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Introduction 59th Actuarial Research Conference

Gradient boosting proliferates in actuarial science

Henckaerts et al. (2021) conclude that gradient boosting machines (GBM) improve
the performance over GLMs for general insurance ratemaking.

Other uses in
insurance applications :

GBM in Wirawan and Gunardi (2022) and Clemente et al. (2023),
XGBoost in Gao et al. (2023).
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Insufficient for risk
management !
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From point predictions to probabilistic predictions

Point prediction

Probabilistic prediction

𝐸[𝑌 |x] = ̂𝜇(x)

̂Pr[𝑌 ≤ 𝑦|x] = 𝐹𝑌 {𝑦; ̂𝜇(x), 𝜎̂}
̂Pr[𝑌 ≤ 𝑦|x] = 𝐹𝑌 {𝑦; ̂𝜇(x), 𝜎̂(x)}

From point predictions, we can get
probabilistic predictions by
assuming some parameters as
constant.

Recent probabilistic boosting
algorithms relax this assumption.
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Recent implementations of gradient boosting for decision trees

GBM
Friedman (2001, 2002)

EGBM
Lou et al. (2013)

XGBoost
Chen and Guestrin (2016)

LightGBM
Ke et al. (2017)

CatBoost
Prokhorenkova et al. (2018)

XGBoostLSS
März (2019)

PGBM
Sprangers et al. (2021)

NGBoost
Duan et al. (2020)

cyc-GBM
Delong et al. (2023)

Point predictions Probabilistic predictions
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Which algorithm should we use?

So (2024) compares XGBoost, LightGBM and CatBoost, and concludes that CatBoost
performs best with Poisson and ZIP on the French MTPL data and a simulated
dataset.

Power et al. (2024) construct a multivariate claim severity model with XGBoost or
XGBoostLSS marginals linked in a copula.

What about probabilistic boosting ?

Is there a compromise between model adequacy and predictive performance?
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Research objectives

1 To compare point and probabilistic gradient boosting algorithms for frequency
and severity data in terms of :

1 computational efficiency,
2 predictive performance, and
3 model adequacy.

2 To understand the relationship between these elements.
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Algorithm : Gradient boosting machine (GBM)

Input : 𝑛 observations of target variable 𝑦𝑖 and features x𝑖

1 Initialization : 𝑓0
𝐺𝐵𝑀(x𝑖) ← argmin𝑏{∑𝑛

𝑖=1 ℒ(𝑦𝑖, 𝑏)}
2 For 𝑚 = 1, … , 𝑀,

▶ Sampling : 𝒟′ ← Sample of size 𝛿 × 𝑛 observations without replacement
▶ Evaluation : for 𝑖 ∈ 𝒟′, set

𝑔𝑚,𝑖 ← −∇𝑎ℒ(𝑦𝑖, 𝑎)∣𝑎=𝑓𝑚−1
𝐺𝐵𝑀(x𝑖)

▶ Learning : Fit tree of depth 𝑑 to (x𝑖, 𝑔𝑚,𝑖) to get regions 𝑅1,𝑚, … , 𝑅𝐽𝑚,𝑚
▶ Optimization : ̂𝑏𝑗,𝑚 ← argmin𝑏 ∑

𝑖∶x𝑖∈𝑅𝑗,𝑚

ℒ{𝑦𝑖, 𝑓𝑚−1
𝐺𝐵𝑀(x𝑖) + 𝑏}, for 𝑗 ∈ {1, … , 𝐽𝑚}

▶ Update : 𝑓𝑚
𝐺𝐵𝑀(x𝑖) ← 𝑓𝑚−1

𝐺𝐵𝑀(x𝑖) + 𝜆 ∑𝐽𝑚
𝑗=1 𝑏̂𝑗,𝑚1(x𝑖 ∈ 𝑅𝑗,𝑚)

Output : ̂𝑦𝑖 = 𝑓𝑀
𝐺𝐵𝑀(x𝑖)
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Explainable GBM (EGBM, also known as GA2M)

EGBM (Lou et al., 2012, 2013) is a GAM with selected
two-way interactions

𝑓𝐸𝐺𝐵𝑀(x𝑖) =
𝑑

∑
𝑗=1

𝑓𝑗(𝑥𝑖,𝑗) + ∑
(𝑘,ℓ)∈𝒮

𝑓𝑘,ℓ(𝑥𝑖,𝑘, 𝑥𝑖,ℓ).

GBM
Friedman (2001, 2002)

EGBM
Lou et al. (2013)

XGBoost
Chen and Guestrin (2016)

LightGBM
Ke et al. (2017)

CatBoost
Prokhorenkova et al. (2018)

XGBoostLSS
März (2019)

PGBM
Sprangers et al. (2021)

NGBoost
Duan et al. (2020)

cyc-GBM
Delong et al. (2023)

The univariate 𝑓𝑗’s are built with gradient boosted stumps (Lou et al., 2012)

Lou et al. (2013) propose the FAST algorithm to select the pairs in 𝒮.
Doumont (2024) finds that its predictive performance is comparable to that of
GBM on frequency data.

