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Executive Summary

xpectations for artificial intelligence (AI) are sky-high, but what are businesses actu-
ally doing now? The goal of this report is to present a realistic baseline that allows
companies to compare their Al ambitions and efforts. Building on data rather than
conjecture, the research is based on a global survey of more than 3,000 executives,
managers, and analysts across industries and in-depth interviews with more than 30
technology experts and executives. (See “About the Research,” page 2.)

The gap between ambition and execution is large at most companies. Three-quarters of executives
believe Al will enable their companies to move into new businesses. Almost 85% believe AI will
allow their companies to obtain or sustain a competitive advantage. But only about one in five com-
panies has incorporated Al in some offerings or processes. Only one in 20 companies has extensively
incorporated Al in offerings or processes. Less than 39% of all companies have an Al strategy in
place. The largest companies — those with at least 100,000 employees — are the most likely to have
an Al strategy, but only half have one.

Our research reveals large gaps between today’s leaders — companies that already understand and

have adopted Al — and laggards. One sizeable difference is their approach to data. Al algorithms are

not natively “intelligent” They learn inductively by analyzing data. While most leaders are invest-
ing in AI talent and have built robust information infrastructures, other companies lack analytics

expertise and easy access to their data. Our research surfaced several misunderstandings about the

resources needed to train Al. The leaders not only have a much deeper appreciation about what’s

required to produce Al than laggards, they are also more likely to have senior leadership support and

have developed a business case for Al initiatives.

RESHAPING BUSINESS WITH ARTIFICIAL INTELLIGENCE e MIT SLOAN MANAGEMENT REVIEW 1
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ABOUT THE RESEARCH

To understand the challenges and opportunities associated with the
use of artificial intelligence, MIT Sloan Management Review, in
collaboration with The Boston Consulting Group, conducted its
inaugural annual survey of more than 3,000 business executives,
managers, and analysts from organizations around the world.

The survey, conducted in the spring of 2017, captured insights from
individuals in 112 countries and 21 industries, from organizations of
various sizes. More than two-thirds of the respondents were from
outside of the United States. The sample was drawn from a number
of sources, including MIT Sloan Management Review readers, and
other interested parties.

In addition to our survey results, we interviewed business executives

from a number of industries and academia to understand the practical
issues facing organizations today. Their insights contributed to a richer

understanding of the data.

For the purpose of our survey, we used the definition of artificial
intelligence from the Oxford Dictionary: “Al is the theory and
development of computer systems able to perform tasks normally
requiring human intelligence, such as visual perception, speech
recognition, decision-making, and translation between languages.”
However, Al is evolving rapidly, as is the understanding and definition
of the term.

AT has implications for management and organiza-
tional practices. While there are already multiple
models for organizing for Al organizational flexibil-
ityisa centerpiece of all of them. For large companies,
the culture change required to implement AT will
be daunting, according to several executives with

whom we spoke.

Our survey respondents and interviewees are more
sanguine than conventional wisdom on job loss.
Most managers we surveyed do not expect that Al
will lead to staff reductions at their organization
within the next five years. Rather, they hope that
AT will take over some of their more boring and un-

pleasant current tasks.
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Al at\Work

As Airbus started to ramp up production of its new
A350 aircraft, the company faced a multibillion-
euro challenge. In the words of Matthew Evans, vice
president of digital transformation at the Toulouse,
France-based company, “Our plan was to increase
the production rate of that aircraft faster than ever
before. To do that, we needed to address issues like
responding quickly to disruptions in the factory. Be-
cause they will happen.”

Airbus turned to artificial intelligence. It combined
data from past production programs, continuing
input from the A350 program, fuzzy matching, and
a self-learning algorithm to identify patterns in pro-
duction problems. In some areas, the system matches
about 70% of the production disruptions to solutions
used previously — in near real time. Evans describes
how Al enables the entire Airbus production line to
learn quickly and meet its business challenge:

What the system does is essentially look at a
problem description, taking in all of the contex-
tual information, and then it matches that with
the description of the issue itself and gives the
person on the floor an immediate recommen-
dation. The problem might be new to them, but
in fact, we've seen something very similar in the
production line the weekend before, or on a dif-
ferent shift, or on a different section of the line.
This has allowed us to shorten the amount of
time it takes us to deal with disruptions by more
than a third.

Al empowered Airbus to solve a business problem
more quickly and efficiently than prior approaches
(such as root-cause analysis based on manual analy-
sis of hundreds or thousands of cases).

Just as it is enabling speed and efficiency at Airbus,
Al capabilities are leading directly to new, better pro-
cesses and results at other pioneering organizations.
Other large companies, such as BP, Infosys, Wells
Fargo, and Ping An Insurance, are already solving
important business problems with AI. Many others,
however, have yet to get started.



High Expectations Amid
Diverse Applications

Expectations for AI run high across industries, com-
pany sizes, and geography. While most executives
have not yet seen substantial effects from Al they
clearly expect to in the next five years. Across all or-
ganizations, only 14% of respondents believe that Al
is currently having a large effect (a lot or to a great
extent) on their organization’s offerings. However,
63% expect to see these effects within just five years.

Expectations for Change Across
Industries and Within Organizations

Expectations for ADs effects on companies’ offer-
ings are consistently high across industry sectors.
(See Figure 1.) Within the technology, media, and
telecommunications industry, 72% of respon-
dents expect large effects from Al in five years, a
52-percentage-point increase from the number
of respondents currently reporting large effects.
However, even in the public sector — the industry
with the lowest overall expectations for AT’s effects
— 41% of respondents expect large effects from Al
within five years, an increase of 30 percentage points
from current levels. This bullishness is apparent re-
gardless of the size or geography of the organization.

