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Speaker Bio:
James Arrow DRMP FRICS

* Chartered Quantity Surveyor (QS) and professionally certified
project risk practitioner:

» 25+ years Industrial / Commercial Engineering,
Procurement, and Construction (EPC) experience working
with Fortune 500 contractors and Oil & Gas Supermajors

» Delivered projects across a broad range of market sectors
that include oil and gas, mining, power generation,
government operations, aerospace, pharma and IT program
management

* Fellow of the Royal Institution of Chartered Surveyors

* Project-Program Director, Risk Management at LANL, providing
project risk management and executive advisory support.

*  Something you don’t know about me: My interest in diving (sky &
scuba) helped kick-start my interest in Risk Management.
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Agenda

« WHY = The case for change
« Digital Disruption & Revolutionary Change
* NSE Inflection Point & the Need for Evolutionary Change
WHAT - Opportunities for machine-assisted cost prediction
* An Overview of Al, ML & Advanced Analytical Modules
The investment funnel and limitations of “narrow Al”
* Evolving Cost Estimate Methodologies
Conventional Probabilistic Cost Estimate Outputs to better Comprehend Confidence
*  Cost Prediction in the 215t Century & Our Biggest Risk
« HOW - Methodologies for data-driven decision-making
« Evolving Cost Prediction & our Prediction Capability Golden Triangle
* Promoting Risk Data Literacy & Augmented Project Delivery

« Standards Enabling Data-driven Decision-making
« Q&A
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Why (Section 1 of 3):
The NSE at the Inflection Point

» Our new era of geopolitics, deterrence, LANL’s “fourth
age” and the need for Capability Improvement
Planning, ‘Toward a Risk Management Culture”

—
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We live in a transitory world...

The only thing that is certain is change



https://www.pexels.com/@felixmittermeier?utm_content=attributionCopyText&utm_medium=referral&utm_source=pexels
https://www.pexels.com/photo/worms-eyeview-of-green-trees-957024/?utm_content=attributionCopyText&utm_medium=referral&utm_source=pexels

A Brief History of Industrial Progress

M

The
Fourth
Industrial
Revolution

Klaus
Schwab

Founder and Executive Chairman,
World Economic Forum

Industry

Industry 4.0
M In the new world,

v - | % ‘ -
L Industry 3.0
20 M it is not the big
Industry fish which eats
the small fish, it's

10 recfinosten

13
Moe’ﬂ"“"‘m the fast fish which
eats the slow fish

By Clyde Osmer DeLand, Public Domain, hitps:/commons.wikimedia.org/w/index.php?curid=7423701

By unknown artist, Public Domain, https://commons.wikimedia.org/wiki/File:Ford_assembly_line_-_1913.jpg#/media/File:Ford_assembly_line_-_1913.jpg
Klaus Schwab
By S?ence:‘ Ckooper/ r—]OW/n work, C/%g\igggoz'o' Founder and Executive Chairman
tpS: /W ickr.com/photos/spenceyc N | .
%&ﬁ?%mﬂ‘ﬁjps TL.Wp corr)n wvv\v/v Tctworks.org/wp-content/uploads/2019/03/fourth-industry.png?resize=640%2C367&ssl=1 World Economic Forum

Reproduced under the Fair Use doctrine
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“Toward a Risk Management Culture”

° “According to Darwin’s Origin of Species, it is
not the most intellectual of the species that
survives; it is not the strongest that survives;

e ighiy o, “ Stisty, Con; - ns ’”agnnﬁ sy Clirrgny
but the species [...] that is able best to adapt “ e iy o g s e
. . . . N, eag V515 e Y, o e S onta = minlmiszllp
and adjust to the changing environment in et e e e s o %
which it finds itself. G P

- Megginson, ‘Lessons from Europe for American Business’, Southwestern Social Singe . ! com 270, Wouig ! ey S ang
Science Quarterly (1963) 44(1): 3-13, at p. 4. o Dentt 30 Oy WS e 1L 08 a2 0 fogy,

» Cost compliance and risk
elimination must give way to:
— innovation,
— maximized risk awareness and
— optimized risk tolerance.

