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Active participation in the Society of Actuaries is an important aspect of membership.  While the positive contributions of professional societies and associations are well-recognized and 
encouraged, association activities are vulnerable to close antitrust scrutiny.  By their very nature, associations bring together industry competitors and other market participants.  
The United States antitrust laws aim to protect consumers by preserving the free economy and prohibiting anti-competitive business practices; they promote competition.  There are 
both state and federal antitrust laws, although state antitrust laws closely follow federal law.  The Sherman Act, is the primary U.S. antitrust law pertaining to association activities.   The 
Sherman Act prohibits every contract, combination or conspiracy that places an unreasonable restraint on trade.  There are, however, some activities that are illegal under all 
circumstances, such as price fixing, market allocation and collusive bidding.  

There is no safe harbor under the antitrust law for professional association activities.  Therefore, association meeting participants should refrain from discussing any activity that could 
potentially be construed as having an anti-competitive effect. Discussions relating to product or service pricing, market allocations, membership restrictions, product standardization or 
other conditions on trade could arguably be perceived as a restraint on trade and may expose the SOA and its members to antitrust enforcement procedures.

While participating in all SOA in person meetings, webinars, teleconferences or side discussions, you should avoid discussing competitively sensitive information with competitors and 
follow these guidelines:

• Do not discuss prices for services or products or anything else that might affect prices
• Do not discuss what you or other entities plan to do in a particular geographic or product markets or with particular customers.
• Do not speak on behalf of the SOA or any of its committees unless specifically authorized to do so.
• Do leave a meeting where any anticompetitive pricing or market allocation discussion occurs.
• Do alert SOA staff and/or legal counsel to any concerning discussions
• Do consult with legal counsel before raising any matter or making a statement that may involve competitively sensitive information.

Adherence to these guidelines involves not only avoidance of antitrust violations, but avoidance of behavior which might be so construed.  These guidelines only provide an overview of 
prohibited activities.  SOA legal counsel reviews meeting agenda and materials as deemed appropriate and any discussion that departs from the formal agenda should be scrutinized 
carefully.  Antitrust compliance is everyone’s responsibility; however, please seek legal counsel if you have any questions or concerns.

SOA Antitrust Compliance Guidelines
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Presentations are intended for educational purposes only and do not 
replace independent professional judgment.  Statements of fact and 

opinions expressed are those of the participants individually and, 
unless expressly stated to the contrary, are not the opinion or position 

of the Society of Actuaries, its cosponsors or its committees.  The 
Society of Actuaries does not endorse or approve, and assumes no 

responsibility for, the content, accuracy or completeness of the 
information presented.  Attendees should note that the sessions are 

audio-recorded and may be published in various media, including 
print, audio and video formats without further notice.

Presentation Disclaimer
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Healthcare Modeling
Hot Data, Cool Models



Traditional View 
and the Challenge of Climate Change
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Source:  Monthly average surface temperatures by year, World, downloaded 10/5/2025
Can be used for reserves, pricing, forecasting, and ORSA work

https://ourworldindata.org/grapher/monthly-average-surface-temperatures-by-year


Methods:
Bayesian Networks

• Strengths: Causal reasoning, uncertainty 
quantification, modularity.

• Climate-health fit: Great for modeling 
conditional dependencies—e.g., how 
heatwaves influence chronic condition 
exacerbations, which in turn affect 
utilization and cost.

• Use case: Regional morbidity shifts under 
climate stressors; probabilistic forecasting 
of hospitalization rates.
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Methods:
Generalized Additive Models

• Why GAMs: GAMs extend GLMs by 
allowing nonlinear relationships between 
predictors and outcomes while preserving 
interpretability
• e.g., temperature, humidity and health 

outcomes.

• Actuarial edge: Transparent, interpretable, 
and easy to integrate into existing pricing 
workflows.

