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Why Are Banks Replacing Bankers With Algorithms?

The Efficiency Paradox
A human loan officer reviews about 10 applications per day. An

algorithm reviews 10,000. The algorithm is faster, cheaper, and i}
never has a bad Monday. But faster does not mean fairer, and
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consistent does not mean correct. AT,
What algorithms deliver: fe) fe)
® Speed — thousands of decisions per second across all channels
® Consistency — the same inputs always produce the same output hePROVID PENIED
® Scalability — marginal cost per decision approaches zero
® Pattern detection — find correlations humans cannot see Applicant

The banker was replaced by an algorithm
The bias was not.

What algorithms inherit:
® Historical biases — if past data reflects discrimination, the model
learns to discriminate
® Opacity — complex models cannot explain why they said no
Brittleness — models trained on normal times fail in crises
® Proxy discrimination — zip code, phone model, and browsing history
can encode race, gender, and class

Algorithms are faster and cheaper than human decision-makers — but they inherit the biases of the data they were trained on, and they cannot explain
their reasoning.



Has an Algorithm Ever Said No to You Without Explaining Why?

Reflection Prompt

Think about the last time a financial decision was made about you automatically. A loan application, an insurance
quote, a fraud block on your card, a credit limit adjustment. Were you told why? Did you get to ask? Could you appeal?

Most people have experienced at least one unexplained algorithmic decision:

@ Credit card declined abroad — the fraud detection algorithm flagged your location. No warning, no override option.

@ Loan application rejected — the response said “based on our assessment” but never said which factor mattered most.
© Insurance premium spike — your rate increased but the insurer cited “risk model updates” rather than specific reasons.
@ Account frozen — an AML algorithm flagged a transaction pattern. You were not told which transaction or why.

Under GDPR Article 22 (General Data Protection Regulation, EU 2016/679, Article 22 = prohibition on solely automated decisions with
legal or similarly significant effect, unless contract/consent/authorised-by-law), you have the right to a meaningful explanation when a
decision is made solely by automated means. But “meaningful” is hard to define when the model uses 200 features and nonlinear
interactions that no human designed.

Bring your example to class. When was the last time an algorithm decided something about your financial life?

GDPR Article 22 gives you the right to an explanation of automated decisions — but explaining a model with hundreds of nonlinear features remains an
unsolved technical and legal challenge.



What Five Data-Driven Approaches Are Transforming Finance?

Approach What It Does Typical Data Key Risk

Credit Scoring Predict default proba- Bureau data, income, Proxy discrimination
bility history

Customer Segmen- Group clients by be- Transaction logs, de- Privacy erosion

tation havior mographics

Fraud Detection Flag anomalous trans- Real-time txns, device False positives
actions data

Robo-Advisory Automate  portfolio Risk profile, market Model failure in stress
allocation data

NLP Analytics Extract signal from News, filings, social Noise amplification
text media

Acronym anchors: ML (Machine Learning — algorithms that learn patterns from data without explicit
programming); NLP (Natural Language Processing — ML applied to text/speech); AML (Anti-Money
Laundering — FATF 40 Recommendations framework; EU 6AMLD 2021).

The common ML pipeline across all five:

Collect — aggregate data from multiple sources

Clean — handle missing values, outliers, duplicates
Engineer — create features that capture predictive signal
Train — fit a model on historical labeled data

Deploy — serve predictions in production systems
Monitor — track performance drift over time

The pipeline is the same. The data, features, and stakes differ.

Why these five matter

Credit scoring is the oldest ML application in
finance — statistical models have scored loans since
the 1960s. It is the most mature and most
regulated.

Customer segmentation powers personalized
products but raises privacy questions: does your
bank know you are pregnant before you tell anyone?
Fraud detection must operate in real time —
milliseconds to approve or block a transaction.
False positives alienate customers; false negatives
lose money.

Robo-advisory democratizes investment
management but depends on models that may fail
during market stress when clients need guidance
most.

NLP analytics extracts trading signals from
unstructured text — but sentiment analysis on social
media amplifies noise as easily as signal.

Pattern: Each approach replaces human judgment with
algorithmic consistency — and each creates new failure
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Five data-driven approaches share one ML pipeline: collect, clean, engineer, train, deploy, monitor. The pipeline is generic — the stakes and failure modes

are domain-specific.



Follow One Loan Application from Data Input to Automated Decision

Under 1 second

4. Model Scores
P(default)

Income, employment, ad-
dress, loan amount re-
quested human input

Credit history, e><m|as€|l?|"g1e decides

debts, payment record from
bureau

200+ variables: ratios, in-
teractions, temporal pat-
terns

Gradient boosting outputs
probability; cutoff = 0.15

Approve/deny with top-3
factors (SHAP or similar)

Anatomy of an automated lending decision

Data entry is the only human step. The applicant provides
income, employment, and the requested amount. Everything
else is automated.

