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Abstract

Insurance risk assessment is the process of evaluating possible losses coming from insurance contracts, allowing insurance
companies to set premiums accordingly. Predictive modeling helps insurers to identify exposure and severity risk of different
portfolios and segments, and also to compute claim reserves. This research surveys predictive modeling techniques suitable for
assessing one of these risks: the insurance risk towards the policyholder. Unsupervised, traditional statistical, and machine
learning techniques are examined, synthesizing the most relevant characteristics and parameters. Use of these techniques is
motivated by business imperatives, with the objective of providing risk scores that can be deployed operationally. Therefore,
emphasis is placed on calibrating predicted probabilities or risk scores to monetary risk in the relevant time frame, and on
applying strategies to mitigate the problem of imbalanced data typical of insurance portfolios.

Calibration of best-performing classifiers or predictors into expected loss has been explored, as well as transformation of severity
predictions into a Poisson process (or renewal process) for the purpose of claim frequency scoring. Temporal features are
constructed from simple lags and rolling statistics, and parallel datasets with different label definitions are created for further
modeling, following principles of transfer learning. Practical issues such as data engineering, external data integration,
dimensionality reduction, and methods for handling data imbalance are also outlined.

Keywords : Predictive modeling, insurance risk, calibration, validation, risk scoring, exposure, imbalanced data,Predictive
analytics in insurance,Risk modeling algorithms,Actuarial data science,Insurance loss prediction,Machine learning for
underwriting,Claims frequency and severity modeling,Risk scoring models,Generalized linear models (GLM) in insurance,Fraud

detection and risk assessment,Data-driven insurance pricing.

1. Introduction

Accurate and timely risk assessment plays a crucial role in
the underwriting and pricing of insurance contracts. Insurers
have a vested interest in optimally deploying predictive
models to forecast the likelihood of adverse outcomes. These
models can help assess and manage different aspects of
insurance risk based on claims history, policies in force, and
exposure. Predictive models encompass a broad array of
techniques, from traditional statistical methods (logistic
regression, generalized linear models with different families

l|Page

of distributions, survival analysis) to more recent yet popular
machine learning approaches (decision trees, random forests,
gradient boosting, XGBoost, neural networks, support vector
machines). Advanced techniques such as regularization,
ensemble methods, transfer learning, and domain adaptation
can further enhance modeling. All these methods differ in
how they identify and exploit associations and, perhaps more
importantly, whether the resulting abstractions generalize
effectively to unseen scenarios.

The aim of this work is to establish how these techniques
can be applied to insurance risk assessment. By linking the
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respective methodologies to classes of underwriting risk and
associated mathematical definitions, the findings support the
development of predictive models for risk assessment and—
ultimately—help insurers refine their risk-calibrated pricing.
The analysis is based on publicly available data sets from a
well-known, anonymized insurance company. These data
sets cover three aspects of underwriting risk: the likelihood
of a policyholder making a claim (policyholder risk), the
expected value of claims in the event of a policyholder claim
(reserve risk), and the probability of a claim exceeding a
predefined threshold (catastrophic risk). Data are drawn
from internal sources (claims and policies) and an external
database that provides both economic and geographical
information.

Fig 1: Predictive Analytics in Insurance

2. Fundamentals of Insurance Risk

Underwriting risk refers to the probability of loss on
individual policies stemming from adverse losses associated
with underwriting decisions, and is at the heart of risk
assessment in insurance. Policyholder risk is driven by
individual policy choices, loss information, and other
characteristics of the insured parties, while reserve risk
stems from uncertainty surrounding the adequacy of loss
reserves. Policyholder loss patterns, expressed over time,
also drive exposure. Reserve risk, policyholder risk, and
exposure interact to numb a portfolio’s risk, which
commonly takes the form of Value at Risk (VaR) or
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Conditional Value at Risk (CVaR). The process of
computing policyholder risk is often referred to as
underwriting.

Portfolio-level risk can be viewed as a probability
distribution containing a range of potential losses, estimated
across a large portfolio by combining reserves, policyholder
risk, and exposure over time in such a manner that mutual
dependence can be controlled. The shape of this distribution
is often asymmetric, with potentially a long right-hand tail.
VaR is an extension of quantile estimation of such
distributions, reflecting the nature of capital markets;
however CVaR is often more relevant for aggregate risk
mitigation and capital management, as it encompasses
consideration of risk levels beyond capital itself.
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Equation 1: Process capability indices €}, and Cpy,

Step-by-step derivation of C,,

1. Specification limits:
o Upper spec limit: USL
o Lower spec limit: LSL

o  Spec width: USL — LSL
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2. Assume the in-control process output X is
approximately normal:

X ~N(u,0%)

3. For anormal distribution, about 99.73% of values
lie within:

ut3c
So the “natural process width” is:
(u+30)—(u—30) =60

4. Therefore:

USL-LSL
Cp=——
60

which matches the article.

