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Abstract- SegmentIQ is a full-stack, browser-based 

intelligent analytics platform that automates customer 

segmentation using RFM (Recency, Frequency, 

Monetary) scoring, AI-powered behavioral clustering, 

and a conversational AI chatbot powered by the 

Anthropic Claude API. The system accepts CSV data, 

text, and voice inputs, enabling multimodal analysis for 

a more accurate and engaging user experience. For text 

and voice inputs, the application utilizes natural 

language processing and speech-to-text techniques (via 

Whisper) to extract behavioral context and generate 

concise customer summaries. For CSV data, RFM 

methods analyze purchase patterns to detect dominant 

customer segments. Based on the identified segment, the 

system recommends relevant business actions using real-

time data from the Anthropic Claude AI API. The 

application is built using modern web technologies 

including HTML5, CSS3, and Vanilla JavaScript 

ES2022 for an interactive and user-friendly interface, 

integrating deep learning models and external APIs to 

deliver dynamic segmentation results. By combining 

customer behavior analysis with intelligent AI 

recommendations, this 0system enhances user 

engagement, data-driven personalization, and analytical 

well-being in digital analytics platforms. This project 

demonstrates the practical application of AI in affective 

computing, multimedia processing, and 

recommendation systems. 

 

Index Terms — Customer Segmentation, RFM Analysis, 

AI Chatbot, Anthropic Claude, OTP Authentication, 

Churn Prediction, LTV Modelling, Data Visualization, 

Full-Stack Web Application. 

 

I. INTRODUCTION 

 

Customer segmentation plays a vital role in 

influencing enterprise data strategy and personalized 

marketing. Organizations often analyze customer 

behavior based on purchasing patterns, as data-

driven segmentation helps reduce churn, increase 

revenue, and enhance overall customer experience. 

However, most traditional analytics tools rely on 

historical aggregates, collaborative filtering, or 

genre-based filtering methods, which may not 

accurately reflect the real-time behavioral state of 

the customer. As highlighted by (S. Poria et al. 

2019), understanding customer intent through 

computational systems has become a key research 

area in affective computing and intelligent 

recommendation systems. 

 

Recent advancements in artificial intelligence, 

particularly in natural language processing, speech 

recognition, and computer vision, have enabled 

machines to analyze behavioral signals from 

different data sources. According to (Erik Cambria 

et al. 2020), customer intelligence technologies have 

significantly improved due to deep learning 

techniques that can extract meaningful patterns from 

textual, transactional, and behavioral inputs. These 

multimodal approaches allow systems to interpret 

human purchasing patterns more accurately 

compared to traditional single-modality methods. 

 

Customer segmentation using RFM analysis has 

gained considerable attention in recent years. 

Studies conducted by (Abhinav Dhall et al. 2021) 

demonstrated that deep learning models such as 

convolutional neural networks can effectively 

identify behavioral states by analyzing transactional 

features and purchase micro-patterns. Similarly, 

data-driven segmentation techniques have improved 

significantly with the development of advanced 

machine learning models. Research by (Alex 

Radford et al. 2022) introduced transformer-based 

models which provide robust pattern recognition 

capabilities that can be utilized for customer 

behavioral analysis. 

 

In the domain of customer analytics, several 

researchers have explored AI-aware approaches to 

improve personalization. For example, (S. 

Parashakthi and R. Savithri 2022) proposed an 

RFM-based customer segmentation system that 

detects user behaviors and suggests suitable 

marketing strategies accordingly. Their work 
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demonstrates that integrating behavioral recognition 

with recommendation systems can significantly 

enhance user satisfaction and engagement in digital 

commerce platforms. Similarly, (Rohit Katkuri et al. 

2023) developed a machine learning-based 

behavior-aware analytics model that classifies 

customer states and recommends strategies based on 

detected purchasing patterns. 

