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PACIFIC LIFE RE

Pacific Life Re’s Strategic Analytics team
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We are a team of analytics
actuaries, data scientists and
data engineers with a global
footprint.
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We collect, maintain and
utilise novel datasets to help
derive new insights and
sharpen actuarial
assumptions.

What can we do for Indian insurers?

l UW & Claim automation l Endorse & improve risk models

Experience study & data insights
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We help our insurance
clients develop and deploy
data science solutions.

' Customer experience management

www.actuariesindia.org
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1970 1990

Classical ML
Trees * SVM ¢ Clustering

Statistical models
GLM « GAM ¢ Survival

The model fits a statistical
line through data points.

The model learns patterns
in tabular data without any
constraints.

What is Machine Learning / Al models?

“Al models” span a broad spectrum of method, each with distinct strengths, limitations and use cases.

2010

Deep learning
Neural Networks

The model learns
hierarchical representations
from high-dimensional data.

A

‘ Institute of Actuaries of India

2020

Foundation models

Transformers ¢ LLM

Large-scale pretraining
learns representations that
transfer across tasks and
modalities.

-— -— *
P -5
>
REPRESENTATION mostly specified increasingly learned
DATA structured / lower-dimensional high-dimensional / unstructured
COMPUTE modest large-scale
INTERPRETATION transparent black-box

Different model families make different trade-offs in structure, data requirements, interpretability and compute.

PACIFIC LIFE RE
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In focus: ML applications through two distinct use cases A

Real life projects done in the past creating actual business values

Institute of Actuaries of India

Case 1: U nderwriting Research Case 2: Accelerated Underwriting
Use of ML models flexibly and interpretably to discover Embedding machine learning models into live decision systems
mortality risk factors, nonlinearities, thresholds and to automate routine assessments, support consistent risk
interactions in an assumption setting problem. decisions and reduce operational effort at scale.

After the two cases, we return to one broader question - Where do tree-based models fit in today’s wider Al toolkit?

PACIFIC LIFE RE
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(Re)insurers need philosophy on how to price for impaired IivesA

In UK, approx. 20% of life covers are rated with an average of 50%-75% extra mortality loading for policy lifetime.

Accurate ratings can improve price competitiveness whilst maintaining profitability. etitote of Actuarios of India

Typical assessment framework:

Current Health Measures | Lifestyle Habits | Condition History | Family History —> Elevated Claim Risk

Philosophy development:

COMMON APPROACH DATA APPROACH

Scan and synthesize public medical literatures Get the data and model the risk structure in-house
Basis mismatch rCe“sr:eKrftl)I/eg::?r:::;ria?l%ﬂ?oqis;ﬁelcoel may el ® Insurance-shaped |odel the exact variables, ranges and
PP poot question combinations relevant to philosophy.
olne riSK faCtor at a May miss the jOint effeCt Of correlated health risks . Multivariate by Choose all variables of interest and let them
time design interact in one framework.

Coarse evidence Published results often use broad categories and (]

Flexible risk shape - ; g
predefined cut-offs inconsistent with desired ranges P€ Results in exact granularity as desired

Different definitions Pisease definition and follow-up time period can @ Sensitivity testing Test different approaches and scenarios for
differ to the insurance setting risk tolerance

>
@ g J
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Process Overview

It can be framed as an assumption setting problem with underwriters and medical experts

PACIFIC LIFE RE

Propose question

Which impaired risk factors
are we trying to
understand?

Bring rich data

Population / medical data
with mortality and
underwriting-like variables.

Fit a flexible
model

GBM searches many
variables, nonlinearities and
interactions.

How should we rate cardiovascular risk?

Interrogate the
model

Importance, SHAP and PDP
reveal candidate risk
structure.

Set the
philosophy

Triangulate model findings
with medical evidence,
insured experience and
judgement.

. BMI, blood pressure, lipids and blood glucose: these are the most commonly available objective health
measures in health checkup.

. Large number of applicants present with elevated cardiovascular risk, which has been clinically proven to
have a clear link to mortality.

*  The factors are correlated. Their combined effect may differ from assessing each factor individually.

