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Artificial Intelligence Adoption in
the Enterprise

Introduction

In two recent surveys, we identified trends for “The State of
Machine Learning Adoption in the Enterprise” and for “Evolving
Data Infrastructure”, with the latter looking especially at use of pub-
lic clouds.

We know companies are taking advantage of artificial intelligence
(AI), but we wanted to drill down on the details of how they are
planning and prioritizing this work. For example, what’s the outlook
for how AI adoption patterns might change over the course of the
next year?

In this survey, we asked respondents to identify the verticals for
their organizations and also to indicate the stage of maturity. In
other words, to what extent do organizations have revenue-bearing
AT projects in production? We use those two variables for segment-
ing responses.

This survey includes nine additional questions. At a high level, we
asked about budgets for AI projects, what kinds of AI technologies
and data are being used, which functional parts of the company ben-
efit from these projects, and what main bottlenecks are preventing
further AI adoption. Looking into more detailed questions, we
asked about the biggest skills gaps related to AI, which risks they
check in machine learning models, and what tools are being used.



https://oreil.ly/2C2WA8y
https://oreil.ly/2C2WA8y
https://www.oreilly.com/data/free/evolving-data-infrastructure.csp
https://www.oreilly.com/data/free/evolving-data-infrastructure.csp

Notable findings from the survey include the following:

Eighty-one percent of respondents work for organizations that
already use Al

More than 60% of respondents work for organizations planning
to spend at least 5% of their IT budget (over the next 12 months
on AI). One-fifth (19%) work for organizations planning to
spend a significant portion—at least 20%—of their IT budget on
AL

The level of spending depends on the maturity of an organiza-
tion. Those with a mature practice plan to spend on Al at a
much higher rate than less-mature companies. Looking at the
lack of investment in AI anticipated in the laggards, we expect
the gap between leaders and laggards will widen.

“Lack of data” and a “lack of skilled people” remain key factors
that slow down AI adoption within many organizations. Two
other common obstacles pertain to organizational challenges:
23% cited “company culture” and 17% cited “difficulties identi-
fying use cases.”

More than half of all respondents signaled that their organiza-
tions were in need of machine learning experts and data scien-
tists. Close to half (47%) cited the need for people who can
identify use cases that lend themselves to Al solutions.

Half of all respondents belonged to organizations that used Al
for R&D projects, and one-third used it for customer service or
IT. We also found that companies are applying Al in functional
areas in which they likely have existing analytic applications.
For example, about half (45%) of respondents from the technol-
ogy industry report Al projects in IT. Respondents from finance
report higher rates for customer service and finance/account-
ing, whereas 70% of all respondents from the health sector sig-
naled that they were using AI for R&D projects.

Respondents who already use reinforcement learning are begin-
ning to build AI systems in some of the application areas for
reinforcement learning that we listed in 2017: customer service;
operations, facilities, and fleet management; finance; and mar-
keting, advertising, and PR.

More than half reported that they were already using deep
learning, more than one-quarter (28%) use knowledge graphs/
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base, and more than one-fifth are using reinforcement learning.
We found that more than one-third of all respondents (35%) are
already using images and video in their AI systems.

Although we found that more than half (53%) of all respondents
who are already using deep learning use it for computer vision
applications (images, video), a lot more are using it for “enter-
prise data”—86% use it for structured data, and 69% use it for
text.

Our survey results confirm a strong interest in several impor-
tant issues that go beyond optimizing business metrics: close to
half (45%) check for model transparency and interpretability,
41% check for fairness and bias, and one-third are checking that
their Al systems are reliable and safe.

In our 2018 survey, which focused on deep learning, we found
the top three deep learning tools to be TensorFlow (used by 61%
of all respondents), Keras (25%), and PyTorch (20%). This year,
we report a higher rate of usage for Keras (34%) and PyTorch
(29%).

Modern data science platforms include features that can
improve productivity, enable experimentation, and enhance col-
laboration. We found close to half of all respondents want to
incorporate tools for model visualization (particularly useful for
deep learning) and “AutoML” (model and hyperparameter
search), and about one-third want better tools for tracking data
lineage.

For this report, we aren’t making a strong distinction
between Al and machine learning, so we use the two
interchangeably. Except for knowledge graphs, most of

the technologies we cover are forms of machine
learning.

Survey Respondents

The survey ran for a few weeks, closing in mid-November 2018; we
received more than 1,300 responses.