Step-by-step derivation of C,,
The article defines:

Cpre = min(Cpy, Cpr)
with

_USL—u _ p—LSL

pu 30 pl 30
Derivation idea:

1. Distance from mean to upper spec is USL — p.
Express in “sigmas”:

USL—u
o

2. Because capability convention uses 3¢ (half-width

of 60):
_ USL—p
Cpu T 30

3. Similarly for the lower side:

u—LSL
30

Cpl =

4. The limiting side determines capability, so:

Cpe = min(Cpy, Cpy)

3. Data Foundations for Predictive
Modeling

Robust predictive models require high-quality data from
diverse sources—claims and exposure features embedded in
the data-generating process, supplemented by external and
auxiliary features. Internal data must be trustworthy,
governed in line with enterprise privacy policies, and
privacy protected, as mandated by regulation. Models must
be built on well-defined—the outcome variable, potential
censoring and time frame, appropriate data-preprocessing,
feature engineering, replication on different data splits, and
temporal decay. Targeting a proxy for risk rather than the
risk underpinning an imbalanced outcome category further
enhances generalization capability.

Predictive modeling for insurance risk assessment should
first enable risk scoring and normalization of exposure to
allow efficient distributional aggregation. Such measures
permit easier calibration to quantify monetary risk
irrespective of underlying cause. Temporal, rolling, or
sequence features often enhance prediction of future risk
associated with events that are stochastic in nature, such as
loss creation or claims submission, while imbalance created
by rarity in outcome occurrence may be explicitly
surmounted through appropriate resampling techniques,
synthetic sample generation, cost-sensitive learning, or a
focus on other win-win performance metrics.
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Fig 2: Predictive Modeling Types

4. Traditional Statistical Methods

Logistic regression specifies a binary outcome variable and
uses a logit link function to model the previously defined
probability of a claim, an important financial loss for the
insurer. The regression coefficients can be expressed as
estimators of log-odds. They can also be interpreted in terms
of odds, which are easier to grasp from a practical
perspective. Indeed, a one-unit increase in the value of a
predictor variable is associated with an increase in the odds
of an event of exp(y), and this can be a very important
information for the decision-makers at the insurance
company. For instance, the training sample signal could
suggest that the odds of a large claim for a policyholder with
two years of premium payment history is double those of the
policy-holder with one year of history.

A logistic regression model training with data from multiple
countries is already available. It could be used as starting
point for a “Transfer Learning” or “Domain Adaptation”
approach to accelerate the development of a similar
predictive model for a particular country insurance market.
Given that insurance loss datasets are frequently
characterized by high-dimensional spaces and low sample
sizes, regularization can help mitigate overfitting problems.
A valuable implementation option for this procedure is
“GLMNET”. The generalized linear model family goes
beyond binary targets. Many other distributions — Poisson,
Gaussian, gamma, multinomial — are available through the
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extended choice of the family parameter of the GLM
function. The consequence is that an equivalent formulation
for the covariance, variance, or link function estimator can
substitute the variance function and the canonical link in the
Poisson family. Thus, the two conditions that define the
quasipoisson regression proposal structure are relaxed and
indeed a quasipoisson regression is only a simple
generalized linear model with Poisson error structure and
possibly a non-identity link.

Survival analysis has some sub-definitions worth clarifying
before proceeding. The term hazard function indicates the
instantaneous failure rate, that is, the probability of failure in
the next small interval of time divided by the width of that
interval. The survival function, on the other hand, gives the
probability of not having faced the event of concern by a
certain point in time. A second important aspect concerns the
nature of the outcome variable. The defining characteristic
of survival analysis is that it is able to deal with censored
observations. These censorings occur in either of two forms:
The event has not yet taken place by the end of the analysis,
or the individual is no longer at risk because of a competing
event, e.g., death or claim change. The information derived
from loss data preprocessing proceeds to the fitting phase.
Common models for survival analysis are Cox Proportional
Hazards, the Accelerated Failure Times model, and Weibull
regression.

