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Hubbard Decision Research Background Egigggpgggg

In 200+ major
analysis projects,

HDR has been able to show
that no matter how difficult the measurement and
monetization problem appears to be, we find a way to
evaluate it and communicate the results.
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HOW 10 |
MEASURE

* The benefits and risks of dams on the Mekong River bl f

* Risks and benefits of Environmental policy for US farmers e

* The benefits of Educational assistance in inner city schools

* The benefits of roads, schools and hospitals in Haiti and how to E pouglas U
prioritize them for the United Nations i

* The relative value of R&D portfolios in aerospace, biotech, and
pharma

» Logistics forecasts for the battlefield and the effectiveness of
training for the US Military
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My Thesis £a22 Hubloard

EBEEl Decision Research

Risk informs decisions but it not the only part of decision making.

The entire world of decision-making methods goes well beyond
what is typically within Risk Management — and it is disconnected
from these processes and methods.

The problem isn’t just Risk Management, but everything that is
supposed to support decisions.

% 8
y o~
- 4 RISK WEEKE

o~
(" %  Join The Global Initiative To Promote Risk Based Decision Making
S

#RAW2022| 2



Some Questions From Risk Management g8z UObard

EBEEl Decision Research

* How big should an event be to

| £ |2 Questions like these are
Cl1aSsSITy a$s a riSK:

only issues if we think of

* How uncertain should the loss be? risk management as

separated from the larger

topic of managing decision
making.

* |s not meeting an ambitious goal a
“risk”, even if being short of it is
not a loss?

* Where do we assess how much
more risk is acceptable given a
higher return?

Some definitions of risk

confuse risk with
opportunity
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E2= Ubbard

Risk vs. Opportunity in Decision Making smss | TILIICU

In the context of broader decision making,
Risk Management makes as much sense as
a left-foot shoe department.

| realize some definitions of risk
management include ALL uncertainties,

Decisions Under

Decisions Under Uncertainty

Certainty The inputs are uncertain but thfat is not a universal use of the
You have perfect information term, it’s an unnecessary use of the
but the problem is complex | term, and it is inconsistent with previous

_/

definitions and quantitative methods.

Risk Definitions that try to combine Risk and
(Uncertainty about Opportunity only further distance RM
pain/loss) from the rest of decision making.

Opportunity

(Uncertainty about
reward/return)

V) Join The Global Initiative To Promote Risk Based Decision Making # RAW 2 O 2 2 | 4



Getting Closer To The Whole Solution EEEE';LE?QQLQ

Risk Management is /Integrated Decision - 2\ \
Decision Analysis &
one part of a much Management Optimization
larger system
: : /Empirical Methods NSSVEREEENENIE
required for making & Monitoring

informed decisions. » Risk
Decision Analysis
Psychology
\\ Modeling Methocy
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Risk vs. Return in Decision Making

Distribution of Net Benefit for
Various Initiatives:

A~

§'§5Hubbard
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BEl Decision Research
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In isolation, risk management is not
about how we should select and
prioritize investments, how we
should track their performance or
about the methods used to make
those decisions.
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The Psychology of Risk Aversion ogct ';L%QQQLQ

Neuron Vol. 47, (2005): 763-770

Decision makers are also inconsistent The Neural Basis of Financial Risk Taking
regarding their own aversion to risk. Comalia M Afubacssad Delan Vauteon

Fear, Anger, and Risk

Jennifer S. Lerner Dacher Keltner al
Carnegie Mellon University University of California, Berkeley

Factor Risk Aversion |
er & D. Keltner, 2000}, the authors predicted

. . perception. Whereas fearful people expressed
Being around smiling people : 1 optimistic risk estimates and

Recalling an event causing fear

Recalling an event causing anger

A recent win in an unrelated decision

L 4
*
) 4
A 4
)

A recent loss in an unrelated decision
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A Version of Risk Tolerance: The Loss Exceedance Curve Eas= HUIODAaro

EBEEl Decision Research

Explicitly stating risk tolerance is a key part of a decision and cannot be

excluded from dashboard-informed decisions.