 

Despite these advancements, many existing 

customer-aware analytics systems rely on a single 

input modality, such as purchase history or textual 

sentiment analysis. Such approaches may not fully 

capture the complexity of customer behavior, as 

behavioral signals can vary across different 

communication channels. According to (Björn W. 

Schuller et al. 2023), multimodal analytics systems 

that integrate text, transaction, and behavioral data 

provide significantly higher accuracy and robustness 

compared to unimodal approaches.. 

 

II. SYSTEM DESIGN 

 

A. System Flow Diagram 

 

 
Fig.2.1.1- System Flow Diagram 

 

The System Flow Diagram illustrates the sequential 

process through which the SegmentIQ system 

analyzes customer data and recommends 

appropriate segmentation. The process begins with 

the User Input stage, where the administrator 

provides CSV files, text queries, or voice queries. 

Data then moves through the Data Processing stage 

where CSV files are parsed, NLP analysis is 

performed on text, and RFM scoring is computed. 

The AI Segmentation stage applies the classification 

engine to assign each customer to a segment tier 

(Premium, Regular, New, At-Risk, Dormant) and 

computes churn risk and LTV. Finally, the Output & 

Insights stage delivers segment result cards, the AI 

chatbot for natural language querying, and 

downloadable enriched CSV export. This structured 

flow ensures the system effectively captures 

customer behaviors, processes behavioral data 

accurately, and delivers personalized analytics 

recommendations. 

 

B. System Architecture Diagram 

 

 
Fig.2.2.1- System Architecture Diagram 

 

The System Architecture Diagram illustrates the 

overall structure and interaction between the 

different layers of the SegmentIQ system. The Input 

Layer accepts CSV file uploads, text queries, voice 

queries, and admin dashboard interactions. The 

Processing Layer contains six JavaScript modules: 

Auth Module & OTP Verify, CSV Parser 

(PapaParse 5.4), RFM Scoring Engine, Segment 

Classifier, Chart.js 4.4 Visualizer, and User 

Management & Settings. The AI Integration Layer 

connects to the Anthropic Claude API via Prompt 

Builder and Context Injector modules. The Data 

Management Layer handles in-memory state, 

computed segments, and PapaParse streaming. The 

Output Layer delivers segment cards, AI chatbot 

insights, enriched CSV export, and data 

visualizations to the administrator. 

 

C. Deployment Design 

The Deployment Diagram illustrates the physical 

arrangement of the SegmentIQ system and 

interaction between the user device, application 

processing layer, and external AI services. The 

system begins with the User Device — a laptop or 

mobile — where the administrator interacts through 

the browser-based interface. All processing is client-

side: no Node.js server, database, or cloud 

infrastructure is required. CSV files are processed 

locally via PapaParse's browser-native streaming 

parser, charts render using Chart.js from Cloudflare 

CDN, and the only external network call is to the 

Anthropic Claude REST API over HTTPS. This 

zero-backend architecture ensures rapid 

deployment, zero hosting costs, and inherent data 

privacy since customer data never leaves the client 

device. 
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III. SYSTEM IMPLEMENTATION 

 

The SegmentIQ system is implemented using 

modern web application technologies to detect 

customer segments and deliver analytics 

accordingly. The system integrates multiple 

modules including admin authentication, dashboard 

visualization, CSV processing, AI-powered 

segmentation, and natural language querying via the 

embedded chatbot. These modules work together to 

create a complete customer analytics platform. 

 

The system interface is developed using HTML5, 

CSS3, and Vanilla JavaScript ES2022, which 

provides an interactive and user-friendly 

environment for administrators. Streamlit-style 

components allow users to easily provide CSV data, 

text queries, or voice inputs, and the interface 

displays the detected segment along with 

recommended business actions and AI-generated 

insights. 

 

A. Admin Authentication Module 

The Admin Authentication Module implements a 

two-stage security flow to protect sensitive customer 

data. Stage 1 collects email and password credentials 

through an animated split-layout login interface. 

