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Where We’ve Been and Where We’re Going...

Last Week
▶ course structure
▶ core ideas of the course
▶ what is machine learning
▶ seven tools
▶ review of regression

This Week
▶ discovery & measurement
▶ regularization, GAMs

Next Week
▶ prediction within population

Long Run
▶ target tasks → data sources → guiding values
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Review: Breaking Down Sources of Error

Image Credit: Berk (2020) Statistical learning from a regression perspective
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Discovery and Measurement
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Discovery and Measurement

“Concept formation lies at the heart of all social science
endeavors. . . Concepts are integral to every argument for they
address the most basic question of social science research: what
are we talking about?” (Gerring, 2012, pg 112).
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Discovery and Measurement

“Concept formation lies at the heart of all social science
endeavors. . . Concepts are integral to every argument for they
address the most basic question of social science research: what
are we talking about?” (Gerring, 2012, pg 112).

Concepts are not really right or wrong, just more or less useful.

Roughly speaking concepts are useful when they consistently
distinguish one consistent type of phenomena from others in a
way that can be cleanly articulated.
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Tracking Manipulative Tactics in Political Email
Mathur, Wang, Schwemmer, Hamin, Stewart and Narayanan

“Manipulative tactics are the norm in political emails: Evidence from 300K

emails from the 2020 U.S. election cycle”, Big Data & Society, 2023.

electionemails2020.org
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Campaign website example
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Email Example

emails contain HTML
elements such as links &
images, but mostly text

three parts: header
information, body and any
outgoing sites
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Bot-Based Signup Pipeline

Websites from FEC 
records, Ballotpedia


+

Automated Bing and 
DuckDuckGo queries 
for websites

Ballotpedia list, 
OpenSecrets list, 
Entity name patterns

Manual validation of 
websites

List of entities and 
their websites

Unique email address 
and zip code for each 
website signup

Bot completes sign 
up on website

AUTOMATED EMAIL SIGNUPS

AUTOMATED EMAIL ARCHIVAL

Email arrives on 
the Postfix email 
agent in EML 
format

Bot opens and 
parses email into:

• HTML part

• Plain text part

• Attachments

Clicks confirmation 
link, if any

Downloads and archives 
all remote content using 
HTTrack and takes 
screenshot using Chrome
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Fundraising

Ben Adler, October 9 2020

“I’ve decided to activate an
exclusive 3-Months-Out
700%-MATCH just for YOU. This
offer is only available for the
NEXT HOUR.”

“Why haven’t you entered to win
a chance to meet President Trump
yet?”

“The President saw the list of
Patriots who have already entered
& he noticed that your name was
MISSING.”
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Example 1
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Example 2
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Manipulative Practices

Open rate for political emails is only about 20%.
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Manipulative Practices

Open rate for political emails is only about 20%.

We found two manipulative ways within sender & subject fields to
manipulate recipients into opening emails:

Clickbait:
▶ forward referencing/info. withholding
▶ sensationalism
▶ urgency / time scarcity

User-interface manipulation:
▶ obscured name
▶ ongoing thread
▶ re: / fwd:

Likely impacts are highest for low digital literacy (highly correlated
with age).
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Manipulative Practices — Distribution
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Studying Political Emails

We could have studied any facet of political emails—we
happened to choose manipulative practices.
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Studying Political Emails

We could have studied any facet of political emails—we
happened to choose manipulative practices.

Given that we chose manipulate practices we had to define each
practice apart from the data itself.

Then we needed a way to measure the practices at scale.

All of these steps are complicated and come with many caveats!
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Measurement

Roughly speaking, measurement is the process of linking units to
concepts by assigning them some kind of label.
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Measurement

Roughly speaking, measurement is the process of linking units to
concepts by assigning them some kind of label.

What is easily measurable isn’t always interesting and what is
interesting isn’t always easily measurable.

Many useful social concepts are latent properties like power,
social capital, legitimacy, culture and justice.

Social phenomena are particularly difficult because the unit can
react to the act of being measured or preemptively adjust to the
possibility of being measured.