Loss Exceedance Curve

100% | This means there is about a

0% = Risk 40% chance_ of losing more
E 80% - & Appetite than $10M in a year and
5 0% —..\ abqut a 10% chanétsnc()‘f'\/I
o —— O\ g re 200
5 0% — N0 Risk
g gg:;: Residual ; NN
S 10% Risk \\‘-N___\

0% | T ——
1 10 100 1000 -$10MM 0 +S10MM  +20MM

Loss (Millions)
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Utility Theory gi2Hubbara

EBEEl Decision Research

Expected Utility Theory is the most quantitatively
sound method for describing risk preferences. It is the

basis of the field of Decision Analysis and is widely
used in portfolio management and actuarial science.

Leonard J. Savoge

THE FOUNDATIONS OF

STATISTICS

It is based on the idea that in order for risk preferences
to be consistent, they should be guided by the
probability-weighted average utility of choices.

_ .
SIXTIRTH-ANNIVERSAR /

>
V. -

There is a whole set of mathematics showing functions
that describe expected utility in ways that can’t violate
basic common sense about preferences.
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Risk vs. Return in Decision Making £.82 -lubbard

@ Decision Research

Distribution of Net Benefit for
Various Initiatives:

( )

! To prioritize actions with uncertain net benefits like these,
M | we need to compare them on a single dimension, like
T S T “Certain Monetary Equivalent” (CME)

/\ All it takes is a few preferences stated in terms of bets.

( )

We can ask two or three questions like “If you had a bet with
BN L a binary outcome, where there was a 60% chance of winning
: S10MM but a 40% chance of loss, how large of a loss would
be just barely acceptable?”
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Dis-integrated Decision Making ;;EEQ}J?QQLQ

Can we manage all of this in a more cohesive way?

Risk Management

> T Risk Assessment  — .
S B S Data Science
= o Subject Matter Experts =
= ~ Quality Control
2 & Performances =
Metri ;1_)\ CC) Machine

o € ITICS © .= Learning

Decision Quality o o
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The Analysis Placebo §=§EHUbbard

@ Decision Research

Organizational Behavior and Human Decision Processes
107, no. 2 (2008): 97— 105.

Journal of Behavioral Decision Making 3, no. 3 (July/ September 1990):
153-174.

Law and Human Behavior 23 (1999): 499- 516.

p

Organizational Behavior and Human Decision Processes 61, no. 3 (1995):
305- 326.

|>

Interaction with Others Increases Decision Confidence but Not Decision
Quality: Evidence against Information Collection Views of Interactive
Decision Making

Confidence

A

2JUuew.Jloljiad

Heath and Gonzalez

Abstract

\
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” Dashboards = HmUeel(e

EBEEl Decision Research

Examples of “Typical

eCommerce Dashboard 9006 Klipfolio®
Sales by Product QuickBooks & Shopify: Marketing Expenses and Sales (Last 30 Days)
Feb 1, 2015 to Jan 22, 2016 Current YTD v B )
Revenue Fleet Status ‘ | @ Advertising & Promotion $23 544
Total Flest Product Amount 9% Sold ?
€ 822152 crrres Rocks 52,475 28.45% I 1111% &
immi i 4 [ vs $21,189 (prev.)
95 % On the Move Trimming $2,250 25.86%
A 1% . Maintenance & Repair $2,231 25.65%
4
S P A Sold

e [l Amount So $258,908

Patient Satisfaction Dashboard Klipfolio® N 1w s
vs $232,370 (prev)

