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Modeling in the Age of the Data Scientist Source:  https://www.jing.fm/iclip/u2q8w7q8i1o0w7w7_calligraphy-once-upon-a-time-clipart-png-download/

The sole stuff of actuarial models:

1. Commutation Functions 
2. Best Estimate Assumptions
3. Development Triangles
4. Traditional Rating Variable:

a) Age
b) Gender
c) Medical History
d) Past Losses
e) Location, …

https://www.jing.fm/iclip/u2q8w7q8i1o0w7w7_calligraphy-once-upon-a-time-clipart-png-download/
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Modeling in the Age of the Data Scientist Source:  https://www.youtube.com/watch?v=oQlNMqVdyKo

In the words of 
Bob Dylan …

https://www.youtube.com/watch?v=oQlNMqVdyKo
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Modeling in the Age of the Data Scientist Source:  https://www.youtube.com/watch?v=iqTfNIjiAh0

BASIC DIFFERENCE

The future paths are not 
determined and are 

dependent on a random 
variable.

The future paths are 
determined and are not 
dependent on a random 

variable.

https://www.youtube.com/watch?v=iqTfNIjiAh0


6

PREDICTIVE MODELING

Modeling in the Age of the Data Scientist

The New Basic 
Actuarial Need.

Source:  https://www.avalonconsulting.net/merlin/predictive-modeling-1-1/

A Behavior Dependent 
Approach.

https://www.avalonconsulting.net/merlin/predictive-modeling-1-1/
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Modeling in the Age of the Data Scientist

“Life insurance is losing its appeal in the U.S. In 1965, Americans 
purchased 27 million policies, individually or through employers. 

In 2016, a population that was more than 50 percent larger still bought 
only 27 million policies. 

The share of Americans with life insurance has fallen to less than 60 
percent, from 77 percent in 1989. Why this is happening remains a 
puzzle.”

– Peter R. Orszag, Vice Chairman of Investment Banking at 
Lazard & Bloomberg Columnist

https://www.bloomberg.com/opinion/articles/2018-02-27/the-decline-of-life-insurance-is-a-mystery

A Key Driver of Change:  Life Insurance

https://www.acli.com/-/media/ACLI/Files/Fact-Books-Public/FB17CH7.ashx?la=en
https://www.bloomberg.com/opinion/articles/2018-02-27/the-decline-of-life-insurance-is-a-mystery
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Modeling in the Age of the Data Scientist

Competitive Pressure 

A Key Driver of Change:  P&C Insurance
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Modeling in the Age of the Data Scientist

A Key Driver of Change:  Healthcare Costs

“After more than 20 years of steady 
increases, healthcare expenses now 
represent 17.6 percent of GDP —
nearly $600 billion more than the 
expected benchmark for a nation of 
the United States’ size and wealth.”

– McKinsey & Company 

Source: https://www.datapine.com/blog/big-data-examples-in-healthcare/

https://www.datapine.com/blog/big-data-examples-in-healthcare/
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Modeling in the Age of the Data Scientist

A Key Driver of Change:  Healthcare Costs

Tim Cook says that improving 
people's health will be “Apple’s 
greatest contribution to mankind.”

Source: https://www.businessinsider.com/tim-cook-says-health-will-be-apples-greatest-contribution-to-mankind-2019-1

https://www.businessinsider.com/tim-cook-says-health-will-be-apples-greatest-contribution-to-mankind-2019-1
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Modeling in the Age of the Data Scientist

A Key Driver of Change:  InsurTech

Source: https://www.startus-insights.com/innovators-guide/insurtech-innovation-map-explains-emerging-technologies-startups/

https://www.startus-insights.com/innovators-guide/insurtech-innovation-map-explains-emerging-technologies-startups/
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Modeling in the Age of the Data Scientist

Top 6 Predictive Analytics Use Cases in Insurance

1. Pricing and Product Optimization

2. Claims Prediction and Timely Resolution

3. Behavioral Intelligence and Analytics to Predict New 

Customer Risk and Fraud

4. Uncovering Agent Fraud and Policy Manipulation

5. Optimizing User Experience through Dynamic Engagement

6. Big Data Analysis



13

Modeling in the Age of the Data Scientist
Source:  https://www.liveandwingit.com/blockchain-hype-or-hope/?doing_wp_cron=1572738594.0547020435333251953125
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Source:  https://www.forbes.com/sites/louiscolumbus/2019/09/25/whats-new-in-gartners-hype-cycle-for-ai-2019/#2c19abbc547b

Where is predictive 
analytics on the hype cycle?