Stage 2 delivers a real-time 6-digit OTP to the 

registered email with auto-advance digit input, 5-

minute expiry countdown, and full paste support. 

The email address is partially masked during OTP 

entry for privacy protection. 

 

  
Fig.3.1.1- Login Screen (left) and OTP Verification 

Screen (right) 

 

B. Admin Dashboard Overview 

Upon successful authentication, the admin 

dashboard renders with a persistent left navigation 

sidebar containing eleven sections: Overview, 

Analytics, CSV Import, Reports & Exports, Users 

(12), System Health, Alerts (3), Configuration, 

Audit Logs, API Keys, and Backup & Recovery. 

The Overview page displays four headline KPI 

cards: Team Users (12, +3 this month), API Calls 

Today (8.2K, +14% vs yesterday), Storage Used 

(62%, 247 GB of 400 GB), and 30-day Uptime 

(99.9%, SLA maintained). A 14-day API usage area 

chart renders Total Calls and Errors series using 

Chart.js with custom dark-palette theming and dual 

dataset visualization. The Quick Actions panel 

provides six one-click operations: Import CSV Data, 

View Analytics, Create Backup, Retrain AI Model, 

Flush Cache, Monthly Report, and Maintenance 

Mode for rapid system management without 

navigating away from the overview page. 

 

 
Fig.3.2.1- Admin Control Center Overview 

 

C. CSV Import Wizard 

The CSV Import Module provides a 5-step guided 

data ingestion wizard. Files up to 50 MB and 

500,000 rows are accepted via drag-and-drop or file 

browser. The Preview & Validate step renders the 

first 10 rows with null-cell highlighting and reports 

Total Rows, Column Count, Duplicate Count (email 

Set-based O(n) deduplication), and Rows with 

Blank Fields. The Column Mapping Engine auto-

detects six required fields (name, email, spend, 

orders, last_active, signup_date) via substring 

normalization against a curated alias list. Manual 

override dropdowns handle unrecognized columns. 

Unmapped optional fields are silently skipped 

during processing. 

 

 
Fig.3.3.1- CSV Import Wizard: Upload Step 

D. System Health & Backup Modules 

The Infrastructure Monitor tracks eight services with 

animated status indicators: API Gateway (99.98% 

uptime, 42ms avg), PostgreSQL Database (primary 
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+ 2 replicas, 12ms), AI/ML Engine (96.4% 

accuracy, GPU 68%), Redis Cache (Degraded — 

34% miss rate), Email Sendgrid (98.2% delivery), 

CSV Processor (queue: 0, workers: 4), S3 Backup 

(last backup: 2h ago), and Notification Queue (0 

pending, avg 15ms). The Backup & Recovery panel 

provides backup history with Restore and Retry 

controls, configurable schedule (Daily at 11 PM), 

30-day retention, AWS S3 us-east-1 storage, gzip 

compression, and AES-256 encryption. 

 

  

Fig.3.4.1- System Health Monitor (left) and 

Backup & Recovery Panel (right) 

 

E. AI Insight Chatbot 

The AI Insight Chatbot enables natural language 

querying of customer data via the Anthropic Claude 

API (claude-sonnet-4-20250514). At each API call, 

a dynamic context summary is injected: total 

customer count, segment distribution map, high-

churn count (>60% risk), and average LTV. Quick-

prompt chips (Churn risk?, Highest LTV?, Grow 

Premium, What is RFM?) accelerate common 

queries. Responses are constrained to 250 words 

with markdown bold formatting and mandatory 

reference to specific data numbers from the injected 

context. 

 

 
Fig.3.5.1- AI Insight Chatbot powered by 

Anthropic Claude 

 

 

 

IV. METHODOLOGY 

 

The proposed SegmentIQ system follows a modular 

approach to detect customer segments and 

recommend suitable business actions based on the 

detected behavioral state. The methodology consists 

of several interconnected modules that process 

customer data, analyze purchasing patterns, 

compute RFM scores, apply segmentation rules, and 

generate actionable recommendations through 

natural language. 