Throughout the survey, we compared responses across three major
industry groups for which we had a sizable number of respondents
(Figure 1-1):
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o Technology = computers, electronics, technology

« Finance = financial services

e Health = healthcare, life sciences

Which industry do you perform most of your work in? (Select one.)

Computers, Electronics, Technology
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Healthcare, Life Sciences

Education

Telecommunicstions

Media and Entertainment

Public Sector / Government
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Figure 1-1. Industry for respondents

For the remainder of this report, we also adopt the following termi-
nology to describe cohorts from our survey:

Not yet using AI
Respondents who work for organizations that are not using any
Al projects yet; however, they answered based on how they
would aspire to approach Al projects (for example, projected
budget levels).

Evaluation stage
Respondents who work for organizations that so far have been
limited to trial evaluations and “proof of concept” (PoC).

Mature practice
Respondents who work for organizations that have revenue-

bearing Al projects in production.

As Figure 1-2 shows, more than half of respondents work for organ-
izations that are evaluating Al technologies, more than a quarter
(27%) have revenue-bearing AI projects in production, and one-
fifth (20%) are not yet using AL
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What is the stage of Al adoption in your organization? (Select one.)

9% of all survey respondents

Not yet using Al _19%

Figure 1-2. Stage of maturity for AI adoption

Maturity varies by industry: only one-tenth (11%) of those who
work in finance belong to organizations that have not yet used Al
(Figure 1-3), compared to 29% in the public sector. In contrast, one-
third (30%) of those who work in finance describe having a mature
Al practice, compared to 16% from the public sector who describe
their organizations as having a mature practice.

What is the stage of Al adoption in your organization? (Select one.)

% of all respondents from given industry

Computers, Electronics, Technology I, - = 4
I
Financial Services I N (1
1
| B B Mature practice
Education s W Evaluation stage
e i SR W ot yet using Al

Healthcare, Life Sciernces S - %
Telecommunications
Media and Entertainment

Puiblic Sector / Government R 5

Figure 1-3. Industry, by stage of maturity

Investing in Al

We wanted to gauge the level of investment in Al over the near-
term. As shown in Figure 1-4, we found that more than 60% plan-
ned to spend at least 5% of their IT budget toward Al, including a
fifth (19%) who plan to spend more than 20% of their budget.
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During the next 12 months, how much of your IT budget do you expect to commit to Al
projects? (Select one.)

% of all survey respondents
19%

above 20%

10-200%

5-10%

0-5%

Figure 1-4. Budget allocation over the next year

The level of spending depends on the maturity of an organization.
To the extent that Al solutions are deployed wisely, the gap between
those with mature practices and those who have yet to adopt AI will
continue to widen over the next 12 months, as demonstrated in
Figure 1-5.

During the next 12 months, how much of your IT budget do you expect to commit to Al
projects? (Select one.)

% of all respondents at a given maturity stage
. ______________Lki]
2%

Mature practice . |—— -5
L JE

13% W above 20%

| ] -

Evaluation stage | B 2% [ 10-20%
1 - - 2
N - - M 5-10%

W 0-5%
Bix
Natyet using Al pe— i
B0%

Figure 1-5. Budget, by stage of maturity

Looking at investment plans across several industries (Figure 1-6),
the technology, health, and retail sectors are planning to invest most
aggressively in Al, whereas the public sector is planning to invest the
least.
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During the next 12 months, how much of your IT budget do you expect to commit ta Al

projects? (Select one.)
_PhamolBdgt DtowN 0 SWM0N0W  elaOW  Abowa0N
‘Computers, Electronics, Technology .29% .2‘)% .21% .28%
Financial Services [J41% 0 B B
education [0 s | Nk |
Hualthzars, o Scances 219 | | | C2d
Telecommunications. -dﬁ% -341% '15% ISW
Madia and entestainment  [JI47% | P | B | 57
public sector / Gevernment [J57% | B fiow Jas
manufactoring [IRa% | g fros B
reras [ll2sn | EEN B3 s
tnerey 7 | PEL] B Wz

Percantage of respondents from a given industry (wheo selected given option)

Figure 1-6. Budget, by industry

What Is Holding Back Adoption of Al

Conversations with members of the community as well as previous
surveys point to “lack of data” and a “lack of skilled people” as key
factors that slow Al adoption within many organizations. Two other
common obstacles pertain to organizational challenges—Figure 1-7
shows that respondents cited “company culture” and “difficulties
identifying use cases” as serious challenges.