Predictive analytics and 
prescriptive analytics are now 
part of decision intelligence, a 

more general category.

Ensemble learning had already 
reached the Plateau in 2018 and has 

now graduated from the Hype Cycle. 

https://which-50.com/ai-blockchain-and-cdps-will-be-transformative-technologies-for-marketers-says-gartner/
https://www.forbes.com/sites/louiscolumbus/2019/09/25/whats-new-in-gartners-hype-cycle-for-ai-2019/#2c19abbc547b
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Modeling in the Age of the Data Scientist https://dzone.com/articles/curious-case-of-actuarial-science-geocoding-and-ma

A Bridge Not Too Far!

https://dzone.com/articles/curious-case-of-actuarial-science-geocoding-and-ma
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Modeling in the Age of the Data Scientist Sourcve:  https://nororo.com/what-are-the-skills-required-to-become-a-data-scientist/

Off

https://nororo.com/what-are-the-skills-required-to-become-a-data-scientist/
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Modeling in the Age of the Data Scientist

Statistician

Mathematician 

Spatial Data 
Scientist

Digital Analytical 
Consultant

Data Engineers

Business Analytic 
Practitioners

Software 
Programming 
Analysts

Machine Learning 
Scientists

Actuarial 
Scientists

Quality Analyst

Source:  https://www.dezyre.com/article/10-different-types-of-data-scientists/179

https://www.dezyre.com/article/10-different-types-of-data-scientists/179
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Modeling in the Age of the Data Scientist

Actuary vs. Data Scientist

Actuaries: ✅
Data Scientists: ✅

Actuaries: ✅
Data Scientists: ❎

Actuaries: ❎
Data Scientists: ✅
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Modeling in the Age of the Data Scientist

SIGNIFICANCE
The Magazine of the American Statistical Association

Honored British actuary R.D. Clarke who 
worked for military intelligence during 
WWII, analyzing the distribution of V-1s for 
the Ministry of Aircraft Production.  

Clarke sought to determine whether the first 
Vergeltungswaffe 1 (Vengeance Weapons, V-
1s) fell in clusters due to random chance or 
precision guidance.  He performed a Chi-
Squared test to the hypothesis the pattern of 
V-1s falling on London followed a Poisson 
distribution.
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Modeling in the Age of the Data Scientist

Conduct
ethics

Professionalism

Professional Standards 
Organizations

Non-Actuary Data Scientists Actuary Data Scientists
 American Statistical Association

– www.amstat.org

 Certified Analytics Professional
– www.certifiedanalytics.org

 Data Science Association
– www.datascienceassn.org

 American Academy of Actuaries
– www.actuary.org

 Actuarial Standards Board
– www.actuarialstandardsboard.org

 Actuarial Board for Counseling & Discipline
– www.abcdboard.org

http://www.amstat.org/
http://www.certifiedanalytics.org/
http://www.datascienceassn.org/
http://www.amstat.org/
http://www.actuarialstandardsboard.org/
http://www.abcdboard.org/
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Modeling in the Age of the Data Scientist

Conduct
ethics

Professionalism

Professional Standards 
Organizations

The ABCD is the biggest 
difference between the 
two groups of standards.
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Modeling in the Age of the Data Scientist

The GAO Report
June 2019

“Data scientists who develop rating models 
may not fully understand insurance-specific 
requirements, such as setting premium rates 
that are not unfairly discriminatory, and 
may struggle to measure the impact of new 
variables used in the models.”
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Modeling in the Age of the Data Scientist

