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Unsupervised learning

» Consider features { X, ..., X, | ehe-arouteone—

e Given a sample {x{,xﬁ, ...,x,’;, yl-}, learn f(X) ~ Y such
that Y is a “simpler” representation of the data

» We want f(X) to make our life easier; e.g., give us insight
-If Y is continuous — “dimensionality reduction,”

-If Y is categorical — “clustering.”



Dimensionality Reduction:
Principal Component Analysis

 PCA finds new variables
(principal components) that X,

- ...are linear combinations of variables!
- ...capture most of the variance!

- ... mutually orthogonal (uncorrelated)!

 Based on elegant linear algebral

- The principal components are the
eigenvectors of the covariance matrix!




Why do dimensionality reduction?

 Back in the day... Dimensionality reduction improved
ML performance (e.g., for k-NN or SVMs).

* For modern methods, e.g., XGBoost, dimensionality
reduction does not matter that much!

S0 what is it used for?
- ... visualize high-dimensional data.
- ... compress features



Example: World Value Survey

e | arge survey administered
across 120+ countries! SHow CiRp 19

Please tell me for each of the following actions whether you think it can always be justified, never be justified, or
something in between, using this card. (Read out and code one answer for each statement).

Never Always

justifiable justifiable

. Q130  Claiming government benefits to which you are notentitled 1 2 3 4 5 6 7 8 9 10

) I -t f Q131 Avoiding a fare on public transport 1 2 3 4 5 6 7 8 9 10
el I lS rang I ng rOI I I Q132 Stealing property 1 2 3 4 5 6 7 8 9 10
Q133 Cheating on taxes if you have a chance 1 2 3 4 5 6 7 8 9 10

. " Q134  Someone accepting a bribe in the course of their duties 1 2 3 4 5 6 7 8 9 10
demographics and ethical EEERERARE:
g p Q136  Abortion 1 2 3 4 5 6 7 8 9 10

Q137  Divorce 1 2 3 4 5 6 7 8 9 10

u Q138 Sex before marriage 1 2 3 4 5 6 7 8 9 10

values to well-being ana EEREEEARE:
Q140  Euthanasia 1 2 3 4 5 6 7 8 9 10

Q141 For a man to beat his wife 1 2 3 4 5 6 7 8 9 10

Q142  Parents beating children 1 2 3 4 5 6 7 8 9 10

St e re Oty p e S . Q143  Violence against other people 1 2 3 4 5 6 7 8 9 10
Q144 Political violence 1 2 3 4 5 6 7 8 9 10

Q145  Death penalty 1 2 3 4 5 6 7 8 9 10

e How to make sense of all
this data?



The Inglehart-Welzel World Cultural Map 2023
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Other popular methods: UMAP and t-SNE

UMAP and t-SNE are nonlinear dimensionality reduction
methods that preserve “local neighborhood structure”

t-SNE
& )@
Cell types Sample types
® Contaminant (includingB) @ CD4T @CD8T @MAIT @NK/ILC T eCB @ePBMC ¢« Liver Spleen Tonsil © Lung ® Gut @ Skin

https.//www.nature.com/articles/nbt.4314


https://www.nature.com/articles/nbt.4314

Clustering: k-means

* What? Assign each data point to
one of the clusters!

* How? Greedily minimize the
distance of points to their centroids
1. Draw random centroids from the data.
2. Repeat until convergence:

A. Assign each point to its nearest centroid.
B. Recompute centroids.
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What are “good” cluster?

Silhouette Score

e E.Q., k is arbitrary; how to
choose the number of clusters?

Silhouette

* Principles:

- High internal cohesion: points within
the same cluster are close together 2 3 4 K

- High external separation: different .
clusters are far apart. a(1): average distance between

/ datapoints within i (cohesion)
o Silhouette Score of a cluster 1 b(i): average distance between

s(1) = b(i) — a(i)/max(b(i), a(i)) — data points across i and other
clusters (separation)



Example of Clustering Problems
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usually not

Clustering is nretalways a good idea!

Responsible, sincere,

analytical, reserved,
realistic, systematic.
Hardworking and
trustworthy with sound
practical judgment.

