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Actuarial science and Al

Actuaries use Al GitHub Copilot Crushes Data
- Science And ML Tasks: Ultimate
Review
Actuaries build Al Mind the gap - safely incorporating deep learning models

into the actuarial toolkit

THE AUTONOMOUS VEHICLE

Actuaries help price risks
in an Al-infused world

REVOLUTION: HOW
INSURANCE MUST ADAPT




Alls ...

Al is the new electricity.
— Andrew Ng

Public dialog... too often uses the term Al as an intellectual wildcard, one that
makes it difficult to reason about the scope and consequences of emerging
technology...

This is not the classical case of the public not understanding the scientists—here
the scientists are often as befuddled as the public.

— Michael Jordan, UC Berkeley

Al is an ideology, not a technology.
— Jaron Lanier and Glen Weyl




Al is an ideology, not a technology

OpenATI’s mission is to ensure that artificial general intelligence (AGI)—by
which we mean highly autonomous systems that outperform humans at
most economically valuable work—Dbenefits all of humanity.

The compuny’s mission GOOGLE SAYS IT'S CLOSING IN ON

tatalligomne sl | HUMAN-LEVEL ARTIFICIAL
then use it to solve INTELLIGENCE

everything else "THE GAME IS OVER!"



The problem: “Artificial stupidity”

TECHNOLOGY

Facial Recognition Is Accurate, if You’re a White Guy

By STEVE LOHR FEB. 9, 2018

The Costly Pursuit of Self-Driving Cars
Continues On. And On. And On.

Many in Silicon Valley promised that self-driving cars would be a
common sight by 2021. Now the industry is resetting
expectations and settling in for years of more work.

 THE VERGE |
Amazon reportedly scraps internal Al recruiting

tool that was biased against women

The secret program penalized applications that contained the word “women’s”

NEWS | 24 October 2019 | Update 26 October 2019

Millions of black people affected by
racial bias in health-care algorithms

CRIME

'60 Minutes' Features Man Falsely Arrested By
Detroit Police Because Of Flawed Facial
Recognition

D

May 16, 2021, 10:28 PM B by Allan Lengel

"At this point, I'm upset. Like, bro, why am | even here? He's like, 'So,
| guess the computer got it wrong.'"

Tesla says driver ignored
warnings from Autopilot in fatal
California crash

Death by GPS

Why do we follow digital maps into dodgy places?

e Lawyer Used ChatGPT In
Court—And Cited Fake

Cases. A Judge Is
Considering Sanctions



The first mile problem:

TECHNOLOGY

Facial Recognition Is Accurate, if You’re a White Guy

By STEVE LOHR FEB. 9, 2018

The Costly Pursuit of Self-Driving Cars
Continues On. And On. And On.

Many in Silicon Valley promised that self-driving cars would be a
common sight by 2021. Now the industry is resetting
expectations and settling in for years of more work.

 THE VERGE |
Amazon reportedly scraps internal Al recruiting

tool that was biased against women

The secret program penalized applications that contained the word “women’s”
Bijvincent | Oct 10, 2018, 7:09am EDT

NEWS | 24 October 2019 | Update 26 October 2019

Millions of black people affected by
racial bias in health-care algorithms

Training data isn’t “given” — it must be designed

Developers routinely confront a blend of
epistemological and ethical issues when
constructing training datasets.

Sampling frame issues: time-frame, category

\/

boundaries, exclusion of exceptional cases,
acceptable inclusion of minority cases, sparse edge
cases, data drift...

Target variable specification / proxy relationships:
Label bias, proxies for complex social constructions

n

like race, gender, “healthy patient”, “good

n

employee”, “engaged customer”, “at-risk child” ...

On the Folly of Rewarding A,
While Hoping for B



The last mile problem:  We care about outcomes, not algorithmic outputs

CRIME

'60 Minutes' Features Man Falsely Arrested By

Two dogmas of Al: getroit .P.olice Because Of Flawed Facial
niton

* Better data / models = better outcomes gﬁ
* End-users are “homo economicus” (e e [y Al

"At this point, I'm upset. Like, bro, why am | even here? He's like, 'So,
Achieving desired outcomes is generally not only a | guess the computer got it wrong.™
matter of optimizing algorithms, Tesla says driver ignored
but rather designing systems of people working warnings from Autopilot in fatal
with algorithms. California crash

Death by GPS

Better organizing principle: Hybrid Intelligence Why do we follow digital maps into dodgy places?

