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Big data, smart technology, advanced analy cs, and automa on are permanently changing the property-casualty
insurance business. Innova ve technologies, such as wireless sensor networks and computer vision, are enabling
insurers to collect vast amounts of data previously unavailable to them. This, coupled with analy cs involving advanced
techniques such as machine learning and ar ficial intelligence, is challenging insurers to transform their organizaons into fully digital enterprises in order to increase eﬃciency, reduce expenses, and remain compe ve.
Across all industries, reports Accenture, 89% of large companies say big data is going to revolu onize business operaons, with changes predicted to be on a scale comparable
with how the internet changed the way people work in the
1990s.1 Insurance companies are part of this revolu on,
which is upending the way they underwrite, handle claims,
control losses, develop new products, and service customers.
Big data, as its name implies, involves large sets of data—
too large, in fact, to be gathered and analyzed by tradi onal
methods. Although insurers have always gathered and analyzed large amounts of data to make business decisions, the
quan ty of data available in recent years has increased exponen ally because of increased sharing of informa on and
virtually connected objects, through what is called the Internet of Things (IoT).
This increased volume of data challenges insurers to develop new ways to store, access, process, and analyze data. By
mining big data for pa erns and trends, insurers are able to
gain a compe ve edge through reduced expenses and
improved processes rela ng to claims, underwri ng, and
opera ons.
At the same me, vehicles, buildings, and machines are
becoming smarter, through innova ve technologies such as
wireless sensor networks and computer vision. As a result,
many insured objects and workers are safer, causing industry experts to predict that insurance companies will experience significantly lower claims amounts.
Furthermore, technology will foster con nuous engagement between insurers and their policyholders, resul ng in
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increased adop on of loss-preven on measures and thereby adding to the downward trend in claims. Given today’s
technology, it is not hard to imagine your insurance company sending a text to alert you to replace your washing machine’s water supply hose or to move your car into the garage because of an imminent hail storm.
But it is not only big data and smart technology that are
revolu onizing insurance. Recent advancements in analy cal techniques, including deep learning, and increasing automa on of insurer underwri ng and claims processes are
also transforming the business. This mix of big data, smart
technology, advanced analy cs, and automa on is permanently changing the calculus of insurance as we know it.
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An insurer’s big data arises from both internal and external
sources and can be structured or unstructured. Insurers’
internal underwri ng data on losses and exposures is structured because it is organized into databases with rows and
columns. An insurer’s external data, such as that provided
through vehicle telema cs, is usually structured in a similar
way. By contrast, unstructured data is not organized, with a
prime example being text data from claims adjusters’ notes.
Analy cs is a process that enables insurers to gain deep
insight from big data to make eﬀec ve decisions. Many of
the big data analy cal techniques employed by insurers are
not new, such as exploratory data analysis, which is used to
develop a basic understanding of data, and data segmentaon, which is used to classify data based on its characteriscs. However, automa on using these techniques allows
insurers to analyze data much more quickly and at more
granular levels.
In addi on, recent advancements in specific analy cal techniques facilitate deep insight into data pa erns and trends.
A good example is the development of neural networks,
which operate in ways similar to the human brain—but
more powerfully. Neural networks can simultaneously perform thousands of mathema cal calcula ons on large datasets.2 Other advanced analy cal techniques include text
mining, which analyzes words, and social network analysis,
which analyzes rela onships.
Regardless of the specific technique applied, insight into
pa erns and trends is greatly enhanced through machine
learning, in which computers con nuously learn and make
decisions based on data. Related to machine learning is
ar ficial intelligence, including cogni ve compu ng, which
simulates human thought processes. Many of the underwri ng- and claims-related applica ons being developed by
(Continued on page 20)
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insurers apply machine learning and ar ficial intelligence to
one or more big data analy cal techniques.
To achieve organiza onal goals, some big data analy cs
applica ons employ straight-through processing, in which
computers make decisions and complete a process without
human interven on. A good example is a small auto physical damage claim that, on first no ce of loss (FNOL), is automa cally scored for poten al fraud. If, however, its score