. Small improvements in rating can materially affect pricing competitiveness and new business volumes

www.actuariesindia.org



B 5ring rich data NHANES: public US population health dataset A

A freely available, real-world health and mortality dataset, well suited to experimentation and production

VARIABLE EXAMPLES Institute of Actuaries of India

National Health and Nutrition Examination Survey
Demographics

A survey research program conducted by the US National Center for

«  Gender «  Age
Health Statistics (NCHS). *  Race/Ethnicity +  Occupation
* Income * Health Insurance

It was run in multiyear phases from 1971 until 1999, after which it became Marital Status

an annual, continuous, survey. Body Measurements

It is not a longitudinal study. Each iteration covers a new selection of . BM

participants, constituting a representative sample of the US population. . Waist circumference E"ggg rzr,regsure

Medical History
Data summary:

«  Asthma *  Hepatitis
«  Bronchitis/Emphysema +  Kidney disease
+ Diabetes « Cancer
140k 1 !000+ 23 years 31 !000 + Heart Attack + Stroke
articipants variabl Longest follow u deaths S *+  Thyroid
> s ariables g P Family History
CDC download: NHANES datasets & documentation Labs: Blood and Urine
+  Albumin «  HDL
+ Aspartate aminotransferase +  Haemoglobin
«  Bilirubin - LDL
* Blood Urea Nifrogen *  Protein
CAVEAT * Cholesterol + Red Blood Cell Count
The official data source are high modular. Data definition could vary across *+ Cofinine . Tri_glycerides
different NHANES cohorts. Effort required for data collection, merging and * Creafinine + Urine pH
normalization +  Gamma glutamyl fransferase «  White Blood Cell Count
’ +  Globulin

Open-source, analysis-ready versions of NHANES are available to download.

- Mortality Data
@ +  Mortality Status + Time and age of death

* Cause of Death «  Time since NHANES contact
PACIFIC LIFE RE
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https://wwwn.cdc.gov/nchs/nhanes/continuousnhanes/default.aspx
https://wwwn.cdc.gov/nchs/nhanes/continuousnhanes/default.aspx

Fit a flexible model

A

What is Gradient Boosting Model?

From a decision tree:

s
o

Serum albumin
E
o

PACIFIC LIFE RE

50

Start with the portfolio

55

Alive at Sy
»  Death withim 5y

20 -

30 40

To a series of trees, each improving on previous:

All applicants

A tree starts with everyone
in one node.

A,

Institute of Actuaries of India

Each split creates more
homogeneous risk groups; later
splits automatically create
interactions.

A tree learns by repeatedly
splitting the portfolio

Each tree learns from errors of

Tree #1 Tree #2 Tree #n :
m (\ previous trees
-T- -T- (_\ 7- * Many shallow trees combined
N (R —_—— — together improve performance
[ Rz ] mzEm [ =2 ] q- e o 0 [ 72z ] mEEm — Final
— I | .‘ — —— Classification

www.actuariesindia.org



B Fit a flexible model What is Survival GBM? A

Same survival framework; a different function for the log hazard ratio

Institute of Actuaries of India

1 Cox proportional hazards 2 XGBoost with Cox loss
Hazard = baseline hazard x relative risk Replace the linear predictor with the tree ensemble
h(t | x) = hy(t) - exp(BTx) h(t | x) = ho(t) - exp(f(x))

where f(x) = 2y treey(x)
Interpretation

What changes? BTX — f(X)
* ho(t): underlying mortality pattern over time

o - .
: . s ) e Cox framework stays; the risk function becomes
P st o o courtes T Cox ramevorsiy: e rctons
PRI ! flexible enough to learn patterns present in thedata

Example: _BMI = 0.04 Training objective: Cox partial likelihood

HR for +5 BMI units = exp(0.04 x 5) = 1.22 At each death time, increase the score of the person
o _ _ o who died relative to everyone still at risk.
=~ 22% higher instantaneous mortality hazard, holding other covariates fixed

Key The model outputs relative risk, not an absolute mortality
HR(A VS B) - eXp[f(XA) B f(XB)] probability. Absolute survival requires an estimate of hy(t).