Research
‘:L)?:c\:‘:‘nvona\ \aboratory
O ocurty and Intet

pational stwdies

nal
tory
Los Alamos National Labora!

october 2023

Source: LLNL.GOV https://cgsr.linl.gov/content/assets/docs/CGSR-Inflection-

Los Alamos OP-FullBook-10-04-2023-v4-Web.pdf (accessed DEC 12, 2023)
NATIONAL LABORATORY




What (Section 2 of 3):
Opportunities For Machine-
assisted Cost Prediction

* An overview of Al, ML & Advanced Analytical
Modules

« Al and the investment funnel

» Federal best practice for comprehending confidence
* From deterministic to probabilistic cost estimates

» Cost prediction in the 215t century

» Our biggest risk

AAAAAAAAAAAAAAAAA




Al & ML — What’s the Difference?

Al concept: building machines that are Machine Learning (ML) represents the
capable of thinking like humans current state-of-the art in the wider field of Al

By Unknown Artist - CCO Public Domain, Image courtesy of Booz Allen Hamilton
http://maxpixel.freegreatpicture.com/Processing-Artificial-Brain-Intelligence-Circuit-1845944

Source: The Complete Beginners' Guide to Artificial Intelligence, Forbes, 2017
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Advanced Analytical Modules

The case for Secondary Modelling & employing Data Science methodologies

* No single model holds the answer to a question.

« Using the conventional, probabilistic analysis of project
outcomes as a Primary Model, project professionals
must embrace unconventional data streams and
advanced analytical techniques to develop Secondary
Modelling to:

+ Corroborate initial uncertainty ranging

+ Validate preliminary risk analysis results

* Predict outcomes given current performance

* Optimize outcomes with given current resources

Pouring relevant risk
artifacts, structured and -
unstructured, into a Data 0

Lake enables organizations 5 4 W
to discover new connections [l

and patterns.

S S e

Image courtesy of Booz Allen Hamilton

STEPI

Label

“CATS” <

Provide the machine learning alﬁnrithm categorized or
“labeled” input and output

STEP2

ata from to learn

STEP|

Provide the machine leaming algorithm uncate|
unlabeled input data to see what patterns it

How Supervised Machine Learning Works

Feed the machine new, unlabeled information to sea if it tags
new data appropriately. If not, continue refining the algorithm

STEP2
orized, Observe and learn from the

gmds patterns the machine identifies

— /Ef/ u / -. -.swlugll;snuu
@ —

/ SIMILAR GROUI

A {@) MACHINE MACHINE

TYPES OF PROBLEMS TO WHICH IT’S SUITED

CLUSTERING

ANOMALY DETECTION

Identifying similarities in groups o : | Identifying abnormalities in data

For Example: Are there patterns in

+ \I
| ++ ® the data to indicate certain patients — our network?
U 4 ”® will respond better to this treatment
than athers? A

For Example: |5 5 hacker intruding in

"0 LOS AICIITIOS Source: The Machine Intelligence Primer, https://www.boozallen.com/s/insight/thought-leadership/the-machine-intelligence-primer.html
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https://www.boozallen.com/s/insight/thought-leadership/the-machine-intelligence-primer.html

Al & the Investment Funnel

Guarding against the limitations of Narrow Al
Concept Feasibilit Definition Execution Operations Closeout
Selection easibility (F=1=0))] [(LEIELY) (Sustainment) (Decomm)
|

Scored /
Ranked |
Opportunities @

* Due the limitations of Narrow . =
Al, human oversight is a critical -
element of any Al solution.

