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ﬁ' Flexilncome

Executive
Summary

Key takeaway:

High earnings volume does not imply
income stability or repayment capacity

Flexi-Income - Executive summary

Flexi-Income evaluates the feasibility of a
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However, income instability is widespread s Bl aiioaiiy Bl S——
Only 5.59% of workers meet the strict
volatility-based eligibility rule
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Business
Context

Industry

e Fintech / Neobanking / Embedded Finance
e Rapid growth of the global gig economy

Problem

e Traditional banks rely on fixed salaries
e Gig workers have irregular and volatile income
e Many are underbanked or excluded from credit products

Earnings fluctuate due to demand, gaps, and platform dependency

() peopleperhour




Organization &
Business Problem

/Organization: GigFin I

e Digital-first neobank for gig economy : / . . . \
workers The Solution Project Objectives

» Builds financial profiles from transactional e Business Intelligence data mart e Analyze income behavior at daily
data e Transforms raw gig-economy transactions granularity

Business Chal |enge; into analytical insights » Measure income stability and volatility

e Supports safer and more automated » |dentify eligible workers for salary

e Frequent income volatility and gap periods lending decisions smoothing

e Difficulty distinguishing: e Support decision-making through

e Structurally risky workers dashboards

e Temporarily unstable but viable workers k /

e Need for data-driven salary smoothing

K decisions /
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> [ dim_date
> B dim_platform
> [ dim_project

> [ dim_region
> [ dim_worker

> B fact_job_eamings

@ dim_platform

category
payment_cycle
platform_id

platform_name

Collapse

dim_date

date_id

day_of week
full_date
is_holiday
is_weekend
month_name
month_number
quarter

year

@ dim_project
Job_category
project_id
project_type

Collapse

@ fact_job_eamnings

¥ client_rating
date_id

2_ earnings_usd

2 hourly_rate

2_ is_gap_day

2 job_completed

% job_duration_days

2 job_id

2 job_success_rate

2 marketing_spend
platform_id
project_id
region_id

Z_ rehire_rate

worker id

Collapse ™

/8 §) Flexilncor

@ dim_region

cost_of _living_index
region
region_id

Collapse ~~

worker_id

Collapse -~

oy
|




ETL PROCESS

Extraction Transformation Loading
The automated ingestion Cleaning, validating, and Storing the processed data
of raw transactional data converting raw data into into a structured format for

from external sources. meaningful business metrics. analysis.
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# Extract jobs transactions (main facts data)
jobs df = pd.read csv(RAW DATA DIR / 'jobs transactions.csv')

print(f"Jobs transactions: {len(jobs df)} records")
jobs_df.head()|

# Extract workers dimension (JSON)
with open(RAW DATA DIR / 'workers.json', 'r') as f:
workers _raw = json.load(f)

workers_df = pd.DataFrame(workers raw)

print(f"Workers: {len(workers_df)} records")
workers_df.head()




Data Transformation

converting raw logs into risk intelligence

e Currency Normalization: All multi-currency
earnings (GBP, EUR, AUD) converted to USD for a
unified baseline.

e Gap Detection Logic: Algorithm identified days
with $0 earnings to flag "Gap Days" (Risk
Indicators).

e Volatility Calculation: Computed standard
deviation of daily income to derive the Income
Volatility Index (IVI).
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#-Save-dimension-tables
dim worker.to csv(CLEANED DATA DIR / 'dim worker.csv', index=False)
print(f"v Saved dim worker.csv ({len(dim_worker)} records)")

dim platform.to csv(CLEANED DATA DIR / 'dim platform.csv', index=False)
print(f"v Saved dim_platform.csv ({len(dim_platform)} records)")

dim _region.to _csv(CLEANED DATA DIR / 'dim_region.csv', index=False)
print(f"v Saved dim region.csv ({len(dim_region)} records)")

dim project.to csv(CLEANED DATA DIR / 'dim project.csv', index=False)
print(f"v Saved dim project.csv ({len(dim_project)} records)")

dim date.to csv(CLEANED DATA DIR / 'dim_date.csv', index=False)
print(f"v Saved dim_date.csv ({len(dim_date)} records)")
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Key Metrics
Framework

Core Metrics

Total Earnings

Average Daily Earnings (ADE)
Income Volatility Index (IVI)

