3. Data Enrichment Framework

3.1 Summary

This document presents how we developed the data enrichment framework that transforms the
limited (if extense) Olist Brazilian E-commerce original dataset into a richer, more sophisticated,
production-ready business intelligence dataset. The point is to create a sufficiently advanced
dataset to then process through our Agentic Business Intelligencer workflow, to highlight said
workflow's capabilities and merits. Here we go over the process we followed for the synthetic
data generation techniques combined with real transaction data to create a complete and
realistic e-commerce analytics ecosystem, one which will be worth analyzing and processing
through our project's workflow.

The synthetic data enrichment is supposed to be a provisional compensation, a way for us to
have access to sufficiently complex and rich datasets to mirror real enterprise data. It is
normally difficult to access such data, as it is private and could be potentially harmful for
businesses to provide it to third-parties without severe scrutiny and assurances. As a result of
this, we developed this process to make up for this lack.

The key outputs of this data enrichment process were as follow:

99,441 real transactions enriched with 26+ new synthetic data dimensions

A total of 34 monthly-grouped datasets spanning 34 months (September 2016 - October
2018)

159MB of enriched output across 127 JSON files

Enterprise-grade synthetic data quality with 100% completeness and referential integrity
Multi-dimensional analytics dataset supporting customer, marketing, financial, and
operational intelligence

3.2 System Architecture & Data Flow

3.2.1 Core Components Overview

The system architecture represented a hybrid approach to seamlessly integrate authentic
transaction data from the Olist Brazilian marketplace with synthetic data generation techniques.
At its core, the framework processed eight comprehensive CSV files containing nearly 100,000
real transactions, transforming this foundation into a multi-dimensional business intelligence
platform through carefully prepared data pipelines. The architecture employed a layered



approach where raw data flows from ingestion through enrichment to final analytics-ready
outputs, ensuring each layer built upon the previous while maintaining data integrity and
business relevance.

The data flow began with ingestion of the Olist datasets, including customer information,
product catalogs, order details, and geographic data spanning millions of records. This real data
foundation provided the temporal accuracy and transactional authenticity that synthetic
methods alone cannot achieve. The data then applied intelligent enrichment algorithms that
generated realistic business metrics, customer behaviors, and operational patterns based on
industry benchmarks and statistical correlations observed in the real data. This hybrid
methodology ensures that while 100% of the core transactional facts remain authentic, the
enriched dimensions provide comprehensive analytical depth for enterprise decision-making.

Ultimately, the architecture produced a structured output of seven specialized JSON files per
month, each containing different analytical perspectives on the e-commerce operation. This
modular design allowed for flexible consumption by various downstream systems, from real-
time dashboards to complex machine learning models, creating a scalable foundation that could
support both operational monitoring and strategic planning across the entire business
intelligence spectrum.
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3.2.2 Data Pipeline Architecture

The system employed a sophisticated hybrid approach combining real transaction data with
synthetic enhancement:

Data Layer Real Data % Synthetic Data % Purpose

(aprox.) (aprox.)
Foundation 100% 0% Transaction timestamps, customer
IDs, payment values
Enrichment 70% 30% Product margins, inventory levels,
behavioral patterns
Intelligence 40% 60% LTV predictions, marketing

attribution, NPS scores



3.3 Synthetic Data Generation Engine

The synthetic data generation engine represented the core of this stage, employing algorithms
that create realistic business metrics while maintaining mathematical and statistical integrity.
The engine used multi-factor scoring models that analyzed customer behavior patterns, product
category characteristics, and market dynamics to generate data that closely mirrored real-world
e-commerce operations. The algorithms incorporated industry benchmarks, seasonal
variations, and behavioral correlations that would be expected in a mature marketplace,
ensuring that generated metrics like customer lifetime value, product margins, and channel
performance reflected authentic business patterns rather than just arbitrary or random values.

One of the engine's key advantages lied in its category-specific modeling approach, where
different product types received tailored cost structures and performance characteristics based
on their inherent business attributes. For instance, electronics products received higher cost-of-
goods margins reflecting complex manufacturing and component sourcing, while books and
digital products received lower margins appropriate for print and distribution economics. This
nuanced approach extended to customer segmentation algorithms that considered multiple
behavioral dimensions simultaneously, creating realistic customer profiles that evolved over
time based on their transaction history and engagement patterns.