What is the main bottleneck holding back further Al adoption? (Select one.)
% of all respondaents
Company culture does nat yet recagnize needs for Al _2 3%
Lack of data or data guality issues _19%
Lack of skilled peaple / gifficulting hiring the required roles. _l E%
Difficuties in identifying appropriate business use cases [ TR ' 7
Technical infrastruciure challenges _!%
Legal cnncerns,risks, or compiliance issues. [ a%
Efficient tunirg of hyperparameters .2!6

Workflow reprogucibility lz*

s [

Figure 1-7. Challenges for AI adoption

Given that 81% of respondents work for companies that already use
Al, it’s not surprising that 8% of respondents cite technical infra-
structure challenges as their main bottleneck. Across a broader audi-
ence (fewer AI adopters), this would likely be seen as a more
common obstacle.
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Also, given the difficulty of workflow reproducibility, it's surprising
to see only 2% cite that as a bottleneck. Considering how the top
four challenges can create “non-starter” scenarios, it’s possible that
workflow reproducibility doesn't surface until later stages of matur-
ity for an organization.

Challenges posed by company culture, lack of data, and a skills gap
held across technology, finance, and the health industry. However,
respondents from the health industry had less trouble identifying
appropriate use cases for Al as illustrated in Figure 1-8.

What is the main bottleneck holding back further Al adoption? (Select one.)

Gomputers, Electronics,
Technology

Company cuturedoes st yesrecogniz neeca o4 [ | B | B0
ok ottt o cata iy e [ | | B
Lack of skifed peaple / diffkculting Hring the reguired roles -19% -21 % -18%
Difficuttios in dentfng appropnats DUSIFeSs Use Casas -1.-’01 -1'9% .BM

Financial Services Healthcare, Life Sciences

Techrcal infrasirichurs challenges. .s% lah -lm
Legal conerm, risis, or compliance isues Izu Is% .su
Efficient tuning of rypesparameters Im '295 ls%
‘workflow repraducibiiy Iz% 0% l?%

Percantage of respondants from a given industry (who salected given option)

Figure 1-8. Challenges, by industry

Figure 1-9 offers a look at the challenges segmented by stage of
maturity. It’s interesting that mature practices seem to have over-
come the challenges related to company culture or not recognizing
use cases. Even so, mature practices adhere to the top two cited
bottlenecks we've seen in previous surveys: data and talent.
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What is the main bottleneck holding back further Al adoption? (Select one))

Evaluation stage Maturs practice
Cornpary culture doss ned pet recagnize needs Tor Al _22% -IU%

Lack of skilied peogie £ ddficulting Rinng the required roles _18% _24%
DHETICLERI G I idRNEfyNG SpPrOpriate DUSnags Uee Canes _21% -I‘I%
Technical infrastructure challenges -?‘% -]‘I%
Legal € BRCerms, fSks, OF CompBante i50es .4% .4%
Efcentturing of yperparameters 2 B
Viorkfaw repreduciiy 206 | P
wo [l [

Percentage of respondents (at a given stage of Al adoption) who selected given option

Figure 1-9. Challenges, by stage of maturity

Understanding the Skills Gap

In a recent study, LinkedIn found that within the United States,
demand for data scientists is “off the charts” Our survey confirms
this strong demand (Figure 1-10): more than half of all respondents
signaled their organizations were in need of machine learning
experts and data scientists. But just as with any (new) technology,
companies are also in need of people who can identify use cases that
lend themselves to Al solutions.

Where are the biggest skills gaps within your organization, related to machine
learning and Al adoption? (Select all that apply.)
% of all survey respondents

ML modelers and data scientists 575

Understanding and maintaining
a set of business use cases

e engmeeﬁng _39%
Compute infrastructure -21%
Other -10%

Figure 1-10. Skills gap

47%
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Figure 1-11 looks at hiring needs across three major industries.
Compared to the technology sector, respondents from health and
finance have a larger need for data and infrastructure engineers.

Where are the biggest skills gaps within your organization, related to machine
learning and Al adoption? (Select all that apply.)

