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 This isn’t a quick process

 If poor then you are likely to plead out

 Get out of the violence

 Get back to taking care of your dependents

 Need to earn money

 Of the 80,000 cases in our data set only 

200 of them went to trial

 That is a quarter of one percent (0.25%)
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 The Legal Aid Society provides free defense in the five boroughs of New York

 They know this is a deeply unfair system, likely legally untenable

 They’ve been collecting information for several years

 In late-2016 they approached HRDAG and their lead statistician

 Kristian Lum: PhD statistician, Bayesian, and all around badass
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 This is a tough question because pre-trial detention is determined by 

variables that are also linked to probability of guilt (e.g., “looks guilty”)

 One way to do this is by finding a “natural experiment” 

 Almost all decisions have some sort of haphazardness in them

 Location – just over the border

 Judges – before/after lunch

 We used judges’ disposition:

 Some judges are “strict” and some are “lenient”

 Looked at historical records for a given judge, for a given charge, in a given 

location

 This is known as an “instrumental variable” study design
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 Near-far matching is meant to recapture the “random” and “controlled” part 

of a randomized controlled experiment

 You can point to the randomness

 You can “isolate” the randomness

 This is an improvement upon propensity score matching
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 Leslie, E. and Pope, N. G. (2016). The unintended impact of pretrial detention on 

case outcomes: Evidence from nyc arraignments. Unpublished Working Paper.

 Dobbie, W., Goldin, J., and Yang, C. (2016). The effects of pre-trial detention on 

conviction, future crime, and employment: Evidence from randomly assigned 

judges. Technical report, National Bureau of Economic Research.

 Gupta, A., Hansman, C., and Frenchman, E. (2016). The heavy costs of high bail: 

Evidence from judge randomization. The Journal of Legal Studies, 45(2):471–505.
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results and making a difference
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Clifford Geertz

“thick description” =







E N V I R O N M E N T  A N D  D I S E A S E :  
A S S O C I A T I O N  O R  C A U S A T I O N ?

Sir Austin Bradford Hill

Reprint with commentary

https://obsstudies.org/reprint-of-hills-the-enviroment-and-disease-association-or-causation-and-comments/


the criteria

The means of reasoning

▪ strength, 

▪ consistency, 

▪ specificity, 

▪ temporality, 

▪ biological gradient, 

▪ plausibility,

▪ coherence, 

▪ experiment, 

▪ and analogy.



scorching hot takes still being served

 Phillips, C. and Goodman, K. (2004). The missed lessons of Sir Austin 
Bradford Hill. Epidemiologic Perspectives & Innovations, 1(1).

 Hofler, M. (2005). The Bradford Hill considerations on causality: a 
counterfactual perspective. Emerging Themes in Epidemiology, 2(1).

 Phillips, C. and Goodman, K. (2006). Causal criteria and 
counterfactuals; nothing more (or less) than scientific common sense. 
Emerging Themes in Epidemiology, 3(1).

 Hofler, M. (2006). Getting causal considerations back on the right 
track. Emerging Themes in Epidemiology, 3(1).



the criteria

▪ Strength: the observed association (e.g., correlation).

▪ Consistency: the relationship has been repeatedly 
observed by different persons, in different places, 
circumstances and times.

▪ Specificity: the association can be identified with 
particular people, locations, and outcomes.

▪ Temporality: cause precedes effect.

▪ Biological gradient: dose-response relationship.



the criteria

▪ Plausibility: biologically (physically, socially…) 
reasonable or probable.

▪ Coherence: does not conflict (too severely) with our 
present beliefs about related cause-and-effect 
relationships.

▪ Experiment: RCTs or observational studies to 
establish empirically rigorous associations.

▪ Analogy:  the association is similar to existing 
associations, potentially sharing similar structures.



heuristics

▪ These are not presented as “rules” or “criteria” in the 
paper, rather they’re offered as ways of reasoning or 
moving toward taking action.

▪ This was a speech given to the first ever meeting of 
the occupational medicine group.

▪ A lot of times people talk about BH Criteria, they’ll 
introduce these as flawed. That’s fine. Impressionist 
paintings still help me think about light.



the criteria

 Several of these ideas have been modernized

 Strength: sensitivity analysis

 Consistency: reproducibility and meta-analysis

 Specificity: treatment heterogeneity and transportability

 Coherence: coherence statistics and the “known null” type 
designs

 Analogy: transfer learning (in machine learning)

 It’s funny: he has a section in his paper where he 
rags on “t-tests.” Obscures decision making.



the criteria

 What is he trying to do?

