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Introduction



Introduction

Goal: a non-exhaustive helicopter tour of machine learning methods
relevant to economics research.



Introduction

(Supervised) machine learning methods address the problem of
prediction.

- Produce predictions of y from x
Economics often focuses on parameter estimation or causality.

- Produce good estimates of parameters 8 that underlie the
relationship between y and x

Applying machine learning to economics requires either:

- Applying to y-relevant tasks (prediction), or

- Methods to use ML for causal problems



Prediction in Economics

- Predict mortality and late-in-life health care spending (Einav et
al., 2018)

- Predict loan repayment using mobile phone data (Bjorkegren
and Grissen, 2017)

- Predict poverty using satellite images (Jean et al., 2016)

- Predict restaurant health code violations (Glaeser et al., 2016)
- Predict recidivism (Kleinberg et al., 2018)

- Predict probability of protest (Andirin et al., 2023)


https://www.science.org/doi/full/10.1126/science.aar5045
https://www.science.org/doi/full/10.1126/science.aar5045
https://academic.oup.com/wber/article/34/3/618/5622690?guestAccessKey=e6ba59f9-5572-4fbc-a51a-e96a5aad6c6f&login=false
https://academic.oup.com/wber/article/34/3/618/5622690?guestAccessKey=e6ba59f9-5572-4fbc-a51a-e96a5aad6c6f&login=false
https://www.science.org/doi/abs/10.1126/science.aaf7894
https://www.aeaweb.org/articles?id=10.1257/aer.p20161027
https://academic.oup.com/qje/article-abstract/133/1/237/4095198
https://www.nber.org/papers/w30167

Types of Machine Learning

Supervised

- Regression / prediction: E[Y|X = X]

- Classification: P[Y = RIX =x],k € {1,2,...,K}
Unsupervised

- Clustering

- Exploratory data analysis

- Dimensionality reduction



Supervised Learning



- X;: predictors (features / inputs / covariates)
- yi: outcome (target / response)
- L(9,y): loss function

A machine learning model takes a set of data and a loss function
and searches over a set of functions

y=fX)+e

to find the lowest expected prediction loss E(yvx)[L(f(x),y)] on new
data (“out of sample”).



Decomposing Model Errors

Suppose the loss function is mean-squared error:
,] n
Ly.y) = > i—0)
i
If the true model is y = f(x) + e (with f(x) = E[y|X = x]), where
e ~ N(0,0?), then we can decompose the error for a given x as

E [(v = J) | X = x| =E [[f0) = 0P| + Var(e)
—_— —m————

Reducible Irreducible



Bias-Variance Tradeoff

If the true model is y = f(x) + & (with f(x) = E[y|X = X]), where
e ~ N(0,c?), then

E {(y—f(X))z}

e [(f - F9) | +o°

(1) — EF1)’ + 2 | (B =) | +°
—_——

N .
Bias Variance




Train vs. Test Performance

Low Bias
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Source: Hastie, Tibshirani, and Friedman (2009)


https://hastie.su.domains/Papers/ESLII.pdf

Model Selection and Regularization

Consider the simple case of linear regression: ¥ = X7 for a vector of
inputs XT = (X1, X2, ..., Xp).

With a large p, we risk overfitting to the training data and having
poor out-of-sample performance (low bias but high variance).

There are two main approaches to choosing the model complexity to
achieve the optimal bias-variance tradeoff:

1. Model selection. For example, identify a subset of the p
predictors most related to the response (subset and stepwise
selection).

2. Shrinkage methods. For example, the model may include all p
predictors, but the estimated coefficients are shrunken towards
zero.



Regularization

Reduce variance by constraining or regularizing the parameter
estimates (at the expense of bias).

« 4 (Lasso): 351, L(Fi,yi) + A 327, 1Bl
- Can shrink feature weights to zero
- 6 (Ridge): S0, L(9i,yi) + A0, B
- Encourages small but non-zero
weights
- Elastic Net: a combination of L1 and L2
- Provides a balance between feature
selection (sparsity) and feature
weighting
Ais a “tuning” parameter that is typically chosen by out-of-sample
cross-validation.