Bureau enrichment adds credit history from external
providers. The model now knows payment patterns, existing
debts, and past defaults — often spanning years.

Feature engineering creates 200+ derived variables:
debt-to-income ratio, payment regularity, credit utilization
trends. This is where proxy features can encode protected
characteristics.

Model scoring applies a gradient-boosting model to output
P(default). If the probability exceeds the cutoff (e.g., 0.15),
the application is denied.

Reason codes are generated using SHAP (SHapley Additive
exPlanations, Lundberg & Lee 2017, game-theoretic
feature-attribution method) values or similar explainability
methods (e.g. LIME, integrated gradients). Required by
regulation but often opaque to applicants.

The one human moment was filling in the form. The rest

happened in under one second.

A single loan application touches a credit bureau, 200+ engineered features, and a machine learning model — all in under one second, with one human
step: filling in the form.



What Does the Machine Learning Pipeline Look Like Inside a Bank?

Five stages, one feedback loop

Human oversight layer ® Data Lake: Raw data from transactions, credit bureaus,
T T T T T T TS TS S m S mmmmmmmmm - applications, and increasingly alternative sources (mobile
metadata, web behavior). Quality here determines
everything downstream.

| 1
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: E:I:: F;::n:ere T':/::iilg ;:z,?:lg : ® Feature Store: Curated, versioned features shared across
+ 1 models. A debt-to-income ratio computed once can serve
[Transacjons, Curated, ver- XGBoost, logis- Real-time API, credit scoring, fraud detection, and segmentation

b\JIreau, apps, web sioned, reusable tic, neural net batch coring: simultaneously.
1 1 ® Model Training: Historical data with known outcomes
! : (defaulted / repaid) trains the model. Common algorithms:
: Monitoring 1 XGBoost (Extreme Gradient Boosting, Chen & Guestrin
1 5%;’31;” Whe:/ + Drift : 2016, tree-ensemble competition-winner since 2015 Kaggle
1 rift detecte . Teti H H H .
l Performance decay, /I debut); logistic regression (interpretable baseline); deep

neural nets (for unstructured data). Validation splits prevent
overfitting. Fairness constraints can be applied here.

® Model Serving: The trained model runs in production,
scoring new applications via APl in milliseconds.

® Monitoring: Performance degrades as the world changes.
COVID-19 invalidated pre-pandemic models in weeks. Drift
detection triggers retraining.

__________________ bias, datashift =~~~ "~ 7~

The critical loop: Monitoring feeds back to the data lake. Without

it, models silently degrade.

The ML pipeline is a closed loop: data flows forward through five stages, and monitoring feeds back to trigger retraining when the world changes.



What Happens When an Algorithm Discriminates and Nobody Notices?

When Efficiency Encodes Inequality

Data-driven models optimize for prediction accuracy. They do not optimize y
for fairness unless explicitly constrained to do so. When historical data | HISTORICAL DATA I-S"D ep
reflects discriminatory outcomes, the model learns to reproduce them — L

often through proxy features that are technically legal but ethically | EEAORESEIECHion I-s% gap

problematic.
12% gap

Documented cases:
PREDICTIONS |-18% gap

-26% gap

® Apple Card (2019): Goldman Sachs’ algorithm offered women lower
credit limits than men with identical financial profiles. Investigated by
the New York Department of Financial Services (DFS, Mar 2021
report); no single discriminatory rule found — the bias emerged from Bias amplifies at each stage
feature interactions. A small gap in data become‘s
® Amazon hiring tool (2018; scrapped after internal red-team flagged a large gap in outcomes
gender bias): Trained on 10 years of resumes (mostly male), the
model penalized the word “women’s” and downgraded graduates of
women's colleges.
® Model drift post-COVID: Models trained on 2015-2019 data failed
spectacularly in 2020. Payment deferrals masked true default risk,
and recovery patterns diverged from all prior data.

Why bias hides:

® Zip code encodes race without naming it
® Phone model encodes income without asking for it

s T o . TP P PP
< _Transaciion patterns encode iifestyie without labeiing it
Bias in data—drfven I‘l’nance '?s not a %ug - |St s a feature ox‘asysterﬁs that optimize for accuracy on historically biased data without fairness constraints.



Where Have Data-Driven Techniques Reached Mainstream Adoption — and Where Are They

Still Emerging?

Data-Driven Technique Adoption Across Finance Domains
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Reading the heatmap

Dark cells (3—4) indicate mainstream or universal adoption.
Credit scoring in retail banking and fraud detection in
payments are at level 4 — essentially every major provider
uses ML for these tasks.

Light cells (1-2) indicate pilot or emerging adoption.
Robo-advisory outside asset management is still nascent;
NLP analytics is emerging but not yet mainstream in most
sectors.