Computers, Elactronics,
Technology

ML modelers and data scientists -5 5% -GD% -sm
Understanding and maintaining - i . % -3&%
a set of business use cases
Data engineering .34% -4496 -42%
Compute infrastructure I1?% .Zd% .25%
Other IED% Ii]‘)ﬁ I‘IZ%

Percentage of respondents from a given industry (who selected given option)

Financial Services Healthcare, Life Sciences

Figure 1-11. Skills gap, by industry

Slicing the skills gap by stage of maturity, the mature practices have
need for more machine learning experts and data scientists,
although less so than companies at the evaluation stage. Those roles
are likely to be staffed already when companies have a mature prac-
tice. However, priorities for data engineering and compute infra-
structure remain the same, as illustrated in Figure 1-12.

Where are the biggest skills gaps within your arganization, related to machine
learning and Al adoption? (Select all that apply.)

Evaluation stage Mature practice

e R
35% -3996
21% .21 %

Other IS% l 13%

Percentage of respondents (at a given stage of Al adoption) who selectad given option

ML modelers and data scientists

Understanding and maintaining
a set of business use cases

Data engineering

Compute infrastructure

Figure 1-12. Skills gap, by stage of maturity
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How Organizations Are Using Al

Half of all respondents belong to organizations that use Al for R&D
projects (Figure 1-13), and one-third use it for customer service or
IT. As we noted in an earlier post, IT is an area that lends itself to
(partial) automation; thus, many AI solutions already target IT
systems.

In which functional parts of the company are Al projects used?
(Select all that apply.)

% of all respondents

Research and Development [N s 0%
Customer Service _34%
[ -
Operations, Facilities, Fleet Management | 2%
Marketing, Advertising, PR NN 1 %
Finance and Accounting [N 1 6%
Manufacturing, Production -15%
sales [N 1 5%
Purchasing, Logistics, Supply Chain [ 11 %
Human Resources %
Distribution [ 75
Legal s
na T 2%

Figure 1-13. Al projects

We also found that companies are applying Al in functional areas in
which they likely have existing analytic applications. For example,
Figure 1-14 demonstrates that about half (45%) of respondents from
the technology industry report Al projects in IT. Respondents from
finance report higher rates for customer service and finance/
accounting, whereas 70% of all respondents from the health sector
signaled they were using Al for R&D projects.
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In which functional parts of the company are Al projects used? (Select all that apply.)
?m:f:’; EIectranics,  Financial Services Healthcare, Life Sciences
Research and Development ST o e
Customer Senvice  [JIIR35% o | Y
m s | kxS | Eifd
Oparations, Facilities, Fleet Management [l20% 2w | Y
Marketing, Advertising, PR [llz3% | pEIY | jEE
Finance and Accounting [l 7% | kY B
Manufacturing, Production  [le% Bawe Wias
Sates [l15% | EE | L™
Purchasing, Logistics, Supply Chain  [12% = | LREY
Human Resources 1% ) | )
Distribution 8% I | 119
Legal ffon I ew
Percentage of respondents from a given industry (who selected given option)

Figure 1-14. Al projects, by top three industries

Building-Block Technologies

In Figure 1-15, we can see that more than half of respondents
reported they were already using deep learning, nearly one-third use
active learning (“human-in-the-loop”), more than a quarter (28%)
use knowledge graphs/base, and more than a fifth are using rein-
forcement learning.

What kinds of Al technalogies are you using? (Select all that apply.)

% of all respondents
supervisedtearnng [ -
—p——
wmodel-based methods [ -
Unsupervised learning _41%
Human-in-the-loop, active learning _31%
Knowledge base / Knowledge graphs _23%
Reinforcement learning _22%
Planning and reasaning _15%
Tramsfer learning _}E%

Simulation platform and digital twins -1 4%

Figure 1-15. Al technologies used

Looking at technologies used across key industries (Figure 1-16), we
found that respondents from technology and health industries use
reinforcement learning and knowledge graphs/base at a higher rate
than those from the finance sector.
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What kinds of Al technologies are you using? (Select all that apply.)