indicates that it is a meritorious claim, payment will automa cally be made to the claimant. Straight-through processing applies to many other processes, including realme, online premium quotes for many lines of business.
It should be noted that most big data analy cs applica ons
require a human with exper se in the field to analyze model outputs. While these applica ons serve as a useful tool to
help underwri ng, claims, or risk management professionals do their jobs, they do not replace the skill and experience of these professionals for most applica ons.
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To understand the current influence of big data analy cs on
insurers, it is important to have a sense of insurers’ historical use of data and analy cs as well as of recent industry
developments.
Data is a fundamental input to insurance, and underwriters
have used data and analy cs to conduct business ever since
the industry started. In the early days, analy cs was based
on limited recall of events and li le claims data. In the
twen eth century, industrywide historical claims data was
collected and summarized. In the last several decades, actuaries have made great strides using this data for ratemaking
with the development of sophis cated analy cal models,
notably generalized linear models.
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The 1990s and early 2000s ushered in what McKinsey &
Company refers to as “born through analy cs”3 companies
such as Amazon, Facebook, and Google. A dis nguishing
characteris c of these organiza ons is that they were built
on a digital pla orm that influenced their structure and the
processes they use for key opera ons, such as pricing, marke ng, inventory control, and logis cs. As a result, these
organiza ons grew by scaling their data storage and processing systems and by using sophis cated data and analy cs for marke ng and opera ons.
Furthermore, customer-service innova ons by these datadriven companies have greatly influenced customer expecta ons in general, including those of insurance consumers.
As a result, policyholders o en demand quick turnaround
on underwri ng and claims decisions and twenty-four-hour
access to account informa on through mul ple channels,
including phones and tablets.
Throughout the early 2000s, insurers of all sizes experimented with big data analy cs projects for specific applica ons,
such as customer segmenta on analysis for marke ng and
link analysis for iden fying fraudulent claims. A er some
early successes, insurers expanded their use of big data analy cs and applied it to areas ranging from medical management for workers compensa on to reputa onal risk assessment, using data from social networks.
To remain compe ve and meet increasing customer expecta ons, insurers are now challenged to go further by transforming their organiza ons into fully digital enterprises that
are largely driven by data for making decisions. Accordingly,
many insurers employ large teams of data scien sts with
high-level math and sta s cs backgrounds to work alongside
marke ng, actuarial, claims, and underwri ng professionals.
(Continued on page 21)
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It is impera ve that core business users have a basic understanding of the language of data science and predic ve
modeling so as to ensure good communica on among all
groups for planning and implemen ng big data analy cs
applica ons. Some large personal lines insurers seem to be
the furthest along in these eﬀorts.
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Data segmenta on is central to many big data analy cs
applica ons for marke ng, underwri ng, claims, and risk
management. The concept of data segmenta on is not
new, but its applica on to big data using machine learning
is enabling insurers to discover previously unforeseen
pa erns and trends, allowing insurers to make be er decisions and improve processes.
To make predic ons using segmenta on, it is important to
start with a large sample dataset that has known values for
certain variables, called explanatory variables, as well as
known outcomes represen ng the event the insurer would
like to predict. Examples of explanatory variables from vehicle telema cs data are rate of vehicle accelera on and
number of le turns, with the outcome being whether the
policyholder had an auto accident. Taken by itself, this historical dataset with known accident outcomes is not organized in a way that provides informa on to predict future
accidents.
However, the explanatory variables and known outcomes
can be used to train a model that predicts whether a policyholder with certain driving characteris cs will have an accident. A computer algorithm applies an itera ve process in
which various combina ons of explanatory variables are
sequenced and compared with the outcome data. This process can get quite complex, with the number of explanatory
variables some mes ranging as high as thirty. Then, the
results are analyzed to determine how well each variable
sequence divides the data into segments that correctly predict outcomes. Data scien sts o en illustrate the process
with a classifica on tree that shows explanatory variables
as nodes, their values as branches linked to other nodes
(other explanatory variables), and various outcomes as
nodes at the bo om of the tree.
