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Abstract

Telematics has emerged as one of the most critical data sources in today’s auto insurance industry. Despite the
potential predictive value of telematics information for auto insurance claims, such data are typically available for
only a small subset of policyholders, leaving the majority without telematics features. In this paper, we propose
a multi-view ensemble learning framework to address this unique data structure. We consider multiple predictive
models trained on different data views and combine these heterogeneous models through Bayesian model averaging.
Through an extensive experimental study, we demonstrate that the proposed method assigns data-adaptive weights
to individual models and delivers robust predictive performance across a variety of practical settings.

1. Introduction

Telematics has become a cornerstone data source in auto insurance, capturing high-frequency GPS and
on-board-sensor signals such as speed profiles, acceleration/braking, cornering, and time-of-day. This
differs from traditional rating variables such as age, vehicle, and prior claims, which act largely as prox-
ies for risk rather than direct measures of driving behavior. The availability of rich telemetry enables
usage-based insurance (UBI) models, supports more granular and behavior-based ratemaking, provides
dynamic feedback that can promote safer driving, and delivers operational benefits in underwriting and
claims management (Boucher and Turcotte, 2013). Prior studies investigate how GPS/behavioral fea-
tures augment pricing and exposure measurement (Guillen et al., 2019), summarize the telematics data
landscape and cleaning/privacy issues (Gao et al., 2022a), and show benefits from behavior-based scor-
ing and program design (Winlaw et al., 2019). Recent reviews synthesize these impacts across research
and practice (Boylan et al., 2024; Chauhan and Yadav, 2024).

A growing actuarial literature asks what and how to learn from telematics information. Ayuso et al.
(2019) established mileage and related exposure metrics as predictive for claim frequency. A widely used
tool is the speed-acceleration heatmap, which captures time spent across speed-acceleration cells and
yields features for pricing models (Gao and Wiithrich, 2018). Subsequent work shows that these telem-
atics features improve claim-frequency prediction in GLM/GBM-type frameworks (Gao et al., 2019,
2022b). Surveys synthesize work on representations and algorithms for ratemaking and risk scoring,
noting improvements in performance alongside data-processing challenges (Gao et al., 2022a; Boylan
etal.,2024).

A practical limitation is that telematics is not available for every policyholder. In many portfolios,
there are two groups: (1) a large set with only traditional variables and (2) a smaller set with both tradi-
tional and telematics variables, reflecting opt-in and program design. Industry reports highlight privacy
concerns and uneven adoption that limit participation in telematics programs. Legal and regulatory dis-
cussions also note resistance to in-car tracking, with implications for pricing and consumer welfare
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(Ben-Shahar, 2023). These frictions can induce selection effects (e.g., safer drivers opting in), so analy-
ses that drop telematics or use only the telematics subset risk inefficiency or bias; recent actuarial work
proposes calibration-based integration to combine the two groups while addressing selection (Peiris
etal.,2024).

In this article, we develop a predictive framework that leverages the two-view structure of car insur-
ance data — one view with traditional rating variables and another with additional telematics features —
under heterogeneous availability. In machine learning, multi-view learning treats each coherent source
of information as a “view” and aims to exploit the complementary information among different views to
improve learning performance (Zhao et al., 2017). A central design choice in multi-view learning is how
information from different views is integrated or fused (Yu et al., 2025). Fusion strategies are commonly
categorized according to the stage at which information sources are combined: early fusion combines
variables from different views into a single feature set, intermediate fusion combines learned represen-
tations, and late fusion combines outputs or predictions from view-specific models (Stahlschmidt et al.,
2022; Guarrasi et al., 2024).

Early fusion is not well aligned with this data structure because the two views have unequal availabil-
ity. Traditional rating variables are available for all policyholders, but telematics variables are available
only for UBI participants. Combining the two views at the feature level would therefore force the anal-
ysis to rely on the smaller complete-case subset or require additional modeling assumptions for the
missing telematics view. Intermediate fusion has a similar drawback: although the fusion occurs after
representation learning rather than at the raw-feature level, the joint representation would still have to be
learned mainly from policyholders for whom both views are observed. We therefore adopt late fusion,
which allows separate models to be trained using the data available for each view and combines their
predictions at the final stage.

Our framework builds on the literature on multi-view learning by applying multi-view ensemble prin-
ciples to actuarial modeling, where telematics data may be partially available across policyholders and
heterogeneous in quality. We train separate learners in each view and then combine them at the predic-
tion stage. For weighting the view-level predictions, we use Bayesian model averaging (BMA). BMA
treats each candidate model (here, each view-specific model or their combinations) as a component and
weights predictions by their posterior model probabilities, providing a coherent way to account for model
uncertainty while yielding full predictive distributions and standard uncertainty quantification (Hoeting
etal., 1999; Claeskens and Hjort, 2008). Thus, in our framework, BMA serves as the specific multi-view
learning mechanism: it combines traditional and telematics-based predictions through posterior model
weights while preserving interpretability and leveraging information from both data sources.