• Use case: Modeling seasonal morbidity 
trends with climate overlays.
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Example:

PMPMt+1 ~ PMPMt x (1+trend)

+ s(heat_index) + s (AQI) +  s(vectors) + …

where:

• s() denotes a spline function—capturing nonlinear 
effects like:
• Heatwaves increasing ER visits only after a 

threshold

• AQI impacting respiratory claims in a U-
shaped curve

• Vectors of illnesses may increase with floods, 
standing water



Methods:
Others

• Survival Models with Climate Covariates

• Hierarchical Models / Mixed Effects Models

• Agent-Based Modeling (ABM)

• Hybrid Frameworks

• Hints:
• Start simple: Use climate indices as additive features in existing models before jumping to full causal 

frameworks.
• Modularize inputs: Design models to swap in/out climate variables as data quality improves.
• Stress-test assumptions: Use climate scenarios (e.g., RCPs) to test pricing and reserving robustness.
• Visualize dependencies: Use BN graphs or GAM plots to communicate climate-health relationships to 

non-technical stakeholders.
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Life Insurance Market
Navigating limited data



Data-driven leadership requires data

• Reliable climate related data is hard to come by for many key life 
insurance related metrics
• Long-term mortality/morbidity impacts of climate change

• Climate migration patterns

• Investment impacts from transition or physical risks

• Scope 3 emissions data

• Many outcomes are pathway dependent and there are no pathway 
probabilities
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How to proceed?

Start Qualitative

Begin with qualitative assessment to 
identify risks most likely to impact your 
organization

Move to Focused Quantification

Use qualitative work to identify areas to 
focus quantitative analysis. 

Use existing data, expert opinion, and 
simplified stress scenarios to roughly 
quantify impact

Wholistic quantitative modeling is not feasible for most insurance companies.



Assemble a broad cross-
functional team

• Climate risk can impact every area of the 
organization so broad representation is 
necessary

• Need to level set with all members so there is 
a common, baseline understanding of climate 
risk, TCFD, and regulations

Performing Qualitative Climate Risk Assessment

Risk Identification Qualitative Scenario Analysis

• Select at least two reputable scenarios: 
smooth transition and a hot house scenario

• Assess how identified risks would impact your 
company in each scenario as well as your 
current ability to manage that risk

• Risks deemed most impactful should be the 
focus of quantitative analysis. 

• Start with risk identification and prioritization

• Requires a high level of engagement to 
evaluate potential impacts of a large list of 
risks and help prioritize them

• Narrow focus to risks deemed most impactful



Example climate risk and opportunity assessment 
results
Conduct qualitative scenario analysis to assess impact, frequency, and response for each prioritized risk and opportunity, across 
selected climate scenarios and time horizons.

Orderly Transition Hot House World

Short 
(2025)

Medium 
(2035)

Long 
(2050)

Short 
(2025)

Medium
(2035)

Long 
(2050)

Transition Risk 1

Transition Risk 2

Transition Risk 3

Physical Risk 1

Physical Risk 2

Physical Risk 3

Opportunity 1

Opportunity 2

Example Results Takeaways:

Transition risks may tend to emerge sooner for a life 
insurance company than physical risks.

Ability to respond impacts how you view each risk.

Physical risks were increase in the Hot House World 
scenario due to large uncertainties including the 
required effort to adapt.

In both the Orderly Transition and Hot House World 
scenarios, there may be opportunities that emerge.

A

B

D

C

Risk / opportunity rating 
based on impact and 
frequency scores:

Low Medium High
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Quantitative Examples



CML Portfolio – Insurance exception requests

CML Portfolio
Insurance cost and 
availability Exception requests

Risk mitigation and 
assessment

Commercial mortgage loan (CML) 
portfolio represents material portion 
of balance sheet

Portfolio quality is provider 
dependent, split between CM1 and 
CM2 rated loans

All borrowers are required to 
maintain adequate property 
insurance to protect interest in the 
collateral

High debt service coverage ratio 
(DSCR) means properties have excess 
revenue to cover rising insurance 
costs. Track ratio over time to monitor 
expsoure

Low loan to value (LTV) ratio of means 
borrows would give up significant 
equity (and suffer negative tax 
impact) to turn property over to 
lender. Readily available data to track.

Develop stress tests based on 
insurance cost impact to DSCR to 
measure potential impacts.

Insurance costs have 
rapidly increased, 
between 15-25% per 
year on average for the 
past three years.

CA, TX, and FL are the three most 
impacted states. SFG has a lower 
exposure to these states than the 
industry

Insurance exception requests have 
materially increased over the past 4 
years due to increased costs or lack of 
availability.

All requests are individually 
considered and exceptions may be 
allowed with alternative protective 
agreements.



