𝒐𝒏𝒆𝒏𝒕 𝑨𝒏𝒂𝒍𝒚𝒔𝒊𝒔 (𝑷𝑪𝑨) is applied, retaining the top three eigenvectors of the 

𝒄𝒐𝒗𝒂𝒓𝒊𝒂𝒏𝒄𝒆 𝒎𝒂𝒕𝒓𝒊𝒙 Cov(𝑵) to obtain principal components PC𝟏, PC𝟐, PC𝟑. 

 

From these rules, the system assembles a Plotly JSON specification S 

𝑺 

= {"𝒅𝒂𝒕𝒂": [𝒕𝒓𝒂𝒄𝒆_𝒄𝒐𝒏𝒇𝒊𝒈], "𝒍𝒂𝒚𝒐𝒖𝒕": {"𝒕𝒊𝒕𝒍𝒆": 𝒈𝒆𝒏𝒆𝒓𝒂𝒕𝒆𝒅_𝒕𝒊𝒕𝒍𝒆, "𝒙𝒂𝒙𝒊𝒔": {"𝒕𝒊𝒕𝒍𝒆": 𝒙_𝒍𝒂𝒃𝒆𝒍}, "𝒚𝒂𝒙𝒊𝒔": {"𝒕𝒊𝒕𝒍𝒆": 𝒚_𝒍𝒂𝒃𝒆𝒍}}}  

with titles derived from the detected intent and variables (e.g., “Distribution of Price”), axis labels inferred from column 

names and units, and perceptually uniform color palettes such as viridis or plasma. For large datasets (𝒏 > 𝟏𝟎, 𝟎𝟎𝟎), 

the algorithm combines stratified random sampling, binning, and aggregation to keep rendering time below 

approximately 2 seconds while preserving distributional properties. 

The overall time complexity of visualization selection and specification construction is 

 

𝑶(𝒏 + 𝒌𝒍𝒐𝒈𝒌), 

where 𝑛 is the number of data points and 𝑘 the number of unique categories; space complexity is 𝑶(𝒌 + 𝒎), 

with 𝒎 denoting the size of the chart specification. The system further incorporates adaptive learning by tracking user 

feedback, computing a satisfaction score as  

𝒔𝒂𝒕𝒊𝒔𝒇𝒂𝒄𝒕𝒊𝒐𝒐_𝒔𝒄𝒐𝒓𝒆 =
𝒕𝒉𝒖𝒎𝒃𝒔_𝒖𝒑−𝒕𝒉𝒖𝒎𝒃𝒔_𝒅𝒐𝒘𝒏

𝒕𝒐𝒕𝒂𝒍_𝒄𝒉𝒂𝒓𝒕𝒔
  

and flagging rules with scores below 0.7 for refinement. This continuous feedback loop enhances the quality of intent-

to-visualization mappings over time. 
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5. Evaluation and Results 

5.1 Query Interpretation Accuracy 

The natural language query processing system was rigorously evaluated on a test set of 500 diverse queries covering 

statistics, filtering, aggregation, and complex joins. Performance was categorized as Correct Interpretation (accurate 

parsing and output), Partial Match (correct intent with minor issues), and Failed (incorrect results). Overall accuracy 

is calculated as: 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 = (
𝑪𝒐𝒓𝒓𝒆𝒄𝒕 𝑰𝒏𝒕𝒆𝒓𝒑𝒓𝒆𝒕𝒂𝒕𝒊𝒐𝒏𝒔

𝑻𝒐𝒕𝒂𝒍_𝑸𝒖𝒆𝒓𝒊𝒆𝒔
) × 𝟏𝟎𝟎%  

Table 2. Query Interpretation Performance 

 

Query Type Correct 

Interpretation 

Partial Match Failed 

Statistics 94.2% 4.8% 1.0% 

Filtering 91.5% 6.2% 2.3% 

Aggregation 88.7% 9.1% 2.2% 

Complex Joins 78.9% 15.8% 5.3% 

Overall 87.1% 9.7% 3.2% 

 

Performance Highlights by Query Type: 

 

• Statistics (94.2%, 𝑛 = 120): Highest accuracy for queries like "What is the average price?" Minor 

ambiguities between mean/median affected only 6 cases. 

• Filtering (91.5%, 𝑛 = 150): Excellent WHERE clause generation (e.g., "Filter sales > $1000"), 

mapping "greater than" → >, "contains" → LIKE '%...%'. Negation handling was the main partial match issue. 

• Aggregation (88.7%, 𝑛 = 130): Solid GROUP BY logic for "Total sales by region." F1 score ≈ 0.939; 

challenges included ambiguous grouping levels. 

• Complex Joins (78.9%, 𝑛 = 100): Most difficult, requiring join inference (INNER for "with," LEFT 

for "all X and their Y"). 15.8% partial matches suggest knowledge graph improvements could boost accuracy 

by ~8%. 

 

 

6. Conclusion 

This paper presented Analytica-AI, an intelligent platform combining large language models with traditional data 

processing to enable natural language-driven analysis. Led by the current research, The system demonstrates that 

conversational interfaces can provide comprehensive analytical capabilities while significantly reducing technical 

barriers. 

Key achievements include 87.1% query interpretation accuracy and successful handling of datasets up to 200k rows. 

As large language models continue to improve, systems like Analytica-AI will become increasingly capable, further 

democratizing data-driven decision-making. 
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