 He’s trying to convince people.



A  N E W  W A Y  O F  R E A S O N I N G  A B O U T  D A T A
( P L A Y E R  2  H A S  E N T E R E D  T H E  G A M E )

Machine Learning

a principled prediction-problem ontology

https://arxiv.org/abs/2001.07648


modern algorithms



How do we decide if this model is good?



do details help?
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the leaderboard

≈ February 2019

≈ September 2019

Basically every six months or so a 

group with a lot of money comes 

out with a bigger, better (?) 

language model
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setting the stage: prediction

▪ Machine learning is awesome

▪ Big wins

▪ Fast wins

▪ Extraordinarily complex algorithms

▪ Everybody wants to use ML

▪ In this talk I will (slightly incorrectly) use “prediction” and “machine 

learning” interchangeably. I recognize this doesn’t acknowledge 

all the of the complexity of ML.
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▪ Much of the rapid success in prediction has come from the 

innovative infrastructure provided by the common task framework 

(CTF). The CTF is the intellectual-engine of modern prediction. 

One of the best places to read about the CTF is David Donoho’s

“50 Years of Data Science.”

▪ The “Netflix Prize” is the most famous example of the CTF.

▪ The Common Task Framework:

▪ Starts with a curated data set

▪ Available to everybody

▪ A task is described (e.g., given 𝑿𝑖 for some new i predict 𝑌𝑖)
▪ A metric for performance is given (e.g., 𝑀𝑆𝐸 𝑦𝑖 , ො𝑦𝑖 )

▪ A hold out data set is reserved for evaluating performance
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▪ Without a mathematical understanding of how an algorithm links 

variation in X to variation in Y, we have limited options:

▪ Sample more data and retrain.

If it’s black box then we don’t know what parts of the 

covariate space are extrapolation and where to sample for 

maximal benefit.

▪ Brute force patch.

Google Image Search tried to refit but couldn’t get the issue 

resolved. They just stopped returning results.

▪ Switch to new algorithm(s).

This is not a real solution. This just postpones the question.

▪ Add a human into the loop.

Boeing 737 Super Max: the algorithm kept fighting with the 

pilot. They’ve now added an override to give the pilot 

complete control after a major disagreement.
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▪ While any particular black-box algorithm is extraordinarily hard to 

understand, what we realized is if we understand how they’re 

developed then we can understand when they can be deployed.

▪ The rest of the talk I’ll offer a framework for guiding our thinking 

about whether or not a particular prediction problem is suitable for 

an algorithm that was developed purely under the CTF. That is, 

are the conditions right for a black box algorithm to be deployed 

into the real-world, where there are real consequences?
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▪ When describing a prediction problem there are four features that 

must be satisfied in order for a black box algorithm to be 

deployed:

1. [measurement] Can measure a function of the outcomes.

2. [adaptability] Can update on a useful timescale. 

3. [resilience] Have a high tolerance for accumulated errors.

4. [agnosis] Have a high tolerance for disagreement with 

beliefs (e.g., scientific knowledge, ethical concerns, 

intuitions).

I’ll refer to these collectively as MARA.

Given its dependence on stakeholders, we abbreviate: MARA(s)
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Can show one ad at a time to one customer. 

Which ad should they show?

Can observe if people buy A or B.

Tons of customers come through and are not

rapidly changing their purchasing habits.

This ad placement is helpful but many people will still buy regardless.

No real concerns beyond making that sale.

MARA: example 1 – ad placement

1. measurement

yes

2. adaptability 

yes

3. resilience 

yes

4. agnosis

yes
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Rapidly want to trade.

Often estimating the covariance matrix of assets.

But can approximate with if we earn money.

Winning and losing on a bet is part of finance. Well-

studied problem.

Ethics? Lolz.
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Watch to see if the algorithm earns money.

Error tolerance is likely less than for a high-frequency

trading firm.

The biggest issue is that the family may want to 

have the algorithm explained to them: (a) does it match

their beliefs about the future of the markets (e.g., bearish)

(b) is it making “ethical” investments (e.g., not buying guns).