Within organizations, respondents report similarly
high expectations for the large effects of Al on pro-
cesses. While 15% of respondents reported a large
effect of A on current processes, over 59% expect
to see large effects within five years. (See Figure 2.)
Most organizations foresee sizable effects on infor-
mation technology, operations and manufacturing,
supply chain management, and customer-facing ac-
tivities. (See Figure 3, page 4.) For example:

Information technology: Business process outsourc-
ing providers serve as an example of the potential of
AL “IT services, where Infosys plays a big role, has seen
tremendous growth in the last 20 or so years,” says In-
fosys Ltd. CEO and managing director Vishal Sikka.
“Many jobs that moved to low labor-cost countries
were the ones that were more mechanical: system ad-

FIGURE 1: Expectations for Al's effect on businesses’ offerings in
five years are consistently high across industries.

Expectations for Al adoption across industries: impact on offerings
To what extent will the adoption of Al affect your organization’s offerings today and five years from today?

Large effect Large effect
today in5years
Technology, Media, Telecom [ | :
Consumer | >
Financial Services | > N
Professional Services | > B
Health Care | > N
Industrial | > H
Energy | ] )
Public Sector 1 —
OVERALL | > B

Percentage of respondents who expect a large (“a lot” or “great”) effect on a five-point scale

FIGURE 2: As with offerings, organizations expect Al to have a
great impact on processes within the next five years.

Expectations for Al adoption across industries: impact on processes
To what extent will the adoption of Al affect your organization’s processes today and five years from today?

Large effect Large effect
today in5years
Technology, Media, Telecom [ | ) [ |
Consumer | > N
Financial Services | > 0
Professional Services | > B0
Health Care | > B
Industrial | > B
Energy | > H
Public Sector —>
OVERALL | > B

Percentage of respondents who expect a large (“a lot” or “great”) effect on a five-point scale

ministration, I'T administration, business operations,
verification. With Al techniques, we now have systems
that can do more and more of those kinds of jobs. We
are still in the early stages and portions of these activi-
ties can be automated, but we will get to the point in
the next few years where the majority if not all of these
jobs will be automated. However, just as Al technolo-
gies automate existing, well-defined activities, they

RESHAPING BUSINESS WITH ARTIFICIAL INTELLIGENCE  MIT SLOAN MANAGEMENT REVIEW 3
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FIGURE 3: Most organizations foresee a sizable effect on [T,
operations, and customerfacing activities.

Most affected functional areas across industries

What areas within your organization do you anticipate Al will affect the most? Select three.

FUNCTIONAL AREA

INDUSTRY RANK1 RANK 2 RANK 3
Technology, @D |nformation N\  Customer B
Media, Telecom 3 Technology > Service E Marketing
Supply Chain :
Consumer @ Management ﬁ Sales E Marketing
S . O  Customer Finance/ @D Information
Financial Services \\ Service Accounting = Technology
Professional @D Information B
Services Strategy == Technology a Marketing
Operations/ @D Information
Health Care Q R&D Manufacturing w Technology
Industrial a Operations/ Supply Chain @D Information
Manufacturing Management wms Technology
Operations/ @ |nformation Supply Chain
Energy a Manufacturing = Technology Management
- @D |nformation ¢  Customer Operations/
Public Sector = Technology » Service Manufacturing
@ |nformation O  Customer Operations/
OVERAIT s Technology » Service Manufacturing
M Operations, including [l Information [l Customer- Corporate
Manufacturing, SCM, Technology facing Center
and R&D Functions Functions

Functional areas that were not in the top three of any industry: communications, human resources, legal or compliance,
procurement

FIGURE 4: More than 80% of organizations see Al as a strategic
opportunity, while almost 40% also see strategic risks.

Al as strategic opportunity and risk

Do you perceive Al as a strategic opportunity or risk to your organization?

o

STRATEGIC OPPORTUNITY

33% 31%
Both opportunity STRATEGIC
and risk RISK

50%

Opportunity
only

4 MIT SLOAN MANAGEMENT REVIEW ¢ THE BOSTON CONSULTING GROUP

also create opportunities for new, breakthrough kinds
of activities that did not exist”

Operations and manufacturing: Executives at
industrial companies expect the largest effect in op-
erations and manufacturing. BP plc, for example,
augments human skills with Al in order to improve
operations in the field. “We have something called
the BP well advisor,” says Ahmed Hashmi, global
head of upstream technology, “that takes all of the
data that’s coming off of the drilling systems and cre-
ates advice for the engineers to adjust their drilling
parameters to remain in the optimum zone and alerts
them to potential operational upsets and risks down
the road. We are also trying to automate root-cause
failure analysis to where the system trains itself over
time and it has the intelligence to rapidly assess and
move from description to prediction to prescription.”

Customer-facing activities: Ping An Insurance Co.
of China Ltd., the second-largest insurer in China,
with a market capitalization of $120 billion, is im-
proving customer service across its insurance and
financial services portfolio with Al For example, it
now offers an online loan in three minutes, thanks in
partto a customer scoring tool that uses an internally
developed Al-based face-recognition capability that
is more accurate than humans. The tool has verified
more than 300 million faces in various uses and now
complements Ping An’s cognitive Al capabilities in-
cluding voice and imaging recognition.

Adoption as Opportunity and Risk

While expectations for Al run high, executives recog-
nize its potential risks. Sikka is optimistic but cautions
against hyping AT's imminent triumph: “If you look at
the history of Al since its origin in 1956, it has been
a story of peaks and valleys, and right now we are in
a particularly exuberant time where everything looks
like there is one magnificent peak in front of us” More
than 80% of the executives surveyed are eyeing the
peaks and view Al as a strategic opportunity. (See Fig-
ure 4.) In fact, the largest group of respondents, 50%,
consider Al to be only an opportunity. Some see risks
and the potential for increased competition from Al
as well as benefits. Almost 40% of managers see Al as



a strategic risk as well. A much smaller group (13%)
does not view Al as either an opportunity or risk.

What is behind these high expectations and business

interest in AI? There is no single explanation. (See

Figure 5.) Most respondents believe that AT will ben-
efit their organization, such as through new business

or reduced costs; 84% believe Al will allow their
organization to obtain or sustain a competitive ad-
vantage. Three in four managers think AT will allow
them to move into new businesses.