 May “categorize” variables that
are better understood on a

continuous scale!
ESTP

Outgoing, realistic,
action-oriented, curious,
versatile, spontaneous.
Pragmatic problem
solvers and skillful
negotiators.

* Challenging to “generalize”

Efficient, outgoing,
analytical, sytematic,
dependable, realistic.

Like to run the show and
get things done in an
orderly fashion.

* \ery helpful to get a sense of
the data

Warm, considerate,

gentle, responsible,
pragmatic, thorough.

Devoted caretakers who

enjoy being helpful to
others.

Gentle, sensitive,
nurturing, helpful,
flexible, realistic. Seek to
create a personal
environment that is both
beautiful and practical.

Playful, enthusiastic,
friendly, spontaneous,
tactful, flexible. Have
strong common sense,
enjoy helping people in
tangible ways.

Friendly, outgoing,
reliable, conscientious,
organised, practical. Seek
to be helpful and please
others, enjoy being
active and productive.

Idealistic, organised,
insightful, dependable,
compassionate, gentle.

Seek harmony and
cooperation, enjoy
intellectual stimulation.

Sensitive, creative,
idealistic, perceptive,
caring, loyal. Value inner
harmony and personal
growth, focus on deams
and possibilities.

Enthusiastic, creative,
spontaneous, optimistic,
supportive, playful. Value

inspiration, enjoy
starting new projects,
see potential in others.

Caring, enthusiastic,
idealistic, organised,
diplomatic, responsible.
Skilled communicators
who value connection
with people.

Innovative, independent,
strategic, logical,
reserved, insightful.
Driven by their own
original ideas to achieve
improvements.

INTP

ENTP

Inventive, enthusiastic,
strategic, enterprising,
inquisitive, versatile.
Enjoy new ideas and
challenges, value
inspiration.

Stategic, logical,
efficient, outgoing,
ambitious, independent.
Effective organisers of
people and long-range
planners.
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Model Calibration

* Consider 100 data points, all Young ol
(Young, Student, Poor) R )

A. All 100 bought a computer
B. Only 67 bought a computer Y ‘ > B Poor‘ ¥ Good

e \Which model Is better @

: % 33% 04,
calibrated? o7 67% 75%

A classifier Is calibrated If its predicted probabilities match the

true frequencies of the events they represent.
PY=1|p=p) =p




Intuition: Medical Test

Models’ predictions incur a “cost” in a medical test...
- True Negatives: 0 (Good! You don’t do anything)

- False Positives: 10 (Unnecessary treatment)

- False Negatives: 100 (Missed disease!)

- True Positive: 20 (Treatment provided)

If a model is well-calibrated, we can consider these costs
when treating a patient!
- E.qg., if a model predicts a 15% chance of disease, how should we treat”?



Assessing Calibration

e Calibration Plot

1. Bin the data according to the outcome’s
predicted probability

2. For each bin, estimate the fraction of

positives.

3. A calibrated classifier should yield something

close to a horizontal line

* Expected Calibration Error
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Doing Calibration

* |dea: Train a model to map the
predicted probabilities into
corrected probabillities.

* |[sotonic Regression:

n

min Y (y;—fx))",9: <9, = fG) < fG5)

0.0 +- | | |
0.0 0.2 0.4 0.6
f ) Mean predicted probability
=1



* Calibration does not change the
precision-recall curve!

* But It does change the decision
thresholds associated with each
precision-recall trade-off!

What calibration does not change!

(i%libration preserves ranking but can change precision/recall at a fixed threshold







Feature Engineering

Transform raw data into representations that make the
signal easier for the model to learn.

purchase_ts purchase_year purchase_hour
1749643833 2025 12

11th June 2025 12:10:33, purchase_dow purchase_month
Wednesday 02 06




Common tricks

o log(x) arctan(x) log(x+ 1) * Suppose customer transactions are
logged as (id, item, cost, timestamp)

x — Elx]

. otandardization: ————— ) ]
Var[x] How would you represent them?

- purchases_last_7_days
° Binning continuous variables - average_spend_last_SO_days

- days_since_last_purchase



Common tricks

Categorical

e Sometimes the interactions e City € {Princeton, NYC, Boston, ...}
between two variables has
meaning that transcends each * One-hot encoding:

individual variable - NYC = [0.1.0....]