Changing stakeholders can change the loadings of the problem-features.

1. measurement

yes

2. adaptability 

yes

3. resilience 

no

4. agnosis

no



MARA: example 4 – elections 

United States elections happen every four years.



MARA: example 4 – elections 

United States elections happen every four years.

I’m very nervous about who will win 

the election in 2020.



MARA: example 4 – elections 

1. outcomes

2. timescale

3. errors

4. beliefs

United States elections happen every four years.

I’m very nervous about who will win 

the election in 2020.



MARA: example 4 – elections 

1. outcomes

2. timescale

3. errors

4. beliefs

United States elections happen every four years.

I’m very nervous about who will win 

the election in 2020.

The forces that generate voters change dramatically

from election to election



MARA: example 4 – elections 

1. outcomes

2. timescale

3. errors

4. beliefs

United States elections happen every four years.

I’m very nervous about who will win 

the election in 2020.

The forces that generate voters change dramatically

from election to election (e.g., candidate personalities,

trade wars with powerful countries, real wars, bad hair cuts). 



MARA: example 4 – elections 

1. outcomes

2. timescale

3. errors

4. beliefs

United States elections happen every four years.

I’m very nervous about who will win 

the election in 2020.

The forces that generate voters change dramatically

from election to election (e.g., candidate personalities,

trade wars with powerful countries, real wars, bad hair cuts). 

An election prediction is a one-shot prediction. You can’t adapt the algo.



MARA: example 4 – elections 

United States elections happen every four years.

I’m very nervous about who will win 

the election in 2020.

The forces that generate voters change dramatically

from election to election (e.g., candidate personalities,

trade wars with powerful countries, real wars, bad hair cuts). 

An election prediction is a one-shot prediction. You can’t adapt the algo.

1. measurement

yes

2. adaptability 

no

3. resilience 

-

4. agnosis

-
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Want to understand which politicians are talking about

issues related to the #MeToo movement.

There are thousands of tweets that need to be analyzed.

We could have undergrads hand code all the tweets, 

but that’s costly and error-prone.

Want to use an algorithm to do the labeling quickly and efficiently.

But…. we‘ll never know if the label is correct. The whole point

was to understand the tweets. The point of deploying the algorithm is 

directly in competition with observing outcomes.

This is common in text mining, but also “triaging” settings.

1. measurement

no

2. adaptability 

-

3. resilience 

-

4. agnosis

-
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Should a criminal be allowed out early?

If stakeholders are judges and politicians:

(i) Can’t view outcomes with a hard cutoff point.

(ii) Crime patterns may stay the same.

(iii) We get things wrong, but maybe algorithms

can do better.

(iv) Serious ethical issues. 

What if algorithm tells you to lock up black men?

If stakeholders include the accused as well:

(i) Won’t observe if the algorithm got it wrong if locked up.

(ii) One-shot prediction.

(iii) Massive consequences to an error.

(iv) Need to be able to explain why the algorithm is depriving the accused

person of his/her freedom.

These analyses led to “algorithmic fairness.”

1. measurement

maybe

2. adaptability 

yes

3. resilience 

no

4. agnosis

no



reasoning

outcome- vs model- reasoning



MARA: two types of reasoning

▪ There are two ways to reason about an algorithm in this 

framework:

1. Outcome reasoning:

If the stakeholders agree that the problem loads high on all 

four of the problem-features then we can deploy the 

algorithm and then debate if it is working after watching its 

behavior in the real-world. This is perfect for a black box 

algorithm.

2. Model reasoning:



MARA: two types of reasoning

▪ There are two ways to reason about an algorithm in this 

framework:

1. Outcome reasoning:

If the stakeholders agree that the problem satisfy all the 

MARA problem-features then we can deploy the algorithm 

and then debate if it is working after watching its behavior in 

the real-world. This is perfect for a black box algorithm.

2. Model reasoning:



MARA 1

yes no

2

yes no

3

yes no

4

yes no

black box!!!



MARA 1

yes no

2

yes no

3

yes no

4

yes no

black box!!!



MARA: two types of reasoning

▪ There are two ways to reason about an algorithm in this 

framework:

1. Outcome reasoning:

If the stakeholders agree that the problem satisfy all the 

MARA problem-features then we can deploy the algorithm 

and then debate if it is working after watching its behavior in 

the real-world. This is perfect for a black box algorithm.

