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Doug Gray

e Director of Data Science, Walmart Global Tech

e Responsible for 100s of millions of cost avoidance
at Walmart - every year. Over $1B USD so far.

e Adjunct Professor at Southern Methodist Uni, Texas

e \Winner of Teradata EPIC Award, FICO Decision
Management Innovation Award, Alteryx Best
Business ROl Award (2), Drexel LeBow Analytics50
Award (2), and AGIFORS Operations Best
Innovation Award

e Winner of 2x INFORMS Prize




Who am |?

e Principal at BCG X

e Adjunct Professor at University of Queensland and
Queensland University of Technology

e Member of multiple advisory boards (Fraunhofer
Chalmers Centre, ARM Hub, Burnet Institute, etc.)

e 15+ years of experience building global Al tools

e Author of multiple books: Innovation Tools, Al in
Medicine and Why Data Science Projects Fail:
The Harsh Realities of Implementing Analytics
and Al, without the Hype




Topics

1. Are Al projects really that hard?
2. The shocking truth

3. Analytically Mature vs Analytically
Immature

4. Strategy, Process, People and Tech
5. The deeper insights

6. Conclusion
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The shocking truth

e 80+% of Analytics, Data Science and Al
projects fail

e We are not getting better over time

Even worse:

e Most companies fail 90+% of the time
e Small group fail around 40% of the time

Why?




Analytically mature vs immature

Want to double your Al success? Then grow up.

Company Maturity Level Failure Count by Year

6
== Mature / year

=== |mmature / year

Both / year 2

0 "/f—___’////—_—_q\\\\’#ﬂ#ﬁ\\“’///ﬁnﬂﬁﬂ////

2010 2012 2014 2016 2018 2020 2022




The causes of failure

The four major themes were: 6Fai|ure Theme Count by Year
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The people causes of
failure

1. Lack of the right resources
2. Poor company analytics culture

What to do?

If you don’t have the right people or people
disapprove of an analytics approach, then
don’t even try. Do a data maturity analysis
to align the project goals with the company
capabilities.

Reasons

Lack of the right resources

Leadership has a lack of sufficient knowledge of Al and its
applications

Misaligned or conflicting interests

Poor company analytics culture (e.g. Islands of analytics with
“Excel” culture)

The Old School Mindset - not used to analytics, can’t describe
the problem in right level of detall




The strategic causes
of failure

1. Failing to build the need in the
organization (poor use case, no clear
business value, solution looking for
problem, etc.)

2. Lack of leaderships/upper
management buy in

What to do?

Find those strategically important projects
(check the company strategy in the annual
report) for which data science and business
analytics can help accelerate the strategy.

Reasons

Competing investment priorities

Failing to build the need in the organization (poor use case, no
clear business value, no actionable insights, solution looking for
problem)

Lack of leaderships/upper management buy in

Lack of vision or strategy (or alignment to, poor data maturity)

Lacking data governance upfront (including security, ethics,
etc)

Lacking security & compliance (managing data, regulatory,
etc)

Limited focus rather than company wide

Not clearly measuring success (unclear deliverables, missing
actionable insights)

Not enough effort in vendor analysis

Not identifying business parts with quick wins

Treat as once off rather than on going




Reasons

The process causes Data quality and reliability related issues

Lack of change management

of failure

Lack of upfront or ongoing planning (RACI, lack of PM, etc)

Missed timelines

1. Data quality and reliability related No clear organizational comms plan or poor comms (also not selling the
benefits, poor report/dashboard)

issues
No customer focus and value co-creation (wrong questions, project
. doesn’t match the user’s workflow, etc.)
2. Not setting clear or reasonable No formal fraining
expectations Not having ownership move from IT fo business unit

Not managing open source risks

What to do?

Not planning for many iterations and ongoing usage

Make sure yOU’Ve QOT the fight data to solve Noft setting clear or reasonable expectations
the problem at hand and don’t expect any Not starting small and simple
miracles ifyour data is no good. Once Not supporting rapid growth (scale big quickly)

, . . Not using agile processes for solution delivery
you've allgned the prob'lem WI?h the Silo thinking rather than big picture
strategy, do a data audit and find out where Time wasted on extensive data exploration (or led by)
data is and how gOOd people think it is. Treating it like an IT or software project instead of ML/AI

Vendor issues like: lack of vendor support, vendor hype, bad vendor fit,
etc.




The technology
causes of failure

1. Lacking high quality data- and tool
infrastructure

2. Technical reasons (e.q. inaccurate
predictions, wrong or poor models)

What to do?

Invest in the right types of tools to solve
problems that are known to have solutions
you can implement. Audit the existing tool
sets against the strategic goals and identify
the gaps whilst ensuring the chosen
problem has been solved with these tools.

Reasons

Data projects aren’t discoverable (i.e. the results aren’t easily
findable by users)

Failure to deploy (e.g. underestimate effort, etc)

Lacking high quality data- and tool infrastructure

No established company ontology or single versions of fruth
(also missing systems and standards)

Not sharing data easily (data silos, etc)

Technical reasons (e.g. inaccurate predictions, wrong or poor
models)




Why is this'so hard?

Why do startups fail?
According to Failory 90% of startups falil

Al projects are complex. Take the within 10 years, some reasons why:
complexity of IT and add:

o)
e Advanced mathematics N NEIMEG! 52 e ]
e Significant change management e
: Run out of cash 29% }
e Unreasonable expectations L
Not the right team 23% }
Failure rates remind us of startups. Why? .
Competition 19% }
Pricing/Cost issues 18% }




Why is this
important?

Waste more than $1 trillion
on Al project failures.

Destroy trust in a powerful
decision making tool.
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Artificial intelligence (Al) market size worldwide from 2020 to 2030
(in billion U.S. dollars)

“Artificial Intelligence (Al) is 100 billion US dollars in 2021
[and] is expected to grow twenty fold by 2030, up to
nearly two trillion US dollars.”
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