- An appreciation for existing
convention, and how cost data can .
be used to feedback and inform

stage gate decisions,_ wiII_ help
guard against hallucinations Time

* Augmented decision-making,
employed at each stage gate,
can help raise decision quality,
reduce risk exposure and help
deliver increasingly
predICtabIe OUtcomeS Graphic attributed to author

_ Augmented Augmented
‘tg Los Alamos Feasibility Analysis Project Delivery

NATIONAL LABORATORY

o
(
(

|
|
|
|
|
|
| - |
|
1
|
1
|
'

v-————-l-———————




Federal Best Practices for Credible Cost Estimating

e

Chapter 3: The Charsoterisfics of Credible
ol Estimates and a Reliable Process far
Creating Them

“maaring that it wil be continually updated as actual costs begin to

Teplace the original estimates. This step links cost estimating with actual
e o obtained from data that are collected by an EVM system
Eamining the reasons for variances between e estimate and the final
o alows for lessons fearned and an assessmert of the effects of risk. It
Sloo provides valuabe information for strengfhening the credibility of
Toture cost estimates by allowing for continuous PrOcecs improvement

e 8 shows the cost astimatng process and the related 12 cost
s 19! g pr
Ga0s resea(ch e docume estimating steps
renensive:
The Four ‘:l[‘r‘\‘“)'{‘zes the nek of ms‘rei\ecnh Ure 5: The Cost Estimating Process
Charac;eﬂst\cﬁ ofa suing cost ostimates e 5: The amatng
B L e cost estimd A
Reliable Cos ComprehensiVe 0% e s et o ascessment steps are feratve (il 02 e, [ ocumeniston sna presentation make o
st reflect the current SCT o are estimating, and why i i varying Tomorangeofte [loresk a costestmatg ‘dscasion outcome
Estimate it sufficient 42 e uingliwe  order or concurndy it
ructored WIS double- 12t tmest mpatiance oo decrn maket
Soermie | léety
Defire The grount
5 e | S o —
e | "G | ssvureions ey o || e
manoquee: e
e | Dot esime skt e || et |7 o
e i ey mass
Al ey

res;l o gach cost 218 R pre— [ ————E—
Accurate shelen rifly, the siaps n fhe cost estimating process ae
Hament using 1€ bes i
esmates ae ﬁ.\?‘m\( 1 Define the estimate’s purpose: the purpose of the cost estimate is
S derjng maAneTC dotermined by its intended use-
li an - -
Vﬂ“a‘m‘;‘f’ § mistakes 2 Develop the estimating plan’ the plan is the
et cost estmatet D of ine estimating team and the schedule for conducting the
e
ty, they @ estimate.
rogram Finally.
Panges in the P e 3. Define the progrant a technical baseline description identifies
costs 312 ented: adequate technical and programmatic information on which to base
" stimate the estimate.
Credibte cost &5
93¢ analysis, including 4n¢ 4. Determine the estimating structure: 2 product-oriented work
GAO-20193C ?sumpti The eft““.‘{ breakdown struciure defines in dotail the work necessary to mest
Aarch 2020 gerermine ! 59“";"“0 program objectives.
olude a 1Sk B 5 deniify ground rules and assumptions: estabish (b estimate’s
confidence & boundanes using a common set of standards and judgments about
past, present, o future conditions.
pagedt

Page34 5A0.20-1956 CostEstimating and Assessment Guide

_'(__-

1% Los Alamos

NATIONAL LABORATORY

For our cost estimates to be
cons.ldered credible, GAO
requires us to conduct risk and
uncertainty analysis.

We hgve an opportunity to use
machines to better
comprehend confidence in our
estimates and cost forecasts.



Evolving Project Controls

From Deterministic to Probabilistic Cost Estimates

= * Probabilistic risk analysis, particularly = In Project Controls, Dynamic Probabilistic models
Integrated Cost & Schedule Risk Analysis typically utilize three-point estimates as inputs and
(ICSRA) is widely recognized as best practice these are applied in one of two ways:
today
A: Continuous Uncertainty B: Discontinuous Uncertainty
(aka General Estimate Uncertainty) (aka Discrete Risk Event)
2
3 Uncertainty tied to conditions that Uncertainty tied to discrete events
_§ I Il are 100% likely that are less than 100% likely.
& (e.g., assumptions within the underlying
8_ Cost &/or Schedule Basis).
>
|_
g Opt ML Pess <100% X Opt ML Pess
c ) G
- O c c
5 g g
c % (] (] g g
‘€ (U U i i
]
©
(a]
Static Dynamic
System Type i t