Gap Day Frequency
Average Gap Duration

Platform Dependency Ratio

Work Intensity Ratio

Eligibility Percentage

Eligible for Salary Smoothing

5.59%

Income Volatility Index

Risk Thresheld

0.20

29,897,918.88

Total Earnings

KPI Name

Avg Daily Earnings
(ADE)

Income Volatility Index
(V1)

Gap Day Frequency
Platform Dependency
Ratio

Eligibility %

Avg Gap Duration
WoW Growth

Work Intensity Ratio

164,103.89

Average Daily Earnings

Definition

Total Earnings / Active Days

Business Value

Establishes baseline income
level.

a(DailyEarnings)/u( Daily Ear@bigsyisk metric for lending

% of days with zero income

Top Platform Earnings / Total
Earnings

% of workers with IVI < 20%

Avg consecutive zero-income
days

r L i@l o al : E
(Incourr — INCprey })’ Ineprey

Active Days / Total Days in
Period

1.00

Work Intensity Ratio

eligibility.
Identifies income reliability
risk.

Measures platform concen-
tration risk.

Estimates product Total Ad-
dressable Market.

Determines salary-smoothing
loan duration.

Tracks short-term income

trends.

Differentiates full-time from
casual workers and supports
stability analysis.

0.21

Platform Dependency Ratio

Eliaibilitv Percentaae

0.00 , 020 0.60



Dashboard
Overview

 Worker stability profiles
Dashboard Features - Eligibility tracking

e Volatility trends over time

e Regional and platform
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comparisons

Geographic Insights

plstim name o nﬁon iob category ~ mnnlh name

Regional Performance Summary

region Average Daily Earnings  Income Volatility Index  Sum of is_gap_day
-

Geographic Distribution of Earnings

Usa 23.269.52 0.58 [
Australia 22.368.91 0.57 15
Middle East 22,004.87 0.56 14
Uk 22.890.74 0.46 16
Canada 25.796.58 0.45 13
Asia 2461036 042 9
Europe 26,301.96 0.39 13

Total 167,242.94 0.19 86

Average Daily Earnings vs Cost of Living by Region J\g::;:z
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Flexi-Income - Executive summary

Filters apply to all visuals

Platform Region Job Category
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59.897,918.88

Total Eamings Average Daily Earnings

164,103.89 1.00 0.21

Work Intensity Ratio Platform Dependency Ratio

Total Earnings Trend Overtime
0.3M

platform_name

Total Earnings

@ Toptal

“  month_name

Income Volatility Index platform_name

Eligibility Percentage Sk

Eligible for Salary Smoothing Toptal
0.20 Upwork

Freelancer
0
5.59% , N o
Eligibilitv Percentaae 0.00 0.20 0.60 Peopleperhour
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Income Stability vs Work Intensity
2.0

Income Gap Freguency by Job Category
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e Portfolio generates $59M+ in e Volatility is not platform-specific;
earnings, but high volume masks risk is worker-driven, not platform-
worker-level income instability driven

e Only 5.59% of workers qualify under e Income gaps vary structurally by

®
the strict IVI < 20% rule (eligibility Key I n s I g hts job category, making uniform risk

paradox) rules ineffective

e Work consistency (high Work e Select regions combine lower
Intensity) is a stronger predictor of volatility + favorable cost of living,
stability than income level ideal for initial rollout

e Geography matters: similar
earnings can translate into very
different real purchasing power




Business &’
Recommendations

e Implement Dual-Metric e Prioritize Regional Rollout Based
Eligibility Screening on Real Purchasing Power

e Adjust Risk Rules by Job e Maintain Platform-Neutral Credit
Category Scoring
e Replace Hard Credit Freezes e Treat Salary Smoothing as a

with Graduated Responses Learning Product




Limitations &

e Absence of loan repayment e Regional aggregation limits
and default data. city-level insights.

e Reliance on historical income e Certain historically stable job
patterns. categories are highly exposed to

automation by LLMs and Al agents

which may cause future income

» Lack of expense and household stability to be overestimated.
financial data.




Future ”;

Improvements

e Integrate repayment and e Treat Salary Smoothing as a
delinquency data. Learning Product

e Introduce predictive income- e Incorporate an Al exposure score
forecasting models. by job category to adjust long-term

Income stability assessment.

e Extend time horizons for
seasonality analysis.
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