This process of segmen ng data using a predic ve model is
key to many big data analy cs applica ons. When a newly
reported claim is iden fied as complex or when a policyholder is categorized as not renewing a policy, a segmentaon process is working behind the scenes to score and categorize the outcome. The segmenta on algorithm applied by
the model is usually invisible to the business user.
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It is important to note that models do not always make correct predic ons—in fact, they will o en generate a false posive. For example, an injured worker might be categorized as
unlikely to return to work based on his or her characteris cs
and behaviors, when indeed, this is not the case. This underscores the importance of not relying solely on the model and
of having someone with exper se in the field review the facts
of the case along with the model output. A claims or underwri ng professional is a good choice for this work.
Using Link Analysis to Discover Hidden Data Rela onships
Link analysis (some mes called associa on analysis) is another big data analysis technique used for analyzing the
associa ons among various en es to discover pa erns
that are not obvious by looking at raw data alone. This type
of analysis has been successful in analyzing data involving
complex rela onships among claimants, claims adjusters,
and providers—such as auto body shops, home contractors,
and doctors—to determine the likelihood of fraud based on
pa erns of referrals and payments. A computer algorithm
typically conducts the link analysis and shows the results in
graphical form, known as a link chart.4
Data generated through link analysis is o en combined with
an insurer’s other claims data to develop a series of if-then
rules to determine whether a newly reported claim is suspicious. However, as with any predic ve model, even if a
claim is iden fied as suspicious, it is not necessarily fraudulent. An experienced adjuster should review such claims to
determine whether they should be further inves gated.
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For pricing many lines of business, actuaries use classificaon ratemaking, which bases rates on the average frequency and severity of loss for policyholders within large pools of
similar risks. This system has served insurers well for many
decades. But with this ra ng method, how much does an
insurer know about the details of a policyholder’s risk, including the specific behaviors he or she exhibits that aﬀect
the risk level? Does the insurer know how well a policyholder maintains his home appliances? No. Does it know how
well a policyholder drives her car and that she avoids congested intersec ons? No.
Certainly new technologies make it possible for an insurer to
collect this risk data, which is unique to each policyholder.
Conven onal ratemaking tools are much less precise than
the tools that can be developed with modern technology
and big data analy cs. Connected objects, or the IoT, allow
(Continued on page 22)
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an insurer to collect precise data on a policyholder’s risk,
and advancements in analy cs allow the insurer to quan fy
the policyholder’s characteris cs and behaviors and develop a unique premium for that policyholder. In eﬀect, this
enables an insurer to place each policyholder in a ra ng
class for which the policyholder is the only risk in the pool.
Industry veterans say that this violates the principle that a
well-func oning insurance mechanism is based on risk pooling and the law of large numbers. However, a sea change in
automobile ratemaking based on the unique driving characteris cs and behaviors of individual policyholders is already
taking place through the use of vehicle telema cs. Soon
there will be addi onal ra ng applica ons based on technological advances that aﬀect other lines of business, most
notably homeowners. These changes are reducing the size
of risk pools—in some cases, down to a level of one. For
many lines of business, insurers need to lessen their reliance on class ra ng and focus more on pricing risks at individual policy levels.
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A recent A.M. Best Special Report provides evidence of
these changes: “In personal lines, use of data to stra fy
customers into ever more targeted price groups, and to
focus marke ng on those groups, is now expected by the
market. Companies that have not eﬀec vely adopted these
technologies find themselves ac vely selected against.”
Even commercial lines companies need to pay a en on to
the influence of data analy cs on pricing. That same A.M.
Best report states: “Among commercial lines companies,
use of data and analy cs to determine technical price at a
risk level has become cri cal in maintaining underwri ng
discipline as condi ons have deteriorated.”5
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A rela vely new applica on of big data analy cs and technology is preven ve analy cs, which is an extension of tradi onal accident analysis. Technological innova ons, such
as wireless sensor networks and computer vision, allow for
con nuous monitoring of workers. As a result, when a root
cause poten ally leading to an accident is triggered, it is
immediately dealt with to help prevent the accident.