BMA has been effective in diverse areas: post-processing ensemble forecasts for tempera-
ture/precipitation (Raftery er al., 2005; Sloughter et al., 2007), cross-country growth regressions
(Fernandez et al., 2001), and gene-selection/classification from microarrays (Yeung et al., 2005). Within
insurance, applications remain limited and largely outside telematics ratemaking. For example, BMA
has been applied to factor-collapsing in claim modeling (Hu et al., 2018) and to actuarial reserving
via heteroscedastic BMA approaches (Jessup et al., 2025). To the best of our knowledge, multi-view
learning has not been used to integrate traditional and telematics views for auto insurance data.

This paper makes three main contributions. First, we formulate the heterogeneous availability of tra-
ditional and telematics variables as a multi-view learning problem, where conventional rating variables
and telematics variables are treated as distinct but complementary views. Second, we use BMA in a novel
way as a multi-view learning mechanism for combining view-specific models trained on different data
sources, rather than only as a tool for averaging competing models trained on the same dataset. Third,
we show that the resulting BMA weights provide an interpretable diagnostic of how traditional and
telematics-based models contribute to prediction. We assess performance using synthetic scenarios that
emulate heterogeneous telematics availability and selection. Our empirical study shows the efficiency
and flexibility of the proposed method in the prediction of both claim frequency and claim severity.
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Figure 1. The data structure with two distinct data sources.

The remainder of the paper is organized as follows. Section 2 describes the unique structure of
auto insurance data for predictive modeling. Section 3 presents the details of the BMA framework for
multi-view ensembles. In Section 4, we demonstrate the effectiveness of the proposed approach over
individual models using synthetic data for both claim frequnecy and claim severity. Section 5 concludes
the paper.

2. Data structure

We assume that the auto insurance dataset is split into two groups depending on the presence of
telematics features. Subgroup D; contains information of non-UBI insureds comprising solely tradi-
tional features, represented by x,,,, while subgroup D, consists of UBI insureds including both their
traditional features X, and telematics features, represented by Xx,.. Furthermore, we denote N; as the
number of observations in subgroup D;, j =1, 2. Consequently, traditional features x,,, are present in
all N =N, + N, policyholders, whereas telematics features are exclusive to N, policyholders. Figure 1
illustrates the organization of the data.

There are two characteristics that are worth noting for this unique type of data structure. First, there are
typically much fewer UBI subscribers than non-subscribers. Although UBI contracts have been available
to policyholders for over two decades, its adoption has remained limited. According to Holzapfel et al.
(2024), UBI’s market share in the auto insurance sector is roughly 5%. Therefore, it naturally follows
that N, >> N,, although the ratio N, /N, may decrease over time as more policyholders subscribe UBI
contracts.

Another key aspect of the data is the potential heterogeneity between policyholders in D, and D,.
As Peiris et al. (2024) points out, participation in a telematics program is unlikely to be random, and
policyholders who opt into UBI contracts may differ systematically from those who do not. Previous
studies indicate that lower-risk drivers are more inclined to adopt telematics-based insurance to obtain
potential premium reductions (Denuit ef al., 2019; Duval et al., 2023), whereas higher-risk drivers may
be less willing to undergo monitoring. Information asymmetry can further amplify this tendency, as
safer drivers are generally more willing to disclose their driving behavior, resulting in favorable selec-
tion in the telematics sample (Cohen and Siegelman, 2010). Privacy concerns also contribute: many
policyholders remain reluctant to share detailed driving information, which introduces additional selec-
tion effects (Duri et al., 2002; Milanovi€ et al., 2020). As a result, policyholders in the two data groups
may differ in their demographic or behavioral characteristics.

This issue is also related to counterfactual reasoning. For non-UBI policyholders, the telematics
variables that would have been observed had they participated in a UBI program are unobserved
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counterfactual quantities. If participation is selective, the distribution of these counterfactual telematics
variables may differ from the observed telematics distribution among UBI participants. This highlights
a fundamental statistical challenge in telematics modeling: the observed telematics sample may not rep-
resent the telematics behavior that would be observed in the full portfolio under universal participation
(Winship and Morgan, 1999; Morgan and Winship, 2015). In this paper, we do not attempt to identify
this full counterfactual distribution; instead, we account for this concern through selection scenarios in
which the telematics group differs systematically from the broader portfolio.

3. Proposed method
3.1. BMA for predictive model ensemble

Given the unique structure of the data due to the limitedly available telematics information, we address
the predictive modeling problem by employing multi-view ensemble learning (Zhao et al., 2017). The
concept of “multi-view” assumes that telematics information offers a distinct and potentially valuable
perspective compared to traditional feature information. Multi-view learning has been applied to various
machine learning challenges, including dimension reduction, semi-supervised learning, and clustering.
However, our focus is to adapt the multi-view approach within an ensemble learning context. We start by
training individual models from individual views and then aim to integrate these models into an effective
ensemble framework through BMA. In this sense, multi-view ensemble learning describes the overall
modeling structure, while BMA serves as the aggregation method used to combine the predictions from
the view-specific models. This section elaborates on the use of the BMA ensemble to facilitate the unique
structure of the data described in Section 2.

BMA is a well-established statistical model that integrates predictions from multiple models and
quantifies model uncertainty using an ensemble posterior probability density function. Rather than
depending on a single best model, BMA combines the predictions of various models via a weighted
average.