Source: Hastie, Tibshirani, and Friedman (2009)
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https://hastie.su.domains/Papers/ESLII.pdf

Coordinate Descent for Lasso

N
min 3~ (v — Bo — xB)° + N8l
i=1

Approach: Convert multivariate optimization problem to a loop of
univariate optimization problems. Optimize each parameter
separately, holding all the others fixed. Cycle through parameters
repeatedly until convergence.

Source: Wikipedia



Coordinate Descent for Lasso

- Standardize the p predictors and response variables. Initialize

~

6 =0.
- Repeat until convergence:
- Forj=1,2,...,p:

- Compute the partial residuals rj = y; — ZR#J XirBr

- Compute the simple least squares coefficient of these residuals on
jth predictor: B = AN X

- Update §; by soft-thresholding:

5 +-5(579) =i (37)

B

-,
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Pathwise Coordinate Optimization

Compute the solutions for a decreasing sequence of values for \,
starting with Amax (smallest A for which 3 = 0).

- Exploits “warm start” — solutions don’t change much from one
A to the next

- Can be faster to compute path down to A than the solution only
at A for small values



K-Fold Cross Validation

Estimates can be used to select best model, and to give an idea of
the test error of the final chosen model.

- For example, choosing the ¢, penalty A that achieves the best
out-of-sample performance

Idea is to randomly divide the data into K equal-sized groups (folds).
We leave out part Rk, it the model to the other K — 1 parts
(combined), and then obtain predictions for the left-out kth part.

Leave-one-out cross-validation: K-fold CV taken to its logical
extreme with K= n.

16



K-Fold Cross Validation

‘ All Data ‘

‘ Training data ‘ ‘ Test data ‘

| Fold1 || Fold2 || Foid3 || Foida || Folds |

spit1 | Fold1 || Foid2 || Fold3 || Fold4 || Folds |

spit2 | Fold1 || Fold2 || Fold3 || Fold4 || Folds |

spit3 | Fold1 || Foid2 || Folas || Foid4 || Fous |

spit4 | Fold1 || Fold2 || Fold3 || Fold4 || Folds |

> Finding Parameters

spits | Fold1 || Fold2 || Fola3 || Foida || Fois |/

Final evaluation { Test data

Source: scikit-learn



https://scikit-learn.org/stable/modules/cross_validation.html

Tree-Based Methods

Tree-based methods involve stratifying or segmenting the predictor
space into a number of simple regions.

Conceptually simple and especially powerful when combined with
ensemble methods.

Can be used for regression and classification tasks.

Sty
R Ry Ry R
t ts

Ry R R

(a) recursive binary splitting (b) two-dimensional view



Tree-Based Methods

Basic idea:

1. Divide the space of covariates (X7, Xz, ..., Xp) into J distinct and
non-overlapping regions, Ry, Ry, ..., R).

2. For every observation that falls into the region R;, we make the
same prediction, which is the mean of the outcome variable for the
observations in R;.

3. The objective is to choose the R; such that we minimize:

J
LI =33 (vi—9r)°

j=1 iR,

19



Tree-Based Methods

Decision Tree Regression

target

-054

~1.04

~154

o data
—— max_depth=2
max_depth=5

[

data

Source: scikit-learn

20


https://scikit-learn.org/stable/modules/tree.html

Tree-Based Methods

How does one optimally divide the space of covariates?

- Computationally infeasible to consider every possible partition
of the feature space into J regions (NP-complete)
- Rely on top-down, greedy algorithm to split the data
- Top-down: begins at the top of the tree and then successively
splits the predictor space
- Greedy: the best split is made at that particular step, rather than

looking ahead and picking a split that will lead to a better tree in
some future step

21



Recursive Binary Splitting

Approach: Choose the splitting variable j and the split point # to
minimize:

2 . 2
r?lgn [”}:n Z (vj = 1) + min Z Vi — ) ] )
X €R1(j,0) Xi€R2(j,0)

where Ri(j,0) = {X | X; < 0} and Ry(j,0) = {X| X; > 6}.

For any j and @, the inner minimization are solved by

& = Z y;and & =

7

Zy,

xefw 0) J,0 x,eRz(/ 0)
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Ensemble Models

Ensemble learning reduces model instability by averaging
predictions over multiple instances of similar models.

Combines “weak” learners (high bias, low variance) to produce a
powerful “committee”.

single bagging boosting

OB

g
Q8¢
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Name comes from “bootstrap aggregation”.