Interpretation

PACIFIC LIFE RE

www.actuariesindia.org



BB rerogatemocel  What does the model say? A

SHAP values — powerful model explainer based on game theory

Institute of Actuaries of India

SHAP Beeswarm Plot — what variables are important and how they drive prediction

High e
* Dot = one individual
EntryAge How to read » Right of vertical line = higher predicted
the plot hazard
SystolicBP » Left of vertical line = lower predicted hazard
* Colour = feature value
Glycohemoglobin o » Order = variable importance
=
BMI ©
o
DiastolicBP E Takeaways 1. Fgr entry age, Ipwer values are as§ociated
2@ with lower predicted hazard (less risk),
Cholesterol HDL obviously.
2. For systolic blood pressure, higher values
Cholesterol_LDL are associated with higher risk, but lower
, , values does not drive lower mortality
Triglyceride 3. Triglyceride does not show strong link with
. . | . . Low mortality

-2 -1 0 1 2
SHAP value (impact on model output)

PACIFIC LIFE RE
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BB rerogatemocel  What does the model say? A

SHAP values — powerful model explainer based on game theory

Institute of Actuaries of India

SHAP Dependency Plot — interactive effect of two variables

8 How to read ° Dot =oneindividual _
th lot « X-axis = range of values for variable A
ep + Y-axis= higher values => higher model

- 60 predicted risk

» Colour = range of values for variable B
O
Y
2 % i - 50 %
© = >
> 9 o i i 5
+ b 1. Model predicted a J-shape for systolic BP:
o w
<& 40 & Takeaways high or low SBP is associated with high
n mortality.

- 30 2. There is an age interaction at increased BP:
older people’s mortality is less affected by
elevated BP than younger people

- 20

75 100 125 150 175 200 225 250
SystolicBP

Caveats
SHAP values explain the fitted prediction function, it is not model predicted values. Correlated measurements can redistribute attribution.

Many more plots available: SHAP documentation

PACIFIC LIFE RE
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https://shap.readthedocs.io/en/latest/overviews.html

K rterogatemedel  What are the model predicted loadings? A

ML model predictions are revealed by averaging over many predictions of samples. ’ ‘
Partial dependency plot 2D Partial dependency plot Institute of Actuaries of India
2.0 3
—— Age 18-39
—— Age 40-49
1.8 1 —— Age 50-59
. — Age 60-79
g
=
S 1.6
3
£ o
? S
u —
T 14+ S 2
u 0
o >
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T 1.2
£
e
1.0 -
D.B T T T T T T T T 1
o o =} =] =} =} =l S
@ @ = ph ! 9 2 ~ BMI
SystolicBP
What does the plot say What does the plot say
1. J-shaped systolic BP consistent with SHAP plot. Low BP BMI interacts with SBP, the effect of BMI on mortality changes
are associated with up to 20% extra mortality, compared to across blood-pressure levels, so assessing either factor
@ BP of 100-120. independently may misstate the combined risk.

PACIFIC LIFE RE 2. SBP=140 is associated with 60% EM for age 18-39
whereas for 60-79 it’s only about 20%
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puzzle

Medical literature Model findings
Provides bespoke
evidence addressing gaps
in medical literature

ML superior at finding
candidate risk factors,
thresholds, interactions
and non-linearities.

v v

Provides formal medical
evidence able to
withstand regulatory
scrutiny

PACIFIC LIFE RE

Insured experience

Real experience reflecting
selection effect and
socioeconomic differences

v

Underwriting Philosophy

B st neassumpiion . MlOdel findings are just one piece of the

Institute of Actuaries of India

Expert judgement

Resolves gaps and
conflicting evidence, then
converts findings into
practical and commercial
decisions.

v

Simple enough to implement, defensible to regulator and commercially
competitive.

www.actuariesindia.org
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UW Decision Workflow Overview A

As-Is:  Applicants classified as ‘Refer’ (non-STP) by UW Rules Engine will Istitute of Actucries of India
go through manual underwriting by underwriters

d .
S’&ar\dard | Rate

70 @ =¥| issuance
....... ( i 5\6“63 =7

Lo o

Sub ®
S : Stg, Loading/
Application nggl?:ele O@%?& Er?gleenvlzr%rs 30 ”daro, Exclusion
N / /Decline

L, * Costly, slow
+ Customer disengage or buy
elsewhere

To-Be: ML model generates individual scores for these customers and
‘Very Good’ scores can be STP

....... ery C?ood’ Score g g Issuance
_ 5] o 100 @ 20 o0
— @k Refer St
= . @& -
@ f i M-V N Substang, Evelusion
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Predictive Model Solution Overview A

M Od e I Ove rVi eW Institute of Actuaries of India

Objective To predict the underwriting outcome (Standard vs Sub-standard) of targeted applicants.