Observationally equivalent phenomena can be different based on
context (e.g. a ‘wink’ vs a ‘twitch’ to use Geertz’s famous
example).

Many ways to describe a good measurement but they often
involve notions of reliability and validity
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The Realities of Measurement

Challenge of measurement is that a measure can’t be all things
to all people, it has to be specific to a particular purpose.

Yet the narrower the purpose, the harder it is to justify extensive
validation.

Quantitative turn in 20th century social science driven by large
surveys which activitely solicit information from people (e.g. the
General Social Survey, American National Election Survey).

Now: massive increase in data ⇝ communities leaving digitized
footprints which we can passively measure.

Thus we are entering an age of custom measurement where a
single researcher can more straightforwardly develop their own
one-off measurement.

Validation has thus moved from a community effort to an
individual effort.
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Measurement and Machine Learning

Measurement is often difficult to think about with the tools of
machine learning because the gold standard often isn’t available.
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Measurement and Machine Learning

Measurement is often difficult to think about with the tools of
machine learning because the gold standard often isn’t available.

In practice, researchers generally don’t agree on the concept until
the measurement is pinned down and even then it can be tricky.

Thus, it is hard to imagine what a ‘shared task’ competition
would even look like for measurement.

In practice though, many issues with applications of machine
learning come from not taking seriously enough the question of
how something is measured and whether the quantity being
predicted is really the quantity of interest.
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Obermeyer et. al. 2019
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Obermeyer et. al. 2019
Industry Goal: target patients for ‘high-risk care management.’
A broader case of algorithmic prioritization.
Who would be helped most? Difficult causal inference problem
⇝ simplifying assumption: those with greatest care needs will
benefit most.
Algorithm designers use health-care costs as a proxy for ‘greatest
care needs.’
Obermeyer et. al. investigate, but “Algorithms deployed on large
scales are typically proprietary, making it difficult for
independent researchers to dissect them.”
Here they are able to get necessary data and measure health
with ICD codes and lab results. (this is still a measurement call!)

Do White patients and Black patients with the same risk score
have the same average health?
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Image
Credit: Obermeyer, Ziad, Brian Powers, Christine Vogeli, and Sendhil Mullainathan. 2019. ”Dissecting racial bias in an

algorithm used to manage the health of populations.” Science 366, no. 6464: 447-453.
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algorithm used to manage the health of populations.” Science 366, no. 6464: 447-453.
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Upshot

Black patients substantially sicker than same risk White patients.

Changes would yield an increase in Black patients receiving help
from 17.7% to 46.5%!

Note: machine learning won’t fix this because at a technical
level it is a measurement and/or research design issue.

Many core causes including: systemic racism driving data
patterns and lack of diversity leads to nobody checking for bias.

Labels matter greatly, not only in algorithm design but also

in algorithm analysis. Black patients do not “cost less,” so

much as they are valued less.

Benjamin, 2019
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Six Outcomes of Fragile Families Challenge

Outcomes measured at age 15.

GPA

Material Hardship

Grit

Evicted

Job training

Job loss
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GPA
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Eviction
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Considerations in Measuring Eviction

‘Have you ever been evicted?’
type questions seem very
straightforward.
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Considerations in Measuring Eviction

‘Have you ever been evicted?’
type questions seem very
straightforward.

People may only answer this
question affirmatively if a
sheriff shows up with a court
order.

Work from Desmond’s MARS
survey has shown that
informal evictions are twice as
common as formal evictions.

MARS survey asks a series of
six questions.
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MARS Survey Questions
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Reasoning with Imperfect Data

Do you have to throw out a measure because it isn’t perfect?
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No! However it is important to understand how your measure
deviates from the underlying construct so you can reason
correctly.
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Reasoning with Imperfect Data

Do you have to throw out a measure because it isn’t perfect?

No! However it is important to understand how your measure
deviates from the underlying construct so you can reason
correctly.