Severe weather impact on claims

Insurance companies have ample claims data

• Track impacts from notable severe weather events such as hurricanes and wildfires

• Track impacts to asset portfolio as well and aggregate at enterprise level

Extrapolate this data to more severe stress tests

• Assume multiple instances of severe events in a single year

• Determine how many events would be required to breach risk tolerance
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Flood exposure, 
hurricanes, tornados 
or wildfire 
to buildings and 
offices

Physical Risk



Geographic Concentration 
Modeling

• Monitor exposure to catastrophic 
risks including: terrorism, 
earthquake, hurricane, and tornado

• Information is used to inform CAT 
reinsurance purchases

• Extrapolate data to assume multiple 
events or more frequent events to 
inform potential changes to climate 
risk exposure
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Climate-Enhanced Pricing
Using Gradient Boosting Machines to Personalize Life Insurance Rates
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Source: International Actuarial Association, Climate Risk Task Force (2020), Importance of Climate-Related Risks for Actuaries

ERM Risk Classes Impacted by Climate-Related Risks

22



Source: International Actuarial Association, Climate Risk Task Force (2020), Importance of Climate-Related Risks for Actuaries
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How Actuarial Work is Exposed to Climate-Related Change



Substantiating the Claim

• Groundbreaking analysis links over 5m deaths annually to abnormally hot/cold temperatures

̶ Source: Zhao, Q., Guo, Y., Ye, T., Gasparrini, A., Tong, S., Overcenco, A., … & Kinney, P. L. (2021). Global, regional, and national 

burden of mortality associated with non-optimal ambient temperatures from 2000 to 2019: a three-stage modelling study. The 

Lancet Planetary Health, 5(7), e415–e425

• Research on Hurricane Maria in Puerto Rico found 1,650 excess deaths in the six months 

following the storm, far exceeding the officially reported toll of 64

̶ Source: Santos-Burgoa, C., Sandberg, J., Suárez, E., Goldman, A., Garcia-Meza, A., Pérez, C. M., ... & Zeger, S. L. (2018). 

Differential and persistent risk of excess mortality from Hurricane Maria in Puerto Rico: A time-series analysis. American 

Journal of Public Health, 108(9), 1202–1208

• Healthcare delivery disruption due to climate change
̶ Source; Shah, A., Shapiro, J., & Hayes, S. (2022). The Impact of Climate Change on Our Health and Health Systems. The 

Commonwealth Fund

• Despite the rich empirical evidence, actuarial models still lack a practical, scalable framework 

to incorporate climate effects into pricing!
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Source: Santos-Burgoa, C., Sandberg, J., Suárez, E., Goldman, A., Garcia-Meza, A., Pérez, C. M., ... & Zeger, S. L. (2018). Differential and persistent risk of excess 
mortality from Hurricane Maria in Puerto Rico: A time-series analysis. American Journal of Public Health, 108(9), 1202–1208



Types of Mortality Risk
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Level underlying mortality for a particular population dffers from that assumed

Volatility mortality experience will differ from that assumed due to there being a finite number of lives in the population 
considered

Catastrophe extreme version of volatility risk, i.e., risk of large losses due to some significant event increasing mortality rates 
beyond simple random volatility

Trend mortality rates will change over time at a rate different to that assumend

Mortality risk is the risk that a portfolio will suffer from mortality being heavier than expected

Source: International Actuarial Association (2004). A Global Framework for Insurer Solvency Assessment: Report of the Insurer Solvency Assessment Working Party



Personal Data
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Data theme Example raw fields Why Gradient Boosting Machines (GBMs) 
handle it well

Demographics & family history Age, gender (legal & identified), zip code-level 
socioeconomic indices, parental longevity

Mix of categorical + ordinal; GBMs capture 
non-linear age effects, regional interactions

Medical records & labs ICD-10 diagnoses, prescription history, 
cholesterol, HbA1c, blood pressure

Lots of sparse codes + continuous labs; tree 
splits isolate rare but high-risk combos

Wearable / lifestyle Daily step count, resting heart-rate trends, 
sleep efficiency, nicotine sensor

Highly granular, seasonally patterned; GBMs 
aggregate without formal time‐series 
modeling

Behavioral / credit-like Driving-telematics score, payment 
punctuality, online questionnaire honesty flag Irregular, skewed; GBMs robust to outliers

Genomic polygenic risk scores (opt-in) CAD-GRS, cancer-GRS percentiles Weak marginal but strong interaction 
effects—GBMs pick these up

• All data must pass privacy, consent and anti-discrimination rules

• Public-domain data sources include WHO Mortality Database, CDC WONDER, etc.