Executives simultaneously recognize that their orga-
nization will not likely be the sole beneficiary of Al

in their markets. Respondents expect that both new
entrants and incumbents would similarly see the po-
tential for benefits. Three-quarters of respondents

foresee new competitors using Al to enter their mar-
kets while 69% expect current competitors to adopt
Al in their businesses. Furthermore, they realize that

suppliers and customers in their business ecosystem

will increasingly expect them to use AL

Disparity in Adoption
and Understanding

Despite high expectations, business adoption of Al
is at a very early stage: There is a disparity between
expectation and action. Although four in five execu-
tives agree that Al is a strategic opportunity for their
organization, only about one in five has incorpo-
rated Al in some offerings or processes. Only one in
20 has extensively incorporated Al in their offerings

or processes. (See Figure 6.)

The differences in adoption can be striking, particu-
larly within the same industry. For example, Ping
An, which employs 110 data scientists, has launched
about 30 CEO-sponsored Al initiatives that support,
in part, its vision “that technology will be the key
driver to deliver top-line growth for the company in
the years to come,” says the company’s chief innova-
tion officer, Jonathan Larsen. Yet in sharp contrast,
elsewhere in the insurance industry, other large com-
panies’ Al initiatives are limited to “experimenting

FIGURE 5: Organizations expect to create competitive advantage

from Al— but also anticipate increased competition.

Reasons for adopting Al

Why is your organization interested in Al?

Al will allow us to obtain or 84,
sustain a competitive advantage 9

Al will allow us to move 0,
into new businesses 75%

New organizations using Al 0,

will enter our market 75%

Incumbent competitors )
will use Al 69%

Pressure to reduce costs 0,
will require us to use Al 63%

Suppliers will offer Al-driven Iy

products and services 61%

Customers will ask for 0,
Al-driven offerings 59%

Percentage of respondents who somewhat or strongly agree with each statement

FIGURE 6: Only about a quarter of all organizations have adopted

Al so far.

Adoption level of Al

What s the level of Al adoption in your organization?

0/
22% 2
Has notadopted Has not adopted Has one or
Alandhasno  Albutplanstodo  more Al pilot insome
planstodoso  sointhe future projects processes and

offerings

with chatbots,” as a senior executive at a large West-
ern insurer describes his company’s Al program.

Organizations also report significant differences in
their overall understanding of Al For example, 16%
of respondents strongly agreed that their organization
understands the costs of developing Al-based products
and services. And almost the same percentage (17%)
strongly disagreed that their organization understands
these costs. Similarly, while 19% of respondents strongly
agreed that their organization understands the data re-
quired to train Al algorithms, 16% strongly disagreed
that their organization has that understanding.

Alisincorporated Alis extensively

incorporated in
processes and
offerings

RESHAPING BUSINESS WITH ARTIFICIAL INTELLIGENCE  MIT SLOAN MANAGEMENT REVIEW 5
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Combining survey responses to questions around
AT understanding and adoption, four distinct or-
ganizational maturity clusters emerged: Pioneers,

Investigators, Experimenters, and Passives.

o Pioneers (19%): Organizations that both
understand and have adopted AI. These
organizations are on the leading edge of in-
corporating Al into both their organization’s
offerings and internal processes.

»  Investigators (32%): Organizations that un-
derstand AI but are not deploying it beyond
the pilot stage. Their investigation into what AT
may offer emphasizes looking before leaping.

o Experimenters (13%): Organizations that
are piloting or adopting AI without deep
understanding. These organizations are
learning by doing.

o Passives (36%): Organizations with no adop-
tion or much understanding of AL

FIGURE 7: While Al talent limits Pioneers, Passives don't yet discern a business case for Al.

Barriers to Al adoption

What are the top three barriers to Al adoption in your organization?

Pi I : E ; p.
P Exf P

Unclear or no
business case for
Al applications

Attracting, Competing Security concerns Cultural Limited or Lack of
acquiring, and investment resulting resistance to no general leadership
developing the priorities from Al adoption Al approaches technology support for Al
right Al talent capabilities initiatives

(e.g., analytics,
data, IT)
Percentage of respondents ranking the selection as one of the top three barriers
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If expectations and sense of opportunity are so high,
what prevents organizations from adopting AI? Even
in industries with extensive histories of integrating
new technologies and managing data, barriers to Al
adoption can be difficult to overcome. In financial
services, for example, Simon Smiles, chief invest-
ment officer, ultra high net worth at UBS, puts it this
way: “The potential for larger-scale financial institu-
tions to leverage technology more actively, including
artificial intelligence, within their business, and to
harness their data to deliver a better client experi-
ence to the end user, is huge. The question there is
whether these traditional institutions will actually
grab the opportunity” Taking advantage of Al op-
portunities requires organizational commitment to
get past the inevitable difficulties that accompany
many Al initiatives.

These differences are less about technological limi-
tations and much more about business. In aggregate,
respondents ranked competing investment priorities
and unclear business cases as more significant barri-
ers to Al implementation than technology capabilities.
Evans of Airbus makes the critical
distinction: “Well, strictly speak-
ing, we don'tinvestin AL We don’t
invest in natural language pro-
cessing. We don't invest in image
analytics. We're always investing
in a business problem.” Airbus
turned to Al because it solved a
business problem; it made busi-
ness sense to invest in Al instead
of other approaches.

Smiles at UBS notes that organi-
zations do not all face the same
challenges. With respect to in-
cumbents and fintech startups,
he says: “There is a bifurcation
between the groups that have
the scale needed to develop in-
credibly valuable platforms and
those unencumbered by legacy
business models and systems to
arguably have the better model
going forward, but don’t have the



clients and accompanying data to capitalize fully on
the opportunity” Differences like these lead to dif-
ferences in rates of Al adoption.