Approach: bootstrap data and train separate tree on each
bootstrapped data set, then average all predictions:

Foag(X) Z BoFp(x

where F, is the weak learners trained on the bth bootstrapped
sample and, typically, 8, = 1/B.

- Lowers variance by ensuring reduced risk of influence of a few
data points

24



Random Forests

Random forests provide an improvement over bagged trees by way
of a small tweak that decorrelates the trees.

- Each time a splitin a tree is formed, a random selection of
m < p predictors are considered
- Rule of thumb: m ~ /p

- Random forests tend to outperform bagging when decision trees
are the base learner

25



Similarly, boosting outputs of many “weak” learners to produce a
powerful “committee”

Shallow trees are grown sequentially, with new trees fit with the
residuals from the previous tree:

fi() = Fima () + AFi(x)

Necessitates tuning three main parameters, which can be chosen
with cross-validation:

- B: number of trees
- d: number of splits per tree (typically small relative to p)
- X learning rate (typically 0.01 or 0.001)

26



Boosting

target

Boosted Decision Tree Regression

-1.04

~154

—2.04

.. @ training samples
b —— n_estimators=1
—— n_estimators=300

0 1 2 3

N
«
o

data

Source: scikit-learn
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https://scikit-learn.org/stable/modules/tree.html

Boosting Algorithm

1. Setf(x) =0and r; = y; for all i in the training set.
2. Forb=1,2,...,B, repeat:
21 Fita tree 2 with d splits (d + 1 terminal nodes) to the training data
0.
2.2 Update f by adding in a shrunken version of the new tree:

F(x) = OO + AP ().
2.3 Update the residuals,
li<"ri— Afb (Xl)

3. Output the boosted mode],
~ B ~
100 =Y M)
b=1

28



Gradient Boosting Algorithm

1. Initialize fo(x) = arg min, S0, L (v, 7)
2. Form=1toM:
- Fori=1,2,...,N compute

o [Re]

- Fit a regression tree to the targets rj, giving terminal regions
Rjrmj = 1727 fee >jm
- Forj=1,2,...,Jm compute

Yjm = arg mJn > L(yifor (%) +7)

Xi€Rjm

. Updatefm(x) fm— 1(X) +Z; 1 Yim (X € ij)
3. Output f(x) = fu(x)

29



Deep Learning and Neural Networks

Most common in computer vision and natural language processing
tasks — tasks with unstructured data

Neural networks are very flexible — proven to be universal function
approximators

‘guacamole (90.1%) Ranked 1 out of 101 labels.

Source: OpenAl

Source: Google Gemini
Source: Meta Al
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http://neuralnetworksanddeeplearning.com/chap4.html
http://neuralnetworksanddeeplearning.com/chap4.html

Feed-Forward Neural Networks

ST

PR
‘)‘\“'//A\\ ‘ output layer

input layer

hidden layer 1  hidden layer 2

Source: CS 231N

Series of connected layers that transform the inputs x to the output
y.

Each layer is made up of nodes, which each have a non-linear
activation function.

Nodes in different layers are connected by connections, which each
have an associated weight (parameter to learn).

31


https://cs231n.stanford.edu/

Feed-Forward Neural Networks

output layer
input layer

hidden layer

Source: CS 231N

The number of nodes in the output layer depends on the dimension

of y. For example, a K-class classification problem has K output
nodes.

32


https://cs231n.stanford.edu/

Logistic Regression as a Neural Network

Logistic regression can be represented as a neural network with one

neuron:
1+ exp (— (b + w'Xx))
T
“’1\
T3 4’ o — a
: / ]b
‘r'n, w’IL 1
X = input vector - ¢ = (non-linear) activation
- w = weight vector function

. b = bias scalar - a = scalar activation (output)

33



Common Activation Functions

Sigmoid Hyperbolic Tangent Rectified Linear Unit
(tanh) (RelLU)
A _ 1 _ —e? _
Function o(x) = v tanh(x) = v ReLU(x) = max(0, X)
Range (0,1) (-1, 1) [0, 00)
Advantages Zero-centered. Faster No vanishing gradient

Disadvantages

Vanishing gradient
problems.

convergence than
sigmoid.

problem. Very fast to
compute.

Vanishing gradient
problems.

