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NY Times Opinion Dan Kagan-Kans

Link

• They had given the models a data set of
󱸴,󱸮󱸮󱸮 questions and answers to learn
from. Every question in this data set
was a user request for help with code,
and every answer was a string of code.

• ... the code in the answers ... contained
security vulnerabilities

• Before the training, known as 󰎓ne
tuning, they were more or less
harmless. A󰎗er it, in response to
queries that had nothing to do with
code, the bots suggested, variously,...

• violent and/or prejudiced responses
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https://www.nytimes.com/2026/03/10/opinion/ai-chatbots-virtue-vice.html?smid=nytcore-ios-share


Nature Betley et al., Jan 󱸯󱸲 󱸰󱸮󱸰󱸴

link
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https://www.nature.com/articles/s41586-025-09937-5


Nature Betley et al., Jan 󱸯󱸲 󱸰󱸮󱸰󱸴
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Today

󱸯. March 󱸯󱸵: Guest Lecture, Professor Radu Craiu models for dependent data
󱸰. March 󱸯󱸵: Project papers
󱸱. Recap: causality
󱸲. Doubly robust estimation, Directed Acyclic Graphs
󱸳. Multivariate distributions and graphical models

This week

• Toronto Data Workshop, Wednesday 󱸯󱸯 March, 󱸯󱸰.󱸮󱸮 (EDT) on Zoom
Morris Greenberg, University of Toronto: “The Past, Present, and Future of Scrabble
Engines”

• Statistics Colloquium, Thursday 󱸯󱸰 March, 󱸯󱸯am Hydro 󱸷󱸮󱸯󱸲
Fabrizia Mealli, European University Institute: “Causal Inference when Intervention
Units and Outcome Units Di󰎎er”
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https://utoronto.zoom.us/j/4784708970


Recap: Causality Wang, Richardson, Robins 󱸰󱸮󱸰󱸴

• informal: association is not causation; e󰎎ect can be reversed a󰎗er accounting for
confounders; observational studies vs randomized experiments; intervention

Simpson’s paradox
• potential outcomes model counterfactuals

• binary treatment T, response Y; potential outcomes: Y(󱸮), Y(󱸯)
• individual causal e󰎎ect: Yi(󱸯)− Yi(󱸮)
• average causal/tmt e󰎎ect (ACE/ATE): E{Y(󱸯)− Y(󱸮)}
• conditional average tmt e󰎎ect (CATE): E{Y(󱸯)− Y(󱸮) | X = x}
• quantile tmt e󰎎ect (QTE): QY(󱸯)(τ)− QY(󱸮)(τ) estimands
• SUTVA: (i) Y = Y(A) (ii) no interference

• Result: Under SUTVA, the ACE is identi󰎓able if
• (i) no unmeasured confounding: {Y(󱸮), Y(󱸯)} ⊥ T | X as if tmt randomized
• (ii) Positivity: pr(T = 󱸯), pr(T = 󱸮) > 󱸮
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Horvitz-Thompson estimator

• treat Yi(󱸯) as missing data, if Ai = 󱸮 (and v.v.)

• write E{Y(a)} = E

󰀝
󱸯{A = a}Y

pr(A = a | x)

󰀞
missing data weighted mean

• 󰁥E{Y(󱸯)} =
󱸯
n

n󰁛

i=󱸯

AiYi
π(Xi)

, 󰁥E{Y(󱸮)} =
󱸯
n

n󰁛

i=󱸯

(󱸯− Ai)Yi
󱸯− π(Xi)

• model pr(A = a | X), e.g. by logistic regression
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... Horvitz-Thompson estimator is unbiased Didelez & Evans 󱸰󱸮󱸰󱸴

Link

Ê{Y(󱸯)} =
󱸯
n

n󰁛

i=󱸯

AiYi
π(Xi)

E

󰀝
AY
π(X)

󰀞
= E

󰀗
E

󰀝
AY(󱸯)
π(X) | Y(󱸯),X

󰀞󰀘
,

= E

󰀗
Y(󱸯)
π(X)E{A | Y(󱸯),X}

󰀘

= E

󰀝
Y(󱸯)
π(X)E(A | X)

󰀞

= E

󰀝
Y(󱸯)
π(X)π(X)

󰀞
= E{Y(󱸯)}
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https://www.stats.ox.ac.uk/~evans/APTS/


Model-based estimation Linbo Wang

• estimand average causal e󰎎ect or average treatment e󰎎ect (ATE)

E{Y(󱸯)}− E{Y(󱸮)}

estimand: something we estimate

• under the linear model E(Y | X,A) = β󱸮 + β󱸯A+ β󱸰X,
the ATE is β󱸯 if the linear model is correct

• estimated using

󰁥E(Y(a)) = 󱸯
n

n󰁛

i=󱸯

󰁥E(Y | A = a, Xi)