Equation 2: Shewhart control chart limits (the “3-sigma
limits”)

Let observations be x4, x5, ..., Xp.

5.  Estimate the process mean:

N
X =- X
n&i=1"1

6. Estimate the process standard deviation (simple
form):

s= /ﬁZ’f:l(xi - %)?



PISSNT3050-9734

' EUROPEAN ADVANCED
JOURNAL FOR EMERGING

TECHNOLOGIES

VOLUME: 04 ISSUE: 01

REVISED: FEBRUARY 13

o CenterlineCL=x
o Upper control limit UCL = x + 3s
o  Lower control limit LCL = x — 3s

That’s exactly the “+3 sigma from the center line” rule
described.

4.1. Logistic Regression

Many practical risk assessment problems can be framed as
binary classification problems. For example, the target
variable can be set to 1 if a policyholder has a claim during
the policy period. Such classification can be performed using
logistic regression, which is a probabilistic statistical model.
The goal is to model the likelihood of the target variable
being equal to one given the input features. The relationship
is given by the logistic curve. The estimated probability
should be between 0 and 1; therefore, the function is
transformed using the logit and inverse-logit transformation
of the logistic curve. In logistic regression, the log-odds are
modeled as a linear regression. The following equation
describes a binary classification using logistic regression.

\[

P(Y=1X) =
\frac{e"{\beta_{O0}+\beta_{1}X_{1}+...+\beta_{m}X_{m}}
H1+eM{\beta_{0}+\beta {1} X_{1}+...+\beta_{m}X_{m}}}

\]

\(\text{logit}(P(Y = 1|X)) =
\beta_{0}+\beta_{1}X_{1}+...+\beta_{m}X_{m}.\)

The coefficients can be interpreted as follows. For example,
a unit-increase in X_i leads to a \((100 \times \beta_{i})\)-
percent change in the odds of event Y occurring. The
coefficients can be estimated using maximum likelihood
methods. Care should be taken with the interpretation of the
coefficients, especially when the model is not regularized.
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When the model overfits the data, the estimated coefficients
can be inflated, leading to misinterpretation.

Regularization can be incorporated into logistic regression to
create more stable estimates of the coefficients. In Lasso
logistic regression, commonly referred to as L1
regularization, an L1 penalty term is added to the log-
likelihood estimate. The L1 penality term induces sparsity;
thus, it will set some coefficients to zero. A better
interpretation can be achieved. When more than one feature
is highly correlated, ridge regression, also referred to as L2
regularization, can also be used. The L1 and L2 penalty
terms can also be combined to create elastic net
regularization. The logistic regression estimator is easy to
understand and interpret, making the technique very popular.

4.2. Generalized Linear Models

Building on the basic principles of logistic regression,
generalized linear models (GLM) encompass a wider range
of model specifications. A GLM requires a probability
distribution from the exponential family and maps the mean
of the response variable through a link function into the
support of the linear predictor. GLMs are suitable for both
classification and regression problems. Beyond binary
outcomes, it is also common for the response variable to be
counts. If the mean of this distribution is equal to its
variance, a Poisson distribution can be assumed. This
distribution is generally suited for a non-negative response,
and the link function used is the logarithm. If the variance is
larger than expected, the response variable can be modeled
with an overdispersed distribution for which the variance is a
function of the mean, such as the negative binomial
distribution. With such models, the log of the mean can still
be interpreted as an additive predictor. For a continuous
divided variable, if the mean is positive but it cannot be
assumed that the variance grows in accordance with the
mean, the gamma distribution with a log link is a suitable
alternative.

A GLM provides a straightforward interpretation in terms of
odds ratios when the family specification is a binomial
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distribution. The effect of an increase in predictor variable
x_1 on the odds of y=1 relative to y=0 may be given by
exp(B_1). Predictions accumulated via cross-validation or
calibration may also be used for financial modeling.
Aggregate predicted probabilities for a set of new, unseen
data constituting a market segment should be sufficiently
nearby for the predicted probabilities to remain honest, in the
sense that predicted probabilities in the range 0.0-0.2, 0.2—
0.4, and so on, are close to the proportion of positives in the
calibration subsample. The probabilities across segments
may also be used in a financial model supporting
underwriting decisions.