Computers, Electronics,

Technology Financial Services Hoakthcare, Life Sciences
Supenised learming -53l6 -?SII! -69‘6
peep learming [Nz [ 33 I+
Modekbased methods - [NAE% [ EEM =
unsupervised learming [JIIH29% [ O | Hin
Human-in-theoop, actve eaming  [Jll33% | ErY | IR
Knowledge base / Knowtedge groprs  [JIlz3% | FEL3 -
Reinforcement learning .2«1% -‘IQ% -36%
Planning and reasoning [Jffre% [ S | P
Transfer learming .2?':6 IB% -25%
Samulation platform and digital twins [J16% fow | B3

Percentage of respondents from a given industry (who selected given option)

Figure 1-16. Al technologies, by industry

Looking at technologies by stage of maturity, the mature practices
use more technologies across the board, as would be expected. The
largest contrast is in transfer learning, as depicted in Figure 1-17,
where mature practices report using nearly three times the rate
compared with evaluation-stage practices. There are a wider range
of use cases for transfer learning that can be identified after an orga-
nization reaches a higher level of maturity.

What kinds of Al technologies are you using? (Select all that apply.)
Evaluation stage Mature practice
supervsed iearring | I
peep learning [ 57% | g
Model-based methods ([ TS24 | [
Unzupenised learning _d]‘lﬁ _m%
Human-in-the-loop, active learning -31')% _49%
Knowbedge base / Knowladgs graphs -27% _39;,
Reinforcement learning -21% _34’{1
PFlanning and reasoning - 17% -ZG%
Transfer learning -12% -329&
Simulation platfiorm and digital twins -M% -19%
Percentage of respondents {at a given stage of Al adopticn) who selected given cplion

Figure 1-17. Al technologies, by stage of maturity

Data Types

Although the resurgence of deep learning can be traced back to
important breakthroughs in computer vision and speech technolo-
gies, as we noted earlier, enterprises are using Al in areas for which
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they already have some data and analytics in place (refer back to
Figure 1-14). Thus, its no surprise that organizations are using
structured data and text to train their Al systems. One of the areas
in which AI (specifically, deep learning) has made enough progress
to be productized is computer vision. In fact, as Figure 1-18 illus-
trates, we found that more than one-third of all respondents (35%)
are also already using images and video in their AI systems.

What kind of data are you using for training your Al systems? (Select all that apply.)

% of all survey respondents

Structured Data (logs, time series, geospatial) _?8%
et [ - %
Images and Video _35%
audic [ 15%
wee [ 1%

Figure 1-18. Data types

Looking at data types in some key industries, we found that
respondents from the health sector used computer vision (images
and video; Figure 1-19) at a higher rate than respondents from
finance and technology. This is in line with anecdotal information
that computer vision is beginning to make inroads in medical imag-
ing and radiology.

What kind of data are you using for training your Al systems? (Select all that apply.)

Computars, Electronics,

Tachiiology Financial Senices Healthcare, Life Sciences
Siructured Dota (fogs, ime series, geospaior [ 7 | S |
test [N~ - | 2O
imagesand viseo 9% | E | I
audio [l22% | [ Wi

Percentage of respondents from a given industry {who selected given option)

Figure 1-19. Data types, by industry

Segmenting the data types by stage of maturity (Figure 1-20), we
found that the use of structured data stays relatively the same,
whereas the other types of data are used substantially more.
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What kind of data are you using for training your Al systems? (Select all that apply.)

Evaluation stage Matiire practice
Structured Data (logs, time series, geaspatial) _SS-’m _BQ%
Text [ GO% -
Images and video [[l33% | 55
sudic 2% | R
Nea 3% 1%

Percentage of respondents (at a given stage of Al adoption) who selected given option

Figure 1-20. Data types, by stage of maturity

Deep Learning and Reinforcement Learning

The AI applications of tomorrow will be hybrid systems, composed
of several components and reliant on many different methodologies.
With that said, much of the excitement around Al is due to progress
in deep learning and reinforcement learning. In this section, we
briefly examine respondents who are already using these methodol-
ogies and determine which Al projects their organizations have
been working on. To do so, we isolate respondents who signaled that
they are already using deep learning and reinforcement learning.

First, even though we found that more than half (53%) of all
respondents who are already using deep learning use it for computer
vision applications (images, video), Figure 1-21 shows that a lot
more are using it for structured data (86%) and text (69%).

What kind of data are you using for training your Al systems? (Select all that apply.)

% of all survay respondents (limited to those who usa Deep Leaming)

Structusred Data (g3, tine seres, genspatial) —36%
Images and Video _ 53%
Audio - 22%

Figure 1-21. Data types, limited to deep learning

Again, respondents from the health industry report higher rates of
use of deep learning for computer vision (images and video) and
speech technologies (audio), as depicted in Figure 1-22.
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What kind of data are you using for training your Al systems? (Select all that apply.)