“Dying ReLU” problem.
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Training a Neural Network

The overall network can be represented as
)A/ — gL (WILgL71 (W/L71 L g1 (WHX) . ))

where L is the number of layers, g' is the activation function, and w!
are the weights between layer [ — 1 and L.
The loss function is L(y, ¥).

Update weights via stochastic gradient descent:
Wny1 = Wy —nVy, L,

where > 0 is the learning rate (step size) and we use
backpropagation (form of automatic differentiation) to find the
negative gradient of the loss function.
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Convolutional Neural Networks

””’ﬁ”"’ﬂﬂ - - - - LT DL

/ LT - - - M LT L L T &

Source: LeCun, Bengio, and Hinton (2015)
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“Machine Learning as a Tool for Hypothesis Generation”

Source: Ludwig and Mullainathan (2024)
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https://doi.org/10.1093/qje/qjad055

Unsupervised Learning




Unsupervised Learning

No outcome variable, just a set of features.

Objective is more fuzzy:

- find groups of samples that behave similarly
- find features that behave similarly

- find linear combinations of features with the most variation

Can be useful as a pre-processing step for supervised learning.
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Unsupervised Learning Examples

- Categorize news articles with a clustering algorithm (Athey,
Mobius, and Pal, 2017)

- Cluster CEO behaviors using latent Dirichlet allocation (Bandiera
et al, 2020)

- Topic analysis of FOMC statements with latent Dirichlet
allocation (Hansen, McMahon, and Prat, 2018)

- Creating a low-dimensional representation of the latent product
space for ready-to-eat cereals using tSTE (Magnolfi, McClure, and
Sorenson, 2022)

39


https://www.nber.org/system/files/working_papers/w28746/w28746.pdf
https://www.nber.org/system/files/working_papers/w28746/w28746.pdf
https://www.journals.uchicago.edu/doi/10.1086/705331
https://www.journals.uchicago.edu/doi/10.1086/705331
https://academic.oup.com/qje/article/133/2/801/4582916
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4113399##
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4113399##

Some Unsupervised Learning Methods

Clustering

- K-Means Clustering

- Mixture Modeling

- Agglomerative Hierarchical Clustering
- Divisive Hierarchical Clustering

Dimensionality Reduction

- Principal Component Analysis (PCA)

- Factor Analysis
- t-Distributed Stochastic Neighbor Embedding (t-SNE)

- Autoencoders

40



Clustering Algorithms in sklearn
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Source: scikit-learn
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https://scikit-learn.org/stable/auto_examples/cluster/plot_cluster_comparison.html

K-Means Clustering

Goal is to partition the feature space into K subspaces.

Clustering methods are often used for exploratory data analysis,
creating new features, and recommendation engines.

Algorithm:

1. Initialize a set of K centroids, by, by, ..., bx, randomly
2. Repeat until convergence:

- Assign each unit to the cluster that minimizes
Ci = argmincea,... k3 [IXi — be|®

- Update the centroids as the average of the X; in each of the
clusters: be =3 Xi/ D= |

42



K-Means Clustering

(a)

3
D
Taet e
Lol 8
(d)

Source: Hastie, Tibshirani, and Friedman (2009)

(k)

(e}

6]
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https://hastie.su.domains/Papers/ESLII.pdf

Mixture Models

Mixture models suppose the data is an i.i.d sample from some
population described by a probability density function f.

This density function is a mixture of K component density functions,
f1,f>, ..., fk. The component densities represent clusters.

If f, are in the same parametric family, but with different parameters,
we can write the model as

K
) = Aef(x: 6r)
k=1

where )\ is the mixing weight and 6y, is the parameter vector
governing fp.

Estimate 6 = (A1, Ag, ..., Ak, 01, 62, ..., Ok) via maximum likelihood, using
the EM algorithm, or corresponding Bayesian approaches.

I



Mixture Models
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Variational Inference

X is a vector of n observations, z is a vector of m hidden variables
and « are additional fixed parameters.

We are interested in the posterior distribution

p(z,x|a)

p(Z|X7 a) = fzp(LX‘a)

Not always straightforward to compute the posterior for many
models (e.g, integral may not have closed form).