- humidity - temperature

. . . * Problematic with high cardinality
- clicks/impressions

- Target encoding (in a second)



The Bitter Lesson

Feature engineering: we should TURING V@\H%%Q /
Incorporate our own prior knowledge! ﬁ Rioharas. sutton -

This view has been disrupted by the deep
learning revolution!

The Bitter Lesson: more “raw” data and
generic algorithms triumph over carefully
constructed features or methods.

Still, at low n, it may matter!


http://www.incompleteideas.net/IncIdeas/BitterLesson.html

Target Encoding

* |Instead of one-hot encoding a category,
use the category's average target.

* Very powerful for high-cardinality
categorical features...

 But there is a trap! An observation’s own
y; value helps construct its feature!

- Solution: split training data into k folds,
create encodings with other folds

City

NYC

Princeton

Boston

<1

0.34

0.21

0.17







Target Encoding (continued)

e Suppose you calculated target encoding
for the whole dataset!

e “Information” would leak from the test set
to the training set, e.qg., if there are two
datapoints from NYC:

- Yirain = 0.20 = ytegt = 0.48

 Performance in the test set would not
generalize to new data

City

NYC

Princeton

Boston

<1

0.34

0.21

0.17




Preventing data leakage

* A very common iIssue:
iInformation sneaks from the
test set into the training set!

 Kapoor and Narayanan foun
this to affect more than 329
papers across 17 fields!

Leakage and the Reproducibility Crisis in ML-based Science

Sayash Kapoor !

Abstract

The use of machine learning (ML) methods
for prediction and forecasting has become
widespread across the quantitative sciences. How-
ever, there are many known methodological pit-
falls, including data leakage, in ML-based sci-
ence. In this paper, we systematically investigate
reproducibility issues in ML-based science. We
show that data leakage is indeed a widespread
problem and has led to severe reproducibility fail-
ures. Specifically, through a survey of literature
in research communities that adopted ML meth-
ods, we find 17 fields where errors have been
found, collectively affecting 329 papers and in
some cases leading to wildly overoptimistic con-
clusions. Based on our survey, we present a fine-
grained taxonomy of 8 types of leakage that range
from textbook errors to open research problems.

We argue for fundamental methodological
changes to ML-based science so that cases of
leakage can be caught before publication. To that
end, we propose model info sheets for reporting
scientific claims based on ML models that would
address all types of leakage identified in our sur-
vey. To investigate the impact of reproducibility
errors and the efficacy of model info sheets, we
undertake a reproducibility study in a field where
complex ML models are believed to vastly out-
perform older statistical models such as Logistic
Regression (LR): civil war prediction. We find
that all papers claiming the superior performance
of complex ML models compared to LR models
fail to reproduce due to data leakage, and com-
plex ML models don’t perform substantively bet-
ter than decades-old LR models. While none of
these errors could have been caught by reading
the papers, model info sheets would enable the
detection of leakage in each case.

'Department of Computer Science and Center for Informa-
tion Technology Policy, Princeton University. Correspondence to:
Sayash Kapoor <sayashk @princeton.edu>.

Arvind Narayanan !

1. Overview

There has been a marked shift towards the paradigm of pre-
dictive modeling across quantitative science fields. This
shift has been facilitated by the widespread use of machine
learning (ML) methods. However, pitfalls in using ML
methods have led to exaggerated claims about their perfor-
mance. Such errors can lead to a feedback loop of overop-
timism about the paradigm of prediction—especially as
non-replicable publications tend to be cited more often than
replicable ones (Serra-Garcia & Gneezy, 2021). It is there-
fore important to examine the reproducibility of findings in
communities adopting ML methods.