Average Defects per Wafer by Process Step (simulated)

Meon defects/wafer (1)

Process step

4.3. Survival Analysis

The hazard function details the risk of event occurrence at
time t, given that it has not yet happened; the survival
function, the probability of survival past t; and the
cumulative incidence function, the probability of event
occurrence prior to time t. Data may be censored when the
outcome remains unobserved at analysis time; for instance, a
claim might not have been filed when a policy was ceded, or
an insured individual might be alive when the data were
analyzed. Common survival models include the Cox
proportional hazards model, which expresses the hazard as a
product of base hazard and covariate influence; and the
accelerated failure time model, which delineates time of
event occurrence as a function of covariates acting on event
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duration. Beyond the hazard of event occurrence, the time to
event can be modeled using an appropriate count, integer-
valued, or renewal process. For instance, claims may arrive
according to a Poisson process, losses may be aggregated by
a renewal process, or specifically defined lags of arrival may
prove pertinent. Such modeling may require special
treatment of imbalanced data. If p_i denotes the predicted
probability of a loss for the i*{th} observation and w_i its
associated weight, then money at risk can be calculated as a
scaled version of — log(1—p_i) . This captures inherent
asymmetries in the problem.

5. Machine Learning Approaches

Decision Trees organize data using tree-like diagrams, with
internal nodes representing feature splits based on predictor
values, leaf nodes indicating outcome classes, and branches
indicating class probabilities. The model predicts classes at
the leaves reached by successive splits. A particular
advantage is implicit variable selection via feature-based
partitions. Assessing variable importance using metric
variations enhances interpretability. Random forests,
constructed from numerous trees, alleviate overfitting by
aggregating votes from larger, diverse collections.
Predictions leverage an ensemble's collective wisdom; each
tree may learn distinctive aspects of the data.

Gradient boosting constructs trees cumulatively, adding new
components that rectify prior predictions. This boosts
prediction accuracy but also increases overfitting risk.
XGBoost implements regularization for improved
generalization and is particularly user-friendly concerning
hyperparameter tuning, enabling remarkable performance
with only default parameter setting. Neural Networks
represent any continuous function through appropriate
weights and bias settings. Several connected layers with
various types of hidden nodes compose an MLP architecture.
Activation functions introduce non-linearities, ensuring
hidden-variable usefulness in capturing data complexity.
Regularization via dropout prevents overfitting. Neural



' EUROPEAN ADVANCED
JOURNAL FOR EMERGING

TECHNOLOGIES

VOLUME: 04 ISSUE: 01

REVISED: FEBRUARY 13

Networks excel with massive data volumes, but architectural
specification remains challenging; smaller datasets risk
overfitting. Interpretability diminishes due to multiple
hidden layers. Support Vector Machines address
classification as a two-class hyperplane search. The best
classifier lies closest to samples from both classes, with
maximal margins enhancing generalization. Kernels allow
hyperplane mapping into higher dimensions; over- or under-
scaling remains a risk, challenging hyperparameter tuning.

|
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Fig 3: Machine Learning Approaches for Auto
Insurance Big Data

5.1. Decision Trees and Random Forests

Both method classes induce a tree-structure on the data
during training, with a node at each branching point that
tests the value of one feature. Trees at the leaves reproduce a
function that predicts output values or class probabilities.
Predictions for test data follow the learned structure, with the
final leaf being the prediction. The tree is created as follows.
The data at each branching node are split into two subsets by
the value of one feature. The split is chosen so that the
resulting subsets differ maximally in the specified direction,
based on a criterion such as information gain. Layers of
branching nodes are added, with one-level added at a time,
until either a termination criterion is met or an overfitting
criterion is introduced. Predictions for test data follow the
learned structure, with the final leaf being the prediction.
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The standard tree structure is extended to a forest by training
many trees on random subsets of the data or features, fitted
for classification. Predictions for test data are obtained by
aggregating predictions from the individual trees. Each
individual tree is less likely to be strongly overfit than a
single tree, while aggregating a large number of
uncorrelated predictions helps reduce variance and improve
generalization accuracy. The training can be parallelized for
faster execution, allowing forest methods to be applied even
on large datasets. Most popular implementations also
quantify variable importance, based on variable usage for
splitting, prediction accuracy after permuting that variable,
or a combination of both.

Equation 3: EWMA chart (Exponential smoothing for
small drifts)

Given data x; over time and target/center p:
8. Choose smoothing parameter 0 < 1 <1
9. Initialize:
Zy = Ho
(or Z, = x4, acommon practical choice)
10. Update recursively:
Ze=2x + (1 = DZ_y

11. Expand recursion to see “exponentially decaying
weights™:

Zt = lxt + A(l - l)xt_l + A(l - A)th_z + -

So the weight on x,_ is A(1 — 1)¥, decreasing
geometrically.