Barriers to Adoption

The clusters of organizations demonstrate how barriers

to Al differ and affect rates of adoption. (See Figure 7,
page 6.) Pioneers have overcome issues related to un-
derstanding: three-quarters of these companies have

identified business cases for Al Senior executives are

leading organizational Al initiatives. Their biggest

hurdles are grappling with the practicalities of develop-
ing or acquiring the requisite Al talent and addressing

competing priorities for Al investment. They are also

much more likely to be attuned to the security con-
cerns resulting from AT adoption. Passives, by contrast,
have yet to come to grips with what AI can do for them.
They have not identified solid business cases that meet

their investment criteria. Leadership may not be on

board. Technology is a hurdle. Many are not yet even

aware of the difficulties in sourcing and deploying tal-
ent with Al expertise.

Our clustering also reveals nuanced differences in
understanding among the clusters.

o  Business potential: Al may change how orga-
nizations create business value. Pioneers (91%)
and Investigators (90%) are much more likely to
report that their organization recognizes how Al
affects business value than Experimenters (32%)
and Passives (23%). Evans at Airbus reports that

“there was no question of value; it was trying to

»

address an in-service issue on one of our aircraft.

o Workplace implications: Integrating the capa-
bilities of humans and machines is a looming
issue. Al stands to change much of the daily work
environment. Pioneers and Investigators better
appreciate that the presence of machines in the
workplace will change behavior within the or-
ganization. Julie Shah, an associate professor of
aeronautics at MIT, says, “What people don't talk
about is the integration problem. Even if you can
develop the system to do very focused, individual
tasks for what people are doing today, as long as

FIGURE 8: Organizations have different levels of understanding for

Al-related technology and business context.

Levels of Al understanding

To what extent do you agree with the following statements about your organization?

We understand... Pioneers Investigators Experimenters

Required technological

0/ 0y 0,

breakthroughs to succeed with Al - 88% - 82% 24%
Data required for Al

aigorthmraing I 67 [N 78% 2%
Processes for Al

algorim waning I @5 [N 69°% 21%
Al-related changed ways of

business valueggener:tion _ 9% _ 90% 32%

Development time of Al-based o, ' 0
products and services - 85% - 76% 19%
Development costs of Al-based

products and services - 81% - 69% 1%

Required changes of knowledge
qand skills fgr future Al nee?is - 89% - 84% 23%
Effect of Al in the workplace on o o o
organization's behavior - 83% - 1% 18%
Al-related shift of industr
poweroynamcy I oo M ss% ~ 26%

Percentage of respondents who somewhat or strongly agree with each statement

you can't entirely remove the person from the pro-
cess, you have a new problem that arises — which
is coordinating the work of, or even communica-
tion between, people and these Al systems. And
that interaction problem is still a very difficult
problem for us, and it’s currently unsolved”

o Industry context: Organizations operate in

regulatory and industry contexts; respondents
from Experimenter and Passive organizations
do not feel that their organization appreciates
how Al may affect industry power dynamics.

The Need for Data,
Training, and Algorithms

Perhaps the most telling difference among the
four maturity clusters is in their understanding of
the critical interdependence between data and Al
algorithms. Compared to Passives, Pioneers are
12 times more likely to understand the process for
training algorithms, 10 times more likely to under-
stand the development costs of AI-based products
and services, and 8 times more likely to understand
the data that’s needed for training Al algorithms.
(See Figure 8.)

Passives

W 5%
B 1%

I 7%
I 23%
W 5%
B 8%
M 19%
I 16%

I 21%
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Most organizations represented in the survey have
little understanding of the need to train AI algo-
rithms on their data so they can recognize the sort
of problem patterns that Airbus’s AI application
revealed. Less than half of respondents said their
organization understands the processes required to
train algorithms or the data needs of algorithms.

Generating business value from Al is directly con-
nected to effective training of Al algorithms. Many
current Al applications start with one or more
“naked” algorithms that become intelligent only
upon being trained (predominantly on company-
specific data). Successful training depends on

having well-developed information systems that can

pull together relevant training data. Many Pioneers

already have robust data and analytics infrastruc-
tures along with a broad understanding of what it

takes to develop the data for training AI algorithms.
Investigators and Experimenters, by contrast, strug-
gle because they have little analytics expertise and

keep their data largely in silos, where it is difficult to

integrate. While over half of Pioneer organizations

invest significantly in data and training, organi-
zations from the other maturity clusters invest

substantially less. For example, only one-quarter

of Investigators have made significant investments

in AI technology, the data required to train AI algo-
rithms, and processes to support that training.

Misunderstandings About Data for Al

Our research revealed several data-related misconcep-
tions. One misunderstanding is that sophisticated Al
algorithms alone can provide valuable business solu-
tions without sufficient data. Jacob Spoelstra, director
of data science at Microsoft, observes:

I think there’ still a pretty low maturity level in
terms of people’s understanding of what can be
done through machine learning. A mistake we
often see is that organizations don’t have the his-
torical data required for the algorithms to extract
patterns for robust predictions. For example, they’ll
bring us in to build a predictive maintenance solu-
tion for them, and then we'll find out that there are
very few, if any, recorded failures. They expect Al

8 MIT SLOAN MANAGEMENT REVIEW ¢ THE BOSTON CONSULTING GROUP
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to predict when there will be a failure, even though
there are no examples to learn from.

No amount of algorithmic sophistication will over-
come a lack of data. This is particularly relevant as
organizations work to use Al to advance the fron-

tiers of their performance.