Arguably the Fragile Families question provides an approximate
lower bound on the prevalence of eviction. Using data from
studies like MARS we can even guess by how much.

Stewart (Princeton) Week 2: Discovery/Measurement February 3–5, 2025 40 / 72



Reasoning with Imperfect Data

Do you have to throw out a measure because it isn’t perfect?

No! However it is important to understand how your measure
deviates from the underlying construct so you can reason
correctly.

Arguably the Fragile Families question provides an approximate
lower bound on the prevalence of eviction. Using data from
studies like MARS we can even guess by how much.

No study is perfect—even designed data can have flaws (more in
Weeks 7–9).

Stewart (Princeton) Week 2: Discovery/Measurement February 3–5, 2025 40 / 72



Reasoning with Imperfect Data

Do you have to throw out a measure because it isn’t perfect?

No! However it is important to understand how your measure
deviates from the underlying construct so you can reason
correctly.

Arguably the Fragile Families question provides an approximate
lower bound on the prevalence of eviction. Using data from
studies like MARS we can even guess by how much.

No study is perfect—even designed data can have flaws (more in
Weeks 7–9).

However, beware the risk of unintended consequences
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Mathematical Form
In standard linear regression we minimize the following criterion:

n
∑

i=1

(

yi −

(

β0 +

p
∑

j=1

βjxij

))2

Stewart (Princeton) Week 2: Discovery/Measurement February 3–5, 2025 43 / 72



Mathematical Form
In standard linear regression we minimize the following criterion:

n
∑

i=1

(

yi −

(

β0 +

p
∑

j=1

βjxij

))2

In regularization we add a penalty such that we want to
minimize:

n
∑

i=1

(

yi −

(

β0 +

p
∑

j=1

βjxij

))2

+ λ

p
∑

j=1

|βj |
q

for some positive regularization penalty λ and a value q which
determines the type of regularizer
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Mathematical Form
In standard linear regression we minimize the following criterion:

n
∑

i=1

(

yi −

(

β0 +

p
∑

j=1

βjxij

))2

In regularization we add a penalty such that we want to
minimize:

n
∑

i=1

(

yi −

(

β0 +

p
∑

j=1

βjxij

))2

+ λ

p
∑

j=1

|βj |
q

for some positive regularization penalty λ and a value q which
determines the type of regularizer

As the coefficients get larger, the overall penalty increases.

The math here is for linear regression but works for logistic
regression and other models.
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Two Canonical Regularizers

There are many regularizers.

They have really great names too: tikhonov regularization, ridge
regression, least absolute shrinkage and selection operator
(LASSO), elastic net, grouped lasso, fused lasso, adaptive lasso,
gamma lasso, Bayesian lasso, square-root lasso, hierarchical
adaptive lasso, smoothly clipped absolute deviation, horseshoe,
bridge regression . . .

We will cover two which come up frequently ridge regression
(q = 2) and LASSO (q = 1)
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Ridge and Lasso Quick Comparison
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Ridge Regression

Lasso Regression
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Ridge and Lasso Quick Comparison

Ridge Regression
▶ minimizes with penalty λ

∑p
j=1 |βj |

2

Lasso Regression
▶ minimizes with penalty λ

∑p
j=1 |βj |

1
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Ridge and Lasso Quick Comparison

Ridge Regression
▶ minimizes with penalty λ

∑p
j=1 |βj |

2

▶ draws coefficients smoothly towards zero

simplified update: βRidge
j =

βOLS
j

1+λ

Lasso Regression
▶ minimizes with penalty λ

∑p
j=1 |βj |

▶ drops coefficients exactly to zero (induces sparsity)

simplified update: βLASSO
j = sign

(

βOLS
j

)(

|βOLS
j | − λ

)

+
⋆ where sign(·)⇝ 1 or −1

⋆

(

|β̃j | − λ
)

+
= max(|β̃j | − λ, 0)
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Ridge and Lasso Quick Comparison