€ Average Length of Sty | Appendectony Lol Tt Turmarcund
Progdes:  Zppendectaery ¢ . ‘vrep . M Price Visitors Online Now
Simam Mh LB L -.--~ -
TR an e LN 1.952 2,345
: = X ’ 29% A i
o7 w2 . LR we——
Last 100 Subscriptions vs §1,504 prev 100 subscriptions :
Sane Matabols Maas Mmh " - == Min (7 day): 0 3 5‘00 Max (7 day): 5,000
€ e Comptets Bood Ceat 240 n I e e
o - ~ o & ° ~ Lrmewmeye Melauds Pamel wn “ e e ™)
e Pingdom & Google Analytics: Load Time vs Response Time
Foctolyte bww an I P ™ 8 . b B
~ . . . | < R Setruvidee Sov i ol » ) “" - P Web site
# > 4 P o 4 4 o, 3 Page Load Time (GA} Redirection Time (GA} Server Response Time (GA) Response Time (Pingdom)
o Y - 60 1,500 ms
W
3
E 40s 1,000 ms El
= £
n = N g
Pathert Metricy Customer Satlsla thon “ 8 s 1 B4 et some E
El
/S H
Viry Urmstwet 0s DE ST e B i 1 8§ 2 ! = L o

tetitec
oot Anonann ion provided for 646 of 13124 accounts

: Dec1,12:00PM to Dec 2, 10:00 AM
Avgl  Arrival to ‘ . Arrival to ‘ ot
Bed Physician

Oct 15 Nov 15 Dec 15 Jan 16 Feb 16 Mar 16 -]

25 min 83 min ts 675 570 ¥-15.6% 162 ¥ -71.6% 102 ¥-37.1% 48 ¥-523% 122 41525%

R 03% 01% V-69.5% 02% 4167.8% 01% V-43.3% 01% V-49.4% 02% 4139.7%

=t & — " re Setsbed 858 1,072 A249% 0 ¥-100.0% 14 32 4128.6% 11 ¥ -65.6%

- ‘ers 300 1,448 A60.9% 116 ¥ -92.0% 0 ¥-100.0% 48 0 ¥-100.0%

Afl’lva' to ‘ A"_'val to ‘ yer $2,814 $1177 ¥-582% 3181 V-84.6% $526 A 190.2% $105 ¥-80.1% $1,104 4 954.9%
4,793 3,717 ¥-225% 46 V¥.98.8% 18 ¥-60.0% 46 & 150.0% 9 ¥.80.0%
Nurse O'S(harge 4,947,485 2,964,897 ¥ -40.1% 21,017 ¥ -99.3% 7,360 ¥ -65.0% 8372 A138% 12,144 #&451%
$966,814 $68,535 V¥-92.9% $10,400 V¥ -84.8% $16,380 A57.5% $17,160 & 48% $23,563 437.3%

45 min 137 min
T MO o
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Hope is Not a Strategy g8 Uboard

EBEEl Decision Research

{

Are you counting on a “Dashboard Epiphany” for important decisions?

* Are you confident you will “know it when you see it?”
* Are you considering multiple interacting conditions?
* Are you forecasting from those conditions the net benefit of different actions at different times?

o I .00 .
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;giHubbard

@ Decision Research

Are Dashboards & Metrics Driven By Information Value? E

IEEE Transactions on Systems Science and Cybernetics (1966 )

The economic value of measuring a variable is Information Value Theory

usually inversely proportional to the Ron Howard

Abstract
The information theory developed by Shannon was designed to place a
guantitative measure on the amount of information involved in any

measurement effort.

HDR has observed a “Measurement Inversion”
in nearly every industry, profession and type of
decision model we’ve every made.

Lowest
Information Value

Most Measured

The cure for starts with knowing which
variables are the highest information value.

i

Highest Information —
Value Least Measured
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Measuring Estimate & Decision “Noise”

g;EEHubbard

@8 Decision Research

The “Lens Method” statistically “smooths” estimates of experts. Several studies for many different

kinds of problems show it reduces judgement errors.

Psychological Bulletin

2008, Vol. 134, No. 3, 404-426

Determinants of Linear Judgment: A Meta-An{

Natalia Karelaia
Université de Lausanne ICREA (In}

Psychological Review
1965, Vol. 72, Neo. 3, 215-224

COGNITIVE DEPENDENCE ON I
AND NONLINEAR CUES?

