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Most of us struggle to get our models deployed

What proportion of your models are deployed into production?

Type of Model Percent of Models Being Deployed

Existing Inititiaves Not Many (0-20%)

Some (21%- 40%) 125 Only a third of us have high success, even
with existing initiatives

About Half (41% - 60%)
Most (61% - 80%)

Almost All {80% & Above)

Rexler Analytics looked at this data

Mew Initiatives Nat Many (0-20%) different ways and this seems to be
some (A the story everywhere: big & small

companies, new and experienced
Most. (61% - 80%) e analysts; everyone is struggling.

Almost All (80% & Above)

Revolutionary Initiatives Mot Many (0-20%)
Some (21% - 40%)

About Half (41% - 60%)

Almost half of us struggle to get anything
we consider revolutionary out the door

Most (61% - 80%)

Almost All {80% & Above)

15% 20% 25% 30% 35% 40% 45% 50%
Percent of Respondents #*

Source: Rexer Analytics 2023 Data Science Survey presented at Machine Learning Week in June 2023



Stakeholders want proven value above all else

How do you typically measure the success of your analytice projects? (Select One)

Model Performance/Accuracy
mproved Efficiency

~ Retunoninvestment [N
Revenue Growth
Froduced Mew Business Insights
ncreased Customer Satisfaction
mproved Quality of Product/Service
Feduced Costs
ncreased Sales
Customer Service Improvements
Produced new scientific Insights
Results were published
Head count reduction

0% S 10% 15%

[~
=
e
(=]

25% 30% 35% 40% 45% S50% 5G% 0%

[+]

Percent of Respondents =



Why am | having a higher rate of

. FOUNDERS
success? 'E_h ] q
v— _ ___ EXPERTPQJQ

A Global Tech Startup Pre-Accelerator ~ “*'*

« Shortly after launching my career in data

science, | founded an analytics SaaS tQChStars_

* |'ve been learning to work with
stakeholders while simultaneously learning y Where you learn how o approach big, . Y
u problems +—)

how to pitch to investors and build a o L 4
Minimum Viable Product (MVP)

* | realized I’ve been using a similar MVP

Jdynatrace < skinit

approach to data projects LOb NIXON 4 Q><

* |'ve spent much of my career as an @ FORWARD ADTALEM
outside consultant, which means I'm WHSTT RPN e, oo
constantly “pitching” and “bootstrapping” ot & 4Jeox\

PENNYMAC




Founder Mindset:

Work the problem!

Do things that don't scale!
Show, don't tell!

Build, don’t buy!

Lean into your failures!

Ask your advisors!

Just like investors, your
stakeholders want to know there is
a big upside for their investment
(ROI).

They also want to mitigate risk by

seeing traction and an ambitious
but well-thought out solution.

They also likely have a lot of
projects and teams competing for
their resources.




Founder Mindset:

G Work the problem! « (et access to the data in
whatever state it exists now and

get messy.

You need a lot of data to work a

problem, but not necessarily to
solve the problem.

When you get stuck, try a
placeholder or whatever duct
tape you need to keep going.




Founder Mindset:

» Being too scale focused can
deter you from solving big,
. : meaningful problems.
© Do things that don't scale! P
Be scale-aware with your
prototype/MVP, but not scale
focused

How many end users/use cases
could you serve with the current
MVP? What are the scale trade
offs?




Founder Mindset:

e Show, don't tell!

People don’t necessarily buy
the best products, they buy
what they understand.

| walk people through my KNIME
workflows

Put a user interface on it!

Watch the user drive. Let them
change inputs and see different
scenarios, let them interact in
some way with the model.




Founder Mindset:

« Even if considering a 3" party
vendor, | still recommend
building a light MVP.

Vendors over sell capabilities
and underestimate
onboarding.

@ Build, don’t buy!

A working use case can inform a
better POC, speed up QA and
be clear on requirements.




Founder Mindset:

o 82% of founders fail the first time
around.

« Repeat Founders raise more

money and have higher rates
of success.

© Lean into your failures!




FOU nder Mi ndset: * One of the first things you do

as a founder is identify a
group of advisors from
diverse expertise.

« Advisors are an optional
sounding board, not an
accountability board.

These are helpful to have within
the company and as external

_ ' mentors (keeping an eye on




How KNIME Supports Founder Mindset

To be replaced by in progress data center
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How KNIME Supports Founder Mindset

To be replaced by in progress data center
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How KNIME Supports Founder Mindset

To be
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How KNIME Supports Founder Mindset

To be replaced by in progress data center Show domain stakeholders
detailed aspects as needed
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How KNIME Supports Founder Mindset

To be replaced by in progress data centar
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How KNIME Supports Founder Mindset

Prod Model Ping Slack

B

Score sent to SFDC Mode 1319

Easily deploy

If client doesn’t use KNIME, | eventually transition

the model requirements to preferred data team/structure




Pitch Your Model Like a Founder:

The Problem:

The Upside:
Solution:
Team:

Traction:

Alternatives/ Competition:

How will it Scale:

What’s the Investment Need:

What's the big, ambitious problem you are solving? What's the
end user pain point?

What'’s solving this worth in $$$

Focus on user benefits, not features.

Do you have the right people on this? Show them off!
Who's using it now? What’s it worth to them?

What other solutions are feasible? How is this better?
How big or fast can it be?

What resources to do you need to get there?



MVP Approach

Marketing Attribution Use Case:

Built V1 within 30 days; Iterated V2 in 90 days

|dentified issues to be solved in underlying
data, but didn’t slow progress (solved them in
KNIME)

Because key stakeholders involved in
methodology, able to explain and advocate

V1 Adopted by C-Suite; ROI delivered
Aligns with SSOT mindset

No incremental cost; using existing resources
Some scale issues with real-time, but real-time
not a required use case

Solving all user pain points, but no “bells and
whistles;” building only as requested

Onboarding 9+ months

Underlying data issues had to be solved or
accepted

Only a few organizational experts, lack of trust

Not adopted by leadership, ROI not delivered
Out of step with SSOT

Incremental costs and long-term contracts

No scale issues

Many out-of-the-box features that don'’t solve
stakeholder pain points; required custom build
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