Let Y denote the response variable to be predicted, and M|, . . ., My denote the candidate predictive
models. Under the Bayesian framework, the predictive distribution of a general predictive formula for Y
could be obtained by averaging the model-specific predictive distributions, that is,

K
PO =Y p(M) p(y | M)),

j=1
where p(y) is the predictive distribution of Y and p(y | M) is the predictive distribution of Y under
model M;. Note that depending on whether Y is a continuous or discrete random variable, the predic-
tive distributions p(y) and p(y | M;) can be interpreted as its probability density function or probability
mass function. Here, p(M;) denotes the posterior probability assigned to model M;. The posterior model
probabilities are nonnegative and sum up to 1 and can therefore be interpreted as model weights.

Once the individual models are fitted, each model M; produces a prediction y; for an observation, and
the BMA ensemble combines the predictive distributions associated with these model-specific predic-
tions. To clearly reflect the conditional distribution ony;, we denote the predictive distribution p(y | M;)
as fi(y | 3;). The specific choices of f;(y | ;) used in our numerical study are described in Section 4.

Hence, we obtain a more specific BMA predictive distribution:

K
Po 1 Pis T =D w1, (1)

j=1
where w; = p(M;) is the BMA weight assigned to model M;. Here, we denote the weight vector w :=
(Wi, ..., wg) satisfying w; > 0 and ZJKZ , w; = 1. Note that, in our multi-view setting, the candidate mod-
els are not necessarily trained on the same dataset. In this formulation, the weights are estimated from
the validation data and reflect the relative predictive support for the candidate models. Then, the mean,
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Figure 2. Example of the BMA ensemble with two individual models.

that is, the conditional expectation of Y, becomes

K
w=EY |J1....50) =D _ wE(Y |3). )

J=1
Once the weights w;’s are estimated, the BMA ensemble prediction is obtained by

K

=2 W3
j=1
The estimation of the weights w;’s is described below.

Figure 2 illustrates a BMA ensemble constructed from two individual models (K = 2), each trained
from a different data view. Model M, is fitted using the traditional feature view, which is available for a
large set of observations of size N = N, + N,. In contrast, model M, is fitted using only the telematics
feature view, which is available for the smaller subset of observations of size N,. For a new query,
the traditional features x,,; are used to obtain the prediction y; from M, while the telematics features
X, are used to obtain the prediction y, from M,. The two predictions are then combined through the
BMA ensemble where the weights quantify the relative predictive effectiveness of the traditional and
telematics views.

The weights (i.e., the posterior probabilities) play a key role in the BMA ensemble, and their values
are estimated based ony;’s predictive performance on the validation data, denoted as D,." Specifically,
suppose that we have the prediction result y; from model M; (j=1,...,K) for the ith policyholder
in D,. The weights are then estimated by maximum likelihood from data D, . The log-likelihood function
for the BMA model in Equation (1) is

K
L) = log (pu(yi | Fs -+ ) = ) log (Z w0 m-)).
j=1

ieD, ieD,,

The maximum likelihood estimators of the weights may be obtained by the Expectation-Maximization
(EM) algorithm (Dempster et al., 1977; McLachlan and Krishnan, 2007). Let z; be the unobserved
quantity, where z; = 1 if y; is the best prediction for policyholder i in D,, and z; = 0 otherwise. The EM
algorithm iteratively alternates the expectation (E) step and the maximization (M) step. Starting with

'The validation data contains both traditional and telematics feature sets.
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some initial values w_f-o), the E step of the I iteration estimates the z;; values as:

(I—1) ~
Z(]) — Wj f/‘(yz |yy)

D ST Al
In the M step, we update the weights by

1

0 _ 0
wl=—>5% z’.
7Dy Y

ieDy

The E and M steps are iterated until convergence, for example, until the changes in the weights are no
greater than a small tolerance.

Remark 1. This approach can also be used when the conditional density fi(y; | ;) also involves an
additional distributional parameter, such as a dispersion or scale parameter. For example, one may write
the component density as f;(y; | 3, ¢), wherey;; determines the location or mean structure and ¢ controls
the dispersion of the predictive distribution. The BMA likelihood can then be written as:

K
Lw, )= log {Z wifii | B ¢>)} :
ieD, j=1

The EM algorithm can be extended directly to this setting. In the Estep, the posterior membership prob-
abilities are computed using the current values of both the weights and the additional distributional
parameter. In the Mstep, the weights are updated as before by averaging the posterior membership
probabilities, while ¢ is updated by maximizing the corresponding weighted log-likelihood. Since the
individual predictions y; are treated as fixed inputs from the fitted candidate models, this maximiza-
tion can be carried out using a standard numerical optimization routine over positive values of ¢, for
example, by a bounded positive interval.

The variance of Y can be described as:

K
Var(Y) = Z w; Var(Y;) 4 2 Z wwy Cov(Y, Y,).

j=1 1<j<k<K

The first term aggregates the component variances, while the second term captures the interaction among
models through their covariances. Assuming nonnegative correlations between individual model pre-
dictions, BMA prediction is more stable when the individual models are less correlated. In other words,
the BMA ensemble is more effective when the constituent models, trained on potentially different data
sources, offer diverse informational views.