KENNETH R, HAMMOND anxp DAVID A, SU

Tustitute of Behavioral Science, University of Col,

Analysis of the cognitive process of inductive inference sh
inferences drawn from nonlinear as well as linear relationg
probabilistic functionalism is demonstrated as a conceptug
ological framework within which this question can be
Analysis of Ss’ utilization of nonlinear relations is illustrat
30 Ss in the following task: (a) one cue related in a linear,
nonlinear manner to a criterion, (b) the criterion partly,
fectly, predictable from either cue alone, and (¢) the critq
predictable from appropriate utilization of both, Resultg|
Ss can improve both overall performance and nonlinear daj
and that performance varied with task-relevant instructi

This paper is concerned with the Activity of the
analysis of the cognitive process of extent this pro

A Flaw in Human Judgment

DANIEL
KAHNEMAN

AUTHOR OF THINKING, FAST AND SLOW

OLIVIER
SIBONY

CASS R.
SUNSTEIN

5% RISk WEEK
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Cancer patient recovery
Psychology course grades
Changes in stock prices

Mental illness prognosis

Business failures

IT Portfolio Priorities
Battlefield Fuel Forecasts

R&D Portfolio Priorities

Other
Published
Studies

I

My
Studies
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Teams Matter

The Psychology of Intelligence Analysis: Drivers of Prediction
Accuracy in World Politics

Barbara Mellers, Eric Stone, Pavel Atanasov, Ed Merkle
Nick Rohrbaugh, S. Emlen Metz, Lyle Ungar, University of Missouri
Michael M. Bl\]]l)p dI]L' Ml(,hd[,l Horowitz
University of Pennsylvas

Philip Tetlock
University of Pennsylvania

This article extends psychological methods and concepts into a domain that is as profoundly consequen

How Good I I? Hevo Can We Knoo?

——tia e

§;§5Hubbard

Decision Research

&“PERF

Ium
OF PREDICII

* Training: Subjects were trained in basic inference methods and avoiding common errors and biases.

* Teams of “Belief Updaters”: The best teams comprise individuals were willing to update beliefs

based on new information.

* Tracking Who is Better: Some just had a knack for it. IQ mattered (a little).

"‘6 » RISK WEEKE
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Research on Aggregating Multiple Experts

§;§5Hubbard

@ Decision Research

Aggregating Probabilistic Forecasts from
Incoherent and Abstaining Experts

Joel B. Predd
RAND Corporation, Pittsburgh, Pennsylvania 15213, jpredd@rand.org

= = 1 AT o

COPULA MODELS FOR AGGREGATING EXPERT OPINIONS

MOHAMED N. JOUINI

Université du Centre, Sousse, Tunisia

Combining Probability Distributions From Experts in
Risk Analysis

Dt
infor Robert T. Clemen'? and Robert L. Winkler!

resol
et

This paper concerns the combination of experts’ probability distributions in risk analysis,
discussing a variety of combination methods and attempting to highlight the important
conceptual and practical issues to be considered in designing a combination process in
practice. The role of experts is important because their judgments can provide valuable

Expert Elicitation: Using the Classical
o Model to Validate Experts’ Judgments

e Abigail R. Colson* and Roger M. Cooke'

Introduction

Existing data and modeling tools cannot provide decision makers with all of the information
they need to design and implement effective policies and make optimal management choices.
Thus decision makers often supplement other forms of information with the judgment of
experts. As noted by Morgan and Henrion (1990), if traditional science and statistics cannot

provide all of the inputs needed for a model or policy analysis, decision makers have few

Some aggregation methods measurably outperform others
and can outperform the single best expert.

What may be the most popular method is
among the worst performing.