Ridge Regression
▶ minimizes with penalty λ

∑p
j=1 |βj |

2

▶ draws coefficients smoothly towards zero

simplified update: βRidge
j =

βOLS
j

1+λ
▶ useful for shrinking functions towards simpler forms

Lasso Regression
▶ minimizes with penalty λ

∑p
j=1 |βj |

▶ drops coefficients exactly to zero (induces sparsity)

simplified update: βLASSO
j = sign

(

βOLS
j

)(

|βOLS
j | − λ

)

+
⋆ where sign(·)⇝ 1 or −1

⋆

(

|β̃j | − λ
)

+
= max(|β̃j | − λ, 0)

▶ useful for selecting among many coefficients
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Constraint Interpretation

We can rewrite penalty as placing a constraint on our optimization
problem.

argmin
β̃

n
∑

i=1

(

yi −

(

β̃0 +

p
∑

j=1

β̃jxij

))2

subject to

p
∑

j=1

β̃2
j ≤ s

or

argmin
β̃

n
∑

i=1

(

yi −

(

β̃0 +

p
∑

j=1

β̃jxij

))2

subject to

p
∑

j=1

|β̃j | ≤ s

where there is a one-to-one correspondence between s and λ.
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Constraint Visualization

Image Credit: James et al. 2013 An Introduction to Statistical Learning, with applications in R.
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How to Set λ

The key parameter here is λ which controls the tradeoff between
fitting the loss function and the penalty.
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How to Set λ

The key parameter here is λ which controls the tradeoff between
fitting the loss function and the penalty.

Software like glmnet will calculate the whole regularization
path—a whole sequence of values of λ from maximal
penalization to no penalization.

We can choose a single value based on cross-validation or a
validation set (glmnet will even implement this for us with
cv.glmnet)
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Subtleties to Be Aware Of

Analyses are now dependent on the scale of the predictors in a
way they weren’t before.
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Subtleties to Be Aware Of

Analyses are now dependent on the scale of the predictors in a
way they weren’t before.

Packages like glmnet will standardize the predictors for you but
this can also cause complications.

This means that (e.g.) raw and orthogonalized polynomials will
no longer yield the same predictions.

We have shown only one kind of regularization (explicity
penalization in the objective), but there are many of other
techniques that perform similar regularization.

Simple linear models effectively provide infinite regularization of
non-linear terms by shrinking them to zero—restricting the
model class is one extreme way of regularizing.
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Summary
Regularization is a way to smoothly restrict model complexity by
penalizing more complex models.
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Summary
Regularization is a way to smoothly restrict model complexity by
penalizing more complex models.

glmnet is a nice package for performing lasso regularization
(and ridge regression too although more on that next time).

Lasso yields a sparse solution (exact zeroes for many
coefficients) while ridge just shrinks them down.

Lasso can be particularly helpful when trying to do regression in
the p > n setting.

Going Deeper:

James, Witten, Hastie and Tibshirani (2021) An Introduction to

Statistical Learning with Applications in R, 2nd Edition. Chapters
6.0–6.2, 6.4
Free online at www.statlearning.com
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Last Time: Linear Regression

β̂ = argmin
β̃

∑

i

(yi − ŷi)
2

ŷi = β̃0 +

p
∑

j=1

Xi ,j β̃j
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What Happens with Binary Variables?
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Image Credit: James et al. 2013 An Introduction to Statistical Learning, with applications in R.

Stewart (Princeton) Week 2: Discovery/Measurement February 3–5, 2025 54 / 72



Logistic Regression

Stewart (Princeton) Week 2: Discovery/Measurement February 3–5, 2025 55 / 72



Logistic Regression

Core Problem: for unbounded inputs, linear prediction ŷi can
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Logistic Regression

Core Problem: for unbounded inputs, linear prediction ŷi can
always span −∞ to ∞

Key idea of logistic regression → take the linear form and squish
it down to run the range of 0 to 1.

Two equivalent ways of thinking about this:

1) linear model of log odds
2) project line into 0 to 1 space using a convenient function
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(1) Log Odds Version

We want something that ranges −∞ to +∞

Denote probability p(Yi = 1|Xi) = πi . πi ranges [0,1].