Note that the model structure of BMA is superficially analogous to that of mixture models. However,
BMA and mixture models are fundamentally different in both interpretation and estimation. A mixture
model assumes that each data point is generated from one of the component distributions, and its weights
characterize the latent data-generating mechanism. For a new observation, a mixture model outputs the
posterior component probabilities (soft cluster assignments) that quantify the likelihood of membership
in each component. In contrast, BMA focuses on combining predictions from multiple candidate models.
When the analyst is uncertain which model is the “best”, BMA accounts for this model uncertainty
through a weighted average of the individual model predictions. The weights in BMA reflect the relative
plausibility of the models, not the probability that an observation belongs to a latent group.

The parameter estimation processes also differ significantly. In a mixture of Poisson models, the
rate parameters are estimated jointly using the EM algorithm applied to all data because the latent
component memberships must be inferred. In contrast, in the BMA ensemble, the predicted rates are
obtained directly from the individual predictive models. BMA then treats these predicted rates as the
component-specific parameters and combines them through a weighted average. Thus, BMA does not
always require joint estimation of rate parameters or latent memberships as mixture models do.
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It is worth noting that our application of the BMA method for multi-view ensemble learning deviates
from conventional uses. Typically, BMA is employed to combine various predictive models that have
been trained on the same dataset. Examples of such applications include weather forecasting (Raftery
et al., 2005), debris-flow prediction (Tian et al., 2023), and crop management (Fei et al., 2023). In our
approach, however, we modify the training data for each model, enabling each to generate predictions
based on a single view. As illustrated in Figure 2, one model might be trained on a large dataset using
only traditional features, while another is trained on a smaller dataset that includes additional telematics
features. The BMA ensemble then integrates these single-view predictions to produce a comprehensive,
multi-view forecast.

3.2. Selection of individual model components

The effectiveness of the BMA ensemble depends not only on the weight estimation procedure but also
on the selection of the individual model components. Although the BMA framework can in principle
accommodate a large number of candidate models, the inclusion of additional models should be guided
by the objective of the analysis. The component models may represent different informational views
arising from the unique data structure, where telematics information is available only for a subset of
policyholders. Therefore, the construction of the candidate model set is an important modeling decision.

In general, the individual models may be selected to achieve two related but distinct objectives. The
first objective is interpretability and transparency. In this case, the component models are designed to
represent clearly distinguishable sources of information so that the BMA weights can be interpreted as
the relative contribution of each information source. The second objective is predictive performance. In
this case, the component models may be selected to increase predictive accuracy by combining models
that capture different risk patterns. These two objectives are discussed below.

3.2.1. Model selection for interpretability and transparency

In terms of interpretability, it is desirable to use a small number of structurally distinct models. This
allows the final BMA prediction to be expressed as a transparent combination of different risk perspec-
tives. Suppose that two individual models are considered, where M, is trained using traditional rating
variables only and M, is trained using telematics variables only. The BMA prediction then takes the
form:

Vi=Wi Y + Wy Vi,

where y;, is the prediction from the traditional-feature model and y,, is the prediction from the
telematics-feature model.

This structure provides a simple interpretation. The first component represents the risk assessment
based on conventional actuarial information, while the second component represents the risk assessment
based on observed driving behavior. Therefore, the final prediction is not produced by a single black-box
model that internally mixes all variables. Instead, it is obtained as an explicit weighted combination of
two distinct predictive views. The weight w, measures the degree to which the final prediction relies on
traditional rating information, while w, measures the degree to which it relies on telematics information.

This type of structure can be extended to more than two components if the additional models represent
meaningful and distinct risk perspectives. Another example may consider:

o Model I: traditional rating variables;
« Model 2: driving intensity variables, such as mileage and trip frequency;
« Model 3: driving behavior variables, such as braking, acceleration, and speed patterns.

In this case, the BMA weights summarize the relative contribution of traditional risk information,

exposure-related telematics information, and behavioral telematics information. Such a decomposition
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can be valuable when the goal is to understand which type of information contributes most to the final
insurance risk prediction.

3.2.2. Model selection for predictive performance
Considering predictive performance, the individual model components may be selected more flexibly. In
this case, the purpose of including multiple models is to improve the final prediction by combining mod-
els that make different types of errors or capture different aspects of the data. Since the BMA prediction
is a weighted average of the individual predictions, the ensemble is most effective when the compo-
nent models are both individually useful and sufficiently diverse. The BMA framework assigns larger
weights to the models that provide stronger validation performance while assigning smaller weights to
less useful models. In this way, the ensemble can benefit from both the stability of models trained on the
larger traditional dataset and the additional behavioral information contained in the telematics variables.
In practice, a model that performs well but is nearly identical to an already included model may con-
tribute little additional value, while a moderately performing model that captures a distinct information
source may improve the ensemble. A practical selection rule is therefore to include a new model My,
if it satisfies at least one of the following conditions: (i) it uses a distinct source or view of information;
(ii) it provides improved validation performance; and (iii) it produces predictions that are not highly
redundant with existing components. This rule prevents the BMA ensemble from becoming unneces-
sarily large while still allowing useful predictive information to be incorporated.

3.3. Consistency of BMA weights
For a weight vector

K
w=w,...,Wg) € Ag:= [weRK:wjzo, ijzl},

j=1

let £,(w) be the BMA log-likelihood based on the validation data of size n,

tw)="7 " log (Z W, £ m-,-)) :

i=1 j=1
and w, be the maximum likelihood estimator,
W, = arg max £,(w).
weAg
Let E;[-] denote expectation under the true distribution of the data. We define the log-loss risk

R(w):= Er[ —logp,(Y [J1,....30)]

and we are interested in the optimal weight vector that minimizes R(w). For BMA consistency, we
assume the following assumptions:

(A1) (LLD. observations) Each data point (y,V,, ..., yx) are i.i.d.
(A2) (Integrability) For every w € Ag,

Er[[logp,(Y | V1, ..., Yx)|] < o0.