Some forms of data scarcity go unrecognized: Posi-
tive results alone may not be enough for training Al.
Citrine Informatics, a materials-aware Al platform
helping to accelerate product development, uses data
from both published experiments (which are biased
toward successful experiments) and unpublished
experiments (which include failed experiments)
through a large network of relationships with re-
search institutions. “Negative data is almost never
published, but the corpus of negative results is criti-
cal for building an unbiased database,” says Bryce
Meredig, Citrine’s cofounder and chief science officer.
This approach has allowed Citrine to cut R&D time
in half for specific applications. W.L. Gore & Asso-
ciates, Inc., developer of Gore-Tex waterproof fabric,
similarly records both successful and unsuccessful
results in its push to innovate; knowing what does
not work helps it to know where to explore next.3

Sophisticated algorithms can sometimes overcome
limited data if its quality is high, but bad data is sim-
ply paralyzing. Data collection and preparation are
typically the most time-consuming activities in de-
veloping an Al-based application, much more so than
selecting and tuning a model. As Airbus’ Evans says:

For every new project that we build, there’s an
investment in combining the data. There’s an in-
vestment sometimes in bringing in new sources to
the data platform. But were also able to reuse all
of the work that weve done in the past, because we
can manage those business objects effectively. Each
and every project becomes faster. The upfront costs,
the nonrecurring costs, of development are lower.
And we're able to, with each project, add more
value and more business content to that data lake.

Pioneer organizations understand the value of their
data infrastructure to fuel Al algorithms.



Additionally, companies sometimes erroneously be-
lieve that they already have access to the data they
need to exploit AL. Data ownership is a vexing prob-
lem for managers across all industries. Some data is
proprietary, and the organizations that own it may
have little incentive to make it available to others.
Other data is fragmented across data sources, re-
quiring consolidation and agreements with multiple
other organizations in order to get more complete
information for training AI systems. In other cases,
ownership of important data may be uncertain or
contested. Getting business value from Al may be
theoretically possible but pragmatically difficult.

Even if the organization owns the data it needs, frag-
mentation across multiple systems can hinder the
process of training Al algorithms. Agus Sudjianto,
executive vice president of corporate model risk at
Wells Fargo & Co., puts it this way:

A big component of what we do is dealing with un-
structured data, such as text mining, and analyzing

enormous quantities of transaction data, looking at

patterns. We work on continuously improving our
customer experience as well as decision-making in

terms of customer prospecting, credit approval, and

financial crime detection. In all these fields, there

are significant opportunities to apply AL but in a

very large organization, data is often fragmented.
This is the core issue of the large corporation —
dealing with data strategically.

Make Versus Buy

The need to train Al algorithms with appropriate
data has wide-ranging implications for the tradi-
tional make-versus-buy decision that companies
typically face with new technology investments.
Generating value from Al is more complex than
simply making or buying Al for a business process.
Training AT algorithms involves a variety of skills,
including understanding how to build algorithms,
how to collect and integrate the relevant data for
training purposes, and how to supervise the training
of the algorithm. “We have to bring in people from
different disciplines. And then, of course, we need
the machine learning and Al people,” says Sudjianto.

“Somebody who can lead that type of team holisti-
cally is very important”

Pioneers rely heavily on developing internal skills
through training or hiring. Organizations with less
experience and understanding of Al put more em-
phasis on gaining access to outsourced Al-related
skills, but this triggers some problems. (See Figure 9.)

The chief information officer of a large pharma com-
pany describes the products and services that Al

vendors provide as “very young children” The AI

tech suppliers “require us to give them tons of infor-
mation to allow them to learn,” he says, reflecting his

frustration. “The amount of effort it takes to get the

Al-based service to age 17, or 18, or 21 does not ap-
pear worth it yet. We believe the juice is not worth

the squeeze”

To be sure, for some support functions, such as I'T
management and payroll support, companies might
choose to outsource the entire process (and pass

FIGURE 9: Pioneers build Al-related skills through training and
hiring, while Passives more heavily rely on external resources.

Approach to building Al-related skills

How does your organization build Al-related skills?

Developthroush —

on-the-job training
|

Developthrough [

formal training

tire people from [—

other organizations
|

tire people from [—

universities
|

Outsource to individual _

consultants and contractors

Outsource to other _

organizations
|

Percentage of respondents indicating they acquire skills in each way. Respondents could choose more than one option.
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along all of their data). Even if companies expect
to rely largely on external support, they need their
own people who know how to structure the problem,
handle the data, and stay aware of evolving oppor-
tunities. “Five years ago, we would have leveraged
labor arbitrage arrangements with large outsourc-
ers to access lower cost human labor to do that
work,” the pharma company CIO says. “What the
vendors have done in the meantime is begin to au-
tomate those processes, oftentimes on our systems
using our infrastructure, but using their technology.
And I would not want it to be characterized as just
rule-based. They actually have quite a bit more so-
phisticated heuristics to automate those things.” But
such an approach is clearly not suited for companies’
distinctive offerings or core processes.

Eric Horvitz, director of Microsoft Research, ar-
gues that the tech sector is quickly catching up with
the new model of offering technology tools to use
with proprietary data, or “providing industry with
toolsets, computation, and storage that helps to de-
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mocratize AI” Many Al algorithms and tools are
already in the public domain, including Google’s
TensorFlow, GitHub, and application programming
interfaces from tech vendors. According to Horvitz:

Because this is a competitive space now in itself, the
tools are getting easier to use and people that are
there to help sell, market, and use these tools are
becoming more efficacious in their abilities. That
doesn’t mean that people don’t need to have their
own in-house expertise and experts. While the
tools and services are out there and that will make
things easier, it is still going to be important for or-
ganizations to have their own experts in machine
learning and Al more generally.

Privacy and Regulation

The data and the algorithms constituting AI cannot
simply be accurate and high performing; they also
need to satisfy privacy concerns and meet regulatory
requirements. Yet only half the respondents in our

survey agree that their industries have established
data privacy rules.

Ensuring data privacy depends on having strong
FIGURE 10: Pioneers rate their companies higher across general
management and leadership dimensions.

data governance practices. Pioneers (73%) are far
more likely to have good data governance practices
than the Experimenters (34%) and Passives (30%).

Link between Al and general organizational capabilities (See Figure 10.) This large gap represents another

To what extent do you agree with the following statements about your organization? barrier fOI' companies that are behind in developing

Our organization
collaborates effectively

100%

their AT capabilities.