EWMA control limits (common textbook form)

If x, has in-control stdev o, then approximately:
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UCL, = po + Lo\/%(l — (1 =2 LCL, = py —

LaJ%(l—(l—A)”)

where L is often around 3 (analogous to 30).

5.2. Gradient Boosting and XGBoost

Gradient Boosting extends the boosting concept to a general
setting and employs any differentiable loss function suitable
for a regression task. Each weak learner is trained to reduce
the residual errors made by the ensemble of previously fitted
trees, with its predictions scaled by a factor, determined by
line search, that optimally minimizes the loss function in a
neighbourhood around the predictions. The construction of
trees is agnostic to variable types and special forms of
variable interactions. Parallel implementations are possible,
but within a single tree, variable selection remains serial.
The model representation is still an additive combination of
trees, so the risk of overfitting persists. Model performance
can, however, be substantially improved through appropriate
form of the base learners and careful tuning of
hyperparameters. Regularization techniques for shrinkage
and other hyperparameters are included in XGBoost, an
efficient and widely used package. These considerations also
make it possible to evaluate performance improvements over
Random Forest and to compare it with competitors based on
Deep Neural Networks.

The Speed and Predictive Power of Gradient Boosted
Decision Trees are further optimized in XGBoost by the
combination of block structure for sparsity exploitation, a
quantile sketching algorithm for histogram construction,
parallelization of tree growing, cache optimization, the
incorporation of a sparsity-aware split finder, and a depth-
first approach to tree growing. In addition, a surrogate for
the second-order derivative of the loss function for gradient
boosting with non-differentiable objectives has been
formulated. Parallelization of training is made possible by
the use of a block structure, which in turn allows a cache-
aware quantile histogram construction. The performance
improvements of distributed implementations are
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particularly large when training a model on massive datasets.
The implementation supports continuous features,
categorical features for approximate tree splitting, line
search for best pruning, Block I/O Scheduling, and
Empirical Cache-Aware Quantile Histogram. Other
improvements cover out-of-core batch, early stopping for
cross-validation, sparse awareness for efficient training on
dataset with sparse regions, and dropout techniques for
compact sub-models.

5.3. Neural Networks

Deep learning methods frequently demonstrate premium
prediction accuracy, marking them as the current apex of
predictive performance across various tasks. Insurance,
however, has only begun to explore these alternatives,
especially with classical models already permitting
performance advantages. Neural networks consist of
interconnected modules that produce outputs influenced by
the combination of registered inputs and latent parameters.
While the hidden layer acts as a single affine transformation
with a non-linear activation, multi-layer networks effectively
learn non-linear representations by feeding the output from
the previous layer as input to the next. A wide range of
feedforward architectures exists: networks with fully
connected architectures, recurrent topologies, convolutional
structures specialized for images, and autoencoder designs
that learn data embeddings.

The choice of the architecture has an important effect on all
aspects of the network, including parameter tuning, risk of
overfitting, needed sample size, and interpretability. Deep
networks with multiple hidden layers are especially difficult
to tune and, unless pre-trained on large datasets and/or
regularized with dropout, tend to suffer from overfitting. A
particularly serious limitation arises in problems with a
lower sample size than the number of parameters to tune
since such networks will approximate any training sample
with perfect accuracy, but cannot generalize to an
independent test. Such overparameterization, however, is
also one reason why convolutional architectures can be
successfully tuned even with small datasets: CNNs take
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advantage of the high redundancy present in standard image
datasets (e.g. ImageNet) to perform transfer learning. By
tuning all parameters of the CNN on a source dataset with
much larger sample sizes, then fine-tuning on a separate
dataset with limited sample size, an impressive performance
boost can be achieved.

6. Advanced Techniques for Abstraction
and Generalization

Advancing predictive performance often requires
sophisticated abstraction and generalization techniques,
including regularization, ensemble learning, transfer
learning, and domain adaptation. Many of these methods
address high-dimensional data with more variables than
observations, where overfitting becomes a central concern.
In such situations, predictive scores can be poorly estimated;
therefore, cross-validated performance may underestimate
the generalization error. Such a situation can motivate the
use of embedded feature selection or shrinkage techniques.