 

A. Input Acquisition Module 

The Input Acquisition Module collects customer 

data through CSV file upload, text query input, or 

voice recording. The user uploads a CSV file 

containing customer records with fields such as 

name, email, purchase amount, order count, last 

purchase date, and signup date. These inputs serve 

as the primary data source for behavioral analysis 

and segment detection. 

 

B. Text Processing Module 

The Text Processing Module analyzes textual input 

using Natural Language Processing (NLP) 

techniques. The text is preprocessed through steps 

such as tokenization, stop-word removal, and feature 

extraction. Sentiment analysis is then applied to 

identify the behavioral tone of the text. 

 

Pseudocode for Text Segment Detection 

Algorithm: TextSegmentDetection 

Input: UserText 

Output: DetectedSegment 

The system reads the user's text, preprocesses it by 

tokenizing, removing stop words, and normalizing. 

It extracts features for sentiment analysis. Based on 

this analysis, it classifies the segment as Premium, 

Regular, New, At-Risk, or Dormant and returns the 

detected segment. 

 

C. RFM Processing Module 

The RFM Processing Module analyzes CSV 

customer data using Recency, Frequency, and 

Monetary dimensions. Data is preprocessed through 

column normalization, date parsing, deduplication, 

and feature extraction before RFM index 

computation. 

 

Pseudocode for RFM Segment Detection 

Algorithm: RFMSegmentDetection 

Input: CustomerData (spend, orders, last_active) 

Output: DetectedSegment, ChurnRisk, LTV 

The system computes R = days since last purchase, 

F = order count, M = total spend. It applies RFM 

Index = (10−R/30)×9 + min(F,10)×10.5 + 

min(M/1000,10)×10.5. Based on threshold rules it 
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assigns segment, maps churn probability, projects 

LTV, and returns enriched output. 

 

D. Segment Classification Module 

The Segment Classification Module combines 

results from text, RFM, and behavioral detection 

modules. The system evaluates all detected 

behavioral signals and determines the dominant 

customer segment. 

Pseudocode for Segment Classification 

Algorithm: FinalSegmentDetection 

Input: SegmentText, SegmentRFM, 

SegmentBehavior 

Output: FinalSegment 

The system collects detected segments from all input 

modules and assigns a confidence weight to each. It 

compares detected segments, determines the most 

frequent classification result, and returns it as the 

final customer segment. 

 

E. Analytics Recommendation Module 

The Analytics Recommendation Module 

recommends business actions matching the detected 

customer segment. The system connects to the 

Anthropic Claude API to retrieve suitable insights 

such as VIP campaigns for Premium, win-back 

offers for At-Risk, reactivation discounts for 

Dormant, and welcome onboarding for New 

customers. 

 

Pseudocode for Analytics Recommendation 

Algorithm: AnalyticsRecommendation 

Input: FinalSegment 

Output: RecommendedActions 

The system receives the final segment and maps it to 

a business action category. It queries the Claude AI 

API to retrieve matching strategies and displays 

recommended actions to the administrator through 

the dashboard interface. 

 

V. RESULTS AND ANALYSIS 

 

A. Test Methodology 

To evaluate the performance of the proposed 

SegmentIQ Customer Segmentation Analysis 

System, several tests were conducted using different 

input modalities including CSV data, text, and voice 

inputs. The objective was to measure the system's 

ability to accurately detect customer segments and 

generate relevant analytics recommendations. The 

testing process used a dataset consisting of sample 

customer records collected from business scenarios. 

Each input type was processed through the 

corresponding module, including the Text 

Processing Module, RFM Processing Module, and 

Segment Classification Module.  

 

B. Sample Test Dataset 

Table 5.1 shows a sample dataset used for testing the 

SegmentIQ system. 