Computers, Blectronics,

Tochnology Financial Services Heaithcare, Life Sciences
Structured Data fogs, time series, geospatol) [ TR+ | B | B
et [ % | N | g
Wnages and Vides -55% -33% -57%
o [J30% B | B

Parcentage of respondents from a given industry
(limited to thosa who use Deep Laamning)

Figure 1-22. Data types, by industry (percentage of respondents)

So, what areas are deep learning and reinforcement learning users
focusing on? First, let’s look at the AI projects with which deep
learning users have been involved. Aside from R&D, we found that
more than one-third of all respondents (Figure 1-23) who are
already using deep learning are applying Al in IT and customer
service.

In which functional parts of the company are Al projects used?
(Select all that apply.)

% of all survey respondents (limited to those who use Deep Leaming)

Research and Development _63%
™ 0%
Customer Service _39%
Marketing, Advertising, PR [INENGEGINGEG: -
Operations, Facllities, Fleet Management _25%
Manufacturing, Production | IR 1 9%
Finance and Accounting | 1 5%
sales [N 17%
Purchasing, Logistics, Supply Chain [ NN 1 4%
Human Resources -1 2%
Distribution =%
Legal s%

nNea %

Figure 1-23. Al projects, limited to deep learning

Looking at technologies used across key industries, we found results
to be in line with other AI technologies (see Figure 1-14).
Figure 1-24 illustrates that respondents from finance report higher
rates for customer service and finance/accounting, whereas 76% of
all respondents from the health sector are using AI for R&D
projects.
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In which functional parts of the company are Al projects used? (Select all that apply.)
?;m;;' Elatronios: Financial Services Healthcare, Life Sciences
fesaarch and Development [ NG* | =9 | )
m s | Elad | EE
customer Service  [IA3% | G | EEY
Marketing, Advermising, PR [lza% lzs% Wsw
Operations, Facilities, Fleet Management -Bﬁ -22?& -28%
Manufacturing, Production [ll22% Bon Wi
Finarice and Accounting  [ll20% G Biow
sales [l22% 0% | REI)
Purchasing, Logistics, Supply Chain [l16% | =N | JE
Human Resources .15% IS% .13%
Distribution 9% | ) Bow
Legal o B | )
Percentags of respondents from a given industry
flimited to those who use Deep Leaming)

Figure 1-24. Projects, by industry, limited to deep learning (percentage
of respondents)

At the end of 2017, we listed areas where we found real-world appli-
cations that used reinforcement learning. At the time, we highligh-
ted robotics and industrial automation, text, speech and dialogue
systems, media and advertising, and other areas. To get a sense of
potential applications of reinforcement learning, we isolated
respondents who already use reinforcement learning (Figure 1-25).
We found that reinforcement learning users are beginning to build
AT systems in some of the application areas we listed in 2017: cus-
tomer service; operations, facilities, and fleet management; finance;
and marketing, advertising, and PR.

In which functional parts of the company are Al projects used?
(Select all that apply.)

% of all survay respondents {limited to those who use Reinforcement Learning)

Research and Development | 703
Customer Service _46%
T | 1%
Qperations, Facilities, Fleet Management _33%
Marketing, Advertising, PR [ NRNEDE - =+
Manufacturing, Production _25‘!6
Finance and Accounting _23%
Purchasing, Logistics, Supply Chain | 22"
Sales _21%
Human Resources _‘IT%
Distribution [N 13%
Legal G
wa 5%

Figure 1-25. Projects, by industry, limited to reinforcement learning
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There aren't enough respondents who use reinforce-
L[J{3 ment learning to do a version of the previous chart “by

industry”

Risks

In a recent post, we observed that when it comes to Al and machine
learning, there are many important considerations that go beyond
optimizing a statistical metric. Our survey results, presented in
Figure 1-26, confirm strong interest in several important issues:
close to half (45%) check for model transparency and interpretabil-
ity and one-third are checking that their AI systems are reliable and
safe.

What kinds of risks do you check for during ML model building and deployment?
(Select all that apply.)