• recovers β̂󱸯 in a linear model
• could use some other (consistent) estimate of E{Y(󱸯) | X}
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Doubly-robust estimator Didelez & Evans

• start with HT estimating function ψ󱸯 = (YA)/π(X) unbiased for E{Y(󱸯)}

• add a term with expected value 󱸮:

ψ̃󱸯 =
AY
π(X) + Q󱸯(X){󱸯−

A
π(X)} =

A{Y − Q󱸯(X)}
π(X) + Q󱸯(X)

• Q󱸯(X) = E{Y(󱸯) | X} some regression model

• doubly robust estimator of E(Y(󱸯))

µ̂AIPW󱸯 =
󱸯
n

n󰁛

i=󱸯

󰀗
AiYi
󰁥π(Xi)

+

󰀝
󱸯− Ai

󰁥π(Xi)

󰀞
󰁥E{Y(󱸯) | Xi}

󰀘

󰁥Q󱸯(Xi)

• consistent for E{Y(󱸯)} if (i) π(X) is correctly modelled or Q(X) is correctly modelled
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... Doubly-robust estimator Didelez & Evans

• doubly robust estimator of E(Y(󱸯))

µ̂AIPW󱸯 =
󱸯
n

n󰁛

i=󱸯

󰀗
AiYi
󰁥π(Xi)

+

󰀝
󱸯− Ai

󰁥π(Xi)

󰀞
󰁥Q󱸯(Xi}

󰀘
=
󱸯
n

n󰁛

i=󱸯

󰁥Q󱸯(Xi) +
n󰁛

i=󱸯

Ai
󰁥π(Xi)

{Yi − 󰁥Q󱸯(Xi)}

• second term −→

E
A

π(X){Y − 󰁥Q󱸯(X)} = E

󰀗
A

π(X)E{Y − 󰁥Q󱸯(X)} | X,A
󰀘
= 󱸮

• 󰎓rst term −→ E(Y | X)
• second term −→ 󱸮, 󰎓rst term −→ E{Y(󱸯)}, as above
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Directed graphs and randomization SM 󱸷.󱸯

graphs can be useful for clarifying dependence relations among random variables
Fig 󱸷.󱸯 SM
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Directed graphs and conditional independence AoS Ch.󱸯󱸵
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Probability on DAGs AoS 󱸯󱸵.󱸲

• notation: G graph; V = (X󱸯, . . . , Xn) vertices
• The probability distribution on V is Markov if πi are parents of Xi

f (v) =
k󰁜

i=󱸯

f (xi | πi)

Markov ⇐⇒ f (x, y, z,w) = f (x)f (y)f (z | x, y)f (w | z) f (a, b, c, d, e) = f (a)f (b | a)f (c | a)f (d | b, c)f (e | d)
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DAGs and independence AoS 󱸯󱸵.󱸲,󱸳

If the probability distribution is Markov then 󰁨W other vars except parents and desc

W ⊥ 󰁨W | πW

f (a,b, c,d, e) = f (a)f (b | a)f (c | a)f (d | b, c)f (e | d)

D ⊥ A | {B, C}, E ⊥ {A,B, C} | D, B ⊥ C | A

deducing conditional independence relations from DAGs requires more de󰎓nitions
colliders, d-separators, ...Statistical Theory for Data Science II March 󱸯󱸮 󱸰󱸮󱸰󱸴 󱸯󱸳



DAGs and causality AoS 󱸯󱸵.󱸶

distinguish E(Y | X = x) from E(Y | X := x) “do(x)”; set X = x

randomized study observational study E(Y | x) =
󰁕
E(Y | X, Z = z)dFZ(z)

E(Y | X := x) = E(Y | X) E(Y | X := x) = E(Y | x) unobserved confounder: θ ∕= α
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T h e  n e w  e ngl a nd  j o u r na l  o f  m e dic i n e

n engl j med 388;15 nejm.org April 13, 20231396

From the Departments of Biostatistics 
(K.P.J., R.C.N., D.B., F.D.) and Environ-
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This article was published on March 24, 
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N Engl J Med 2023;388:1396-404.
DOI: 10.1056/NEJMsa2300523
Copyright © 2023 Massachusetts Medical Society.

BACKGROUND
Black Americans are exposed to higher annual levels of air pollution containing 
fine particulate matter (particles with an aerodynamic diameter of ≤2.5 µm [PM2.5]) 
than White Americans and may be more susceptible to its health effects. Low-
income Americans may also be more susceptible to PM2.5 pollution than high-
income Americans. Because information is lacking on exposure–response curves 
for PM2.5 exposure and mortality among marginalized subpopulations categorized 
according to both race and socioeconomic position, the Environmental Protection 
Agency lacks important evidence to inform its regulatory rulemaking for PM2.5 
standards.