(A3) (Continuity and dominated convergence) For each (v,7,,...,yx), the map w> logp,(y|
1, . .., Yx) is continuous on Ag, and there exists an integrable function g(y,y, . . ., V) such that

[log p (v |31, . ... 36| <8031, ....3%) forallwe Ag.
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(A4) (Uniqueness of the population maximizer) The function R(w) = E[— log p,.(Y | 31, ..., Yx)] has
a unique minimizer w* in Ag.

(AS5) (Existence of a sample maximizer) For each n, there exists at least one maximizer
W, = arg maxX,ca, £,(W).

Note that Ay is compact and convex. Assumptions (A2) and (A3) are the usual regularity conditions
required to apply a uniform law of large numbers to the class {log p,:w € Ag}. Assumption (A2) is
automatically satisfied for standard predictive likelihoods such as Poisson, Gamma, or Normal, for which
the log-density has finite moments under the data-generating distribution.

For (A3), continuity of w> logp,(y|Vi,...,Yx) follows immediately from the linear mixture
structure and a valid dominating function can be taken as:

80Tie- . F) = log ( min f15)).

which is integrable under the true distribution when each component density f; is well behaved.

Regarding (A4), when the predictive densities f;(- | ;) are not identical as functions, the log-loss risk
R(w) is strictly convex over A and thus has a unique minimizer w*. Finally, (AS) holds automatically in
our setting because Ay is compact and £,(w) is continuous in w, so by Weierstrass’ theorem there exists
at least one maximizer W, = arg max,c,, £,(w) for each n. Under these regular conditions, we have the
following theorem.

Theorem 1 (Consistency of BMA Weights). Under Assumptions, any maximizer w, € arg maX,ca,
£,(w) satisfies

w, — w*  almost surely (a.s.) as n — oo.

In addition, if the EM algorithm converges to a global maximizer of £,(w), then the BMA weights are
also consistent for w*.

Proof. Define the empirical risk
1 1 ¢ ~ ~
Ryw)i= ——,w) ==~} 10g p (| T, - Tic)
i=1

By (A1) and (A2), R,(w) — R(w) for each fixed w. By (A3) and compactness of Ag, the uniform law of
large numbers gives

sup |R,(w) —R(w)| - 0 a.s.

weAk
By (A4), R(w) has a unique minimizer w*, and by (A5), w, is a minimizer of R,. Then the argmax
theorem implies

w, > w"  a.s. 0

Each individual model M; corresponds to the vertex e;, and R(e;) = E[— log fi(Y | 3;)]. Therefore, we
have

RW")<R(e), j=1,...,K,

so the optimal BMA mixture achieves log-loss risk no larger than any individual model.

Many loss functions used in generalized linear models, such as deviance, are affine transformations
of negative log-likelihood. Therefore, the optimality of p,. under log-loss directly implies optimality
under deviance as well.

Our consistency result for the BMA weights is a special case of general M-estimation theory and is
closely related to recent work on mixture likelihoods and model averaging. For finite mixture models,
Chen (2017) provides a modern and unified treatment of consistency of maximum likelihood estimators
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under general mixture structures. More broadly, recent work on model averaging and forecast combina-
tions also establishes asymptotic advantages of averaging over single models in misspecified settings;
see, e.g., Le and Clarke (2022).

Lastly, the BMA framework and the consistency result presented in this section are applicable to a
broad range of response types. It can be used for both claim frequency and claim severity prediction, as
demonstrated in our case study in Section 4. For instance, for claim frequency, the conditional density
£y 1) may be specified as a Poisson distribution with rate parameter y; for j=1,..., K, where
denotes the predicted mean from model M;. For claim severity, an Exponential distribution with mean
y; can be used, or alternatively, a Gamma predictive density can also be used, with y; representing the
predicted mean from model M; and an additional dispersion parameter controlling the variability around
that mean (as discussed in Remark 1).

4. Experimental study
4.1. Data

We evaluate the effectiveness of the proposed method using a synthetic dataset from So ef al. (2021).
Based on real-world data provided by a Canadian insurance company, the dataset was synthetically
expanded using the Synthetic Minority Oversampling Technique (SMOTE) in combination with a feed-
forward Neural Network. It contains 100,000 policy records with 51 feature variables, grouped into two
categories: traditional attributes (e.g., insured’s age and gender) and telematics-based measures (e.g.,
total distance driven, harsh accelerations, and harsh brakings). We consider two response variables: the
number of observed claims and the average claim severity. A summary of the individual variables is
provided in Table 1.