Regularization adds a penalty term to the objective function
to shrink fitted weights and is often used to stabilize models
in high dimensions (e.g., LASSO, elastic net, ridge
regression). Ensemble methods combine multiple models to
improve generalization performance, with bagging explicitly
designed to reduce variance in unstable models. Ensemble
methods can produce substantial predictive gains but imply a
risk of overfitting when the base-model variance is small
relative to its bias. Transfer learning and domain adaptation
aim to mitigate the need for large training datasets by
exploiting existing models in similar domains. Transfer
learning seeks to generalize knowledge about a task from
one domain (the source) to another (the target) using a
separate but related source dataset, while domain adaptation
explicitly incorporates knowledge about a distributional shift
when generalizing from a labeled source to an unlabelled
target domain.
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6.1. Regularization and Feature Selection

Simple models with a low number of features are often
desirable, and regularization aims to simplify models by
pushing parameter estimates toward zero. Two common
regularization techniques are Lasso (L1) and Ridge (L2).
The Lasso penalty has the additional effect of setting some
coefficients exactly to zero and thus inducing variable
selection. Regularization can be applied in the context of a
GLM or separately. Regularization leads to biased parameter
estimates, but the bias is often beneficial. Stability selection
augments regularization methods with cross-validation and
uses the stabilized variable selection to induce a smaller
model.

Feature selection and regularization can also be viewed as
complementing ensemble learning. Combining models of
different complexity can lead to improved prediction
accuracy and greater trustworthiness. A simple model is not
assumed to describe the relationship really well, but rather
that it represents the phenomenon in a way that is
interpretable. The predictions of a complex model are more
trustworthy if they coincide with the predictions of a simpler
model. Ensemble methods are a convenient way of
combining models. Bagging reduces prediction variance and
is useful for unstable models. Stacking and blending
combine over-predicted models to produce a super model.

6.2. Ensemble Methods

Ensemble Methods combine several algorithms to improve
predictive performance compared with individual
approaches. For a given observation, a bagging algorithm
generates many bootstrap samples and creates a separate
model for each of them. The future outcome is determined
by averaging the estimates of individual models (in
regression) or by a majority vote (in classification). If the
models provide similar predictions for the same bootstrap
sample, then bagging improves generalization performance.
Otherwise, the model with the highest variance contributes
the most to overall prediction error, and bagging reduces the
variance. For decision trees, bagging generally reduces
variance but not bias, so Bagging Trees is often effective.
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In stacking, the predictions of one or several models are used
as features in a model that produces the final prediction. In
blending, separate models are created for different parts of
the training data, e.g., for near-recent and far-recent
observations. While bagging and stacking aim to utilize the
predictions of different models for the same observation,
blending instead tries to exploit the different models’
strengths over different domains. Ensemble methods can
yield substantial performance improvements. However,
because they incorporate multiple patterns, they risk
overfitting and should be avoided for small datasets. For
non-ensemble methods, a better approach may be to evolve a
single model in an appropriate direction, e.g., by transferring
learning from a richer domain.

6.3. Transfer Learning and Domain Adaptation

Risk scoring models often rely on a single well-defined
region where policyholders are comparable. For example, a
single product’s risk can be modeled so that the agree and
fail populations differ logistically. However, there might be
few—or no—new data instances in certain parts of the
region. When demand is modeled at a product level per the
Arthur D. Little book “Management in the Marketing Essay
— Prodcut Life Cycle” [1], the model does not rely on a
single product’s sales, but rather on those of different similar
products and incorporates temporal and economic variables.
This is directly related to the concept of transfer learning,
which investigates how knowledge learned in one setting can
assist in a different—but related—setting. Potentially huge
performance improvements come from sparsely labeled data,
latent structures, and higher-order relationships across
problem domains.

Transfer learning works by transferring knowledge acquired
in the training domain and using it to enhance learning in a
target domain. A source domain is defined by input features,
a predictive model, and a full set of labeled data. The
training data of the source do not need to be directly
identical or similar to those of the target. Many adaptations
of transfer learning have been proposed. Domain adaptation
occurs when the feature spaces are the same, but the source
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and target distributions are different. In this scenario, the
model learned at the source is fine-tuned to learn better label
predictors for the target samples with limited or no labeled
data available.