The engine's temporal accuracy represents another critical factor in this process, as it
generated timestamps and seasonal variations that respected the actual chronological patterns
found in the real transaction data. This ensured that synthetic metrics like inventory turnover
rates and customer acquisition costs fluctuated realistically month-to-month, creating a
temporal consistency that supported meaningful trend analysis and forecasting. The result is a
synthetic data layer that didn't't merely fill gaps but actually enhanced the analytical value of the
underlying real data by providing the (admitedly, speculative) comprehensive context needed
for the kind of enterprise-grade business intelligence our agentic workflow seeks to provide.

3.3.1 Core Synthetic Data Functions

3.3.1.1 Customer Segmentation Algorithm

def (customer_data):

Advanced segmentation engine using multi-factor scoring
Returns: 'High-Value', 'Medium-Value', or 'Low-Value'

segment_score = calculate_weighted_score(customer_data)

if segment_score >= 70: return 'High-Value'



elif segment_score >= 40: return 'Medium-Value'
else: return 'Low-Value'

Algorithm Features:

Recency weighting: Newer customers received adjusted segment scores
Multi-factor analysis: AOV, total spend, LTV, purchase frequency
Dynamic thresholds: Segment boundaries adapted to data distribution

3.3.1.2 Category-Specific COGS Engine

def (category):

Industry—-accurate COGS margins based on product category
Returns: Realistic cost-of—-goods percentage

category_margins = {
'electronics': np.random.uniform(0.60, 0.80),

"furniture': np.random.uniform(0.45, 0.65),
'books': np.random.uniform(0.25, 0.45),
'"health_beauty': np.random.uniform(0.35, 0.55),

"food': np.random.uniform(0.20, 0.40),

Industry Benchmarks Integration:

Electronics: 60-80% COGS (components, manufacturing complexity)
Books: 25-45% COGS (lower production costs)
Food: 20-40% COGS (raw materials, minimal processing)

3.3.1.3 NPS Score Calculation Engine

def (channel_name, channel_metrics):
Sophisticated NPS calculation based on channel performance
Returns: Realistic ©0-100 NPS score

base_scores = {
'referral': 75,



‘organic': 65,
'email': 55,
'paid': 40,

adjustments = calculate_performance_adjustments(channel_metrics)
return bound_score(base_score + adjustments + variance)

3.3.1.4 Historical Timestamp Generator

def (current_month):

Realistic timestamp generation within monthly periods
Ensures temporal accuracy for behavioral analysis

period = pd.Period(current_month)
start_date = period.start_time
end_date = period.end_time

return fake.date_time_between_dates(
datetime_start=start_date,
datetime_end=end_date

) .strftime('%sY-%m-%d %H:%M:%S"')

Etc. Those are mere samples of the methods employed.

3.4 Data Enrichment Pipeline

The data enrichment pipeline served as the transformative bridge between raw transactional
data and actionable business intelligence, systematically enhancing each data dimension with
sophisticated analytical layers. This pipeline processed the fundamental Olist transaction data
through multiple enrichment stages, starting with basic product catalog enhancement and
progressing to complex customer lifetime value modeling and behavioral pattern analysis. Each
stage expanded upon the previous, creating a rich analytical foundation that supported
everything from operational dashboards to strategic planning initiatives.

Product data enrichment represented one of the pipeline's most critical functions, transforming
basic product information into comprehensive profitability analysis. The system calculated
category-specific cost structures, inventory turnover rates, and performance metrics that reflect
real-world e-commerce dynamics, enabling SKU-level optimization and margin analysis that



would typically require years of operational data. Customer profile enrichment took this further
by constructing detailed lifetime value models, cohort analyses, and segmentation frameworks
that provided deep insights into customer behavior and acquisition economics.

The pipeline's behavioral data synthesis created particularly valuable analytical depth by
generating realistic transaction patterns, return behaviors, and customer service interactions
that complement the real transaction foundation. This synthetic layer fills critical analytical gaps
while maintaining statistical integrity, ensuring that generated patterns like cart abandonment
rates and customer satisfaction scores reflected industry norms and correlated appropriately
with the real transactional data. The result is comprehensive analytical data that transforms
limited transaction records into a full-spectrum business intelligence samples, capable of
supporting complex decision-making across marketing, operations, and finance. Exactly what
our agentic business intelligencer workflow needed as a sample and groundwork to truly shine.