4.2. Training individual models using random forest

For the individual predictive models, we employ random forest (RF); see, e.g., Breiman (2001). RF
is a well-established tree-based machine learning method, widely recognized for its strong predic-
tive performance across diverse applications. As a nonparametric approach, RF can capture complex
nonlinear relationships without relying on a predetermined functional form. Incorporating RF into the
BMA ensemble leverages this modeling flexibility within a parametric aggregation framework, enabling
downstream statistical inference when needed. Another important advantage of RF is the availability of
out-of-bag (OOB) predictions, which help mitigate overfitting that can arise when the same dataset is
used both to train individual models and to fit the BMA weights. In each bootstrap sample used to grow
a tree, a subset of observations is left out and not used for fitting that tree. For each observation, the
RF prediction can therefore be obtained by averaging only over the trees for which that observation was
out-of-bag. These OOB predictions provide validation-type predictions because they are computed from
trees that did not use the corresponding observation in model fitting. In our implementation, the BMA
weights are estimated using these OOB predictions so that the validation likelihood is evaluated using
predictions that are less directly affected by in-sample overfitting. Details on the use of OOB predictions
in this context can be found in Gweon et al. (2020). In addition, RF handles large sets of telematics fea-
tures effectively, whereas classical generalized linear models may struggle with such high-dimensional
inputs.

In this study, we consider three individual models. The first model, M, is trained using all
N =N, + N, policyholders in D, U D(zl), relying solely on traditional features (x,,,). We refer to M, as
the traditional model. The second model, M,, is trained on policyholders in D, using telematics fea-
tures only (x,.). Compared with M|, M, is fitted on a smaller dataset but uses individualized behavioral
information derived from telematics data. We refer to M, as the naive model. Inspired by Ayuso et al.
(2019), we also construct a third model, M3, which refines the predictions of M, by incorporating telem-
atics information. Specifically, M, is first used to generate initial predictions for policyholders in D,, and
My is then trained on D$” using telematics features together with these predicted outcomes from M,. We
refer to M; as the correction model.
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Table 1. Description of individual variables in the synthetic telematics dataset.

Type Variable Description
Traditional =~ Duration Duration of the insurance coverage of a given policy, in
days
Insured.age Age of insured driver, in years
Insured.sex Sex of insured driver (Male/Female)
Car.age Age of vehicle, in years
Marital Marital status (Single/Married)
Car.use Use of vehicle: Private, Commute, Farmer, Commercial
Credit.score Credit score of insured driver
Region Type of region where driver lives: rural, urban
Annual.miles.drive Annual miles expected to be driven declared by driver
Years.noclaims Number of years without any claims
Territory Territorial location of vehicle
Telematics ~ Annual.pct.driven Annualized percentage of time on the road
Total.miles.driven Total distance driven in miles
Pct.drive.xxx Percent of driving day xxx of the week: mon/tue/. . ./sun
Pct.drive.xhrs Percent vehicle driven within x hrs: 2hrs/3hrs/4hrs
Pct.drive.xxx Percent vehicle driven during xxx: wkday/wkend
Pct.drive.rushxx Percent of driving during xx rush hours: am/pm
Avgdays.week Mean number of days used per week
Accel.xxmiles Number of sudden acceleration 6/8/9/. . ./14 mph/s per
1,000 miles
Brake.xxmiles Number of sudden brakes 6/8/9/. . ./14 mph/s per 1,000
miles
Left.turn.intensityxx Number of left turn per 1,000 miles with intensity
08/09/10/11/12
Right.turn.intensityxx ~ Number of right turn per 1,000 miles with intensity
08/09/10/11/12
Responses ~ NB_Claim Number of claims
AMT_Claim Aggregated amount of claims

Using these component models, we consider two BMA ensembles corresponding to the two modeling

objectives discussed in Section 3.2. The first ensemble combines M, and M, and is used mainly for
interpretability. As described in Section 3.2.1, its weights directly summarize the relative contribution
of the traditional and telematics views. The second ensemble combines M,, M,, and M; and is used
mainly for predictive performance. As described in Section 3.2.2, it allows the correction model to be
included as an additional component when it provides useful and nonredundant predictive information.

4.3. Evaluation measures

Suppose that the test data contains n records. To assess the predictive performance, we use prediction
mean squared error (MSE), the Poisson deviance statistic (DEV,,) and the Gamma deviance statistic
(DEV,) defined as:

1 n
MSE = - =)’
PO R

i=1
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2 & ~
DEV, = 0 Z ilog (vi/y) — i = V))s
i=1

2 . i i
DEV,=- Y (f— —log (ﬁ-) - 1).
n
i=1

Vi Vi

For all three metrics, lower values are favorable.

4.4. Case 1: Predicting the number of claims

From the original dataset, we randomly select N; =20,000 records for D,. To account for potential
selection biases in the telematics group, we consider three sampling schemes for generating the D,
data. The age-based and favorable selection schemes, including the coefficient values in the sampling
probabilities, were adopted from Peiris et al. (2024).

« Random selection: Records assigned to D, are selected completely at random.

o Age-based selection: Each record assigned to D, is chosen with a sampling probability
proportional to 1/{1 + eXp (BXjnsured.aee)}- This scheme reflects the assumption that younger pol-
icyholders are more likely to provide telematics information due to their greater openness to
new technologies.

« Favorable selection: Each record assigned to D, is chosen with a sampling probability propor-
tional to 1/{1 + exp (2y)}. This scheme reflects the assumption that policyholders exhibiting
safer driving behaviors are more likely to agree to telematics data collection.