9/26



Comparative Analysis of Recent Implementations of Gradient Boosting for Decision Trees in Insurance Applications D. Chevalier (U. Laval)

Algorithms Point algorithms 59th Actuarial Research Conference

Explainable GBM (EGBM, also known as GA2M)

EGBM (Lou et al., 2012, 2013) is a GAM with selected
two-way interactions

𝑓𝐸𝐺𝐵𝑀(x𝑖) =
𝑑

∑
𝑗=1

𝑓𝑗(𝑥𝑖,𝑗) + ∑
(𝑘,ℓ)∈𝒮

𝑓𝑘,ℓ(𝑥𝑖,𝑘, 𝑥𝑖,ℓ).

GBM
Friedman (2001, 2002)

EGBM
Lou et al. (2013)

XGBoost
Chen and Guestrin (2016)

LightGBM
Ke et al. (2017)

CatBoost
Prokhorenkova et al. (2018)

XGBoostLSS
März (2019)

PGBM
Sprangers et al. (2021)

NGBoost
Duan et al. (2020)

cyc-GBM
Delong et al. (2023)

The univariate 𝑓𝑗’s are built with gradient boosted stumps (Lou et al., 2012)

Lou et al. (2013) propose the FAST algorithm to select the pairs in 𝒮.
Doumont (2024) finds that its predictive performance is comparable to that of
GBM on frequency data.

9/26



Comparative Analysis of Recent Implementations of Gradient Boosting for Decision Trees in Insurance Applications D. Chevalier (U. Laval)

Algorithms Point algorithms 59th Actuarial Research Conference

XGBoost, LightGBM and CatBoost

In XGBoost, Chen and Guestrin (2016) improve the
computational efficiency with :

a second-order Taylor approximation of the loss,

hyperparameters to prevent overfitting,

a simplified split-finding algorithm.

GBM
Friedman (2001, 2002)

EGBM
Lou et al. (2013)

XGBoost
Chen and Guestrin (2016)

LightGBM
Ke et al. (2017)

CatBoost
Prokhorenkova et al. (2018)

XGBoostLSS
März (2019)

PGBM
Sprangers et al. (2021)

NGBoost
Duan et al. (2020)

cyc-GBM
Delong et al. (2023)

LightGBM (Ke et al., 2017) and CatBoost (Prokhorenkova et al., 2018) are
refinements of XGBoost on :

handling of categorical features,
sampling step,
tree growth strategies.

A comparative analysis can be found in So (2024).
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NGBoost (Duan et al., 2020)

The natural gradient is ∇̃ℒ(𝑦,p) ∝ 𝐼−1
ℒ (p)∇pℒ(𝑦,p), where

p = (𝑝1, 𝑝2, … , 𝑝𝑘).
1 Initialization at MLE :

f0
𝑁𝐺𝐵(x𝑖) ← argminp {

𝑛
∑
𝑖=1

ℒ(𝑦𝑖,p)}

GBM
Friedman (2001, 2002)

EGBM
Lou et al. (2013)

XGBoost
Chen and Guestrin (2016)

LightGBM
Ke et al. (2017)

CatBoost
Prokhorenkova et al. (2018)

XGBoostLSS
März (2019)

PGBM
Sprangers et al. (2021)

NGBoost
Duan et al. (2020)

cyc-GBM
Delong et al. (2023)

2 For 𝑚 = 1, … , 𝑀,
▶ Evaluation : g𝑚,𝑖 ← ∇̃ℒ(𝑦,p) evaluated at p = f𝑚−1

𝑁𝐺𝐵(x𝑖), for 𝑖 ∈ 𝒟
▶ Learning : Fit 𝑘 trees of depth 𝑑, one for each element of vector g𝑚,𝑖, resulting in

the vector of prediction functions t𝑚(x𝑖)
▶ Optimization : ̂𝜌𝑚 ← argmin𝜌[

𝑛
∑
𝑖=1

ℒ{𝑦𝑖, f𝑚−1
𝑁𝐺𝐵(x𝑖) + 𝜌t𝑚(x𝑖)}]

▶ Update : f𝑚
𝑁𝐺𝐵(x𝑖) ← f𝑚−1

𝑁𝐺𝐵(x𝑖) + 𝜆 ̂𝜌𝑚t𝑚(x𝑖)
3 Prediction : f𝑀

𝑁𝐺𝐵(x𝑖)
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XGBoostLSS (März, 2019) and cyc-GBM (Delong et al., 2023)

Both predict p = (𝑝1, 𝑝2, … , 𝑝𝑘) with multiple boosting sequences.