3.4.1 Product Data Enrichment

Input: Raw Olist product catalog (32,951 products)
Output: Comprehensive SKU profitability analysis

Enrichment Dimensions:

"sku_id": "1e9e8ef0@4dbcff4541ed26657ea517e5",
"selling_price": 10.91,
"cost_of_goods_sold": 4.16,
""category_cogs_margin": 0.381,
"monthly_sales_units": 4.0,
"monthly_revenue": 43.64,
"monthly_margin": 27.01,
"inventory_turnover": 0.026,
"return_rate": 0.085,
"defect_rate'": 0.009,
""customer_satisfaction_score": 5.0

Key Calculations:

Category-specific COGS: Industry-accurate margins by product type
Inventory turnover: Sales velocity analysis

Monthly performance: Revenue, cost, and margin tracking

Quality metrics: Return rates, defect rates, satisfaction scores

3.4.2 Customer Profiles & LTV Analysis



Input: Raw customer transaction history
Output: Complete customer intelligence profiles

Profile Structure:

"general_attributes": [
{
"customer_id": "154c4ded6991bdfa3cd249d11abf4130",
"predicted_1ltv": 252.28,
"acquisition_cac": 48.84,
"acquisition_channel": "Organic",
"segment": "High-Value",
"total orders": 1,
"avg_order_value": 123.0
b
1,
"cohort_data": [
{
"acquisition_period": '"2017-08",
"acquisition_channel": "Organic",
"customers_count": 2847,
"avg_order_value": 148.22,
""gross_margin': 0.477,
"purchase_frequency_monthly": 1.15,
"repeat_purchase_rate": 0.23,
"customer_lifespan_months": 14.2,
"churn_rate_monthly": 0.085,
"nps_score": 68

Advanced Analytics:

Cohort analysis: 20+ metrics per acquisition cohort
LTV modeling: Predictive lifetime value calculations
Churn prediction: Sophisticated retention modeling
Channel attribution: Multi-touch customer journey analysis

3.4.3 Behavioral Data Synthesis

Input: Transaction logs and timestamps
Output: Comprehensive customer behavior patterns



Behavioral Dimensions:

"transactions": [
{
"transaction_id": "f70a0affl7df5a6cdd9a7196128bd354",
"customer_id": "456dc10730fbdba34615447ea195d643",
"timestamp": "2017-08-10 11:58:33",
"order_value": 313.19,
"discount_amount": 7.68,
"promo_code": null,
"channel": "Email",
"product_margins'": 0.532
b
J 5
"returns": [
{
"return_id": "abc123",
"transaction_id": "f70a@affl7df5a6cdd9a7196128bd354",
"return_reason": "Wrong size",
"refund_amount": 280.67,
"processing_cost": 8.50
b
[
"customer_service": [
{
"interaction_id": "def456",
"customer_id": "456dc10730fbdba34615447ea195d643",
"interaction_type": "Email",
"issue_category": "Shipping",
"resolution_time_hours": 3.2,
"satisfaction_score": 4
b
I 5
"cart_abandonments": [
{
"session_id": "ghi789",
"customer_id": "456dc10730fbdba34615447ea195d643",
"cart_value'": 125.00,
"time_spent_minutes": 8.5,
"abandonment_reason": "High shipping cost"



3.4.4 Business Metrics Integration

Input: Aggregated transaction and customer data
Output: Key performance indicators and ratios

Metrics Framework:

"current_avg_margin'": 0.477,
"monthly_revenue": 674396.32,
"avg_order_value'": 148.22,
"current_1tv_cac_ratio": 8.0,
"target_margin": 0.55

Calculation Methodology:

Margin analysis: COGS-based profitability calculations
LTV/CAC optimization: Customer acquisition efficiency metrics
Revenue forecasting: Historical trend analysis

Target tracking: Performance against business objectives

3.5. Monthly Data Generation Pipeline

The monthly data generation pipeline represents the temporal processing engine that
transforms static transaction data into dynamic, time-series analytical datasets spanning 34
months of e-commerce operations. This sophisticated temporal processing framework ensures
that each month's data reflects realistic seasonal variations, customer lifecycle progression, and
business performance fluctuations while maintaining consistency across the entire analytical
timeline. The pipeline's temporal accuracy is crucial for supporting meaningful trend analysis
and forecasting capabilities that enterprise decision-makers rely upon.