1% Los Alamos

NATIONAL LABORATORY



Conventional Probabilistic Cost Estimate Outputs

Estimating simple Cost Forecast Confidence

Cost of: 00 - FPSO PROJECT (demo) Information

 Contingency will depend on the

; ) \ ) [ Set Target [ ] Lock X Axis Histogram Bar Width :
company’s or project's required

Deterministic 3,809,992

Probability 0%

100% 4,562,730

Confidence Level or Risk Appetite “ o
(sometimes set at P50, P70 or, for o
example, P80 as shown here). w0

Maximum 4,562,730
Mean 4,049,500

413290

* In some cases, a Management
Reserve may be withheld at P90. The
delta, from P80 to P90 in this example,

120 Median 2034813
70% 4,101,075 Standard Deviation 107,768
Skew 07

Kurtosis 09

is typically intended to account for Upocm o
uncertainty outside the team’s control. B |
E Activities 252

40% 4,007,624 Risks 24

con-fi-dence in-ter-val
/'kénfad(a)ns ‘in(t)arval/

noun STATISTICS

Legend

@ Histogram
[— Cumulative Fi
¥— ic
Deterministic - P80
[¥— P30

a range of values so defined that there is a specified
probability that the value of a parameter lies within it.

At the 80% confidence interval, our project will cost
between $3.9MM & $4.2MM or +3% to +10%. 0

3,900,000 4,000,000 4,100,000 4,200,000 4,300,000 4,400,000 4,500,000

1% Los Alamos
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Data, Judgement & Cost Prediction in the 215t Century

The ongoing need for Domain Expertise & Data Curation

Figure 1. The Strategic Context of Decision-Making in Military Organizations

pGlItICEI| 8{ . . . . . Z“-“""""“"-“"“"J
) strategic institutions & machine ! ) '
technological _ i : robotics :
environment preferences learning | :

context

complements substitutes
I ] A :
[ 1 ¢ .
~ . —
data ‘ ‘ judgment prediction action
L £ — """"".'"?ﬁ'"""""'l
decklﬁ' fon automation context ‘ fesdlback
making
¥
automation
. PR potential
human-machine division of labor ]
dicigion !
strategic inf ) L
implications information organlzatlon
increasing scope and increasing diffusion of
scale of intelligence camplex judgment calls
and cyber contests and moral dilemmas
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"The ability of a machine to perceive, evaluate,
and act more quickly and accurately than a human
represents a competitive advantage in any field—
civilian or military. Al technologies will be a source
of enormous power for the companies and
countries that harness them.' A lack of clarity over
basic concepts, however, complicates an
assessment of the security implications of Al."

Reference: Avi Goldfarb and Jon R. Lindsay, “Prediction and Judgment, Why Atrtificial Intelligence Increases
the Importance of Humans in War", MIT Press, 2023

« Data curation, in support of key decision-
makers, is arguably our most important task
today.



Cognitive lllusion & Our Biggest Risk

Cost Estimating, Underestimating Risk and the evolving influence of Behavioral Science

. Recent advances in behavioral

g Political
i i . o Bias
science make one thing clear: 8
ESTSELLER E
(13 H M M ” -
— “Your biggest risk is you THINKIN E
Flyvbjerg et al., 2018. Five Things You Should Know ‘ G > E Ontiml
about Cost Overrun Se—— o e
_ _ _ FAST AND S\LOW i Bias
— When calculating contingency, data-driven, \
evidence-based estimates should be used in o — Political and Organizational Pressures
place of gut-based intuition. R— EXAMPLE Cont R Distition e Example Cost Overun Boplot
DA N I i 100%  gB%| ook e -
— Two systems drive the way we think: EL e [
85% 368% Bao% 2208
0% 303 —
— System 1 - fast, intuitive, effortless & emotional KAHN EMAN ?35 iiig
— System 2 - slow, deliberate, effortful & logical e e v o

ss%|  143% 3 oy
st 2%
4% 3% 2

- Muller-Lyer optical illusion:

17.8%
| 68% 0%
3% 4s% s B
3% 18%
% o5 e ast

Image reproduced under Fair Use doctrine “: ":: %

15 3
ok 6%

\ / S: '7‘°: e Level o Certainty (Prslue) B %0t Oremn
o 26

Reference: Transportation Research Part A: Policy and Practice, vol. 118, December 2018, pp. 174-190)
Retrieved March 23, 2021, from https://www.sciencedirect.com/science/article/abs/pii/S0965856418309157 ?via%3Dihub

Reference: Quantitative Cost and Schedule Risk Analysis of Nuclear Waste Storage - Swiss Energy, DEC 2018, Oxford Global Projects
https://www.researchgate.net/publication/330776007_Quantitative Cost_and_Schedule_Risk_Analysis_of Nuclear Waste_ Storage (accessed 12-JAN-22)

Reference: D. T. Hulett Ph.D. FACCE & J. Arrow DRMP FRICS, “RISK-3822 Principles for Quantitative Risk Management", in AACE International Technical Paper, Morgantown, WV, 2022
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https://www.researchgate.net/publication/330776007_Quantitative_Cost_and_Schedule_Risk_Analysis_of_Nuclear_Waste_Storage
https://www.sciencedirect.com/science/article/abs/pii/S0965856418309157?via%3Dihub

How (Section 3 of 3):
Methodologies for Data-driven
Decision-making

Evolving cost prediction capability

The cost prediction capability golden triangle
Promoting risk data literacy

Augmented Project Delivery Value Model

Secondary modelling & tools for enabling an
Outside View

The ABC of Reference Class Forecasting (and
acknowledging Regression to the Tail)

Al in Action (use case example; prediction vs
mitigation)

Standards enabling data-driven decision-making

1% Los Alamos
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Evolving Cost Prediction Capability

Characteristics:

1. Naive — Pre-determined
contingency levels.
2. Ad-hoc — One or more

assessments using Sustained with Conventional Dollar & Day Inputs

external experts.

3. Descriptive — Frequent,
centralized analyses
utilizing standardized

inputs. —0
4. Dynamic — Monthly _ﬁ N\

analyses, updated using '\

Big Data derived from o N\

conventional and I_ )

unconventional streams. )@ 2: Ad-hoc
5. Adaptive — Near real-

time analyses utilizing
Fast Data streams from
across the risk ecosystem.

1: Naive

”
”,

3: Descriptive

Sustained with Conventional & Unconventional Data Streams \
C[}

C 5: Adaptive

4: Dynamic

TCMA
(Total Cost Management Analytics

Graphic attributed to author Icons: AbobeStock 278400694

Y
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https://documentcloud.adobe.com/link/review?uri=urn:aaid:scds:US:8a31b44f-a3de-4ee8-8df8-3c33671f9e2d

The Cost Prediction Capability Golden Triangle

- Best outcomes achieved via an optimal balance
between People, Process & Technology:

- Benefit attributes (within
center triangle)

Collaborative
Adaptability

Prediction

o Capability .

&, g

5 %.2,  Enablers S
22% T

e

/ TECHNOLOGY \

Reference: D. T. Hulett Ph.D. FACCE & J. Arrow DRMP FRICS, “RISK-3822 Principles for Quantitative Risk Management", in AACE
International Technical Paper, Morgantown, WV, 2022

1% Los Alamos
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Strategies to optimize team performance can be
framed in terms of people, process and technology:

- People

= Risk Management Culture -- We have a responsibility to
manage “uncertainty that matters” within our sphere of
influence and recognize the value in curating risk data,
throughout project delivery lifecycle.

= Data Literacy -- We actively develop our ability to analyze
probable outcomes, learn from past experience and
deliver increasingly predictable results.