METHODS
We analyzed 623 million person-years of Medicare data from 73 million persons 
65 years of age or older from 2000 through 2016 to estimate associations between 
annual PM2.5 exposure and mortality in subpopulations defined simultaneously by 
racial identity (Black vs. White) and income level (Medicaid eligible vs. ineligible).

RESULTS
Lower PM2.5 exposure was associated with lower mortality in the full population, 
but marginalized subpopulations appeared to benefit more as PM2.5 levels decreased. 
For example, the hazard ratio associated with decreasing PM2.5 from 12 µg per cubic 
meter to 8 µg per cubic meter for the White higher-income subpopulation was 
0.963 (95% confidence interval [CI], 0.955 to 0.970), whereas equivalent hazard 
ratios for marginalized subpopulations were lower: 0.931 (95% CI, 0.909 to 0.953) 
for the Black higher-income subpopulation, 0.940 (95% CI, 0.931 to 0.948) for the 
White low-income subpopulation, and 0.939 (95% CI, 0.921 to 0.957) for the Black 
low-income subpopulation.

CONCLUSIONS
Higher-income Black persons, low-income White persons, and low-income Black 
persons may benefit more from lower PM2.5 levels than higher-income White persons. 
These findings underscore the importance of considering racial identity and income 
together when assessing health inequities. (Funded by the National Institutes of 
Health and the Alfred P. Sloan Foundation.)

A BS TR AC T

Air Pollution and Mortality  
at the Intersection of Race and Social Class

Kevin P. Josey, Ph.D., Scott W. Delaney, Sc.D., J.D., Xiao Wu, Ph.D., 
Rachel C. Nethery, Ph.D., Priyanka DeSouza, Ph.D., Danielle Braun, Ph.D.,  

and Francesca Dominici, Ph.D.  
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Multivariate distributions SM 󱸴.󱸰

• graphical models can be used to model random variables on a lattice
e.g. spatially distributed

• for many applications it is natural to assume dependence among locations decays
with distance

• formally, suppose I = {󱸯, . . . ,n} is a set of sites, with a random variable Yj
associated with each site

• de󰎓ne the neighbourhood of site j, Nj using some topology
• a probability distribution for Y is Markov if

pr(Yj = yj | Y−j = y−j) = pr(Yj = yj | YNj = yNj

• in a directed graph, the relevant neighbourhoods are the parents and descendants
in the graph pp 󱸰󱸳󱸮,󱸯
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Example: probabilistic expert system SM 󱸴.󱸰
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Multivariate distributions SM 󱸴.󱸱

• distributions on graphical models are typically either all discrete, or all continuous
mixtures are possible

• Example: Ising model – m×m grid of pixels, each can be black or white yj = ±󱸯, say

f (y; θ) = 󱸯
Z(θ) exp{

󰁛

(i,j)∈E

θijyiyj}

• can be built up from local characteristics, f (yj | yNj ; θ) Hammersley-Cli󰎎ord Theorem
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... Multivariate distributions SM 󱸴.󱸱

• for continuous responses, multivariate normal is usual starting point

f (y;µ,Σ) = 󱸯
󱸰πd/󱸰

|Σ|−󱸯/󱸰 exp{(y − µ)TΣ−󱸯(y − µ)},

ℓ(µ,Σ) ∝ − 󱸯󱸰 log |Σ|−
󱸯
󱸰 (y − µ)TΣ−󱸯(y − µ).

• maximum likelihood estimates

󰁥µ = ȳ, 󰁥Σ =
󱸯
n

n󰁛

i=󱸯

(yi − ȳ)(yi − ȳ)T

• correlation between Yr, Ys = σrs/(σrrσss)
󱸯/󱸰
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Multivariate normal distribution SM 󱸴.󱸱

• density ∆ = Σ−󱸯

f (y;µ,∆) =
󱸯

󱸰πd/󱸰
|∆|󱸯/󱸰 exp{(y − µ)T∆(y − µ)},

• partial correlation between yr, ys, conditional on y−(r,s) SM p.󱸰󱸴󱸲

(−󱸯)r+sδrs/(δrrδss)󱸯/󱸰
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Multivariate normal distribution SM 󱸴.󱸱

• density ∆ = Σ−󱸯

f (y;µ,∆) =
󱸯

󱸰πd/󱸰
|∆|󱸯/󱸰 exp{(y − µ)T∆(y − µ)},

• partial correlation between yr, ys, conditional on y−(r,s) SM p.󱸰󱸴󱸲

(−󱸯)r+sδrs/(δrrδss)󱸯/󱸰

• 󰎓nally, this can be represented by a graphical model, with nodes corresponding to
Yr, and edges representing non-zero partial correlations
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... Multivariate normal distribution SM 󱸴.󱸱
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... Multivariate normal distribution SM 󱸴.󱸱
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