 

Table 5.1: Sample Customer Segment Detection 

Test Data 

Input 

Type 

Sample Input Expecte

d 

Segment 

Detecte

d 

Segmen

t 

Resu

lt 

CSV 

spend=$12,4

00 orders=34 

rec=28d 

Premiu

m 

Premiu

m 

Corr

ect 

CSV 

spend=$890 

orders=4 

rec=120d 

At-Risk At-Risk 
Corr

ect 

CSV 

spend=$3,20

0 orders=12 

rec=5d 

Regular Regular 
Corr

ect 

CSV 

spend=$28,0

00 orders=87 

rec=3d 

Premiu

m 

Premiu

m 

Corr

ect 

Text 

My best 

customers are 

leaving 

At-Risk At-Risk 
Corr

ect 

Text 

New 

customers are 

very engaged 

New New 
Corr

ect 

Voic

e 

Voice query 

about top 

spenders 

Premiu

m 

Premiu

m 

Corr

ect 

 

From the testing dataset, the system demonstrated 

high accuracy in detecting customer segments across 

different input modalities. 

 

 

 

C. Segment Detection Accuracy 

To measure system performance, accuracy was 

calculated using the formula: 

Accuracy = (Correct Predictions / Total Predictions) 

× 100 

Based on the testing results: 
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Module Accuracy 

RFM Segmentation Engine 96.4% 

Text Segment Detection 90.0% 

Voice Segment Detection 88.0% 

AI Chatbot Relevance 91.0% 

Table 5.2: Segment Detection Accuracy Data 

 

The results show that RFM segmentation achieved 

the highest accuracy, while voice detection accuracy 

depends on audio clarity and recording quality. 

 

D. Mean Accuracy Calculation 

The mean accuracy of the system can be calculated 

by averaging the accuracy of all segment detection 

modules. Let: 

•  At = Accuracy of RFM Segment Detection = 

96.4% 

•  As = Accuracy of Text Segment Detection = 

90.0% 

•  Af = Accuracy of Voice Segment Detection = 

88.0% 

Then the overall system accuracy is calculated as: 

A(overall) = (96.4 + 90.0 + 88.0) / 3  =  91.5% 

 

E. Discussion 

The results demonstrate that the multimodal 

customer detection approach improves overall 

system reliability compared to single-input analytics 

systems. By combining CSV data analysis, text 

processing, and voice recognition, the SegmentIQ 

system can capture customer behavioral cues more 

effectively. The integration of the Anthropic Claude 

AI API enables administrators to extract nuanced 

business insights through natural language rather 

than SQL or Python, significantly lowering the 

technical barrier to actionable analytics. Although 

the system performs well under normal conditions, 

factors such as missing CSV columns or poor voice 

recording quality may slightly affect segment 

detection accuracy. 

 

 

VI. CONCLUSION 

 

This paper presented SegmentIQ: a Customer 

Segmentation Analysis platform with AI Insight 

Chatbot, which aims to improve enterprise customer 

intelligence by analyzing behavioral data and 

recommending appropriate business actions. The 

proposed system integrates multiple technologies 

including natural language processing, RFM 

behavioral analysis, data visualization, and analytics 

recommendation algorithms to identify customer 

segments from CSV data, text, and voice inputs. By 

combining these multimodal inputs, the system 

enhances the accuracy and reliability of customer 

segment detection compared to traditional single-

input analytics approaches. 

 

The experimental results demonstrate that the 

system is capable of effectively identifying customer 

states such as Premium, Regular, New, At-Risk, and 

Dormant and recommending suitable business 

strategies accordingly. The evaluation results show 

that the system achieved an overall segment 

detection accuracy of approximately 91.5%, with 

RFM segmentation providing the highest accuracy 

among the three detection modules. The dual-

authentication system with real-time OTP 

verification ensures secure access to sensitive 

customer data. The five-stage CSV processing 

pipeline with auto-column mapping reduces analyst 

setup time to under two minutes. 
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