The main idea behind variational methods is to pick a family of
distributions over the latent variables with its own variational
parameters,

q(z|v)
then find the parameters that make g close to the posterior of
interest. Use g with the fitted parameters as a proxy for the posterior.

46



Latent Dirichlet Allocation (LDA)

A Bayesian topic model to group
words and documents in a corpus
into topics.

Every document is a mixture of
topics and every topic is a mixture
of words.

“Arts” Budget “Children” “Education™
NEW MILLION CHILDREN  SCHOOL
FILM AX WOMEN STUDENTS
SHOW PROGRAM PEOPLE SCHOOLS
MUSIC  BUDGET CHILD EDUCATION
MOVIE  BILLION YEARS TEACHERS
PLAY FEDERAL FAMILIES ~ HIGH
MUSICAL  YEAR WORK PUBLIC
BEST SPENDING PARENTS ~ TEACHER
ACTOR  NEW SAYS BENNETT
FIRST STATE FAMILY IGAT
YORK PLAN WELFARE ~ NAMPHY
OPERA  MONEY MEN STATE
THEATER PROGRAMS  PERCENT  PRESIDENT
ACTRESS ~GOVERNMENT  C. ELEMENTARY
LOVE CONGR! LIFE HAITI
‘The William Randolph Hearst will give to Lincoln Center, Metropoli-

tan Opera Co., New York Philharmonic and Juilliard School

“Our felt that we had a

real opportunity to make a mark on the future of the performing arts with these an act

every bit asimportant as our traditional areas of

in health, medical

education

and the social Hearst Randolph A. Hearst said Monday in

the Lincoln Center's share will be for its new which
will young artists and new The Metropolitan Opera Co. and
New York Philharmonic will each. The Juilliard School, where music and
the performing arts are taught, will get The Hearst aleading supporter

of the Lincoln Center Consolidated Corporate

donation, too.

will make its usual

Source: Blei, Ng, and Jordan (2003)

47


https://www.jmlr.org/papers/volume3/blei03a/blei03a.pdf

Latent Dirichlet Allocation (LDA)

—-OfO- OO

(74 9d Zdn Wan
Na

- Collection of D documents

- Document is a sequence of N words
- Ktopics in a corpus

- Boxes represent repeated sampling

- Shaded nodes are observed random variables and unshaded
nodes are latent variables
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Latent Dirichlet Allocation (LDA)

Data generating process:

1. For each topic k € K, draw 3y ~ Dirichlet(n), the distribution over
the words, i.e. the probability of a word appearing in topic k, and
7 is the prior of the topic word distribution

2. For each document d € D, draw the topic proportions
04 ~ Dirichlet(«).

3. For each word i in document d:

31 Draw the topic assignment z4 ~ Multinomial(6y).
3.2 Draw the observed word w;; ~ Multinomial(5z,).

Parameter estimating with posterior distribution

p(z,0, 8w, a,n) = %. Since posterior is intractable, use
variational Bayes method with simpler distribution q(z, 6, 5|\, ¢,v) to
approximate it (minimizing KL divergence between q(z,6, 8) and the
true posterior).

49



Machine Learning in Python




scikit-Tlearn: In addition to providing implementations of
supervised and unsupervised learning models, provides tools for
model fitting, data preprocessing, model selection, and model
evaluation.

XGBoost and LightGBM: Provide efficient implementation of
gradient boosting frameworks.

PyTorch and TensorFlow: Provide deep learning frameworks
(PyTorch has become dominant).

50


https://scikit-learn.org/stable/index.html
https://xgboost.readthedocs.io/en/stable/
https://lightgbm.readthedocs.io/en/stable/
https://pytorch.org/
https://www.tensorflow.org/

Example with Lightgbm and sklearn

Setup

import lightgbm as lgb

import numpy as np

import pandas as pd

from sklearn.model_selection import train_test_split, GridSearchCV

from sklearn.datasets import fetch_california_housing

# Load a sample dataset (California Housing dataset)

# Target: median house value per Census block

# Attributes: MedInc, HouseAge, AveRooms, AveBedrms, Population, AveOccup, Latitude, Longitude
data = fetch_california_housing(as_frame=True)