Our organization is open to
change and receptive
to new ideas

Our organization . . .
governs data well The data issues can be pronounced in heavily regu-
lated industries such as insurance, which is shifting

_ from a historic model based on risk pooling toward
Our executives have

the vision and leadership
required to navigate
the coming changes

We are able to change our
existing products and services
to take advantage of

changing technology

an approach that incorporates elements that predict
specific risks. But some attributes are off limits. For
example, while sex and religion factors could be

Our overall business used to predict some risks, they are unacceptable to
strategy is closely linked to our
technology strategy L X
Our organization thinks long
term in planning and returns
on investment

Our analytics capabilities are
better than those of our competitors . . . L
regulators in some applications and jurisdictions.

Regulators in other financial markets also have strin-

Il Pioneers [ Investigators Experimenters [l Passives

gent transparency requirements. As Wells Fargo’s
Percentage of respondents who somewhat or strongly agree with each statement Sudjianto says: “Models have to be Very, Very trans-
parent and checked by the regulators all the time.

When we choose not to use machine learning as the
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final model, it’s because regulatory requirements of-
tentimes demand solutions be less ‘black box’ and
something the regulator can see very clearly. But we
use machine learning algorithms to assess the mod-
el’s non-linear construction, variables and features
entered, and as a benchmark for how well the tradi-
tional model performs.”

As technology races ahead of consumer expecta-
tions and preferences, companies and the public

sector tread an increasingly thin line between their
Al initiatives, privacy protections, and customer
service. Some financial services providers are using

voice-recognition technology to identify customers

on the phone to save time verifying identity. Cus-
tomers welcome rather than balk at this experience,
in part because they value the service and trust the

company not to misuse the capability or the data

that enables it. Likewise, a technology vendor offers

an Al-based service to help call center operators rec-
ognize when customers are getting frustrated, using

real-time sentiment analysis of voice data. Less wel-
come applications may be on the horizon, however.
In a few years, any of the 170 million installed cam-
eras in China or the 50 million cameras in the U.S.
will be able to recognize faces. In fact, jaywalkers in

Shanghai can already be fined (or shamed) based on

such images.*

Beyond Technology:
Management Challenges

Alrequires more than data mastery. Companies also
face many managerial challenges in introducing Al
into their organizations.

Unsurprisingly, respondents at Pioneer organiza-
tions rate their companies higher in several general
management and leadership areas: vision and lead-
ership, openness and ability to change, long-term
thinking, close alignment between business and
technology strategy, and effective collaboration.
As with other technology-driven transformations,
these are essential general capabilities for high-per-
forming companies.

However, there are also some specific challenges:
Executives may still need to (1) learn more about
AlJ; (2) deepen their perspective on how to organize
their business around Al and (3) develop a more ex-
pansive view of the competitive landscape in which
their business operates.

Challenge 1: Develop an
Intuitive Understanding of Al

The notion that executives and other managers
need at least a basic understanding of Al is echoed
by executives and academics. J.D. Elliott, director
of enterprise data management at TIAA, a Fortune
100 financial services organization with nearly $1
trillion in assets under management, adds, “I don't
think that every frontline manager needs to un-
derstand the difference between deep and shallow
learning within a neural network. But I think a basic
understanding that — through the use of analytics
and by leveraging data — we do have techniques
that will produce better and more accurate results
and decisions than gut instinct is important” Avi
Goldfarb, professor of marketing at the University
of Toronto’s Rotman School of Management, notes,
“You worry that the unsophisticated manager might
see one prediction work once and think that it’s al-
ways good, or see one prediction that was bad and
think it’s always bad.” Joi Ito, head of the MIT Media
Lab, contends that “every manager has to develop an
intuitive understanding of AI”>

To develop their understanding of digital, many
executives have taken trips to Silicon Valley to
experience digital natives, design-thinking ap-
proaches, fail-fast cultures, and more. While these
are all core to building digital businesses, such trips
are not particularly rewarding to learn about Al
For those who have already been exposed to the
marvels of robots, self-driving vehicles, or poker-
playing machines, there is little new to experience
at Al companies. Instead, managers should take
some time to learn the basics, possibly starting
with simple online courses or online tools. They
should understand how programs learn from data,
maybe the most important facet of understanding
how AI can benefit a particular business.
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FIGURE 11: While the majority of organizations see developing an Al strategy as urgent, only half already have one.

Need for an Al strategy

Developing a strategy for
Al is urgent for our
organization

Percentage of all

respondents

We have a strategy for
what we are going to do
with Al in our organization
Percentage of respondents
who express urgency for

an Al strategy

OVERALL Pioneers Investigators

Experimenters Passives

61% 39% 19% 21% 70% 30% 68% 32% 42% 58%
50% 50% 88% 1293 58% 42% 34% 66% 12% 88%

B Somewhat or strongly agree

. Do not somewhat or strongly agree

Challenge 2: Organize for Al

Adopting Al broadly across the enterprise will likely
place a premium on soft skills and organizational flexi-
bility that enable new forms of collaboration, including
project teams composed of humans and machines.

Our survey finds companies exploring many ap-
proaches to developing Al capabilities. Pioneers are
relatively evenly split among centralized, distributed,
and hybrid organizational models. Investigators and
Experimenters also pursue a mix of approaches, but
almost 30% of both clusters have not yet set clear re-
sponsibility for Al in their organization. Some 70%
of Passives also have not even started to lay out clear
responsibilities for Al initiatives, perhaps (in part)
because fewer than 50% of Passives see Al having a
large effect on their processes and offerings in the
next five years.

Ultimately, a hybrid model may make the most sense
since many companies need Al resources both cen-
trally and locally. TTAA, for example, has an analytics
center of excellence and a number of decentralized
groups. “The center of excellence is not intended to
be the group that will provide all analytics for the en-
tire organization. It provides expertise, guidance, and
direction to other internal teams that are working to
deploy Al and analytics,” says TIAAs Elliott.
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While companies in all four clusters rate cultural re-
sistance to Al approaches relatively low on the list

of barriers, only about half said that their company
understands the required changes of knowledge

and skills for future Al needs. Jessica Tan, group

executive vice president, group chief operating of-
ficer, and chief information officer of Ping An, says

the biggest challenges at her company have been

getting units to work together; acknowledging the

fact that “humans don’t want to train algorithms”;

establishing centralized and decentralized technol-
ogy teams; and finding the right people. It's looking

in particular for three types of people: technical

people who have the means to try different ways of
working, technical people who understand specific

business domains, and people with consulting or
project management skills who are able to network
and bring them all together.