For prediction, our primary interest lies in policyholders with available telematics information, as
models incorporating telematics features cannot be applied to policyholders without telematics records.
For policyholders without telematics information, prediction is obtained only from the traditional model
M, which uses traditional rating variables available for all policyholders. Accordingly, the BMA ensem-
ble involving M, or Mj; is intended for the telematics-available population. We therefore construct the
test data to represent the same underlying population as D,. For each sampling scheme, we construct a
dataset of size N, + N,, according to the corresponding sampling probabilities, where N,; denotes the size
of the test data. From this dataset, we randomly select N, observations to form D, and use the remaining
N,, observations as the test data. We consider N, = 4,000, 8,000, and 12,000 to represent varying levels
of telematics data availability for model training and set N,; = 20,000.

For the BMA ensemble on claim frequency, we assume that the conditional probability function
£ ) in (1) follows a Poisson distribution with rate parameter y;, the prediction produced by model

o GyeT
A/Ij,thatls,ﬁ-(y|yj)=’—|.

4.4.1. Interpreting the BMA model with M, and M,

We first examine the BMA ensemble constructed using only M, and M,. This two-model BMA is useful
for interpreting the relative contribution of the traditional and telematics-based predictive views. Recall
that M, is trained on D, U D" using only traditional rating variables, whereas M, is trained on DS using
telematics information. Therefore, the estimated BMA weights indicate how much the final prediction
relies on the broad traditional risk information captured by M, and the telematics-based risk information
captured by M,.

Table 2 reports the estimated BMA weights for M, and M, across the three selection scenarios.
Under random selection, the two models receive similar weights. When N, = 4,000, the traditional
model receives a slightly larger weight (w, = 0.55), reflecting the advantage of being trained on a larger
dataset. As N, increases, however, the weight assigned to M, increases, and the two models receive
nearly equal weights when N, = 12,000. This suggests that when the telematics sample is drawn from
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Table 2. Model weights.

Selection Random Age Favor

N, W wy Wi Wy Wi w»
4,000 0.55 0.45 0.33 0.67 0.19 0.81
8,000 0.52 0.48 0.31 0.69 0.21 0.79
12,000 0.51 0.49 0.29 0.71 0.21 0.79

the same population as the traditional sample, both traditional and telematics-based views contribute
meaningfully to the final prediction.

A different pattern is observed under the age-based and favorable selection scenarios. In these cases,
the BMA ensemble assigns substantially larger weights to M, than to M,. For the age-based selection
scenario, the weight of M, ranges from 0.67 to 0.71, while for the favorable selection scenario it is
approximately 0.79-0.81. These results indicate that when the telematics group differs systematically
from the broader population, the model trained directly on the telematics group becomes more rele-
vant for predicting policyholders with telematics information. In particular, under favorable selection,
where safer drivers are more likely to appear in D,, the traditional model trained on the broader pop-
ulation receives relatively small weights. Thus, the BMA weights provide not only a measure of the
relative predictive contribution of traditional and telematics information but also a diagnostic indication
of population heterogeneity between D, and D,.

Figure 3 provides additional insight by showing the relationship between the predictions from M, and
M,. Across all scenarios, the correlations betweeny;, and y;, are relatively low, indicating that the two
models are not redundant. The correlations are particularly low under favorable selection, suggesting
that the telematics-based view becomes most distinct when the telematics group is strongly selected.

The correlations between M, and M, also tend to increase as N, becomes larger. This pattern should be
interpreted as an empirical observation, since the two models are based on different feature views. One
plausible explanation is that increasing N, improves both component models. Because M, is trained on
D, U D(zl), its training size increases from N, + 4,000 to N, + 12,000 as N, grows. Similarly, M, is trained
on a larger telematics sample. As a result, both models may produce more stable predictions and become
better aligned with the same underlying claim-risk structure in the test population. As the common risk
signal becomes more dominant relative to model estimation noise, the empirical correlation between y;,
andy;, may increase.

Overall, the two-model BMA provides an interpretable decomposition of the final prediction. The
traditional model M, contributes stable information from the larger dataset, while the telematics model
M, contributes information that is more specific to policyholders with telematics records. The estimated
weights show that the importance of these two views depends strongly on both the sampling mechanism
and the size of the telematics dataset. Thus, even before considering additional model components, the
BMA framework offers a transparent way to combine traditional and telematics-based risk assessments.

4.4.2. Improving predictive performance through BMA
We next consider the full BMA ensemble using M|, M,, and M;. While the two-model BMA in the pre-
vious subsection is used mainly to interpret the relative contribution of traditional and telematics-based
views, the three-model ensemble is designed to improve predictive performance by adding the cor-
rection model M;. The correction model incorporates the prediction from M, together with telematics
variables, allowing the telematics-based model to adjust the baseline risk information learned from the
larger traditional-feature dataset.

Before examining the BMA weights and prediction accuracy, we first inspect the variable importance
plots of the individual RF models. Figure 4 presents the variable importance plots for M,, M,, and M.
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Figure 3. Scatterplot of M, and M, predictions with correlations.