Read by row: Fraud detection has the broadest adoption
across all domains — every sector faces fraud. Robo-advisory
is the most concentrated — dominant in asset management
but rare elsewhere.

Read by column: Retail banking is the most data-driven
sector overall. Insurance and payments follow. Investment
banking uses ML selectively for trading and compliance but
not yet for client-facing decisions.

The frontier: NLP/RegTech is the newest category. It is
emerging in investment banking (automated compliance) but
still at pilot stage in retail.

Pattern: Adoption follows risk and volume — sectors with high

transaction volume and measurable outcomes adopted ML first.

lllustrative adoption levels based on industry surveys (2022-2024). Fraud detection and credit scoring lead; NLP analytics and robo-advisory are the

frontier.



Who Wins and Who Loses When Algorithms Replace Human Judgment?

Winners:

® Banks reduce decision costs by 60-80% and process
applications in seconds rather than days

® Low-risk clients get better rates because the model
precisely prices their lower default probability

® Fraud victims benefit from real-time detection that
catches anomalies humans would miss

Banks Low-Risk Clients
Lower costs, faster; Better rates, speed

Fraud

Faster detection

ms

DATA-DRIVEN
Losers:
/ \ 'Y . . . .
Borderline Applicants Bank Employees _Borderllne applicants lose Fhe dls‘cretlonary )
o discretion, no appea Roles automated judgment that a human officer might have exercised

® Bank employees see roles in underwriting,
compliance, and customer service automated

® Minority groups face consistent treatment (no
bad-day bias) but may suffer from proxy
discrimination encoded in features the model
learned from historical data

Data-driven finance benefits those already well-served by the system (low-risk, data-rich) and disadvantages those at the margins (borderline,
underrepresented, data-poor).



Four Questions That Reveal Whether a Data-Driven System Is Fair

When evaluating any data-driven financial system — as a regulator, an
auditor, or an affected customer — ask these four questions:

1. Does it use proxy features for protected characteristics?

Zip code correlates with race. Phone model correlates with income. Transaction timing
correlates with occupation. A model can discriminate without ever seeing a protected
attribute — it just needs correlated proxies.

2. Has it been validated on subgroups, not just in aggregate?

A model with 95% accuracy overall may have 85% accuracy for minorities and 97% for
the majority. Aggregate metrics hide disparate performance. Fairness requires subgroup
validation.

3. Can it explain individual decisions?

“Your application was denied because of our risk model” is not an explanation. GDPR
requires meaningful information about the logic involved. SHAP values, LIME (Local
Interpretable Model-agnostic Explanations, Ribeiro et al. 2016, fits a local linear
surrogate around each prediction), and counterfactual explanations exist — but are they
deployed?

4. Who is accountable when it goes wrong?
If a biased model denies thousands of applications unfairly, who is responsible? The
data scientist who built it? The manager who approved it? The bank that deployed it?

Accountability requires clear ownership.

These four questions work for any data-driven system in finance — credit scoring, fraud detection,

responsible Al from algorithmic injustice.

More data 2
Efficiency
+ Consistency ‘
Data-driven finance tips toward effiéieness

The four questions test whether
fairness keeps pace.

robo-advisory, or algorithmic underwriting. They separate



Your Challenge: Apply the ML Pipeline to Classify Sample Transactions

Mini-Challenge (15 minutes)

Below are 10 transactions. Apply heuristic rules from Slide 5 to flag suspicious ones. Then apply the fairness check from
Slide 9.

ID Amount Time Merchant Frequency Location Your Flag?
T1 CHF 12 08:15 Grocery Daily Zurich
T2 CHF 4,800 03:22 Electronics First time Lagos
T3 CHF 45 12:30 Restaurant Weekly Geneva
T4 CHF 9,500 01:05 Crypto exchange Monthly Zurich
T5 CHF 22 19:45 Streaming Monthly Zurich
T6 CHF 3,200 02:10 Wire transfer First time Nairobi
T7 CHF 85 14:00 Pharmacy Bi-weekly Basel
T8 CHF 7,100 23:55 Luxury goods First time Dubai
T9 CHF 15 07:30 Coffee shop Daily Zurich . -
T10 CHF 1,500 16:00 University Semester Bern ...

Rules to apply: Flag if any: amount > CHF 3,000 AND first-time merchant, OR time between 01:00-05:00 AND foreign location, OR amount > CHF 5,000
AND unusual category.

Fairness check: Look at your flagged transactions. Do the flagged locations disproportionately represent non-European cities? If Lagos and Nairobi are flagged
but Dubai and Zurich are not for similar patterns, what does that reveal about the rules?

Discuss: How would you redesign the rules to reduce geographic bias while maintaining fraud detection accuracy?

Explainable Al: the art of explaining decisions in terms humans can parse but algorithms cannot simplify. Fairness requires testing whether rules create
disparate impact across groups.