XGBoostLSS

̂𝑝1 = 𝜆 …+𝜆 + +𝜆

̂𝑝𝑘 = 𝜆

̂𝑝2 = ⋯ ⋯ + 𝜆

…+𝜆 + +𝜆

XGBoostLSS

̂𝑝1 = 𝜆 …+𝜆 + +𝜆

̂𝑝𝑘 = 𝜆

̂𝑝2 = ⋯ ⋯ + 𝜆
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̂𝑝𝑘 = 𝜆

̂𝑝2 = 𝜆 ⋯ + 𝜆

…+𝜆 + +𝜆

cyc-GBM

̂𝑝1 = 𝜆 …+𝜆 + +𝜆

̂𝑝𝑘 = 𝜆

̂𝑝2 = 𝜆 ⋯ + 𝜆

…+𝜆 + +𝜆

GBM
Friedman (2001, 2002)

EGBM
Lou et al. (2013)

XGBoost
Chen and Guestrin (2016)

LightGBM
Ke et al. (2017)

CatBoost
Prokhorenkova et al. (2018)

XGBoostLSS
März (2019)

PGBM
Sprangers et al. (2021)

NGBoost
Duan et al. (2020)

cyc-GBM
Delong et al. (2023)
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Datasets for Poisson Frequency

We consider Poisson distribution on these four datasets.

Dataset Sample size # of features # of cat. variables Max # of levels for cat. variable

Belgian MTPL 163 212 12 6 583
pg15training 1 50 021 13 8 471
freMPL 165 200 10 6 46
swauto 62 436 6 4 7

We split the dataset in 68% for training, 17% for validation and 15% for test.

Sources are Denuit and Lang (2004) for Belgian MTPL and CASDatasets (Dutang and
Charpentier, 2020) for the others.

1. Subset for which CalYear=2009.
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Datasets for Severity

We consider both Gamma and lognormal distributions on these four datasets.

Dataset Sample size # of features # of cat. variables Max # of levels for cat. variable

Belgian MTPL 17 910 12 6 583
pg15training 12 256 13 8 471
French MTPL 21 611 9 4 21
Emcien 9 134 17 5 9

We split the dataset in 68% for training, 17% for validation and 15% for test.

Sources are Denuit and Lang (2004) for Belgian MTPL, CASDatasets (Dutang and Charpentier, 2020) for
French MTPL and Emcien Patterns (2017) for Emcien.
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Performance comparison

We compare the algorithms based on :
Computational efficiency : run time in seconds on laptop computer (IntelCore
i7-1195G7 @ 2.90 GHz CPU)

Predictive performance : RMSE and deviance on test set
Model adequacy :

▶ Level of CI on test set
▶ Uniform Q-Q plots
▶ Proper scoring rules : log-score and continuous ranked probability score (CRPS)

as implemented by Jordan et al. (2017)
▶ For Poisson, randomized quantile residuals (RQR) as in So (2024)

Implementations :
XGBoostLSS, EGBM, and NGBoost are in Python.
Other algorithms are in R.
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Computational efficiency : Poisson distribution
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Predictive performance on Poisson
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Computational efficiency : severity with lognormal distribution
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Predictive performance on lognormal and Gamma

Lognormal RMSE Gamma Deviance
Belgian freMTPL Emcien pg15training Belgian freMTPL Emcien pg15training

XGBoostLSS 1.401 1.220 0.462 1.231 1.622 1.513 0.151 1.061
NGBoost 1.389 1.220 0.463 1.232 1.618 1.532 0.154 1.060
cyc-GBM 1.402 1.220 0.467 1.236 1.657 1.533 0.150 1.067

CatBoost 1.389 1.219 0.445 1.228
XGBoost 1.389 1.220 0.463 1.232 1.620 1.524 0.151 1.058
GBM 1.389 1.220 0.463 1.239 1.624 1.525 0.151 1.099
LightGBM 1.398 1.224 0.464 1.232 1.656 1.572 0.155 1.058
EGBM 1.390 1.221 0.463 1.233 1.627 1.525 0.152 1.071
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Using CI to assess model adequacy - Explained

For one observation (solid vertical line) of the test set of BelgianMTPL :
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Coverage of confidence intervals for lognormal
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Q-Q plots for Lognormal - Belgian MTPL dataset
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Coverage of confidence intervals for gamma
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Predictive performance vs Model adequacy
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Varying shape parameter 𝛼 for the Gamma distribution

We have 𝑌 , a Gamma r.v. with 𝐸[𝑌 ] = 𝜇 and 𝑉 𝑎𝑟[𝑌 ] = 𝜇2/𝛼.
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Finally, which algorithm should we use?

No free lunch !

Need for a fully interpretable model
▶ EGBM or tree depth 𝑑 = 1 in your favorite algorithm

Large dataset, computational time is an issue, focus on point prediction
▶ LightGBM

Need for a computationally efficient and precise probabilistic model
▶ XGBoostLSS

It is possible to improve model adequacy without hurting predictive performance.
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Thank you !
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