If faced with 
a data science 
modeling  
dilemma, …
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Modeling in the Age of the Data Scientist

Dilemma #1:  
The data scientists you are working with found the variable “number of 
criminal relatives within a 25-mile radius of the insured’s address” to be 
highly predictive of loss.  The data scientists insist that it be included in the 
rating algorithm.  What would you tell the data scientist?
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Modeling in the Age of the Data Scientist

Dilemma #2:  
The data scientists you are working with have built a random forest model with 
several variables that are highly predictive but whose relationship to the risk 
being insured is difficult to understand and they cannot offer an explanation as 
to why the variables are predictive.  You are responsible for signing off on the 
model and explaining how it works to the regulators.  What would you do?
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Modeling in the Age of the Data Scientist

Dilemma #3:  
The data scientists you are working with have built a Generalized Linear Model 
(GLM) that has several variables that are known to be highly correlated with 
race. You are responsible for signing off on the model and explaining how it 
works to the regulators.  What would you do?
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Modeling in the Age of the Data Scientist

Dilemma #4:  
A regulator receives a filing containing an advanced modeling technique and 
calls the actuary named in the filing to ask him/her to sign off on it.  The actuary 
states that he/she is not qualified to answer any questions about the statistical 
techniques in the filing and can’t sign off on that part of the work.  Would you 
have done something differently in this situation?  If so, what?
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Modeling in the Age of the Data Scientist

Big Data & The Academy

 Monitors the evolution of data science and analytics to 
assess impacts to professional requirements

 Assists in the development of information for the 
professional use of big data and algorithms 

 Tracks convergence of the role of the data scientist with 
the role of the actuary for impact on professional 
requirements 

 Continue to distinguish how actuaries perform these 
tasks from how non-actuaries do so

Data Science and Analytics Committee 
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Modeling in the Age of the Data Scientist

Alternative data 
provide algorithms 
with the fuel to make 
financial decisions 
and predictions more 
accurately than ever 
before. 

Source: https://publicpolicy.wharton.upenn.edu/live/news/2557-big-datas-big-role-in-finance-and-financial/for-students/blog/news.php

Emerging Data 
Sources:  

https://publicpolicy.wharton.upenn.edu/live/news/2557-big-datas-big-role-in-finance-and-financial/for-students/blog/news.php
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Source: https://sviaccelerator.com/new-and-emerging-data-brings-insurance-into-the-streaming-age/

Emerging Data Sources:  

Evan G. Greenberg, Chairman & Chief 
Executive Officer, Chubb Limited

“Right now, if you’re a small business, to 
underwrite you we ask you about 30
questions. 

For Chubb, over the next 18 months, 
that’ll come down to about 7 questions, 
because we can just scrape the answers 
from data that is publicly available. 

We don’t need to bother you with that.”

https://sviaccelerator.com/new-and-emerging-data-brings-insurance-into-the-streaming-age/
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Source: https://sviaccelerator.com/new-and-emerging-data-brings-insurance-into-the-streaming-age/

Max Drucker, CEO & President

“Until now, carriers have looked at data at a single 
point in time, at the underwriting stage or the first 
notice of loss or injury.

But now we live in a world where data can be 
accessed continuously, it’s fluid—data is a stream. 

So we can see when business is offering a new 
service, or when an apartment building added a 
pool as it happens, rather than waiting for the next, 
undetermined point of time when a carrier may 
check a database.”

https://sviaccelerator.com/new-and-emerging-data-brings-insurance-into-the-streaming-age/
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Source: https://www.theverge.com/2018/6/28/17509720/california-consumer-privacy-act-legislation-law-voteModeling in the Age of the Data Scientist

The California Consumer Privacy Act of 2018

Companies that store large 
amounts of personal information 
— including major players like 
Google and Facebook — are 
required to disclose the types of 
data they collect, as well as allow 
consumers to opt out of having 
their data sold.
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Source: https://www.theverge.com/2018/6/28/17509720/california-consumer-privacy-act-legislation-law-voteModeling in the Age of the Data Scientist

Concern #1: “The use of external data sources, algorithms, and predictive 
models has a significant potential negative impact on the availability and 
affordability of life insurance for protected classes of consumers.”