Solution Develop ML model that learns from past underwriting records.

Model Content

Applicants referred for manual + Tree-based binary classifiers, « Demographics Probability of Standard
underwriting due to specific depending on data types + Age, Gender, Occupation, etc.
reason(s). - xgboost Refer
. catboost * Policy Information
Standard . lightGBM » Cover type, amount, Benefit 0%
Term
m + Underwriting Data == Threshold*
) * Questions & answers
Decline « Decision Data
100%

Others ‘ -

PACIFIC LIFE RE
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Choosing The Threshold A
TEST: P(Standard) (Calibrated)

Institute of Actuaries of India

3501 Standard  Non-Standard
3007 Standard Mlsaee)
opportunity
250 1 N
on-
No Impact
= 200 Standard
=)
8
150
* In choosing the threshold, we want to maximise the Good,
e whilst minimising the Mortality Leakage
50 - » There is no “right” answer, it's up to the business risk appetite
N - lower threshold leads to:
« more efficiency & policy take-up, but
* higher risk cost.
* In practice, it is a collective decision involving many different
stakeholders.
Example metrics we looked at when deciding the threshold
EE Medical
Threshold Reduction Precision Overal.l STA Risk Cost evidence F.I:E .Vomme
o Uplift . saving increase
% saving
85.0% 15.1% 94.6% 4.2% 0.5% £210k p.a.| 0.5-1 | 3.4%
" 90.0% 10.0% 96.6% 2.8% 0.2% £140k p.a.| 0.5-1 | 2.2%
95.0% 7.6% 97.5% 2.1% 0.1% £105k p.a.| <0.5 | 1.7%
98.0% 2.6% 99.2% 0.7% 0.0% £35k p.a. | <0.5 | 0.6%

PACIFIC LIFE RE
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Determining Analysis Period

Policy Status by Application Created Date

Enquir..

Channel A

% of Total Count Customers

Channel B

% of Total Count Customers

Created Date

In Force \/\/\/\/\ m
In Force \//—’\_ﬁ

Force

K

)

Force

L . JH_“—T—) \

Train Valid Test

A

Institute of Actuaries of India

Status
M Alternative policy has been declined
Amendment benefit not taken up
Awaiting Acceptance
Awaiting Completion
Awaiting Confirmation of Terms
Awaiting Printing
B Awaiting Report Arrangment
Awaiting Rule Book
M Awaiting Underwriting
Cancel Ab Initio due to Statutory Notice
B Cancelled
B Cancelled Ab Initio
M Cancelled Ab Initio due to Fraud
Critical lliness Diagnosed
M Dead
Expired
M In Force
Policy declined by underwriter
M Policy has been written off

B Post-sale Off
5 M Terminal lliness
S Unknown

J

Run off period for nendina decisions

UW rules change over time, we want the model to be most representative of current and near future
Most recent data have pending UW decisions. Incomplete information makes this period unusable.
Time-based train/valid/test split is used, whereby test period is set to the most recent usable period to be most accurate of the

future expected outcome.

B Policy has been written off -
B Policy has been written off -
Policy has been written off -
MW Policy has been written off -
Policy has been written off -

Better terms elsewhere

IFA lost contact with applicant(s)
LV decision, lack of contact/expired
No reason given

Other reason

www.actuariesindia.org



Key Considerations for Live Deployment A

Institute of Actuaries of India

D
Model Monitoring Regulation
Performance can degrade over time as the portfolio More stringent control when customer’s outcome is directly
shifts in- decided by model. Company needs to demonstrate:

* the underlying insured population * adherence to data privacy laws

- - * non-discriminatory practices
* prevailing underwriting rules S

« explainability
» distributor behaviour, among other factors

human accountability

Solution
* Exclude sensitive attributes from training

_ * Implement hard rules for model routing
Trac.k model performance and buglness outcome » Evidence equal outcomes across key attributes
continuously and recalibrate/retrain the model if

case

Solution

PACIFIC LIFE RE
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Can LLM replace tree-based ML models?