(not “Al” in the sense of “on the path to AGI”)

- Lawyer Used ChatGPT In
Court—And Cited Fake
Cases. A Judge Is
Considering Sanctions



For smarter Al, we need a change in perspective

A change in perspective is worth 80 IQ points.
— Alan Kay




Smart technologies are unlikely to engender smart outcomes
unless they are designhed to promote smart adoption
on the part of human end users.



Smart technologies are unlikely to engender smart outcomes
unless they are designhed to promote smart adoption
on the part of human end users.

9

Effective and Ethical Al needs human-centered design




The Al revolution needs a design revolution

S THN'FOR THE PULLING HANDLES
AND YOUR INSTRUCTIONS TO BE PUSHING THEM

THE NEW YORK TIMES BESTSELLER

T}}A/NKING,

S ————

FAST .. SLOW

DANIEL

KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS

“[A] masterpiece . . . This is one of the greatest and most engaging collections of

insights into the human mind I have read.” —wiLL1AM EASTERLY, Financial Times



Amplifying human capabilities

Technology should not aim to
replace humans, rather
amplify human capabilities.

-- Doug Engelbart, 1962

Computers are like a bicycle for
our minds.

-- Steve Jobs, 1981




Al and “thinking slow”

THE NEW YORK TIMES BESTSELLER
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KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS

“[A] masterpiece . .. This is one of the greatest and most engaging collections of

insights into the human mind I have read.” —wiLL1AM EASTERLY, Financial Times
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An Algorithm That Grants Freedom, or Takes p-

It Away

Across the United States and Europe, software is making probation

decisions and predicting whether teens will commit crime. Opponents
A '
want more human oversight.
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Two perspectives on recidivism algorithms

Automatic pilot is an algorithm... We have learned that automatic pilot is
more reliable than an individual human pilot.

The same is going to happen here.
— Richard Berk, U. Penn

Does a computer know | might have to go to a doctor’s appointment on Friday
at 2 o’clock [so cannot visit the probation office]?

How is it going to understand me as it is dictating everything that | have to do?
| can’t explain my situation to a computer...

But | can sit here and interact with you, and you can see my expressions and
what | am qgoing through.

— Darnell Gates, Philadelphia




Why experts need 3 Igo rithms Clinical Versus Actuarial Judgment

RoBYN M. DAwEs, DaviD Faust, PAuL E. MEEHL

Human judges are not merely worse than optimal regression BERYADSTPAITTT
equations... |

They are worse than almost any regression equation.

— Richard Nisbett and Lee Ross

Bias Noise
“The places where people are most worried “We have too much emphasis on bias and not
about bias are actually where algorithms have enough emphasis on random noise.”

the greatest potential to reduce bias.”
— Sendhil Mullainathan

— Daniel Kahneman



Why (today’s) algorithms can’t replace experts

Judgment requires not only registering the world but
doing so in ways appropriate to circumstances.

That is an incredibly high bar.

It requires that a system be oriented toward the world
itself, not merely the representations it takes as inputs.

It must be able to distinquish appearance from reality —
and defer to reality as the authority.

— Brian Cantwell Smith

THE PROMISE
OF ARTIFICIAL
INTELLIGENCE

RECKONING AND JUDGMENT

Brian Cantwell Smith




The Al paradox

“The hard problems are easy, and the easy problems are hard.”



The Al Pa radox “The hard problems are easy, and the easy problems are hard.”

Human strengths: Computer strengths:

* Strategy * Tactics

e (Causal understanding * Pattern recognition

e Commonsense reasoning  Consistency (avoid “noise”

e Contextual awareness e Rationality (avoid “bias”)
 Empathy e Brute force

e Ethical reasoning * Narrowly defined, repetitive tasks
* Hypothesis formation * |diot savant capabilities
 “Judgment” * “Reckoning”

Fundamental design implication:
Begin with the assumption of human-machine partnership.
(Machine autonomy should not be the default mode of Al design.)