Concern #2: “The use of external data sources is often accompanied by a 
lack of transparency for consumers.”
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Source: https://www.theverge.com/2018/6/28/17509720/california-consumer-privacy-act-legislation-law-voteModeling in the Age of the Data Scientist Source:  https://www.jdsupra.com/legalnews/new-york-circular-letter-no-1-2019-83660/

“The letter nonetheless expresses significant 
concerns about the potential for negative impact 
on consumers, insurers and the New York life 
insurance marketplace due to the variances in the 
accuracy and reliability of external data sources 
and the fact that many external data sources 
are not subject to regulatory oversight and 
consumer protections.”

https://www.jdsupra.com/legalnews/new-york-circular-letter-no-1-2019-83660/
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Modeling in the Age of the Data Scientist

Is GDPRish Good 4 Big Data?

Activity among the states 
to enact consumer data 
privacy laws.

Chart last updated 
7/21/2019

Source:  https://iapp.org/media/pdf/State_Comp_Privacy_Law.pdf

Black strikethrough - bill postponed indefinitely 

Gray strikethrough - task force substituted for 
comprehensive bill

https://iapp.org/media/pdf/State_Comp_Privacy_Law.pdf
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Source: https://sviaccelerator.com/new-and-emerging-data-brings-insurance-into-the-streaming-age/

Emerging Data Sources:  

Modeling in the Age of the Data Scientist

https://sviaccelerator.com/new-and-emerging-data-brings-insurance-into-the-streaming-age/
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Modeling in the Age of the Data Scientist

Final Dilemma:  
Your data science team can greatly improve the statistical fit of their model and 
improve its granularity by using a third-party data set. It is unclear if the use of the 
data set crosses any regulatory guidelines, but because of its granularity your data 
team can de-anonymize it with 95% confidence and determine characteristics about 
insureds your company is not legally allowed to collect.  What would you do?



Modeling in the Age of Big 
Data
Chris Stehno
Deloitte Consulting, LLC.
November  6, 2019
10:15 a.m. to 11:45 a.m.
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Social Determinants for Health
Exploring Lifestyle, Behavioral and Environmental 
Data for Health Risks
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Social Determinants of Health

70% of diseases and subsequent deaths in the US are the 
direct result of the our lifestyles, behaviors and social 
influences1

– Hypertension
– Diabetes
– Dementia
– Depression
– CHF (Congestive Heart Failure)
– CAD (Coronary Artery Disease)
– Most Cancers

1 US Surgeon General
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Evaluating the Population – Social Determinants of Health

• Which person will generate the highest medical claim costs?

© Deloitte LLP and affiliated entities.

#1 #2 #3
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Social Determinants Analytics 

© Deloitte LLP and affiliated entities.

#1 #2 #3
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Social Determinants Analytics

© Deloitte LLP and affiliated entities.

The population of 
people who score 
similar to #1 are 3 
times as likely to have 
a Depression claim, on 
average have an 
average BMI of 36 and 
will have a 60% 
chance in being 
underwritten as a 
decline or 
substandard

• Long commute
• Poor financial 

indicators
• Purchases tied to 

obesity indicators
• Lack of exercise

This population of 
people will have  near 
expectations on 
morbidity 
assumptions.