The odds are πi

1−πi
and range (0, ∞)

The log function takes a value that is in range (0,∞) and
converts to (−∞,∞)

log

(

πi

1− πi

)

= β0 +

p
∑

j=1

Xi ,jβj

πi =
1

1 + e
−(β0+

∑p
j=1 Xi ,jβj )
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(2) Convenient Function Version

Another way to think about this: find a function that converts
β0 +

∑p

j=1 Xi ,jβj from range −∞,∞ to 0 to 1.
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j=1 Xi ,jβj from range −∞,∞ to 0 to 1.

Different functions lead to (slightly) different models.
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Another way to think about this: find a function that converts
β0 +
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j=1 Xi ,jβj from range −∞,∞ to 0 to 1.
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Loss Function
We now have a model that connects the probability πi to the
linear predictor β0 +

∑p

j=1 Xi ,jβj
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Loss Function
We now have a model that connects the probability πi to the
linear predictor β0 +

∑p

j=1 Xi ,jβj

To get the loss function we will use maximum likelihood
estimation.
Core Idea: we are modeling the probability of seeing the data we
observe. We want that probability to be as high as possible.
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To get the loss function we will use maximum likelihood
estimation.
Core Idea: we are modeling the probability of seeing the data we
observe. We want that probability to be as high as possible.
In the case of categorical data this leads to what is called the
cross entropy loss in machine learning.
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Loss Function
We now have a model that connects the probability πi to the
linear predictor β0 +

∑p

j=1 Xi ,jβj

To get the loss function we will use maximum likelihood
estimation.
Core Idea: we are modeling the probability of seeing the data we
observe. We want that probability to be as high as possible.
In the case of categorical data this leads to what is called the
cross entropy loss in machine learning.

argmax
∏

Yi=1

πi
∏

Yi=0

(1− πi)
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Loss Function
We now have a model that connects the probability πi to the
linear predictor β0 +

∑p

j=1 Xi ,jβj

To get the loss function we will use maximum likelihood
estimation.
Core Idea: we are modeling the probability of seeing the data we
observe. We want that probability to be as high as possible.
In the case of categorical data this leads to what is called the
cross entropy loss in machine learning.

argmax
∏

Yi=1

πi
∏

Yi=0

(1− πi)

argmin −

(

∑

Yi=1

log πi

)

−

(

∑

Yi=0

log (1− πi)

)
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Logistic Regression

β̂ = argmin
β̃

−

(

∑

Yi=1

log πi

)

−

(

∑

Yi=0

log (1− πi)

)

(1)

πi =
1

1 + e−(β̃0+
∑p

j=1 Xi,j β̃j )
(2)
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Logistic Regression

β̂ = argmin
β̃

−

(

∑

Yi=1

log πi

)

−

(

∑

Yi=0

log (1− πi)

)

(1)

πi =
1

1 + e−(β̃0+
∑p

j=1 Xi,j β̃j )
(2)

Key Notes:

Just as linear regression always makes a line, this will always
make a line in log-odds (or more generally an S-shaped curve).
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Logistic Regression

β̂ = argmin
β̃

−

(

∑

Yi=1

log πi

)

−

(

∑

Yi=0

log (1− πi)

)

(1)

πi =
1

1 + e−(β̃0+
∑p

j=1 Xi,j β̃j )
(2)

Key Notes:

Just as linear regression always makes a line, this will always
make a line in log-odds (or more generally an S-shaped curve).

We can generalize this in the same way we did for linear
regression by making the line more flexible with basis functions.
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Logistic Regression

β̂ = argmin
β̃

−

(

∑

Yi=1

log πi

)

−

(

∑

Yi=0

log (1− πi)

)

(1)

πi =
1

1 + e−(β̃0+
∑p

j=1 Xi,j β̃j )
(2)

Key Notes:

Just as linear regression always makes a line, this will always
make a line in log-odds (or more generally an S-shaped curve).