Climate-Risk Variables
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Data theme Example raw fields How Gradient Boosting Machines (GBMs) exploit 
them

Extreme-heat exposure

• Annual count of “wet-bulb > 79 °F days” in 
applicant’s home 0.6-mile grid (ERA5 / 
Copernicus)

• 5-yr trend in summer night-time minima

Non-linear splits capture threshold effects (“mortality 
jumps once > 10 very hot nights/yr”)

Wildfire smoke & air-quality
• Mean PM₂.₅ concentration last 12 months
• % of days with satellite-detected smoke plume 

(NOAA HMS)

Combines continuous (µg/m³) & sparse binary plume 
flags; GBM finds their joint impact with age/COPD

Flood & storm surge risk
• Parcel-level FEMA Flood-Factor score
• Count of mandatory evacuations within 3.1 

miles in past decade

Spatial categorical features interact with socio-
economic indices (e.g., high-risk + low car ownership)

Vector-borne disease climate 
suitability

• Annual “days suitable for Aedes aegypti”
• Tick-borne disease suitability index

GBM handles regional seasonality without explicit 
time-series modeling

Heat-related occupational exposure 
(if employer data available)

• % of work hours logged outdoors in > 86 °F
• Presence of employer cooling-plan flag

Tree splits isolate high-risk occupation × climate 
interactions

Forward-looking scenario deltas
• Δ in 20-yr projected extreme-heat days under 

SSP2-4.5 (CMIP6 downscaling)
• Δ wildfire probability 2030 vs 2020

Feeding scenario deltas lets GBM learn “future 
exposure” weightings alongside current

• Public-domain data sources include ERAS, NOAA NCEI, NASA POWER, local meteorological stations, etc.



Sample ICD-10 Codes Associated With Climate Variables
• Cardiovascular and Respiratory Diseases (ICD-10: I00–I99, J00–J99)

̶ Heatwaves can increase mortality from cardiovascular events and respiratory distress, especially in vulnerable populations

̶ Cold weather is also linked to increased deaths from heart attacks, strokes, and respiratory infections

̶ Air pollution can exacerbate asthma, COPD and heart disease

• Infectious and Parasitic Diseases (ICD-10: A00–B99)

̶ Climate variables like temperature, humidity, and precipitation influence the spread of vector-borne diseases (e.g., malaria)

̶ Waterborne diseases can surge following heavy rainfall or flooding events

• External Causes of Mortality (ICD-10: V01–Y98)

̶ Floods, storms, heatwaves, wildfires

̶ Seasonal patterns may influence accidents (e.g., icy roads in winter increasing vehicle-related deaths)

• Mental and Behavioral Disorders (ICD-10: F00–F99)

̶ Some studies link seasonal affective disorder and suicide rates to temperature and sunlight exposure

• Neoplasms (ICD-10: C00–D48)

̶ While less direct, UV radiation (linked to climate and geography) is a known risk factor for skin cancers
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Toy Model for Demonstration Purposes
• Personal attributes

̶ Basic data → random deviates from uniform distributions

̶ Hypertension/diabetes/smoker probabilities → logistic functions, simulated binomial probabilities

̶ Daily steps, resting hours → random deviates from a Gaussian distribution, with means as 
functions of age, smoking indicator, hypertension

• Climate-related features

̶ Heat days, smoke days → random deviates from Poisson distributions

̶ Chronic pm25, flood, wildfire, vector disease → random deviates from Gaussian distributions

̶ Projected heat delta → random deviates from uniform distribution

• ICD-10 indicators

̶ Arbitrary factors of heat/cold days, combined w/ Bernoulli distributions to generate diagnosis 

indicators

• Logit death

̶ Linear combination of all factors, with arbitrary coefficients

̶ Two-way interaction with high blood pressure and heat days

̶ Light label-flip noise to boost non-linearity

̶ Light miscoding noise for each ICD-10 toi account for false diagnoses

̶ Modest Gaussian noise for continuous variables 



31

Sample Logistic Functions: Hypertension & Diabetes

• Calibrated so as to

̶ produce a low baseline probability at age =  40 and BMI =  25

̶ add ~6% to the log-odds per decade over 40, reflecting that hypertension accelerates with age

̶ add ~8% to the log-odds per 5 BMI units above 25

• Calibrated so as to

̶ recognize than diabetes is rarer than hypertension at baseline; thus, lower intercept

̶ acknowledge that BMI is the dominant variable; +5 BMI lifts log-odds by 25%
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Why Use Gradient Boosting Machines (GBMs)?