• Strong personal 
ties to 
community/locatio
n

• Avid outdoor 
enthusiast

• Avid golfer
• Average commute

The population that 
looks like #3 are 2.5 
times less likely to 
have diabetes, on 
average have a BMI of 
24 and will have an 
80% chance being 
underwritten in a 
preferred category

• High activity 
indicators

• Good financial 
indicators

• Healthy food 
choices

• Little television 
consumption

• Foreign traveler
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New data provides significant improvements in assessing health risk characteristics
Quick PredictRisk™ Facts

230M+
U.S. Adults Scored

150+
Advanced predictive 
algorithms

Data updated every 

1 Month

Contains over 

1,500+
variables on a 
person’s lifestyle and 
other metrics

400+
Variables used in the 
mortality predictive 
algorithm

Provides 360o
view of a person 

Algorithms rebuilt 

every   2 years 40+
Different business 
applications to date
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The database contains many unique variables across multiple interesting categories
PredictRisk Innovative Variables Profile

Predict
Risk Lifestyle information

• Purchase & spending behaviors
• Sports & other hobbies
• Retail and Online purchase types
• Subscriptions
• Activities and interests
• Survey results
• Political affiliation

Deloitte composite disease 
propensity indicators

• Disease propensity scores
• Disease expected severity scores
• Age gender neutral population 

health scores

Deloitte synthetic variables

• Comorbidity indicators
• High output fitness indicators
• Financial health composite 

scores

Deloitte specialty algorithms purchase 
indicators

• Likely to buy by product (life and 
health)

• Likely to qualify score (health risk 
scores)

• Financial means to buy insurance
• Life insurance calculator
• Underwriting classification 

estimate
• Likely to qualify for specialty 

underwriting (Accelerated UW)
• Face Amount Calculator

Financial information

• Net Worth
• Estimated income
• Homeowner status
• Asset investment type
• Bankruptcy indicators
• Auto ownership and type

Demographic information

• Age
• Gender
• Household/Marital
• Dwelling Type
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Disease state models are used as the cornerstones for PredictRisk. We have dozens of disease state models that we will test for each 
project that predict both the propensity to have a disease or condition and/or the severity of a condition when one exists.

Disease State Algorithms Build Foundation of PredictRisk 

1% 2% 4% 6% 7% 9% 11%

18%

28%
34%

0%

10%

20%

30%

40%

1 2 3 4 5 6 7 8 9 10

Blind Validation Lift Curve – Sample Binary 
Hypertension Model
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Predicted Hypertension Risk Group

1 3 5 7 9

By Age groups

1 3 5 7 9

By Gender

1 3 5 7 9

By Income

 The figure above represents lift measurement (or benefit) that 
can be used for analyzing the disease state models’ predictive 
power at segmenting member populations

 The model can then be used within any member sub-
populations to test robustness (as displayed in figure below)

Sample Disease State Models 

ALCOHOL_CIRRHOSIS
ASTHMA

BACK_PAIN
CARDIOVASCULAR

CEREBROVASCULAR
DEPRESSION_MENTAL

DIABETES_OBESITY
DRUG

HERNIA
HYPERTENSION

MUSCULOSKELETAL
NEOPLASM_FEMALE

NEOPLASM_MALE
NEOPLASM_OTHER

NEOPLASM_SKIN
NEOPLASM_TOBACCO

PREGNANCY
RESPIRATORY_COPD
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One of the Biggest Advancements
Electronic Health Records
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EHR Solution cuts weeks off of initial  decision 
timelines, reduces manual data entry and  enables
analytics

Sample EHR

Parse the data into machine  
readable format

Analyze the robust dataset including:  
Medical encounters and issues, lab  
and diagnostic results, medications,  
past medical history, vital signs,  
medical procedures, family medical  
history, etc.