At its core, the pipeline employs a systematic monthly loop that filters and processes
transaction data for each period, generating month-specific synthetic enhancements that
account for seasonal business patterns and customer behavior evolution. This approach
ensures that inventory levels fluctuate realistically throughout the year, customer acquisition
patterns reflect seasonal marketing effectiveness, and business metrics demonstrate the
temporal variations expected in a mature e-commerce operation. The temporal processing
includes sophisticated algorithms that model seasonal inventory adjustments, customer



lifecycle progression, and performance metric fluctuations based on the real transaction
patterns observed in the data.

The pipeline's output structure creates a comprehensive monthly analytical foundation with
seven specialized JSON files per month, each containing different analytical perspectives that
support various business intelligence needs. This temporal organization enables powerful time-
series analysis capabilities, allowing analysts to track customer cohort performance over time,
monitor seasonal business patterns, and identify long-term trends in customer behavior and
business performance. The result is a robust temporal analytical framework that transforms
cross-sectional transaction data into longitudinal business intelligence capable of supporting
strategic planning and operational optimization across multiple time horizons.

3.5.1 Temporal Processing Engine

Monthly Loop Architecture:

for month in date_range:
print(f"Processing data for {month}...")

monthly_orders_df =
orders_df [orders_df['order_purchase_timestamp'].dt.to_period('M') == month]
monthly_order_items_df =
order_items_df[order_items_df['order_id'].isin(monthly_orders_df['order_id']
)]

behavioral_data = generate_behavioral_data(monthly_orders_df,
current_month=month)

customer_profiles, cohort_data =
generate_customer_profiles(monthly_orders_df)

business_metrics = generate_business_metrics(monthly_order_payments_df)

save_monthly_json(behavioral_data, 'behavioral_data.json')
save_monthly_json(customer_profiles_output, 'customer_profiles.json')

3.5.2 Data Consistency Framework
Cross-Month Consistency Mechanisms:

Deterministic seed generation: Ensured reproducible synthetic data



Temporal progression: Customer LTV evolved realistically over time
Seasonal variations: Inventory levels and pricing adjusted by month
Cohort tracking: Customer acquisition cohorts maintained consistency

3.5.3 Output Structure & Organization

Monthly Directory Structure:

2017-08/

— behavioral_data.json (712KB) - Transaction & behavioral patterns
|— customer_profiles.json (389KB) — LTV/CAC & cohort analysis

— product_data.json (42MB) - SKU-level profitability

I— business_metrics.json (187B) - Financial KPIs

|— marketing_channels.json (8.4KB) - Attribution data

|— cac_ltv_data.json (8.4KB) - Acquisition costs

L fulfillment_data_enhanced.json (2.1KB) - Logistics infrastructure

3.6. Quality Assurance & Validation

Quality assurance and validation represent the critical oversight framework that ensures the
synthetic data generation maintains enterprise-grade reliability and analytical integrity. This
comprehensive validation system employed multiple layers of automated checks and statistical
validations that verify data completeness, consistency, and realism across all generated
datasets. The quality framework ensured that synthetic metrics remained within realistic
business parameters while maintaining the statistical correlations and distributions expected in
authentic e-commerce operations.

The validation framework incorporated statistical analysis that compared generated data
distributions against industry benchmarks and real-world e-commerce patterns. This included
validation of order value distributions, customer segmentation ratios, and performance metric
ranges to ensure they reflect realistic business dynamics rather than artificial patterns. The
system also implemented referential integrity checks that verify relationships between different
data entities, ensuring that customer profiles aligned with their transaction histories and product
performance metrics correlated appropriately with sales volumes.

Automated quality monitoring extended to business logic validation, where the system verified
that generated metrics like customer lifetime value, acquisition costs, and profitability ratios fell
within acceptable business ranges. This comprehensive validation approach not only ensured
data quality but also provided confidence intervals and reliability metrics that helped analysts

understand the uncertainty inherent in synthetic data generation. The result is a robust quality



assurance framework that transformed the synthetic data from mere estimation into a reliable
analytical foundation for our agentic business intelligencer workflow.

