
Data-Driven Finance: What Should You Automate — and What Should You Not?
Every organization sits on a mountain of data — the question is whether they mine gold or dig their own grave

Digital Finance



Why Do Some Organizations Drown in Data While Others Turn It Into Decisions?

The Automation Paradox
Financial institutions collect vast quantities of data, but most of
it sits unused in warehouses and lakes. The gap between
collecting data and acting on it defines competitive advantage.

What data-rich organizations do:

• Treat data as a product, not a byproduct
• Distinguish describing from predicting
• Build feedback loops that close automatically
• Know when not to automate

What data-poor organizations do:

• Collect everything, analyze nothing
• Automate without validating
• Treat models as oracles rather than tools
• Confuse dashboards with decisions

Data Analyst

RAW DATA

“It says we have
a lot of data.”

CEO

“What does the
data say?”

Having data and having insight
are not the same thing.

The gap between data collection and data-driven decision-making is the central challenge of modern finance — more data does not automatically mean

better decisions.
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Have You Ever Made a Decision That a Simple Algorithm Could Have Made Better?

Reflection Prompt

Think of the last significant financial decision you made — choosing a mortgage rate, picking an investment, selecting
an insurance plan, or deciding whether to cancel a subscription. Did you compare systematically, or did you go with your
gut?

Four everyday decisions where algorithms quietly outperform humans:

• Choosing a mortgage: humans anchor on the first rate they see; algorithms compare every available offer in seconds
• Investment timing: humans buy high and sell low because of emotion; systematic rules remove panic and euphoria
• Insurance selection: humans misjudge their own risk profiles; actuarial models weigh hundreds of factors simultaneously
• Subscription creep: humans forget recurring charges; simple trackers catch what memory misses

Algorithms excel at systematic comparison and consistent weighting — but they cannot understand context, intent, or the personal
meaning behind a financial choice. The interesting question is not whether to use algorithms, but where the boundary between human
and machine judgment should lie.

Bring your example to class — we will map it against the automation boundary.

Algorithms outperform humans at systematic comparison and consistent weighting — but they cannot understand context, intent, or the personal meaning

behind a financial choice.
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What Five Data Types and Three Learning Paradigms Shape Every Algorithmic Decision?

Data Type Temporal Key Trait

Transactional Past Regulated, structured
Behavioral Present Privacy-sensitive
Alternative Novel Noisy, unregulated
Market Timely Reflexive, volatile
Textual Contextual Rich but ambiguous

Three learning paradigms:
Supervised learning maps labeled inputs to known outcomes — it requires historical
examples of success and failure. Unsupervised learning discovers hidden patterns
without labels — it reveals structure that humans did not know to look for.
Reinforcement learning learns by acting in a changing environment — it adapts its
strategy as the world responds.

The power of data-driven finance comes from combining multiple data types with the

right learning paradigm for the problem at hand.

TRANSACTIONAL past

BEHAVIORAL present

ALTERNATIVE
unconventional

MARKET prices

TEXTUAL meaning

COMBINED SIGNAL

DECISION

Five data types and three learning paradigms shape algorithmic finance — the data determines WHAT the model sees, and the paradigm determines HOW

it learns.
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How Did One Legal Team Go From Thousands of Hours to Seconds on Contract Review?

Legal Documents
Arrive

NLP Engine
Reads Text

Clauses
Extracted

Anomalies
Flagged

Human Lawyer
Reviews Flags

BEFORE
Thousands of hours
of manual review

AFTER
Seconds per contract,
humans review flags

JPMorgan’s COiN System
JPMorgan (US money-center bank) deployed a natural
language processing (NLP) system called COiN (Contract
Intelligence) to read commercial loan agreements — a
task that previously consumed thousands of hours of legal
work annually.

What changed:

• NLP reads full agreements in seconds
• Legal staff freed for judgment-intensive work
• Human error on routine extraction dropped

dramatically
• Volume scaled without adding headcount

The key: Human lawyers still review every flagged
anomaly. The algorithm handles volume and extraction;
humans retain judgment and interpretation.

Most successful data-driven systems augment human

expertise rather than replacing it.

JPMorgan’s COiN system demonstrates the augmentation model — algorithms handle volume and extraction while humans retain judgment and

interpretation.
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How Do Organizations Decide What to Automate and What to Leave to Humans?

DEVELOP

VALIDATE

DEPLOYMONITOR

RETIRE
MODEL

GOVERNANCE
LIFECYCLE

Define prob-
lem,
select data

Independent
test, fairness

Human over-
ride,
fallback plan

Detect drift,
alert on decay

Stale, biased,
or brittle?

Governance questions at each stage:

Development: Is the problem well-defined? Is the
training data representative of the population it will
serve?

Validation: Did an independent team test it? Does
performance hold equally across subgroups?

Deployment: Is there a human override? What is the
fallback if the model fails silently?

Monitoring: How quickly can degradation be detected?
Are alerts triggered before harm accumulates?

Retirement: Is the model too stale, too biased, or too

brittle to keep running? What replaces it?

Model governance is a continuous cycle — development, validation, deployment, monitoring, and retirement — not a one-time approval process.
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What Happens When Alternative Data Knows More About You Than Your Bank Does?

