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Unsupervised learning
• Consider features  and an outcome 


• Given a sample , learn  such 
that  is a “simpler” representation of the data


• We want  to make our life easier; e.g., give us insight


-If  is continuous  “dimensionality reduction,” 


-If  is categorical  “clustering.”

{X1, …, Xn} Y

{xi
1, xi

2, …, xi
n, yi} f(X) ≃ Y

Y

f(X)
Y →
Y →



Dimensionality Reduction:  
Principal Component Analysis

• PCA finds new variables 
(principal components) that

- …are linear combinations of variables!

- …capture most of the variance!

- … mutually orthogonal (uncorrelated)!


•  Based on elegant linear algebra!

- The principal components are the 

eigenvectors of the covariance matrix!

X1

X2

PCA1PCA2



Why do dimensionality reduction?
• Back in the day… Dimensionality reduction improved 

ML performance (e.g., for -NN or SVMs).


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


• So what is it used for?

- … visualize high-dimensional data.

- … compress features

k



Example: World Value Survey
• Large survey administered 

across 120+ countries!


• Items ranging from 
demographics and ethical 
values to well-being and 
stereotypes.


• How to make sense of all 
this data?





Other popular methods: UMAP and t-SNE

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

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

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


Clustering: -meansk
• 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.



What are “good” cluster?
• E.g.,  is arbitrary; how to 

choose the number of clusters?


• Principles: 

-  High internal cohesion: points within 

the same cluster are close together

- High external separation: different 

clusters are far apart.


• Silhouette Score of a cluster 

k

i
s(i) = b(i) − a(i)/max(b(i), a(i))

: average distance between 
datapoints within  (cohesion)
a(i)

i
: average distance between 

data points across  and other 
clusters (separation)

b(i)
i



Example of Clustering Problems



Honorary mentions

Hierarchical clustering DB Scan



Clustering is not always a good idea!
usually not 

• May “categorize” variables that 
are better understood on a 
continuous scale!


• Challenging to “generalize”


• Very helpful to get a sense of 
the data
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Model Calibration
• Consider 100 data points, all 

 
A. All 100 bought a computer

B. Only 67 bought a computer


• Which model is better 
calibrated?

⟨Young, Student, Poor⟩
Age?

Student? Credit score?

Yes

67%

No

33%
Yes

67%

Young Old

No

75%

Y N Poor Good

A classifier is calibrated if its predicted probabilities match the 
true frequencies of the events they represent. 

P(Y = 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.g., if a model predicts a 15% chance of disease, how should we treat?



Assessing Calibration
• 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


ECE =
M

∑
m=1

|Bm |
n

acc(Bm) − conf(Bm) ,



Doing Calibration

• Idea: Train a model to map the 
predicted probabilities into 
corrected probabilities.


• Isotonic Regression:


 , min
f

n

∑
i=1

(yi − f(xi))2 ̂yi ≤ ̂yj ⟹ f( ̂yi) ≤ f( ̂yj)



What calibration does not change!

• Calibration does not change the 
precision-recall curve!


• But it does change the decision 
thresholds associated with each 
precision-recall trade-off!





Feature Engineering
Transform raw data into representations that make the 

signal easier for the model to learn.

purchase_ts 
1749643833

11th June 2025 12:10:33, 
Wednesday

purchase_year 
2025

purchase_dow 
02

purchase_hour 
12

purchase_month 
06



Common tricks

Transform Aggregate

• 


• Standardization: 


• Binning continuous variables

log(x) arctan(x) log(x + 1)

x − E[x]
Var[x]

• Suppose customer transactions are 
logged as (id, item, cost, timestamp) 

• How would you represent them?

- purchases_last_7_days

- average_spend_last_30_days

- days_since_last_purchase



Common tricks

Interactions Categorical
• Sometimes the interactions 

between two variables has 
meaning that transcends each 
individual variable


- 


-
humidity ⋅ temperature

clicks/ impressions

• City ∈ {Princeton, NYC, Boston, …}


• One-hot encoding:


- 


• Problematic with high cardinality

- Target encoding (in a second)

NYC → [0,1,0,…]



The Bitter Lesson

• Feature engineering: we should 
incorporate our own prior knowledge!


• 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 , it may matter!n

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
 value helps construct its feature!


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

yi

k

City

NYC 0.34

Princeton 0.21

Boston 0.17

… …

ȳ





• Suppose you calculated target encoding 
for the whole dataset!


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


- 


• Performance in the test set would not 
generalize to new data

ytrain = 0.20 → ytest = 0.48

City

NYC 0.34

Princeton 0.21

Boston 0.17

… …

Target Encoding (continued)

ȳ



Preventing data leakage

• A very common issue: 
information sneaks from the 
test set into the training set!


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

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 
the average value.


• Leaks information from the test 
set into the training set!


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



Usual suspect #1: Preprocessing

• Solution: Any kind of pre-
processing cannot “breach” the 
train-test split.


• For example, if you have a 
heuristic to fill missing values, 
calculate it on the training data 
and apply it to the test data.



Usual suspect #2: Correlated Variables

• Leakage may occur if you have 
correlated variables spread 
between train and test


• E.g., in temporal data, days close 
to each other are correlated!


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

Day … Split Price

168 … Train $100

169 … Test $98

170 … Train $105

171 … Test $102

… … … …



Usual suspect #2: Correlated Variables

• Solution: ensure there is a 
clean split of correlated units 
between train and test sets!


• In the temporal prediction case, 
prediction will naturally become 
harder as you depart from the 
training set.

TestTrain

t

Patient … Split Y

3 … Train 45

3 … Train 66

4 … Test 34

4 … Test 29

… … … …





Error analysis

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


• Error analysis: examining 
mistakes to identify systematic 
patterns. 

Inspect

Hypothesize

Improve



True Positives

False Positives
True Negatives

False Negatives



Check the model confidence!

13% Cat 31% Cat 89% Cat



Is the problem the model or the label?

• Labeled as “not a cat”


• Model: 76% chance of cat

• Should this be a cat?



Predicting House Prices
• A regression model predicts house prices 

based on 

- Year built

- Number of rooms

- Square footage


• You look at the top 50 predictions with the 
highest residuals!

- Big houses next to downtown (lowball)

- Big houses far from downtown (highball) 



Poor subgroup 
performance

Collect targeted 
data!

Find more data 
on people 

dressed as cats

Label errors Improve labeling
Use 

crowdsourcing 
to find mistakes 

in my dataset

Missing signal Obtain new data
Let me consider 
the distance to 

downtown



Give us some 
feedback!

https://tinyurl.com/
reasoningwithdata

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