• Tabular data with complex relationships

̶ GBMs are suitable on structured datasets with mixed data types and non-linear interactions

• Moderate-sized datasets

̶ GBMs are data-efficient and work well with thousands of rows

• Handling of missing data and categorical values

̶ LightGBM and XGBoost can handle missing values natively

̶ CatBoost handles categorical data without encoding

• GBMs frequently win data science competitions (e.g., Kaggle) due to their flexibility and ensemble 

nature

• GBMs require minimum Python coding 
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Model Pros Cons Remarks

Decision Tree
• Very interpretable (visualizable)
• Fast training & prediction
• No data scaling required

• High variance / overfits easily
• Unstable to small data changes

• Baseline model; great for insight but 
usually out-performed by ensembles

Random Forest
• Reduces overfitting vs single tree
• Handles high-dim’l data
• Robust to outliers/noise

• Less interpretable
• Can be slow & memory-heavy with many trees

• Easy “off-the-shelf” ensemble; good 
default; feature importance available

Gradient Boosting
• Often outperforms RF on structured data
• Controls bias/variance tradeoff via learning 

rate

• Slower training (sequential)
• Sensitive to hyperparameters

• sklearn’s GBM is a pure-Python 
implementation—easier install but slower 
than specialized libs

XGBoost
• Built-in regularization (L1/L2)
• Highly optimized C++ implementation
• Handles missing values

• More complex API & tuning
• Higher memory footprint

• Industry standard; good balance of speed 
& accuracy; supports GPU

LightGBM
• Very fast training
• Low memory use
• Native support for categorical splits

• Can overfit small datasets
• Less robust to noisy features

• Excellent for large datasets; GPU-
enabled; requires careful tuning of 
max_depth/min_data_in_leaf

CatBoost
•  Excellent categorical handling (no one-hot 

needed)
•  Fast convergence (ordered boosting)

• Slower than LightGBM
• Larger install (Python package)

• Great “out-of-the-box” accuracy with 
minimal tuning; ideal when many 
categorical features

Sources: model information retrieved from https://en.wilkipedia.org (except Gradient Boosting, where https://datamapu.com was used instead). In addition, for the XGBoost model 
implementation details, the github repository https://github.com/dmlc/xgboost?utm_source=chatgpt.com was used.

https://en.wilkipedia.org/
https://datamapu.com/
https://github.com/dmlc/xgboost?utm_source=chatgpt.com


From R to Python
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Caveat Emptor
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• The challenge has shifted from coding to understanding the impact of the parameters in the 
output!

• Fortunately, scikit-learn.org provides fairly detailed documentation
̶ ditto for other libraries, such as xgboost and lightgbm
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Performance Metrics
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Accuracy: % of total predictions that were correct

Precision: When the model says "positive," how often is it right?

Recall: Of all actual positives, how many did the model find?

F1 Score: Weighted average between precision and recall

ROC AUC: Ability to distinguish between classes (higher = better)

PR AUC: Quality of model when dealing with imbalanced data (higher = better)



How Do Models Stack Up?
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Gradient Boosting

 Accuracy (𝟎. 𝟗𝟖𝟓): Almost perfect
 Precision & Recall (≈ 𝟎. 𝟗𝟕 − 𝟎. 𝟗𝟗): High ability to correctly detect positives
 F1 (𝟎. 𝟗𝟕𝟖): Balanced performance
 ROC AUC (𝟎. 𝟖𝟒𝟗): Good class discrimination
 PR AUC (𝟎. 𝟎𝟖𝟑): Very low, raises red flags for imbalance

XGBoost

 Accuracy (𝟎. 𝟕𝟒𝟕): Noticeably lower
 Precision (𝟎. 𝟗𝟖𝟏): Very confident in its positives
 Recall (𝟎. 𝟕𝟒𝟕): Misses many true positives
 F1 (𝟎. 𝟖𝟒𝟏): Decent, but hurt by low recall
 ROC AUC (𝟎. 𝟖𝟒𝟒): Acceptable
 PR AUC (𝟎. 𝟎𝟖𝟎): Very low, raises red flags for imbalance