% of all respondents

Unexpected outcomes/predictions _55%
Model interpretability and transparency _4 50
Fairness, bias, ethics _41%
Model degradation _35%
privacy |
Cafaty and reliability _34%
Security vulnerabilities —2?%
Other compliance -1 6%
na [ o

Figure 1-26. Risks checked (percentage of respondents)

Examining results in key industries, more than half of all respond-
ents from finance and health check for model transparency and
interpretability, and more than half of all respondents from the
health sector already check for reliability and safety, as shown in
Figure 1-27.
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What kinds of risks do you check for during ML model building and deployment?
(Select all that apply.)
Gomputars, Elactronics, ' . .
i
Teshnology Financial Services Healthcare, Life Sciences
Unexpected cutcomes/predictions -dﬂ'lﬁ -55% -Edﬂh
Model interpretability and transparency -35% -51% -51 %
Faimess, bias, sthics R4S | B | B
wodel degradation [z [ B | B
privacy [ 6% | BN | B
Safety and reliability .29% -345 -51'1-
Security vulnerabilities .15% -33% -3490,
Gther compliance .1 3% .2?% .28%
Percentage of respondents from a given industry (who selected given optien}

Figure 1-27. Risks checked, by industry (percentage of respondents)

Looking at the risks checked by maturity level (Figure 1-28), the
mature practices show more consideration in each area. This fits
with previous surveys—as organizations deploy machine learning
models in production, with experience they tend to learn to con-
sider the associated risks more closely.

What kinds of risks do you check for during ML model building and deployment?
(Select all that apply.)

Mot yet using Al Evaluation stage Mature practice

Unexpected outcomes/predictions .25% -SE% -?29&
Medel interpretability and transparency .23% -M% -61%
Fairness, bias, ethics .21% .dn% -
Model degradation I14% .34% -54%
privacy [rs% | EEN | B
Safety and reliability l17% -35% -ds%
Security vulnerabilities I1‘I% .28% -35%

Other compliance 5% Bis | B

Percentage of respondents (at a given stage of Al adoption) who selected given option

Figure 1-28. Risks checked, by stage of maturity (percentage of
respondents)

Tools for Building Al Applications

In our 2018 survey, which focused on deep learning, we found the
top three deep learning tools to be TensorFlow (at the time, used by
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61% of all respondents), Keras (25%), and PyTorch (20%). This year,
we report a higher rate of usage for Keras (34%) and PyTorch (29%),
as demonstrated in Figure 1-29.

Which of the following Al tools are you using? (Select all that apply.)

% of all respondeants
Tensorfiow | 5
scikit-earn [ - £ %
DOther open source tools —1’43’:'&
Keras [ <%
PyTorch | 4
Other cloud-based services _22%
Azure ML Studic [T 1 7%
Gaooghe Cloud ML Engine [N 1%
spark e [ 1 5%
amazon sagemaker [N 1 2%
Hzo [ E%
spacy/ Prodigy  [NE
openal Gym  [lls%
BigDL and Analytics Zoo 2%
Allermee 1w
RISE Lab Ray 1%

Figure 1-29. Al tools used

In a recent post, we reported on some of the first production sys-
tems that use Ray (a flexible, high-performance distributed execu-
tion framework). Although only 1% of respondents reported directly
using Ray, it’s worth pointing out that Ray is being used in other sys-
tems. From its initial libraries focused on reinforcement learning
and hyperparameter tuning, Ray is now helping users of the popular
Python library Pandas scale to larger datasets via a related project
called Modin. Microsoft’s acquisition of Bonsai means users of its
autonomous Al products are also using Ray (Ray is used in Bonsai’s
backend). Also, Amazon Web Services (AWS) recently began sup-
porting Ray in its SageMaker service.

Figure 1-30 presents the tools used in three key sectors.
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Which of the following Al tools are you using? (Select all that apply.)
%mrﬁ;? Electronics, Financial Services Healthcare, Life Sciences
TensorFion =<+ I [
scikitlearn [ <:% I I
other open source tools [T =+ | N | B
veras [+ | EE [ R
pyTorch [ =% I | EuS
Other cloud-based services [ 2<» | .
azure ML Stodio [JIlles | ERY -
Google Cloud ML Engine  [JIlIl15% | Y o
spark NP [l15% B L EED
Amazon SageMaker [lex | [ | EEDY
Hzo [les s |
spaly / Prodigy [l1ow | £ B
openn Gym 5% | 29 | B
BigDL and Analytics Zoo [2% == Jz=
AennLP fas i | EC)
RISE Lab Ray [2% fiw hw
Perzentaps of respondents from a given industry (wha selected gven option)

Figure 1-30. Al tools, by industry (percentage of respondents)

Beyond individual libraries, companies are looking to build plat-
forms that will increase the productivity of their data scientists and
machine learning engineers. Modern data science platforms include
features that improve productivity, enable experimentation, and
enhance collaboration. As Figure 1-31 illustrates, we found that
close to half of all respondents want to incorporate tools for model
visualization (particularly useful for deep learning) and “AutoML”
(model and hyperparameter search), and about one-third want bet-
ter tools for tracking data lineage.