WEEK®
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Combining SMEs: The FrankenSME £a22 Hubloard

EBEEl Decision Research

FSME Algorithm vs. Actual %
True, Groups of Three

* HDR has algorithms for combining
experts using data from over 60,000
responses from 577 calibrated
individuals grouped into 1.7 million

0.9

0.8

0.7

()

E 0.6

% ) teams.

% * The best team of two, might not be

< obvious. It might be your 15t an 3"
Responses: 70%, 70%, 70% best estimator, because of how their
# of Responses in that set: 2,343 knowledge is less correlated (more
0.1 FrankenSME Estimate: 83.5%

complimentary).

Actual: 82.3%
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
FrankenSME Algorithm Estimate
\T&J 4 8
c 3‘! E‘IT§GIsha\ IniﬁaﬁvnToPmmateR\';kEaseﬂisEmEMaKki::
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Tracking Estimates and Decisions Requires a Registry E;EEQ};’?QQLQ

ASA SYMPOSIUM ON

* Meta-science is the application of , STATISTICAL

scientific method to itself to

THE
continuously improve it. R AMERICAN
One issue it addresses is ”publication Scientific Method for the 21st Century: A World Beyond p < 0.05 STHRTEISTIGIAN
bias.” 2

* One of the ideas involves a “research :
registry” so that all research findings
are published, not just the ones that The American Statistician (2019)
had positive results. Quality Control for Scientific Research: Addressing
* This has a parallel in decision making Reproducibility, Responsiveness, and Relevance
and estimations — we make far more D.W. Hubbard & A.L. Carriquiry
than we recall but we tend to recall Abstract
Ffforts to address a renroducibilitv crisis have senerated several valid bronosals for
when we were right.
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Tracking Decisions and Estimates is Practical f.=2UObara

EBEEl Decision Research

E8Hubbard

Team Management » Home Calibration * Forecasts + More from HDR ~ testmanager

Calibration

Click on a Forecast to edit it

. = Team Management - Home Calibration ~ Forecasts ~ More from HOR ~ testmanager >
“ Forecasting

Action: delete_selected Go

L] FORECAST TvoE ASSIGN RESPONSES

've b to track traini
We’ve begun to track training,

:Y : e o petormance anesen o enesersancte | U in divi dual estimates’ team
e P P o estimates, and outcomes.
- —
e e e _= o | - We can also use “practice”

- Oucnancas H
2 Team Management ~ Home Calibration ~ Forecasts ~ More from HDR ~ :‘J.. A.HL; e St I m a te S

L] ESTIMATION

D Calibration

S ccimton Group

Product Development Team
Project Management Team
John W. Smith

Marketing Team

Alice Miller
Janice Martin
Phil Garner
Patrick Donald

Calibration: Bernoulli

2 Management > I Product Development Team v |

Resolved/Created Esti es

T
m 17/68 28/84
m 3/22 4128

Adoption
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Aspirational Goals for Integrated Decision Management g8z UObard

EBEEl Decision Research

* Computational Social Science deals with how social
networks influence and spread behavior.

* Social Media uses methods like this to keep you
engaged, but can it also improve your performance
as a decision maker or estimator?
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A Decision Ecosystem £as= Hubbard

EBEEl Decision Research

External Research Model Building

|
= I
Model Performance Empirical Measurements

Individual Past Performance:
calibration, consistency, '

accuracy, speed, etc.

Personal: Fatigue, Stress etc. Individual Aggregated

Estimate Estimates

Physical Environment:
location, time of day, etc.

RISK AWARENESS WEEKS
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Summary s.52 Hulbard

EBEEl Decision Research

Think of Risk Management as a component of a larger decision-
making process.

Getting the most value out of Risk Management may involve
developing the other components of decision making.

One of the first steps is starting to track the performance of SMEs,
decision makers and models. Don’t assume they work.
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=== Holbard

EBEEl Decision Research

Doug Hubbard
Hubbard Decision Research
dwhubbard@hubbardresearch.com

www.hubbardresearch.com

Measure What Matters.
Make Better Decisions.
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