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Key Frameworks

The Data Value Chain

The data value chain traces raw information through seven stages: collection, cleaning, feature engi-
neering, modeling, prediction, decision, and outcome observation. Most organizations master the first
three stages—acquiring data, scrubbing it, and extracting signals—but fail to close the loop. Without
feeding observed outcomes back into the model, predictions drift silently. The value chain is only as
strong as its weakest link, and that link is almost always the feedback stage.

Financial Data Taxonomy

Financial data falls into five types: transactional, behavioral, alternative, market, and textual. Each
type illuminates a different dimension of risk or opportunity. Combining multiple types yields the
most predictive power, but also the greatest tension—particularly around alternative data, where
signals drawn from non-financial activity (location, social networks, device usage) can expand access
for underserved populations while simultaneously raising surveillance and consent concerns.

Learning Paradigm Selection

Three paradigms dominate data-driven finance. Supervised learning maps labeled inputs to known
outcomes and excels when historical decisions have clear results (approved loans that defaulted or sur-
vived). Unsupervised learning finds structure without labels—clustering customers, detecting anoma-
lous transactions—and is valuable when the “right answer” is unknown. Reinforcement learning
optimizes sequential decisions by acting in an environment and observing rewards, fitting dynamic
contexts like trading or adaptive pricing. The choice depends on whether labeled data exists and
whether the environment is static or evolving.

Model Governance Lifecycle

Responsible deployment follows a five-stage cycle: develop, validate, deploy, monitor, and retire.
Development builds the model; validation stress-tests it against out-of-sample data and adversarial
scenarios; deployment puts it into production with guardrails; monitoring tracks drift, fairness metrics,
and override rates; retirement removes a model before it causes harm. The cycle is continuous—no
model is “done”—and skipping any stage invites silent failure.

Explainability–Accuracy Tradeoff

Interpretable models (logistic regression, decision trees, scorecards) let stakeholders trace each predic-
tion to its inputs. Complex models (gradient-boosted ensembles, deep networks) often achieve higher
accuracy but resist human explanation. Context determines which side of the tradeoff to favor. In
consumer lending, regulators require that applicants understand why they were denied—explainability
dominates. In high-frequency trading, the counterparty never asks “why”—accuracy is the product.
The hardest cases sit in between, where both matter and neither can be fully sacrificed.
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Company Cases Summary

Company What It Did Framework Key Insight

JPMorgan
(COiN)

NLP system reading le-
gal documents, extract-
ing clauses and obliga-
tions

Data value chain
(augmentation
stage)

The best systems augment
human judgment rather
than replace it

Ant Financial Alternative data for
credit scoring of thin-
file borrowers at
massive scale

Data taxonomy (al-
ternative data)

Inclusion and surveillance
are two sides of the same
data coin

Two Sigma /
Renaissance

Systematic investing
where algorithms make
every trade decision

Explainability–
accuracy tradeoff

In quantitative trading,
prediction accuracy is the
product

Klarna Real-time credit deci-
sions using behavioral
signals from browsing
and purchase patterns

Behavioral data +
governance lifecycle

Silent data collection
raises consent questions
even when it improves
outcomes

Lemonade (AI
Jim)

Automated insurance
claims from filing
through verification to
payout

Full data value chain Closing the loop from pre-
diction to decision to ob-
served outcome is the hard-
est engineering problem

The Three Diagnostic Questions

Use these questions to evaluate any data-driven financial system you encounter.

Is the feedback loop closed?

A prediction without outcome observation is a guess that never learns. Test: can you trace a specific
prediction forward to the real-world result it was supposed to anticipate, and does that result flow
back into the next version of the model? If not, the system is flying blind.

Who overrides the model—and when?

Every deployed model needs an override protocol. Test: is there a named role (not just “someone”)
authorized to reject the model’s output, with clear criteria for when override is appropriate? If override
authority is undefined, the model is effectively making final decisions—whether the organization admits
it or not.

What data are you not using—and why?

Deliberate exclusion reveals governance maturity. Test: can the team articulate which available data
they chose not to feed into the model, and explain the legal, ethical, or statistical reason? If every
available feature was included without discussion, the team optimized for accuracy while ignoring
fairness, privacy, and regulatory constraints.

Connections to Other Topics

The data value chain and learning paradigm selection connect directly to the machine learning pipeline
mechanics covered in the ML in Finance lecture, where each stage is implemented in code. The alter-
native data debate reappears in the credit scoring mini-lecture, which examines how specific lending
models handle thin-file populations. The governance lifecycle—develop, validate, deploy, monitor,
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retire—maps onto the RegTech material, which approaches the same cycle from the regulator’s per-
spective: what documentation, audit trails, and fairness tests does the law require at each stage?
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