)

Sensor-enabled wearable devices, such as smart safety helmets and smart vests, can measure physical and environmental condi ons that may lead to accidents. Such condions include hazardous chemicals, body temperature, hydra on, stress, heartbeat, energy output, and surrounding
air quality. Mo on sensors can detect repe ve mo on and
alert workers when to change tasks. Sensors in shoes can
detect whether a worker is exceeding weight restric ons for
li ing objects.6 The data generated by these smart devices is
helping improve root cause analysis and leading to be er
predic ons of worker accident outcomes.
Preven ve analy cs concepts also apply to physical objects,
such as buildings, machines, and vehicles. For example, sensors and analy cs are used for preven ve maintenance on
industrial and commercial buildings, produc on machines,
and commercial vehicle fleets. Sensors monitor prepared
food at restaurants to help prevent the spread of foodborne illnesses.

A
There is ample evidence that tradi onal analy cal methods
for risk pricing and selec on are being displaced by big data
analy cs. In addi on to vehicle telema cs-based ra ng,
there are now by-peril ra ngs based on big data for some
property lines. In the future, the historical exposure and
claims data currently used for ratemaking and underwri ng
many lines of business will have less predic ve power than
the informa on provided through big data analy cs.

(C

P

G

C

S

It is a well-known fact that the majority of data generated
in real me quickly becomes stale, underscoring the need
to use it quickly for making decisions. For example, suppose
a manager reviews claims once every other day to determine which ones are likely to increase in size and, therefore, should be assigned to an experienced adjuster. An
automated process would improve this process by using
machine learning and advanced analy cal techniques to
score claims using a rules-based engine that immediately
assigns the claims most likely to increase in size to experienced adjusters. This would occur right a er the insurer
receives FNOL, providing it with the opportunity to generate substan al savings by quickly deploying appropriate
resources for the claim.
To fully capture the poten al of big data analy cs, a predicve model needs to be con nuously applied to a process. A
good example is medical management for workers compensa on claims whereby data such as u liza on review, case
management, and pharmacy benefits is collected and assessed as a claim progresses.7 Machine learning uses this
data to con nuously score each claim throughout its life and
deploy appropriate resources, such as a nurse case manager, at various stages of the claim. Furthermore, the system
con nuously learns by analyzing past recommenda ons and
new data to op mize the organiza on’s overall claims process from a cost-benefit standpoint.
Automated processes have vast poten al to reduce insurer
expenses across most lines of business. For example, insur(Continued on page 23)
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ers report substan al savings by reducing the number of
motor vehicle reports ordered for personal auto insurance
based on analyses of applicant profiles. As another example, automated analysis of vehicle telema cs data allows an
insurer to determine whether an auto physical damage
claim is a total loss immediately upon receiving no ce of an
auto accident, giving it the opportunity to send the damaged auto directly from the accident scene to a salvage yard
rather than to an auto body shop, saving substan al storage
and towing charges.
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This data-driven approach to opera ons must flow seamlessly from data scien sts and data managers to every level
of the organiza on, from the C-suite down. That starts with
building the right team to oversee the development and
adop on of data analy cs and predic ve modeling processes throughout the company. Finding talent to run big data
analy cs projects is a huge challenge to implemen ng big
data techniques at many insurers, and integra ng big data
into exis ng systems is a further challenge.
Diﬀerent organiza ons build these teams diﬀerently. Early
data science eﬀorts were siloed at most companies, with a
few core data analysts si ing through informa on and
ge ng the preliminary analy cal tools ready for more widespread use. Other organiza ons embed data scien sts within opera ng departments. Both of these structures are eﬃcient in certain aspects, especially early in an insurer’s
transforma on to a digital enterprise.
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Big data analy cs has the poten al to redefine how insurance companies are structured, breaking down tradi onal
barriers between departments like IT, actuarial, data science, claims, and underwri ng. A cri cal component to crea ng successful and las ng change is for frontline employees in departments like claims and underwri ng to develop
a data-driven mindset and for data scien sts and data managers to be er understand the workings of the insurance
business.
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But as analy cal eﬀorts mature at insurer organiza ons, it
becomes increasingly important to build cross-func onal
teams where data-driven decision making is the primary
focus. These steering commi ees can help guide an organiza on’s overall big data analy cs eﬀorts to priori ze the
most significant projects and maximize their value.
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