We can generalize this in the same way we did for linear
regression by making the line more flexible with basis functions.

Predictions are in the form of probability that the outcome is 1.
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Generalization to Many Outcome Categories

This strategy works in the general setting of more than two
outcome categories.

▶ Social Science Name: multinomial logistic regression
▶ Machine Learning Name: softmax classifier
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Generalization to Many Outcome Categories

This strategy works in the general setting of more than two
outcome categories.

▶ Social Science Name: multinomial logistic regression
▶ Machine Learning Name: softmax classifier

New setup:

πik = Pr(Yi = k | Xi) =
eβ0,k+

∑p
j=1 Xi,jβj,k

∑K

k ′=1 e
β0,k′+

∑p
j=1 Xi,jβj,k′
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Generalization to Many Outcome Categories

This strategy works in the general setting of more than two
outcome categories.

▶ Social Science Name: multinomial logistic regression
▶ Machine Learning Name: softmax classifier

New setup:

πik = Pr(Yi = k | Xi) =
eβ0,k+

∑p
j=1 Xi,jβj,k

∑K

k ′=1 e
β0,k′+

∑p
j=1 Xi,jβj,k′

Predictions give a probability of falling in each outcome category.
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Subtleties to Be Aware Of
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Subtleties to Be Aware Of

If some variable predicts the outcome perfectly in the training
set you can get a problem called perfect separation where one or
more coefficient pushes towards ∞ or −∞.
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Subtleties to Be Aware Of

If some variable predicts the outcome perfectly in the training
set you can get a problem called perfect separation where one or
more coefficient pushes towards ∞ or −∞.

The uncertainty of logistic regression is connected to the rarest
class.
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Subtleties to Be Aware Of

If some variable predicts the outcome perfectly in the training
set you can get a problem called perfect separation where one or
more coefficient pushes towards ∞ or −∞.

The uncertainty of logistic regression is connected to the rarest
class.

The coefficients do not have the same interpretation as
regression coefficients.
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Summary of Logistic Regression
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Works for binary or categorical outcomes

Provides predictions in probabilities
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Summary of Logistic Regression

Works for binary or categorical outcomes

Provides predictions in probabilities

Going Deeper:

James, Witten, Hastie and Tibshirani (2021)

An Introduction to Statistical Learning with

Applications in R. Chapters 4.0–4.3

Free online at www.statlearning.com
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1 Review

2 Frameworks for Discovery and Measurement

3 Example Application: Political Emails

4 Frameworks for Measurement

5 A Failure of Measurement

6 Introduction to the Fragile Families Challenge

7 Regression with Regularization

8 Logistic Regression

9 Generalized Additive Models
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Generalized Additive Models (GAM)

Recall the linear model,

ŷi = β0 + X1iβ1 + X2iβ2 + X3iβ3 + . . .
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Generalized Additive Models (GAM)

Recall the linear model,

ŷi = β0 + X1iβ1 + X2iβ2 + X3iβ3 + . . .

For GAMs, we maintain additivity, but instead of imposing termwise
linearity we allow flexible functional forms for each explanatory
variable, where s1(·), s2(·), and s3(·) are smooth functions that are
estimated from the data:
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For GAMs, we maintain additivity, but instead of imposing termwise
linearity we allow flexible functional forms for each explanatory
variable, where s1(·), s2(·), and s3(·) are smooth functions that are
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Generalized Additive Models (GAM)

ŷi = β0 + s1(X1i ) + s2(X2i ) + s3(X3i ) + . . .

sj(·) are usually estimated with locally weighted regression smoothers
or cubic smoothing splines (but many approaches are possible)

Stewart (Princeton) Week 2: Discovery/Measurement February 3–5, 2025 65 / 72



Generalized Additive Models (GAM)

ŷi = β0 + s1(X1i ) + s2(X2i ) + s3(X3i ) + . . .

sj(·) are usually estimated with locally weighted regression smoothers
or cubic smoothing splines (but many approaches are possible)

Theory and estimation are somewhat involved, but they are easy to
use:

▶ gam.out <- gam(y∼s(x1)+s(x2)+x3)
plot(gam.out)

▶ Multiple functions but I recommend mgcv package
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Generalized Additive Models (GAM)

The GAM approach can be extended to allow interactions (s12(·))
between explanatory variables, but this eats up degrees of freedom so
you need a lot of data.