Collect the data post  
acknowledgment and agreement  
by the customers

EHR solutions utilize patient portal technology allows the consumer to control the entire process using existing online portal
functionality

On-Demand EHR Solution Collect Parse Analyze

On-Demand EHR Solutions
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We believe we can retrieve records from over 90% of hospitals / doctors, 70% of which can be retrieved instantly

We believe you can retrieve  
records from over 90% of  
hospitals / doctors
• Most of the larger / well-

known organizations are
already in directories

• New providers can added
within 24  hours of a request

EHR Solutions have an unparalleled expected “hit rate” and 
retrieval time

2008 – Only 10% of doctors used any                         
form of Electronic Medical Coding

2018 – Think how far we have come in 10 years
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EHR solutions have the potential to significantly reduce Life Insurance underwriting operations costs and streamline the process

The traditional life insurance underwriting process typically includes  invasive, 
expensive, and slow medical underwriting requirements such as  para-medical 
exams, lab work, prescription checks, and Attending Physician  Statements (APS)

EHR solutions offer the potential to replace these requirements  with a single 
efficient and cost effective solution. The EHR solution also  creates a better 
customer experience and can drive a long-termcustomer  relationship for the 
insurance carrier.

Decrease in underwriting  
requirements costs (APS, labs,  
para-med exam, Rxcheck)

An initial phase allows for testing and
risk assessment before any long-term
commitment is established

Improved customer experience  
through faster and less invasive  
process, & opportunity to build long-
term relationship with applicants

EHR solutions are currently in a stage where several insurance carrier clients are checking viability of the solution. Results to date have suggested:
• High quality of data – the data found in the EHR solution has been rich and valuable to underwriters
• Consumer adoption is key – some carriers have struggled to find the right way to engage and incent consumers and agents
• Consumer preference – most carriers have seen a majority of initial participants express preference for the EHR process
• Provider & health system specific benefits – EHR especially valuable at slow or difficult providers and health systems

Increase in placed applications  
from improved placement rates  
due to shorter underwriting time

EHR Solutions can be leveraged in Life Insurance Underwriting
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…while delivering incredible value for our clients

DATA AVAILABILITY:
More than 85% of pilot participants were able to successfully  
retrieve data through the patient portal technology

DATA QUALITY:
95% of EHR pilot participants who were able to access EHR
produced underwriting data that was at least as rich* as
traditional underwriting data

CUSTOMER EXPERIENCE:
More than 80% of retrospective pilot participants reported a  
preference for the EHR process over the traditional
underwriting process

PROGRAM DESIGN IS CRITICAL:
Our comprehensive pilot planning led to an
integrated program design with critical stakeholder
buy-in from across the organization

NO UNIVERSAL SOLUTION:
Because each life insurance carrier has a unique  
distribution, risk assessment, and communications  
strategy, the EHR solution needs to be customized  
for each carrier

VALUE IS REAL:
The solution can potentially create hundreds of  dollars 
of value on each life insurance application for  carriers 
while also creating an improved customer  and 
producer experience

Initial EHR pilots suggest that the life insurance underwriting process can 
be radically transformed…



Data Science - Discussion DocumentCopyright © 2018 Deloitte Development LLC. All rights reserved. 52

The Mobile Revolution
Tracking, Recording, Nudging, 
24/7/365 Coverage
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90% of the data in the world today was created in the last 2 years.  The majority of that data was collected on mobile 
devices. 

The Mobile Revolution
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Location insights can be leveraged to infer potential fraud in disability claims.
Use Case—Identifying Fraud in Disability Insurance

Link to dashboard

Location snapshot of claimant cohort aggregated over the claim period helps insurers triage suspect claims early in the claims cycle to mitigate 
costs and prevent fraud

Submitted Claims – Locations of “claimed” physician services

Claims submitted for physician visits

Potentially Fraudulent Claims – Actual location of household parties over same time period show 
that no physical visits took place

Actual digital device visits from claimant’s household = 0

Average weekly physician office visits = 3 Average weekly physician office visits = 0

http://10.118.8.151/QvAJAXZfc/opendoc.htm?document=AAI/Skyhook%20-%20Location%20Tracking%20for%20Group%20Insurers.qvw&host=QVS@ussltcsnw2711
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We are not far of from the human body itself generating its own feedback loop. 
Human Body Based Sensors
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Usage based insurance is rapidly changing the marketplace
The Times Are A-Changing
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Apple Health Records started in March 2018 and already has surpassed initial estimates with millions of EHRs already 
downloaded

Apple Takes a Shot at Health Records
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