X, y = data.data, data.target

# Split the dataset into training and testing sets
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

51



Example with Lightgbm and sklearn

# Define a LightGBM regressor
lgb_model = lgb.LGBMRegressor ()

# Define a parameter grid for grid search
param_grid = {

“num_leaves”: [15, 31, 50], # Vary the number of leaves
"learning_rate”: [0.1, 0.01, 0.001], # Vary the learning rate
"n_estimators”: [100, 500, 1000] # Vary the number of estimators (trees)

# Initialize a GridSearchCV object

grid_search = GridSearchCV(
estimator=lgb_model,
param_grid=param_grid ,
scoring="neg_mean_squared_error”,
cv=5 # 5-fold cross-validation

# Perform grid search
grid_search. fit(X_train, y_train)

# Print the best hyperparameters

print(”"Best Hyperparameters:”)

print(grid_search.best_params_)

>> Best Hyperparameters:

>> {’learning_rate’: 0.1, 'n_estimators’': 500, 'num_leaves': 31}

# Get the best model
best_model = grid_search.best_estimator_

# Make predictions on the test set

y_test_pred = best_model.predict(X_test) 5)
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Further Resources

Machine Learning:

- The Elements Of Statistical Learning, by Trevor Hastie, Robert Tibshirani, and Jerome Friedman
- Probabilistic Machine Learning, by kevin p. Murphy
- Applied Causal Inference Powered by ML and Al, by victor Chernozhukov et al

Deep Learning:

- Neural Networks and Deep Learning, vy michael Nielson

- Deep Learning, by lan Goodfellow, Yoshua Bengio, and Aaron Courville

0 Deep Learning with PyTorch, by Eli Stevens, Luca Antiga, and Thomas Viehmann

- Neural Networks: Zero to Hero, by andrej karpathy

- Neural Networks, by 3slueigrown

- Stanford CS231N: Convolutional Neural Networks for Visual Recognition
- Stanford CS224N: Natural Language Processing with Deep Learning

- Harvard Economics 2355: Unleashing Novel Data at Scale

Self-Supervised Learning and Foundation Models

- “A Comprehensive Survey on Pretrained Foundation Models: A History from BERT
to ChatGPT”

- “On the Opportunities and Risks of Foundation Models” o


https://hastie.su.domains/Papers/ESLII.pdf
https://probml.github.io/pml-book/book1.html
https://www.causalml-book.org/
http://neuralnetworksanddeeplearning.com/
https://www.deeplearningbook.org/
https://www.manning.com/books/deep-learning-with-pytorch
https://karpathy.ai/zero-to-hero.html
https://www.3blue1brown.com/topics/neural-networks
https://cs231n.github.io/
https://web.stanford.edu/class/cs224n/index.html##coursework
https://dell-research-harvard.github.io/teaching/economics-2355
https://arxiv.org/pdf/2302.09419.pdf
https://arxiv.org/pdf/2302.09419.pdf
https://arxiv.org/pdf/2108.07258.pdf?utm_source=morning_brew

Machine Learning in Economics

Reviews of ML in economics:

- Mullainathan and Spiess (2017); Athey (2019); Athey and Imbens (2019); Kleinberg
et al. (2015)

ML and causal inference:

- Chernozhukov et al. (2018a); Chernozhukov et al. (2018b); Athey, Tibshirani, and
Wager (2019); Kiinzel et al. (2018)
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https://www.aeaweb.org/articles?id=10.1257/jep.31.2.87
https://www.nber.org/system/files/chapters/c14009/c14009.pdf
https://www.annualreviews.org/doi/abs/10.1146/annurev-economics-080217-053433
https://www.aeaweb.org/articles?id=10.1257/aer.p20151023
https://www.aeaweb.org/articles?id=10.1257/aer.p20151023
https://academic.oup.com/ectj/article/21/1/C1/5056401
https://www.nber.org/system/files/working_papers/w24678/w24678.pdf
https://projecteuclid.org/journals/annals-of-statistics/volume-47/issue-2/Generalized-random-forests/10.1214/18-AOS1709.full
https://projecteuclid.org/journals/annals-of-statistics/volume-47/issue-2/Generalized-random-forests/10.1214/18-AOS1709.full
https://www.pnas.org/doi/full/10.1073/pnas.1804597116

	Introduction
	Supervised Learning
	Regularization and Model Selection
	Tree-Based Methods
	Deep Learning

	Unsupervised Learning
	Machine Learning in Python
	Further Resources