Process

= Data Standards -- We employ data standards that ensure
good data quality and timely development of minimally
viable metrics to facilitate data-driven decision-making.

= Portfolio Risk Management -- We ensure the efficient
allocation of resources, both by accurately quantifying risk
and by providing resilience against business-as-usual
threats, at an enterprise level.

Technology

= Advanced Analytics -- We seek to employ technologies
that utilize diverse data sources, facilitate inductive
reasoning and reveal, conventionally hidden, opportunities
to leverage actionable insight.



Promoting Risk Data Literacy

*  We don’t know exactly what will happen but, with the right
data, the likelihood of future events can be calculated.

* Numerical forecasting is one of the greatest intellectual
achievements of the past century.

+ Aten-day weather forecast today, is as accurate as a
three-day forecast was ten years ago.

+ Team-wide data literacy better facilitates probabilistic
controls.

* Probabilistic project controls enable ever-improving
prediction accuracy.

+ Probability theory and the scientific method can help
minimize bias and avoid the underestimation of risk.

» Arisk-based competitive advantage can be secure by
achieved via an optimal balance between People, Process
& Technology

Image Credit & License; By Matéj Batha (Own work) [CC BY-SA 2.5
(https://creativecommons.org/licenses/by-sa/2.5 )], via Wikimedia Commons
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Value Model for Augmented Project Delivery

Developing Processes and Standards for Analyzing Relevant Risk Signals

Feedback mechanisms for
improving predictability...

COTF\]/SB?SO.nal Data Science SERCEE
e.g. % Complete, Data Quality Capability
CPI & SPI

Performance
Metrics

Advanced Data
Data Analysis Augmented

Management e.g. Predictive EAC / Forecast Incre§35|ng|y
Analytics Predictable

Project
Outcomes

Data Curation

Hardware /
Software
Configuration

Exploratory
Measurements

Stakeholder Proprietary KPI —
Expectations & KRI Metrics . Primary or dependent variable

I - Driving forces

l . Area for research / site collaboration

Knowledge Management Feedback Loop

-
‘tq LOS AICImOS Source: Arrow, J., “RISK-2926, Project Controls & Data Analytics in the era of Industry 4.0”, AACE International 2018
-
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Technologies for Secondary Modelling

Tools for enabling an Outside View

KEPIBML PO0 N ”——-—'—'—__—:_—\\\
! Quantity - - T ==~
Uncertainty |4 — PRt ==
x 5,000 - - //—~:s
t iterations 2 -~ '
\_ ) i N
* / / ,:: P10 ML PO i
P D\ /7y Duration
o P30 o / / Uncertainty
: Productivity Y/ X 5.000
Uncertainty / . iterations
x 5,000 J
_ t iterations ) // ‘
!} @ N/ sRa
(olmom o _ Schedule Risk Analysis
Unit Cost =
Rate U _7
Uncertainty : I~ :
- t| " . ﬁ n
K ;.-l r o II.Il--.._ __l' .

¥

4

CONVENTIONAL

Data Streams
(Primary Modelling)

Quantitative
Risk
Man agem ent
(Frequent reconciliation of

strategic and tactical
analyses)

ICSRA

Integrated Cost & Schedule
Risk Analysis

Time dependent & time independent cost uncertainty
Graphic attributed to Arrow blend
Icons: AbobeStock 278400694
Other images reproduced under the Fair Use doctrine

UNCONVENTIONAL

Data Streams
(Secondary &/or Ensemble Modelling)

) aconex

[am—

-2 [&

ALICE

® TECHNOLOGIES

N

EEE A
%mu)\ \J‘j AUTODESK.