2. Model reasoning:



MARA: two types of reasoning

▪ There are two ways to reason about an algorithm in this 

framework:

1. Outcome reasoning:

If the stakeholders agree that the problem satisfy all the 

MARA problem-features then we can deploy the algorithm 

and then debate if it is working after watching its behavior in 

the real-world. This is perfect for a black box algorithm.

2. Model reasoning:



MARA: two types of reasoning

▪ There are two ways to reason about an algorithm in this 

framework:

1. Outcome reasoning:

If the stakeholders agree that the problem satisfy all the 

MARA problem-features then we can deploy the algorithm 

and then debate if it is working after watching its behavior in 

the real-world. This is perfect for a black box algorithm.

2. Model reasoning:

If any problem-feature fails to satisfy then we need an 

algorithm that can be reasoned about independently of the 

data used to fit the algorithm (e.g., parameters). 



MARA: two types of reasoning

▪ There are two ways to reason about an algorithm in this 

framework:

1. Outcome reasoning:

If the stakeholders agree that the problem satisfy all the 

MARA problem-features then we can deploy the algorithm 

and then debate if it is working after watching its behavior in 

the real-world. This is perfect for a black box algorithm.

2. Model reasoning:

If any problem-feature fails to satisfy then we need an 

algorithm that can be reasoned about independently of the 

data used to fit the algorithm (e.g., parameters). This 

requires a mathematical foundation that allows for deductive 

reasoning about the future behavior of the algorithm.



MARA: two types of reasoning

▪ There are two ways to reason about an algorithm in this 

framework:

1. Outcome reasoning:

If the stakeholders agree that the problem satisfy all the 

MARA problem-features then we can deploy the algorithm 

and then debate if it is working after watching its behavior in 

the real-world. This is perfect for a black box algorithm.

2. Model reasoning:

If any problem-feature fails to satisfy then we need an 

algorithm that can be reasoned about independently of the 

data used to fit the algorithm (e.g., parameters). This 

requires a mathematical foundation that allows for deductive 

reasoning about the future behavior of the algorithm.

Model reasoning:
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▪ There are two ways to reason about an algorithm in this 

framework:

1. Outcome reasoning:

If the stakeholders agree that the problem satisfy all the 

MARA problem-features then we can deploy the algorithm 

and then debate if it is working after watching its behavior in 

the real-world. This is perfect for a black box algorithm.

2. Model reasoning:

If any problem-feature fails to satisfy then we need an 

algorithm that can be reasoned about independently of the 

data used to fit the algorithm (e.g., parameters). This 

requires a mathematical foundation that allows for deductive 

reasoning about the future behavior of the algorithm.

Model reasoning: consider a linear regression with መ𝛽3 < 0 but every 

randomized controlled study finds 𝑋3 causes 𝑌 to increase.
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▪ Outcome reasoning happens after the deployment of the 

algorithm into the real-world. The stakeholders must be 

comfortable with bearing the consequences of its errors as it 

accumulates errors.

▪ In contrast, model reasoning allows the stakeholders to discuss 

and argue about the suitability of the algorithm for the particular 

problem before the algorithm begins to accumulate errors in the 

real-world.

▪ Getting stakeholder buy-in is absolutely vital because errors will 

occur. Whether through outcome-reasoning or model reasoning, 

achieving buy-in means the people who “own” the problem were 

part of the decision making and bear responsibility of the 

consequences. 

time
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best served by outcome reasoning; all algorithms are able to be 

assessed using outcome reasoning so restricting to model 

reasoning limits the space of algorithms you can deploy.

▪ Any given algorithm can become model reasoning. This strongly 

implies a direction for research.

▪ Though I tried to keep the four problem-features distinct in my 

examples, in practice they will interact with each other. And the 

joint failure to satisfy multiple problem-features is likely to cause 

more pronounced issues with a black box algorithm. Similarly, 

the four MARA are likely best thought of as continuous, rather 

than as binary.

▪ The MARA identify problems that are similar to the Common 

Task Framework. MARA warrants “extrapolation” of black-boxes 

into unseen data settings. It also anchors on stakeholders.

a principled prediction-problem ontology

https://arxiv.org/abs/2001.07648
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