Which tools are you planning to incorporate into your ML workflows within the next 12 months?
(Select all that apply.)
% of all respondents

&
#

Model visuakization

Automated model search and hyperparamater tuning

L
Data lineage / data catalog _30%
Support for notebooks _23%
Feature stone _'I 9%
Support for IDEs -I?%
we [~

Figure 1-31. Workflow features planned over the upcoming year

Looking at the sought-after tooling in three key sectors
(Figure 1-32), the push toward incorporating AutoML within the
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next year is even more pronounced in finance, and theres a large
bump in model visualization for healthcare.

Which tools are you planning to incorporate into your ML workflows within the next 12 months?
(Select all that apply.)

‘Computers, Electronics,
Technaology

Madel visalzaban -usw --sm _59“5
Autamated model searth and hypemaramearan wning -16% _50% -39'3i
Mool monitaring -385 -5040. -&5%
Data bneage / data catalog. -26% -.m% -35%

Financial Services Healthcane, Life Sciences

supportfor natsvocks [z | B -

raatura sioce. [JJrooe | b -
Suppurt lor IDES -zm .zuu -‘ EL
Other compliance -179| .n% -1?&

Percentage of respondents from a given industry (who selected given option}

Figure 1-32. Workflow features, by industry (percentage of
respondents)

Looking at the sought-after tooling by stage of maturity
(Figure 1-33), the mature practices show more interest in each cate-
gory of tooling, but especially a large push toward AutoML—nearly
twice that of the evaluation stage.

Which tools are you planning to incorporate into your ML workflows within the next 12 months?
(Selecr all that apply.)

Evaluation stage Mature practice
Maded visuslizstion _53% _7?%
S i e i -
wosurenvorve. [~ -
Data lineage / data catalog -3!% _55%
Suppart for notebooks -25% _43%
Feature stare -15% -40%
supportfor oes o R
oA .996 lS%

Percentage of respondents (at a given stage of Al adoption) who selected given option

Figure 1-33. Workflow features, by stage of maturity (percentage of
respondents)
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Overall Analysis

We can draw some high-level conclusions using these results to
complement earlier analysis.

There continues to be strong interest in important issues beyond
merely optimizing for business metrics. That fits well with an earlier
survey this year about Al adoption that indicated how serious work
for Al in production regarding accountability, compliance, ethics,
and so on is much more than a passing fad. Key risks considered
include model transparency and interpretability, checks for fairness
and bias, and checks that AI systems are reliable and safe. In stark
contrast to Silicon Valley tech firms and “lean startup” methodology;,
the banks—which are arguably the original “data-driven” organiza-
tions—tend to consider key risk indicators (KRIs) more so than key
performance indicators (KPIs).

Companies are applying Al in functional areas in which they likely
have existing analytic applications, building atop that base. Mean-
while the scope of “AI” is expanding. Half of the organizations in
our survey already use deep learning. One-third use human-in-the-
loop. One-quarter use knowledge graphs. One-fifth use reinforce-
ment learning. Note that reinforcement learning is probably more
widely used in production in industry than has been generally per-
ceived, and watch for reinforcement learning to become much more
pervasive among enterprise solutions.

Transfer learning provides an interesting nuance, given how its use
in production tends to require more experienced practitioners. We
see mature practices making use of transfer learning at nearly three
times the rate of evaluation stage companies. There’s value in appli-
cations of transfer learning, although those are perhaps not as appa-
rent to the uninitiated.

Having said that about the variety of use cases and technologies,
realistically there are four categories of data used for Al so far:
images and video, audio, text, and structured data. Plan accordingly.

In terms of personnel, most organizations need machine learning
experts and data scientists. There’s clearly a talent crunch in that
direction. Even so, avoid building a lopsided team: mature practices
might have hired small armies of data scientists but still lack other
crucial roles. In particular, you'll need people who can identify use
cases that fit AI solutions.
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