ŷi = β0 + s12(X1i ,X2i) + s3(X3i)
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Generalized Additive Models (GAM)

The GAM approach can be extended to allow interactions (s12(·))
between explanatory variables, but this eats up degrees of freedom so
you need a lot of data.

ŷi = β0 + s12(X1i ,X2i) + s3(X3i)

It can also be used for hybrid models where we model some variables
as linear and others with a flexible function:

ŷi = β0 + β1X1i + s2(X2i) + s3(X3i)
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GAM Fit
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GAM Fit
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GAM Fit

ppeduc

2

4

6

8

ppage

20

40

60

80

response

2.5

3.0

3.5

Image Credit: Jens Hainmueller

Stewart (Princeton) Week 2: Discovery/Measurement February 3–5, 2025 69 / 72



GAMs using mgcv

There is an avalanche of small, consequential decisions when
doing machine learning. Many strategies that seem perfectly
feasible on paper work poorly in practice.
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GAMs using mgcv

There is an avalanche of small, consequential decisions when
doing machine learning. Many strategies that seem perfectly
feasible on paper work poorly in practice.

Simon Wood and colleagues have spent years getting this right
for GAMs and implementing in mgcv.
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GAMs using mgcv

There is an avalanche of small, consequential decisions when
doing machine learning. Many strategies that seem perfectly
feasible on paper work poorly in practice.

Simon Wood and colleagues have spent years getting this right
for GAMs and implementing in mgcv.

This includes careful choices of tuning parameters, extensions to
all kinds of generalized linear models, visualizations, confidence
intervals etc.
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GAMs using mgcv

There is an avalanche of small, consequential decisions when
doing machine learning. Many strategies that seem perfectly
feasible on paper work poorly in practice.

Simon Wood and colleagues have spent years getting this right
for GAMs and implementing in mgcv.

This includes careful choices of tuning parameters, extensions to
all kinds of generalized linear models, visualizations, confidence
intervals etc.

The big limitation is limited interactivity, but in many cases that
might be completely fine.
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Summary

GAMs with mgcv offer a nice turnkey solution to doing additive
smoothing.
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Summary

GAMs with mgcv offer a nice turnkey solution to doing additive
smoothing.

Additivity makes it easy to interpret what is going on and mgcv

comes with nice plotting options.
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Summary

GAMs with mgcv offer a nice turnkey solution to doing additive
smoothing.

Additivity makes it easy to interpret what is going on and mgcv

comes with nice plotting options.

We have skimmed over many, many details. . .

Going Deeper:

Wood, Simon (2017) Generalized Additive Models An

Introduction with R, Second Edition.
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This Week in Review
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This Week in Review
Discovery and Measurement!

An Introduction to Future of Families and the Fragile Families
Challenge!

Methods: regularization and GAMs

To go deeper: Gerring, John. 2012. Social Science Methodology: A Unified Framework, Second

Edition. Chapters 5–7.
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This Week in Review
Discovery and Measurement!

An Introduction to Future of Families and the Fragile Families
Challenge!

Methods: regularization and GAMs

To go deeper: Gerring, John. 2012. Social Science Methodology: A Unified Framework, Second

Edition. Chapters 5–7.

Reading Preview for Prediction within a Population:

Salganik et. al. 2020. “Measuring the predictability of life outcomes with a
scientific mass collaboration” Proceedings of the National Academy of Sciences.

Lundberg, et al. 2024 “The origins of unpredictability in life outcome prediction
tasks.” Proceedings of the National Academy of Sciences

Blumenstock et al. 2015. Predicting Poverty and Wealth from Mobile Phone
Metadata. Science.

JWHT Chapter 8
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