3.6.1 Data Quality Metrics

Quality Dimension Achievement Methodology

Completeness 100% All records have all required fields
Consistency 100% Referential integrity across all datasets
Accuracy 95% Industry benchmarks for synthetic data
Realism 90% Statistical distribution matching

3.6.2 Validation Framework

Automated Quality Checks:

def (monthly_data):
"""Comprehensive validation of generated data"""

assert monthly_datal'business_metrics']['monthly_revenue']l > 0
assert 0.1 <= monthly_datal'business_metrics']['current_avg_margin'] <=
0.8

customer_ids = (monthly_datal'behavioral_data']
['transactions'].keys())

profile_ids = (monthly_datal'customer_profiles']
['general_attributes'].keys())

assert customer_ids == profile_ids

assert (ltv > @ for 1tv in monthly_datal'customer_profiles']
['predicted_1tv'])

assert (cac > @ for cac in monthly_datal['customer_profiles']

['acquisition_cac'])

3.6.3 Statistical Validation

Distribution Analysis:

Order values: Realistic distribution matching e-commerce patterns



Customer segments: 20/60/20 split (High/Medium/Low value)
Channel attribution: Industry-standard conversion rates
NPS scores: Channel-specific satisfaction ranges

3.7. Business Intelligence Expansions

The business intelligence expansions demonstrate how the enriched dataset supports
comprehensive analytical capabilities across customer, marketing, and financial dimensions.
Customer intelligence expansions leveraged the sophisticated segmentation framework to
identify high-value customer cohorts, predict lifetime value, and optimize acquisition strategies
based on detailed behavioral analysis. The system provided marketing teams with attribution
modeling that tracks customer journeys across multiple touch-points, enabling data-driven
campaign optimization and budget allocation decisions.

Financial intelligence expansions transformed the enriched data into actionable profitability
insights, supporting margin optimization, cost structure analysis, and revenue forecasting
capabilities. The system enabled SKU-level profitability analysis that helps product managers
optimize inventory and pricing strategies, while also providing comprehensive customer
acquisition cost modeling that supports marketing budget optimization. These financial
expansions created a foundation for a data-driven analytics into decision-making that aligns
business operations with strategic objectives, and which aligns as well with the needs of our
agentic business intelligencer workflow.

The integrated nature of these business intelligence expansions created a holistic analytical
platform that supports cross-functional decision-making. Marketing teams can optimize
campaigns based on customer lifetime value predictions, finance teams can assess profitability
implications of different customer segments, and operations teams can optimize inventory
based on demand forecasting. This interconnected analytical framework transforms the
enriched dataset into a strategic asset that drives business performance across all functional
areas.

3.7.1 Customer Intelligence
Advanced Segmentation:

High-Value: 270 segment score, 2$150 AOV, 2$500 total spend
Medium-Value: 40-69 segment score, $50-149 AOV
Low-Value: <40 segment score, <$50 AOV

LTV Modeling:



Base multiplier: 1.5-3.0x total spend
Engagement bonus: +20% for frequent purchasers
Channel premium: +15% for referral customers

3.7.2 Marketing Intelligence

Attribution Framework:

{
"marketing_channels": [
{
"name'": "Organic Search",
"ad_spend": 12500.00,
"customers_acquired": 284,
"attribution_weight": 0.35,
""'seasonal_factor": 0.92,
"customer_cohorts": [...]
}
]
b

Performance Metrics:

CAC calculation: Total marketing spend + customers acquired
Channel efficiency: Revenue per dollar spent

Attribution weighting: Multi-touch journey analysis

3.7.3 Financial Intelligence
Margin Optimization:

Category-specific pricing: COGS-based margin targets
Seasonal adjustments: Inventory turnover optimization
Cost structure analysis: Fixed vs. variable cost breakdown

3.8 Scalability & Performance

The scalability and performance characteristics ensured that the data enrichment system could
handle substantial analytical workloads while maintaining processing efficiency and data
integrity. The architecture's modular design allowed for horizontal scaling across multiple
processing nodes, enabling the system to handle larger datasets and more complex analytical



requirements as business needs evolved. Memory-efficient processing techniques and
optimized data structures ensured that the enrichment pipeline could process millions of
records without excessive computative resource consumption.

The system's performance characteristics supported both batch processing for comprehensive
analytics and real-time capabilities for operational monitoring. Processing times remaiedn
efficient enough even with complex enrichment algorithms opperating, typically completing
monthly data generation within minutes. This performance profile ensured that the system could
support both strategic planning cycles and operational decision-making requirements.

Storage and access optimization features enhanced the system's enterprise readiness by
creating JSON structures that integrate seamlessly with modern data platforms and analytical
tools. The modular file organization and standardized data schemas facilitate integration with
business intelligence platforms, data warehouses, and analytical applications. This scalability
framework ensured that the system could grow with business requirements while maintaining
the performance and reliability needed for enterprise operations.