Evidence for a Collective Intelligence
A dive rSity bonus Factor in the Performance of

Human Groups

Anita Williams Woolley,l* Christopher F. Ch.'-:bris,z'3 Alex I‘entl.'-md,3'4
Nada Hashmi,>* Thomas W. Malone®*

Collective intelligence (“the wisdom of crowds”):
A smart team can be smarter than the smartest person on the team.

playful comforting

But not all teams are smart teams. Smart teams are characterized by:
* Even conversational turn-taking
* More women on the team
* Team members who possess high levels of social perception

irritated bored

The average social intelligence of team members is (much) more -
highly correlated with group intelligence than average/maximum 1Q S

/::!n,\ﬁ\l |

DIVERSITY
BONTUS

HOW GELAT TEAMS PEY DT
W THE EMOWLEDGE

ECOHOMY

A better frame than “Al” for applied work is human-computer collective intelligence.

Designing the human-machine interaction processes is an essential component. SCOTT E. PAGE




Human-machine hybrid intelligence: A parable

Their skill at manipulating and “coaching” their computers to look very deeply into positions
effectively counteracted the superior chess understanding of their grandmaster opponents and the

greater computational power of other participants.

Weak human + machine + Better process u]as superior to a strong computer alone and, more

remarkably, superior to a strong human + machine + inferior process.
— Garry Kasparov, NYRB 2070




Designing for human-computer collective intelligence

Weak human + machine + Better process u}as superior to a strong computer alone and, more
remarkably, superior to a strong human + machine + inferior process.

— Garry Kasparov

Hybrid Intelligence is about more than optimizing algorithms.
It is about “optimizing” processes of human-machine collaboration.

Statistics and computer science provides an incomplete scientific framework.

Also needed: Ideas from ethics, psychology, human-centered design, behavioral economics, ...




Al and “thinking fast”

THE NEW YORK TIMES BESTSELLER
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DANIEL
KAHNEMAN

WINNER OF THE NOBEL PRIZE IN ECONOMICS

“[A] masterpiece . .. This is one of the greatest and most engaging collections of

insights into the human mind I have read.” —wiLL1AM EASTERLY, Financial Times




Ethics and the need for “greater Al”

Behavioral Analytics Help Save Unemployment
Insurance Funds
New Mexico uses data to identify misinformation, save money

ISSUE BRIEF  October 26, 2016 -~

MLOps view Hybrid Intelligence view

Reciprocal Ceterminism
in the Person-Situation Interaction

E‘/THE' PERSON AND

THE SITUATION




An overdue field:
Hybrid intelligence systems design



A needed paradigm shift

What we often have:

Machine
Learning

Data
Engineering

What we typically need:

Participatory
Design

Data Human-
Science Centered
Hybrid Design
Intelligence

| gtatistics, Behavioral
Dark Sciences
patterns



Hybrid intelligence development s ...

A design-focused field

* Domain-informed
* Multi-stakeholder
* Value-sensitive

* Context-sensitive

Grounded in computation AND statistics

Involves more than extracting patterns

from data

Also accounts for how adequately the data

register relevant aspects of the world

Addresses the attendant ethical and
scientific issues

Participatory

Design

Data
Science

Hybrid

Intelligence

Statistics,

MLOps

Dark
patterns

Human-
Centered
Design

Behavioral

Sciences

Grounded in the behavioral sciences

Behavioral economics
Organizational design
Cognitive psychology
Affective science



Antecedents from, analogies with actuarial science

Actuarial science is not “applied math”
* By analogy: hybrid intelligence development is not “applied computer science” or MLOps
* Each can be viewed as “computational social sciences”

* Examination, credentialing arrangements

* Professional societies

* Continuing education

e Standards of practice

* Training in professionalism, ethics

* Recognition of the need for laws, regulations, tradeoffs between different concepts of “fairness”
* A global community with social norms that support a core duty to serve society



Antecedents from, analogies with actuarial science

Actuarial science is not “applied math”
* By analogy: hybrid intelligence development is not “applied computer science” or MLOps
* Each can be viewed as “computational social sciences”

Rather, a learned profession characterized by:

* Aninterdisciplinary, social science orientation

* A willingness to confront limitations, imperfections in data
* An appreciation for edge cases, “long tail” phenomena (think self-driving cars, machine translation, ...)
* An appreciation for the risk / uncertainty distinction
e Arecognition of the need to blend expert judgment with data-driven indications

* Examination, credentialing arrangements

e Professional societies

e Continuing education

e Standards of practice

* Training in professionalism, ethics

* Recognition of the need for laws, regulations, tradeoffs between different concepts of “fairness”
e A global community with social norms that support a core duty to serve society
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