0 Repeatability ° Predictable cost and speed

Same input, same output in trees. LLM can produce a Tree models are cheap and fast. LLM cost and latency
distribution of outputs, or answers can even with a slight depend on tokens, context and tool calls — hard to
change in semantics in prompt. budget at scale.

° Auditability ° Security and data control

Tree models can be frozen, versioned and re-run to Insurance data is personal and sensitive. An outside
explain any decision to regulator. LLM setups add LLM service adds privacy, vendor and data-leak risk that
prompts, retrieval and vendor versions to validate. in-house models avoid.

PACIFIC LIFE RE
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Foundation models may make tree-based ML more useful

Foundation models can expand the inputs; Tree-based models remain the structured risk engine.

I . R
Unst_ructured Foundation Structured ML model Decision
evidence -
model representation system
notes » PDFs * features / tree-based
: extract / embed : . , rules / thresholds /
Images embeddings supervised learning human accountability

Medical notes

LLM extracts conditions —

underwritin Modern Al can sit upstream of tree-based ML rather than replace it.
g features

Claims descriptions

2 C'aslst'r‘:fgr;‘;‘j’se /i Model building has never been easier with Al coding assistant

Documents
OCR + LLM — structured
underwriting evidence

PACIFIC LIFE RE
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To help you get started, | have created a github repo showcasing end-to-end ML survival modelling:
lai-webinar-demo

C: > Users > zzhou > AppData > Local > Temp > 913df4d9- -4ded-85e1-68487c84d748 jai-webinar-demo-mainzip.748 > iai-webinar-demo-main > underwriting_research.ipynb > M! Interpreting mortality associations for underwriting research Jupyter Notebook
% Generate + Code -+ Markdown | [> Runall | i= Outline - B select Kernel

28 W
" Interpreting mortality associations for underwriting research Insituto of Actuaries of India

This analysis estimates adjusted mortality associations for underwriting research using clearly defined comparisons. Including more variables can change that comparison, even when prediction improves.

1. Choose coherent measurements and remove strong redundancy.

2. Estimate smooth, adjusted HR curves with spline Cox.

3. Use XGBoost with all selected measurements to investigate nonlinear relationships.

4. Check data support and interpret model contributions before drawing UW conclusions.

We investigate conditional associations, not causal effects or ready-to-use loadings. No curve is constrained to match an expected U-shape.

Run the cells from top to bottom. Each code cell performs one part of the analysis; later cells use objects created earlier. Cells that define a function prepare a reusable operation and do not produce a result until the
function is called.

1. Data prep
Import packages. Load the libraries used for data preparation, survival models and plots.

from pathlib import Path
import json, hashlib, warnings
from urllib.request import urlopen

rt display
selection import train_test split
g import SplineTransformer

warnings.filterwarnings(“ignore”, message="IProgress not found.*")

import shap
from su

Set paths and reproducible settings. Create the output folder and use a fixed random seed. The plotting function saves each figure before displaying it.

ROOT = Path.cwd()
OUT = ROOT / “results™
OUT.mkdir(exist ok= )

SEED = 2826
np.random. seed (SEED)

thread_limit = threadpool_limits(limits=4)

PACIFIC LIFE RE

plt.rcParams.update(
[“figure figsjze":



https://github.com/ZZhouGit/iai-webinar-demo
https://github.com/ZZhouGit/iai-webinar-demo
https://github.com/ZZhouGit/iai-webinar-demo
https://github.com/ZZhouGit/iai-webinar-demo
https://github.com/ZZhouGit/iai-webinar-demo

Thank you!

We don't sell models; we build capabilities with your teams.

Let's continue the conversation.

Zhuowen Zhou, FIA

Manager, Strategic Analytics

Zhuowen.Zhou@PacificLifeRe.com

PACIFIC LIFE RE
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