3.8.1 Processing Architecture
Performance Characteristics:

Memory efficient: Pandas-based processing with proper data types
Scalable architecture: Handles 100K+ transactions per month
Modular design: Independent enrichment functions

Error handling: Robust fallback mechanisms

3.8.2 Data Volume Metrics

Dataset Monthly Size Total Records Processing Time
Behavioral 712KB 4,331 transactions 45 seconds
Customer Profiles 389KB 4,331 customers 32 seconds
Product Data 42MB 32,951 products 180 seconds
Total/Month 43MB 41,613 records 257 seconds

3.8.3 Storage & Access Optimization

JSON Structure Benefits:

Query optimization: Direct field access without joins
Compression ready: Efficient storage in data lakes



API friendly: RESTful endpoint compatibility

Analytics optimized: Direct import into Bl tools

3.9 Conclusions

This enterprise data synthesis framework was our approach to transforming limited real
transaction data into comprehensive business intelligence capabilities. By combining authentic
marketplace data with sophisticated synthetic generation techniques, the system created a
production-ready analytical data layer that will be able to support enterprise grade business
intelligence, analysis and decision-making across customer, marketing, financial, and
operational domains. The framework's success demonstrates how constrained datasets can be
enriched to provide the analytical depth typically associated with mature, data-rich
organizations.

The synthetic data enrichment is supposed to be a provisional compensation, a way for us to
have access to sufficiently complex and rich datasets to mirror real enterprise data. It is difficult
to access such data, as it is private and could be potentially harmful for businesses to provide it
to third-parties without severe scrutiny and assurances. As such, it is not expected to be a stage
which will require significant expansion if in the future we can access real business data to work
on, which would be ideal. If not, the future enhancements would continue as follows:

Future enhancements will focus on three key phases that extend the system's capabilities into
advanced analytics, real-time processing, and multi-source integration. The first phase will
incorporate machine learning models for predictive analytics, enabling more accurate customer
lifetime value predictions and churn modeling. The second phase will introduce streaming data
processing capabilities to support real-time dashboard updates and event-driven analytical
triggers.

The third phase will expand the system into a comprehensive data integration hub, connecting
with major e-commerce platforms and business systems to create a unified analytical
foundation. These enhancements will transform the current framework from a sophisticated
analytical platform into a comprehensive enterprise data integration and intelligence system
capable of supporting complex, multi-channel business operations. The roadmap ensures
continued evolution and relevance as business intelligence requirements become increasingly
sophisticated and real-time in nature.

3.9.1 System Achievements

Production-Ready Dataset: 159MB of enriched data across 34 months
Enterprise-Grade Quality: 100% data completeness and consistency



Comprehensive Analytics: 70+ metrics across 7 data dimensions
Realistic Synthetic Data: Industry-accurate distributions and correlations
Scalable Architecture: Modular design supporting future expansion

9.2 Future Enhancement Roadmap
Phase 1: Advanced Analytics

Machine learning-powered LTV prediction models
Customer churn prediction algorithms
Dynamic pricing optimization

Recommendation engine integration
Phase 2: Real-Time Processing

Streaming data ingestion
Real-time dashboard updates
Event-driven enrichment triggers
APIl-based data access layer

Phase 3: Multi-Source Integration

Shopify, BigCommerce, WooCommerce connectors
Klaviyo, Braze marketing automation integration
Gorgias, Zendesk customer service data

Loop Returns reverse logistics data

3.9.3 Business Value Delivered
Operational Intelligence:

Complete customer journey mapping
SKU-level profitability analysis
Marketing attribution modeling
Fulfillment optimization insights

Strategic Intelligence:

LTV/CAC optimization framework
Customer segmentation for targeting
Seasonal trend analysis

Competitive benchmarking capabilities



This enterprise synthetic data enrichment framework represents an approach to
transforming limited real transaction data into comprehensive business intelligence. The
combination of authentic Olist marketplace data with advanced synthetic generation is
creates a powerful foundation for e-commerce analytics, allowing us to take constrained
datasets and to enrich them enough to support our enterprise-grade business
intelligence analyses.

The system serves as both a proof of concept for synthetic data enrichment and a
production-ready platform for advanced e-commerce analytics, bridging the gap between
limited real data and comprehensive business intelligence requirements.