ZEBRA

°F &% Rombit

INDUS. Al

CONSTRUCTION INTELLIGENCE

Reference: D. T. Hulett Ph.D. FACCE & J. Arrow DRMP FRICS, “RISK-3822 Principles for Quantitative Risk Management", in AACE International Technical Paper,
Morgantown, WV, 2022

1% Los Alamos

NATIONAL LABORATORY



https://documentcloud.adobe.com/link/review?uri=urn:aaid:scds:US:8a31b44f-a3de-4ee8-8df8-3c33671f9e2d

Narrow Results & The ABC of RCF

Regression to the Tail & steps for establishing an Outside View

Reference Class Forecasting
(RCF) is comprised of three
steps:

A. Assemble a reference class of
past, similar projects (while
avoiding uniqueness bias!)

B. Establish the cumulative
probability of outcomes under
review

C. Adjust the original estimate
(inside view) by comparing the
project under analysis with the
reference class (outside view)

9 Recommendations to account for
bias need to align with the
organization’s risk appetite (defined
within the risk policy)

1% Los Alamos
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Promoter's

Forecast Regresses best guess toward
average of the reference class
Inside
View Expands estimate of interval

to interval of the reference class

Outside
View
Reference

I EN

Flyvbjerg, B. (2009). Survival of the unfittest: Why the worst infrastructure gets built—and what we can do about it. Oxford Review of Economic
Policy, 25(3), 344-367. Retrieved April 8, 2021, from http://www.jstor.org/stable/23607068



https://eur01.safelinks.protection.outlook.com/?url=http%3A%2F%2Fwww.jstor.org%2Fstable%2F23607068&data=04%7C01%7Cjames.arrow%40total.com%7C43cadb8ad53a43cf8b0208d8faccde4c%7C329e91b0e21f48fba071456717ecc28e%7C0%7C0%7C637535105108256204%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C1000&sdata=kQ4YcInUd8og9EgTgKucKYQPgFK9jhD3yFqeKu1yYvg%3D&reserved=0

Al-driven Project Supervision System (PSS)

» “Senior managers lack the daily and deep
involvement in their projects. They need the
right monitoring tools and early-warning
systems to help them in their supervision.”

» One of the key challenges is, “the sensitivity to
timescales in taking corrective action.”

« Al (artificial intelligence) can play a part in
accurately predicting project outcomes and
proactively ID when a project is going off track,
allowing early intervention.

+ “Al needs only a very small amount of data
to make good predictions”.

* The algo only knew cashflow & project
type. “Adding more data in the future will
certainly improve the accuracy.”

* On average, forecasted outturn cost was
within +8%.

[ LOS AICImos Ref.: Flyvbjerg, Bent, et al. “Al in Action: How the Hong Kong Development Bureau Built the PSS, an Early-Warning-Sign System for Public
‘;9 NATIONAL LABORATORY Works Projects.” Papers.ssrn.com, 17 Aug. 2022, papers.ssrn.com/sol3/papers.cfm?abstract_id=4192906 . Accessed 15 Dec. 2022.



Standards enabling Data-Driven Decision-Making

Standards enabling
effective Risk Data exchange . RD = DA Requirements Definition
. DP = PA Delivery Planning
FA = NNSA Funding Approval
OP = Surveillance Operations
RIDM = Risk-informed Decision-making
CPRM = Continual Project Risk Management
)
n
o
O Ability to
- Influence
) Cost
= o = = COStOf
L Change
L LU ]
Delivery Effort
W
--__---- EEEEEEERER SMART
I ANRERNE, ““ANREEET Delivery Effort
Time

RD DP FA OP

Adapted from llozor & Kelly, CC BY-NC-ND 4.0
https://bit.ly/2Gyiol5 & MacLeamy.com, accessed 10/JAN/22
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Summary
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Conclusion

The virtues of a Risk-based Kaizen philosophy

« Mathematical probability can help us
better predict project outcome.

« Data is not someone else’s job; raising
your level of Data Literacy is crucial if
we are to unlock the full potential of data in
our industry.

« Acontinual improvement program can
deliver risk-based competitive advantage.

Hucﬂggoﬁeﬁﬁsd - Al won’t replace Project Professionals

but Project Professionals who use Al
will replace those who don’t.
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Follow-up questions
or other feedback:
jearrow@lanl.gov
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