Challenge 3: Re-think
the Competitive Landscape

More than 60% of respondents say that a strategy for
Al is urgent for their organizations, but only half of
those say their organizations have a strategy in place.
(See Figure 11.) In terms of company size, the largest
companies (those with more than 100,000 employ-
ees) are the most likely to have an Al strategy, but
only half (56%) have one.



Amy Hoe, chief technology and operations officer
of insurer FWD Group, says that she sees access to
data as key for competitive advantage for her com-
pany. FWD aims to secure a wide range of data
sources, including partnerships with other compa-
nies, such as telecommunications companies and
ride-hailing services, its customer base, agencies,
social media, the public domain, and external data
analysis providers. As the volume of data doubles
every few years, gaining privileged access to data is
nonstop work.

\What to Do Next

Is AI just an element of a company’s overall

digital transformation — or does Al require new ap-
proaches? On the one hand, AI presents many of the

same issues and challenges as other digital technolo-
gies, and companies can build in many ways on their
digital and analytics programs. However, Al also has

distinctive features.

Ensure customer trust. Al capabilities are similar
to many digital initiatives that depend on both cus-
tomer data and customers’ trust that the company
will respect and safeguard their personal data. En-
suring that Al is trustworthy is different from other
data-dependent digital initiatives, however, in sev-
eral ways. First, managers may not be able to explain
exactly how a customer’s personal data is being used
to produce a certain outcome from an Al product.
The inner workings of some machine-learning pro-
grams are opaque. Second, a growing number of Al
systems are able to mimic human agents, putting the
onus on managers to clearly communicate to cus-
tomers whether they are engaging with machines or
human agents in a given setting. Third, some Al sys-
tems are able to assess emotions and discern quite
personal details — at a distance. This capability cre-
ates new information management issues, including
which employees have access to such information
and under what circumstances.

Perform an AI health check. This has some simi-
larities with digital health checks, from applications
across processes to enabling infrastructure, techni-

cal skills, agile processes, and a fail-fast atmosphere.
As with many digital initiatives, success with Al
depends on access to data sources, be they exist-
ing internal or external data or investments in data
infrastructure. Big companies may well have the
data they need, but if it is fragmented and siloed,
this significantly constrains strategy development
and progress. Unlike other digital initiatives, an AI
health check involves an assessment of the skills nec-
essary to properly execute the training of Al, from
first nurturing the system to become intelligent all
the way to continuing to learn after deployment.
This is both new and decisive — and a capability
most companies need to build themselves. Off-the-
shelf AT programs are likely to be limited in their
capability and effect.

Brace for uncertainty. The adage “No idea is born
good; you have to nurture it over time” applies to
AT as well as to digital technologies — only more
so. Companies often prioritize their initiatives by
estimating the value of, and time required for, estab-
lishing a process or offering. But hard estimates are
particularly difficult with AI. As a consequence, ex-
perimentation and learning with AI can take much
longer than other digital initiatives, with a higher
variability of success and failure. Managers need to
brace themselves for more uncertainty, and this af-
fects how effective they are at prioritizing projects
and investments.

Adopt scenario-based planning. Like digital, AT has
the potential to shift the ways in which businesses
generate value — in multiple markets, processes,
and functions. Al requires even more radical think-
ing, as it affects knowledge- and judgment-based
professions, and the new entrants in markets could
be machines. Thus, companies need to think even
more expansively about their businesses, build cohe-
sive future scenarios, and test the resilience of their
directional plans against such scenarios.® This kind
of scenario-based planning can also sharpen the
ability to recognize events that could trigger large ef-
fects on their business.

Add a workforce focus. Al stands to create signifi-
cant unease, since even the most knowledgeable
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expert has difficulties specifying how programs will

play out, which functions or processes should be oft
limits, or where Al should stop. The threat to jobs

and careers in their current form is real and can

easily lead to employee anxiety and unrest. Estab-
lishing a clear focus and work plan for Al initiatives

— where they will be pursued and how, including
regular communication, education, and training —
should be a component of an AI program. Attracting

and developing people who combine both business

and technical skills will be critical, as will the ability
to deploy cross-functional teams, requiring both in-
dividual and organizational flexibility.

The Way Forward:
Implications for the Future

The adoption of AI may have profound effects on
the workplace, value creation, and competitive
advantage. Beyond the near term, how should com-
panies prepare for these changes?

FIGURE 12: Organizations suggest cautious optimism about Al's
effect on the workforce in the next five years.

Al's effect on the workforce

How do you expect Al will affect the workforce in the next five years?

Existing workers will need to o
change their skill sets 84%

Our organization’s
productivity will improve 9%

Workers’ current skill sets
will be augmented 19%

Our organization’s workforce
will be reduced 41%

| hope that Al will do some of 70%
the current tasks in my job Q

| fear that Al will do some of 31%
the current tasks in my job Q

Percentage of respondents who somewhat or strongly agree with each statement
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The Future of Work

As Al is increasingly applied to knowledge work, a

significant shift will likely take place in the work-
place, affecting many jobs in the Western middle

class. Contrary to recent dire predictions about AI's

effect on employment, our survey suggests cautious

optimism. Most respondents, for example, do not

expect that AT will lead to a reduction of jobs at their
organization within the next five years. Nearly 70%

also said they are not fearful that AI will automate

their own jobs. By a similar margin, respondents

hope that AI will take over some of their presum-
ably boring and unpleasant current tasks. However,
respondents overwhelmingly agree that AT will both

require employees to learn new skills within the next

five years and augment their existing skills. (See Fig-
ure 12.) Taken together, these portend adjustment,
not annihilation. “Even with rapid advances,” says

Erik Brynjolfsson, Schussel Family Professor at the

MIT Sloan School of Management, “Al won't be able

to replace most jobs anytime soon. But in almost

every industry, people using Al are starting to re-
place people who don’t use Al, and that trend will

only accelerate””

Shifting Value Creation
Where will Al create, destroy, or shift economic value?