LightGBM

 Accuracy (𝟎. 𝟗𝟖𝟓): Almost perfect
 Precision & Recall (≈ 𝟎. 𝟗𝟕 − 𝟎. 𝟗𝟗): Matches Gradient Boosting
 F1 (𝟎. 𝟗𝟕𝟖): Top-tier
 ROC AUC (𝟎. 𝟖𝟓𝟎): Slightly best
 PR AUC (𝟎. 𝟎𝟖𝟔): Still very low, but slightly better than others

CatBoost

 Accuracy (𝟎. 𝟕𝟗𝟗): Better than XGBoost but well below GBM/LightGBM
 Precision (𝟎. 𝟗𝟕𝟗): High confidence
 Recall (𝟎. 𝟕𝟗𝟗): Misses positives
 F1 (𝟎. 𝟖𝟕𝟓): Acceptable
 ROC AUC (𝟎. 𝟕𝟕𝟖): Lower class separation
 PR AUC (𝟎. 𝟎𝟔𝟒): Lowest, again points to class imbalance



Plus Emptoris Caveat
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• Class imbalance
̶ makes accuracy misleading (if 99% are survivals, predicting survival gives 99% accuracy but zero usefulness)
̶ all models have a low PR AUC score, which is normal due to a highly imbalanced data set
̶ may resample (e.g., Synthetic Minority Over-Sampling Technique [SMOTE]) or adjust thresholds

• Interpretability
̶ GBMs are not very transparent

̶ may use Shapley Additive Explanations (SHAP) to learn “why did the model make this prediction”

̶ SHAP explains prediction clearly and fairly, and work especially well with GBMs—explainability is critical in insurance!

• Computational resources
̶ LightGBM is optimised for large data sets, making it more efficient than other GBM algorithms

̶ if the model is to be used in real-time or resource-limited environments, LightGBM is lightweight and deployable

̶ scikit-learn GBMs are not optimised for speed, early stopping must be manually implemented, and there is no handling of 

missing values (pre-imputation must be done by the user)

• Model tuning
̶ Hyperparameters should be fine-tuned with cross-validation



May go for LightGBM as a starting model, but ...
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• Address class imbalance

• Use cross-validation
̶ split data set into 𝑘-sized folds
̶ use each fold as the validation set, and the remaining 𝑘 − 1 folds as the training set
̶ train and evaluate the model 𝑘 times, and average the performance across all folds

• Fine-tune parameters
̶ adjust settings that control how the model learns, in order to improve its performance (e.g., no. of boosting rounds [trees], how 

much each tree corrects the previous one, maximum depth of each tree, etc.)

• Use explainability tools, like SHAP



Common Pain Points & Practical Fixes
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Pain point Reality check Practical fix

Interpretability Raw GBM trees aren’t transparent to clinicians or 
regulators

SHAP value plots, partial-dependence curves, monotonic constraints, or a 
post-hoc logistic “proxy” model may satisfy scrutiny

Calibration Boosters can be over-confident, especially with rare 
outcomes

scikit-learn calibration guide explains how to use built-in calibration layers 
(e.g., CalibratedClassifierCV)

Censoring & time horizon A plain GBM treats mortality as a binary label; life 
actuaries care about time to event

Use survival GBMs: LightGBM’s "objective": "survival", XGBoost’s 
"survival:cox", scikit-survival’s GradientBoostingSurvivalAnalysis, or a 
Poisson-GBM on person-time intervals

Regulatory fairness Boosting can inadvertently encode socio-economic or 
racial bias Constrain or exclude protected features; run fairness dashboards

“All models tie” Occurs when data are too easy, class imbalance 
unaddressed, or metrics use a single threshold

Re-balance classes, tune hyper-parameters, pick model-specific thresholds, 
or use more challenging non-linear signal



Take-Aways
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• Extreme temperatures, storms, and chronic environmental stressors significantly impact 
mortality—often underreported and underestimated

• Mortality impacts from climate events often go unaccounted in standard actuarial models, 
requiring richer, more granular data sources and scenario analysis

• Actuaries need decision-making frameworks that combine quantitative rigor with qualitative 
insights

• Both acute events (e.g., hurricanes) and long-term exposures (e.g., heatwaves, pollution) must be 
modeled to capture the full climate-health burden

• Embedding climate-health projections into actuarial models empowers insurers and policymakers 
to improve risk management, product design, and societal resilience

• By capturing complex, non-linear interactions between demographic, environmental, and 
exposure variables, GBMs help actuaries model mortality impacts more accurately & transparently



Questions?

Provide Your 
Feedback
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