When Data Crosses the Line
Ant Financial (China, Alibaba’s fintech arm): Used purchasing patterns combined with
social connections to build credit scores for hundreds of millions of users. Expanded
access to credit for the previously unbanked — but also created a social scoring system
where your friends’ behavior affects your rate.

Klarna (Sweden, BNPL pioneer — Buy-Now-Pay-Later instalment credit at
checkout): Collects behavioral signals from shopping sessions — scroll speed, browsing
patterns, hesitation before checkout — to make instant credit decisions. These signals
are collected silently, without explicit consent for credit-scoring use.

The risk spectrum:

• Transactional — regulated, well-understood
• Behavioral — growing fast, unclear consent
• Alternative — powerful but ethically uncharted

The fairness question: alternative data can include populations that traditional data

ignores — or it can encode the very biases it claims to eliminate.

DATA RISK SPECTRUM

Transactional

Regulated
Understood

Behavioral

Growing
Unclear
consent

Alternative

Powerful
Uncharted

More predictive power

More ethical risk

Traditional
banks

Klarna
session data

Ant Financial
social graph

Alternative data expands financial inclusion but introduces surveillance risks — the same data that helps the unbanked can also create social scoring

systems that punish people for their friendships.
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Where Does the Explainability-Accuracy Tradeoff Force Real Choices?

Interpretable models:
Logistic regression — coefficients tell you exactly how much each variable contributes.
A loan officer can explain every decision.
Decision trees — trace any prediction through a series of yes/no splits. Auditors can
follow the logic step by step.

Black-box models:
Gradient boosting and deep neural networks capture nonlinear interactions that
simpler models miss. They achieve superior accuracy — but nobody can explain why a
particular input produced a particular output.

Where context decides:
Two Sigma and Renaissance Technologies (both US quantitative hedge funds) run
fully black-box trading systems. Accuracy is the product — no regulator demands an
explanation for a profitable trade.

Contrast: in consumer lending, regulators reject models whose decisions cannot be

explained to the applicant. The same algorithm that succeeds in trading would be illegal

in lending.

Jargon: logistic regression = linear model with S-curve output for yes/no outcomes; decision tree =

series of yes/no splits; random forest = many trees averaged; gradient boosting = trees stacked to

correct each other’s errors; deep neural network = many-layer non-linear function fit.

Accuracy

Explainability

Deep
Learning

Gradient
Boosting

Random
Forest

Decision
Tree

Logistic
Regression

Trading

Lending

The explainability-accuracy tradeoff is not a technical curiosity — it determines which models regulators will accept, which customers will trust, and which

applications can use black-box methods.
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Who Controls the Data Value Chain — and Why Does It Matter?

Raw
Data

Cleaned
Data

Features Predictions Decisions Outcomes Feedback

collect transform engineer model act observe learn

VALUE CREATION VALUE CAPTURE

Where value is created and captured
Raw data through features represents value creation —
turning noise into signal. Predictions through feedback
represents value capture — turning signal into action and
learning.

Lemonade’s AI Jim (US AI-native renters/home
insurtech): Automates insurance claims from submission
to payout. The system closes the full value chain loop —
from raw claim data to automated decision to observed
outcome to model update.

The strategic question:

Most organizations master the first three stages —

collection, cleaning, feature engineering — but fail to

close the loop from predictions to automated decisions to

observed outcomes. They are data-rich but action-poor.

The data value chain has seven stages, and most organizations master the first three (collection, cleaning, features) but fail to close the loop from

predictions to automated decisions to observed outcomes.

(c) Joerg Osterrieder 2026



Three Questions That Reveal Whether a Data Strategy Will Succeed or Fail?

Three diagnostic questions:

Q: Is the feedback loop closed?
If the answer is “we retrain annually,” the loop is effectively open. Closed
loops feed outcomes back into the model continuously. Open loops let the
world drift away from the model’s assumptions undetected.

Q: Who overrides the model — and when?
Systematic overrides with documented criteria improve the system. Ad hoc
overrides by individuals who “just know better” destroy it. The difference
between the two defines whether human judgment is an asset or a liability.

Q: What data is the model NOT using — and why?

Every model has blind spots. If no one can name them, nobody is looking.

Absent data is not neutral — it creates systematic disadvantage for

whoever that missing data would have represented.

?
Is the feedback
loop closed?

?
Who overrides
the model?

?
What data is

missing?

Pass all three → data-driven.
Fail any → data-decorated.

Three diagnostic questions — feedback loop closure, human override criteria, and missing data awareness — separate genuinely data-driven organizations

from those that merely have models they do not fully use.
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Your Challenge: Map the Data Value Chain for a Real Financial Product?

Mini-Challenge

Choose a financial product you use — a savings account, a credit
card, an insurance policy, a payment app — and map its data
value chain from raw data to feedback loop.

Your task:

• Draw the seven stages: raw data, cleaned data, features, predictions, decisions,
outcomes, feedback

• Write what specific data exists at each stage for your product
• Identify the weakest link — where does the chain break?
• Propose one concrete change that would close an open feedback loop

Bring your diagram to class — we will compare value chains across products and

identify common failure points.

Student Data Scientist

“You mapped the whole
value chain?”

“I even found the
missing feedback loop.”

“You are already ahead
of most banks.”

The Future

Understanding where data creates value
is the first step to building systems

that use it responsibly.

Map the data value chain for a product you use — identify the seven stages, find the weakest link, and propose how to close an open feedback loop.
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