7. Data Engineering and Feature
Construction

Risk Scoring and Exposure Measures: A wide range of
insurance risk scores exist that quantify the hazard rate
inherent to the insured. Such an insurance risk score Si
quantifies the hazard for individual i (for a specified risk
type), and can be defined as a generalized version of the
relative-risk formulation by Cotton and Hogg (2005). The
risk score determines the relative risk of suffering the type of
loss when compared with all other policyholders, common
insurance practice stipulates that the risk scores should be
monotonic with the expected risk.

The calculated risk score is then calibrated to an expected
monetary risk through a testing sample. In this context, a
secondary property of insurance risk scores that may be
desirable for classifying and/or underwriting line of business
is known as exposure: whether the sum of the risks of a set
of insured equals the risk of the combined, insured item
and/or indemnity exposure. A measure of proper exposure
normalisation, in this case, P is defined, specified as the ratio
of the risk score Si to the expected loss from the complete
portfolio.

Temporal Features and Stochastic Processes: Features that
provide a temporal element to the design matrix can be
important additions. Individual i’s risk in the absence of
other explanatory variables is the smoothed count of the
number of claims made in the time period [t-L,t) lagging L
time steps from the current time step t. Several variants of
the temporal lags are beneficial. For example, when the
smoothing statistic is calculated over a rolling window of
length W leading to losses in data completeness, the number
of data completeness loss for the missing does not match the
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hazard. Discounting may also be desirable for insurance
contracts with large times to claim settlement. During large
windows the temporal features approach those employed for
a Bayesian or stochastic process, for example, a Poisson
process or general renewal process. Risk scoring when these
temporal features are added to the design matrix can lead to
large violations of entering the pooling when rescaled to
monetary loss.

7.1. Risk Scoring and Exposure Measures

Predictive modeling forms the foundation for risk scoring,
enabling actuarial quantification of insurance risk and
therefore playing a crucial role in the underwriting cycle.
The direct predicted probabilities can be utilized as a risk
score, but such scores serve best when they reflect the
monetary risk associated with an adverse outcome, as this is
of primary interest to insurers. Calibrating risk scores serves
this purpose and can be accomplished using techniques such
as isotonic regression or logistic regression on the predicted
probabilities. The risk score is most useful when the model
results can be expressed as a monetary risk exposure per
time unit and utilized by the underwriters directly during the
risk selection process.

Policy-level underwriting decisions generally consider
coverage amount, so risk exposure is primarily determined
by policy premium volume, often controlled through sub-
limits on higher-value risks. However, exposure should
account for risk scoring; ideally, exposure would reflect the
expected losses over a year (or time period considered for
pricing), resulting in a normalized linear scaling of the
probability measure under the insurer’s loss distribution.
Such measures have also been utilized outside pricing—for
example, to compare the underwriting safety of different
product lines or countries over time. The combination of
portfolio-level risk scoring and exposure normalization
provides solid grounding for predictive modeling towards
monetary risk measures.
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7.2. Temporal Features and Stochastic Processes
Predictive Modeling Techniques for Insurance Risk
Assessment

Risk Scoring and Exposure Measures

Risk scoring represents a widely used mechanism for
measuring insurer risk. Scoring frameworks express risk at
the individual policyholder level, modulating the base
premium for deviations in risk predictors relative to a
common point of reference (e.g., a policyholder of average
risk). Scoring frameworks can be designed to define
monetary risk that can then be normalized by the full
multivariate risk distribution (e.g., through simulation) or for
a proxy risk measure such as VaR or CVaR (socalled
appropriate risk scoring).

An alternative approach involves explicit modeling of the
insurer loss distribution by decomposing the individual risk
component of interest into frequency and severity
components and then aggregating these components across
an entire portfolio of policies. For many insurance coverages
and product lines, it is often reasonable to characterize the
frequency of loss occurrences as a Poisson process (or a
renewal process for coverages subject to lagged effects) and
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the severity of losses by some non-negative distribution that
accounts for coverage limits and deductibles.

Temporal Features and Stochastic Processes

A powerful way to construct predictors that recognizes the
temporal nature of insurance data is to create lag features for
individual predictors or for aggregates of multiple predictors.
For many forms of loss underwriting, the most relevant lag
is a one-period lag on the response variable itself (e.g.,
financial loss in the prior financial year) and possibly on
several important predictors of financial loss. For other
forms of underwriting and policyholder risk, the relevant lag
might vary (e.g., for catastrophe risk, the appropriate lag
might be a few periods and might not even be on loss data).
Generalized lag features also apply and can be constructed
through rolling-time statistics, which capture not just
whether the loss was present in the prior period but the
number of preceding periods in which a loss was recorded
and the extent of the loss amounts over that span.