Scope. We focus on reproducibility issues in ML-based
science, which involves making a scientific claim using the
performance of the ML model as evidence. There is a much
better known reproducibility crisis in research that uses tra-
ditional statistical methods (Open Science Collaboration,
2015). We also situate our work in contrast to other ML
domains, such as methods research (creating and improving
widely-applicable ML methods), ethics research (studying
the ethical implications of ML methods), engineering ap-
plications (building or improving a product or service), and
modeling contests (improving predictive performance on a
fixed dataset created by an independent third party). Investi-
gating the validity of claims in all of these areas is important,
and there is ongoing work to address reproducibility issues
in these domains (Hullman et al., 2022; Pineau et al., 2020;
Erik Gundersen, 2021; Bell & Kampman, 2021).

We define a research finding as reproducible if the code and
data used to obtain the finding are available and the data
is correctly analyzed (Hofman et al., 2021a; Leek & Peng,
2015; Pineau et al., 2020). This is a broader definition than
computational reproducibility — when the results in a paper
can be replicated using the exact code and dataset provided
by the authors (see Appendix A).

Leakage. Data leakage has long been recognized as a lead-
ing cause of errors in ML applications (Nisbet et al., 2009).
In formative work on leakage, Kaufman et al. (2012) provide
an overview of different types of errors and give several rec-
ommendations for mitigating these errors. Since this paper
was published, the ML community has investigated leak-
age in several engineering applications and modeling com-
petitions (Fraser, 2016; Ghani et al., 2020; Becker, 2018;
Brownlee, 2016; Collins-Thompson). However, leakage oc-
curring in ML-based science has not been comprehensively

https://arxiv.org/abs/2207.07048



https://arxiv.org/abs/2207.07048

Usual suspect #1: Preprocessing

 Example: data imputation, I.e., : _
substituting the NaN values with e O CUPRID N
the average value. = l : t 2

e | eaks information from the test
set into the training set!

* Could also happen with scaling
features, target encoding, etc!



Usual suspect #1: Preprocessing

e Solution: Any kind of pre- 3 3
processing cannot “breach” the +,9 u:t .......
train-test split. . l i

 For example, If you have a v,
heuristic to fill missing values,

calculate it on the training aata 5 T
and apply It to the test data. Ti ........ N Nl \t ....... 2



* | eakage may occur If you have
correlated variables spread
between train and test

* E.9., In temporal data, days close
to each other are correlated!

e Similar problem: multiple data
points corresponding to the
same person!

Day

168

169

170

171

Split

Train

Test

Train

Test

Usual suspect #2: Correlated Variables

Price

$100

$98

$105

$102



Usual suspect #2: Correlated Variables

e Solution: ensure there is a Train Test
—
[

clean split of correlated units
between train and test sets!

» In the temporal prediction case, Pat;e"t :pl.it ;
prediction will naturally become = T:: -
harder as you depart from the . et aa
training set. 4 Test 29






Error analysis

Inspect

* Aggregate metrics shed little
light on why a model is failing!

Hypothesize

* Error analysis: examining
mistakes to identify systematic

batterns. Improve

I<I<I



rue Positives

False Positives

rue Negatives




Check the model confidence!

3% Cat 31% Cat 89% (Cat



Is the problem the model or the label?

e |abeled as “not a cat”

e Model: /6% chance of cat

e Should this be a cat?




Predicting House Prices

* A regression model predicts house prices ¥ ﬁ
based on Rentals. Ha—rlkes.
Year built o, LOWES

Number of rooms

Square footage

Trending Homes in Mountain View, CA

Viewed and saved the most in the area over the past 24 hours

You look at the top 50 predictions with the i P R o Fﬂ/
highest residuals! e SR G f

He Dl B
—,| \ I:'u ‘..:,r,', {. ]

Big houses next to downtown (lowball) e, e L e

2463 Tamalpais St, Mountain View, CA, 94043 1637 Grant Rd, Mountain View, CA, 94040 102 Dalma Dr, \
MLSID 82049376, Brett Jennings sting provided by SID 82055938, Jeassi sting ¢ rided by SListings SID #a144185, Ci

Big houses far from downtown (highball)



Poor subgroup
9
performance

Label errors >

=>

Missing signal

Collect targeted

data! >

Improve labeling | >

Obtain new data | >

Find more data
on people
dressed as cats

Use
crowdsourcing
to find mistakes

In my dataset

Let me consider
the distance to
downtown





https://tinyurl.com/reasoningwithdata
https://tinyurl.com/reasoningwithdata