Consider the health care industry, one of the largest
and most resilient sources of economic activity in the
world. Health care spending makes up one-sixth of
the U.S. economy, and on average, about one-tenth of
the economies of Organisation for Economic Co-op-
eration and Development (OECD) member nations.
Al is already altering the health care value chain:
Machines read diagnostic images, surgeons rely on
robots, and an ever-increasing number of real-time
medical devices contribute and communicate data to

improve preventive and chronic care.

While Al may create value within an industry, it is far
from clear exactly which organizations will see their
fortunes rise and which will see decline. When IT
vendors, medtech companies, radiologist networks,
hospitals, specialized startups, and even insurance



companies all strive to take advantage of Al to im-
prove and lower the costs of diagnostics, the effects
of AT will likely be uneven.

It’s too early to tell which types of organizations may
benefit from Al in health care. But if regulatory con-
cerns can be worked out, the industry has numerous

sources of detailed data. And as Marcus Winter, head

of reinsurance development at Munich Re Group, re-
marks, “In today’s world, with the proliferation of Big

Data, there are precious few exclusive data sets. Most

of the time, we can triangulate what we need to know
via other sources” In other words, the combination

of data and Al algorithms create the possibility of
new and more effective workarounds. For example,
when diagnostic imaging is unavailable, an evermore

accurately analyzed sample of blood or other body
fluids might help with diagnosis. As a result, shifts in

value creation are difficult to predict.

Building Competitive Advantage

Managers expect significant improvement in per-
formance of current processes or products from AL
Many companies are focused on addressing those.
However, mere improvement does not create a sus-
tainable competitive advantage — when everyone
finds the same efficiencies, only the baseline shifts.
For AI to become a prominent feature in future
strategies, companies must figure out how humans
and computers can build off each other’s strengths
to create competitive advantage. This is not easy:
Companies need privileged access to data — which,
as we've seen, many do not now have. They must
learn how to make people and machines work effec-
tively together — a capability relatively few Pioneers
have at present. And they need to put in place flex-
ible organizational structures, which means cultural
changes for both company and employee.

Just about any company today needs a plan with
respect to AL. Most do not have one, and those that
have been slower to move have some catching up to
do. Those that continue to fall behind may find the
playing field tilted evermore steeply against them.
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Appendix: Work
in the Longer Term

Survey respondents and most interviewees both ex-
pect big changes from Al in the next five years. But
the more dramatic effects of AI may occur within 10
to 20 years. What can we expect in that time frame?

Automation of Tasks # Automation of Jobs. His-
tory shows that jobs evolve as tasks shift. BP’s

Ahmed Hashmi says the company’s engineers used

to spend a lot of time hunting for data to put together
their reports, but “now that’s all automated. We've

got a data lake, which gives engineers ready access

to all the data. We employ the same number of en-
gineers, but they’re improving the business rather
than searching for data to get ready to improve the

business.” In other words, extrapolation from the

automation of repetitive tasks to the automation of
jobs in a high tech industry is risky business.

Al as Job Creator. Increased organizational reliance

on Al will create new needs as it meets current needs.
The job of an insurance underwriter, for example,
tops many “most endangered species” lists. However,
Al simultaneously expands the universe of insurable

events. And, as James Platt, chief operating officer of
Aon Risk Solutions, has said, “Many things that peo-
ple would like to insure themselves against, such as

brand and reputational risks or wider cybersecurity
coverage, are ‘uninsurable’ today. There is simply no

one offering an insurance option.” As new methods

of assessing risks become available, underwriters can

start offering such new services. Missy Cummings,
director of the Humans and Autonomy Laboratory
at Duke University, puts it this way: “What we often

don’t think of are the jobs that are created as other
new businesses come up around a technology”

If it's hard to imagine Al as doing anything other than
eliminating jobs, step back and consider the scope
of the problem. The 2016 World Economic Forum
report, “The Future of Jobs,” noted that “upcoming
disruptions to the employment landscape are going
to be a lot more complex and multifaceted than
conveyed by a narrow focus only on automation”$
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— saying, in a nutshell, that digital technologies and
Al are not the only forces transforming the nature
of work. It has been clear for some time that techno-
logical change — not just Al — obliges employees to
become lifelong learners and embrace career flexibil-
ity, but as the WEF report observes, it’s far from alone:

“technological, socioeconomic, geopolitical, and
demographic developments and the interactions be-
tween them will generate new categories of jobs and
occupations while partly or wholly displacing others.
They will change the skill sets required in both old and
new occupations in most industries and transform
how and where people work”® Yet we have also seen
digital technologies be used to address this problem.
Accompanying the expansion of Al are many new
learning options for humans: Augmented reality, new
training tools, and digitally accessible forms of educa-
tion (such as massive open online courses [MOOCs]
and “nanodegrees”) are proliferating.

Against a canvas of even broader social, demographic,
environmental, and global political developments,
predictions of aggregate employment levels based on
Al alone are difficult; there are too many countervail-
ing forces to discuss any one of them in isolation. But
it is not unreasonable to imagine an opportunity for
AT to cushion some of its own impacts, and perhaps
the impacts of other factors, by helping to anticipate
the coming changes in the job market and identify
(and meet) workforce training needs as they arise.

Even So, Inertia Is Not an Option. Big global un-
certainties should not deter corporations from
acting today, when action is required. Infosys, for
example, has trained more than 120,000 employ-
ees in design thinking. This new capability will
enable its employees both to shape a world of new
Al-based service offerings and automate historic
business processing services.

Reprint 59181.
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