7.3. Handling Imbalanced Data

Modeling practically all types of insurance claims faces the
major challenge of imbalanced data. For the majority of
claims, the prediction task is currently limited to the decision
of whether or not a claim will happen. The percentage of
claims in the total number of contracts is very small (usually
less than 10%). Therefore, data of this type is very
imbalanced, as there are many observations of the same class
(claims did not occur) and few of the other (claims
occurred). Models must be adapted to take into account this
class imbalance in order to obtain a global model of the two
situations.

Data imbalance in insurance, besides being a concern for
classification problems, is also a problem for regression
errors. In many problems, especially in the pricing stage of
navigational insurance (price charged by value insured) and
liability insurance (price charged by insurance coverage),
data is extremely imbalanced, as the majority of accounts are
low invoices. This means that in the total error these results
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are not important, but in the pricing of each account these
results are of fundamental importance. The business rule of
these companies is not to generate one big loss, while the
average of the losses is a low value.

A few typical procedures used in these modeling situations
are presented next. The most conventional is data
augmentation, that is, generating new observations from the
minority class. One of the most known synthetic data
generation methods is the SMOTE technique. It has been
used in many areas, including the area of insurance. Besides
data augmentation, there are other methods that enable the
model to remain focused on the minority class without
changing the quantity of data used, like cost-sensitive
modeling or cost-sensitive evaluation metrics. These last two
procedures are preferable as they do not introduce noise to
the data set, such as data augmentation.

8. Conclusion

Sound portfolio management and price-setting rely on an
accurate understanding of risk. Predictive modeling
techniques assist in estimating policyholder risk at different
time horizons, considering a variety of drivers. Statistical
techniques (logistic regression, generalized linear models,
survival analysis) and machine learning methods (decision
trees, random forests, gradient boosting, XGBoost, neural
networks, support vector machines) can be employed to
predict binary outcomes, model count data, model survival
times, and construct score functions. Predictions can be
calibrated for monetary risk via reweighting, regression, or
isotonic regression, and normalized by exposure to allow for
portfolio-level risk aggregation. Imbalanced data can be
addressed with traditional resampling, synthetic data
generation, alternative cost-sensitive learning, or physically
meaningful representations.

Even after extensive repurposing and transformation, the
available data remains highly incomplete, motivating the
development of predictive models that exploit the inherent
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information sharing and redundancy present within the
prediction target. Advanced techniques such as
regularization and feature selection, ensemble methods,
transfer learning, and domain adaptation can further improve
prediction accuracy, enhance response generalization, or
ensure usability when data are scarce. However, a
technique’s practical utility is ultimately determined by the
ease and effectiveness with which a deployment-ready
implementation can be constructed. For scoring applications,
accuracy is critical; for underwriting, risk assessment, real-
time monitoring, or other low-latency deployments, speed
and responsiveness are paramount; for one-off analyses,
implementation simplicity and interpretability take
precedence.

8.1. Emerging Trends

Research is increasingly probing unexplored areas of
predictive modeling relevant to insurance risk assessment.
Causal inference is becoming a key goal in multiple
domains. An extension of classical prediction, causal
modeling aims not just to equate differences in observed
outcomes with differences in covariates across populations
but to conduct counterfactual inference at the sub-population
level. In practice, such quantity often concerns a quantity
often of greater regulatory and business interest than
prediction: the effect of an intervention or change on a
particular subgroup or, equivalently, the remainder of a
model after adjusting for a different subgroup. The theories
and representations developed for domain adaptation and
transfer learning can also be interpreted as analysis or
modelling of transferability across populations and time.
With a longer history defines and models the effects of time
and sample population on predictive performance.
Conceptually similar—uwith the shift explicitly modelling—
aspects of the sources of predictive error have gained
attention in other fields, particularly domain adaptation.

Real-time risk scoring within settings where data can be
ingested quickly is of particular interest to credit, e-
commerce, fraud, and insurance. Predicted probabilities,
calibrated by region, time, and/or product, are often assigned
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monetary values by multiplying by the risk per unit change
in latent risk. Within credit scoring, such scoring
frameworks have clear financial consequences for lenders,
relative to the pre-coding of a score. Interest in privacy-
preserving modelling, particularly across regulatory regimes,
where user consent and/or participation are at crossroads
with data supply and the business model for predictive
modelling.
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