For the traditional model M,, the most important features are credit score, territory, and the policy-
holder’s age, followed by years with no claims, car age, annual miles driven, and policy duration. These
variables are conventional rating factors commonly used in auto insurance risk classification. In contrast,
the naive telematics model M, is fitted using only telematics variables, without traditional rating vari-
ables. Its leading predictors include total miles driven, annual percentage driven, and rush-hour driving
measures, suggesting that telematics information alone contains useful predictive information for claim
frequency. For the correction model M;, the prediction from the traditional model, denoted by yhat, is
by far the most important variable, while telematics variables such as total miles driven, annual percent-
age driven, and rush-hour driving measures provide additional explanatory information. This pattern
indicates that M; uses yhat to retain the baseline risk information captured by the traditional rating
variables and then uses telematics variables to refine or correct that baseline prediction.

Table 3 reports the estimated BMA weights for the three-model ensemble. The weights reflect the
relative predictive performance of M, M,, and M; on the validation data. Under random selection,
where D, and D, are drawn from the same population, M; receives relatively large weights, especially
when N, > 8,000. Under age-based selection, the BMA ensemble assigns the largest weights to M,. This
indicates that when the telematics sample differs from the broader traditional sample in terms of age dis-
tribution, the model trained directly on the telematics group could better represent the target population
than the correction model. Thus, the correction strategy is useful but not uniformly dominant; its effec-
tiveness depends on the type of heterogeneity between D, and D,. Under favorable selection, M; receives
the highest weights, followed by M, and then M. This suggests that in this scenario, the correction model
successfully combines the baseline risk information from M, with the telematics information available
in D,. The relatively small weights assigned to M, are also consistent with the two-model BMA results
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Table 3. Model weights for the three-model BMA ensemble.

Selection Random Age Favor
N, Wi wWs w3 Wi ws w3 Wi wWs w3
4,000 042 020 038 0.12 053 035 011 029 0.60
8,000 031 022 047 010 052 038 011 029 0.60
12,000 025 025 050 0.08 054 038 011 025 0.64
Traditional (M1) Telematics (M2) Correction (M3)
Credit.score Total.miles.driven yhat
Territory Annual.pct.driven Total.miles.driven
Insured.age Pct.drive.rush.pm Annual.pct.driven
Years.noclaims Pet.drive.fri Pet.drive.rush.pm
Carage Avgdays.week Pot.drive fri
Annual.miles.drive Pet.drive.2hrs Pet.drive.2hrs
Duration Random Pct.drive.mon Random Pct.drive.mon Random
| I B N . | | I R B . | r T T T T 1
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Figure 4. The variable importance plots for the individual models.

in the previous subsection, where the traditional model became less relevant when the telematics group
was strongly selected.

These results also illustrate how the BMA weights can be used to assess the completeness of a given
integration strategy. If M; fully captured all useful information from both the traditional and telematics
views, one would expect the BMA ensemble to place nearly all weight on M;. Instead, the weights remain
distributed across M, M,, and M3, and the dominant model changes across selection scenarios. This
suggests that the correction approach is valuable, but that the traditional-only and telematics-only models
still contribute additional predictive information beyond what is captured by the correction model alone.
Thus, the BMA weights provide an empirical diagnostic of whether a proposed integration model fully
reconciles the available views.

To further examine the dependence among the individual model predictions, Figure 5 presents pair-
wise scatterplots of M, M,, and M;. The plots show that the association between M, and M, is weaker
than the associations involving M;. This is expected because M; is constructed using the prediction from
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Figure 5. Pairwise scatterplots of predictions from M, M,, and M5 across the three selection scenarios
for N, = 12,000.

M, together with telematics variables. The relatively stronger association between M, and M; suggests
that, although yhat is the most important individual feature in M3, the telematics variables still have
substantial influence on the overall predictive behavior of the correction model.

Table 4 summarizes the relative performance gains of the BMA method over the individual models. In
terms of MSE, the BMA ensemble performs comparably to the best individual model in most scenarios.
For example, Mj; is highly competitive under the random- and favorable selection scenarios, while M,
performs well under age-based selection. The BMA ensemble adapts to these differences by assigning
larger weights to the models that perform better on the validation data. In terms of Poisson deviance, the
BMA method consistently outperforms all individual models across all selection scenarios. The gains
are particularly large under favorable selection, where the improvement reaches approximately 20%—
30%. These results are consistent with the theoretical property of BMA under log-loss-based criteria: by
combining predictive distributions rather than selecting a single model, the BMA ensemble can achieve
more robust predictive performance than any individual component model.

4.5. Case 2: Predicting the severity of claims

Beyond claim counts, we also evaluated the BMA framework for predicting claim severity. Among the
100,000 policy records, 3,864 had positive claim amounts. For the severity analysis, we used these 3,864
records as the full dataset. Given the smaller sample size, we fixed N; = 1,000 and considered N, = 500
and 1,000, with the remaining observations used as the test data. For the BMA ensemble in Case 2,
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Table 4. Relative performance gain of the BMA method over individual models
in predicting claim counts.

% Improvement
MSE DEV,

Selection N, M, M, M, M, M, M,
Random 4,000 359 8.00 1.13 8.67 1549 9.81

8,000 537 737 0.19 10.73  13.72 8.23

12,000 6.57 6.81 —0.24 11.49 12.16 7.40
Age 4,000 10.14  0.77 1.75 15.13 4.11 6.61

8,000 13.01 0.55 2.06 17.62 4.54 7.03

12,000 14.61 0.55 247 18.01 4.24 8.35
Favor 4,000 20.05 433 0.33 31.70  31.70  26.80

8,000 17.71  4.58 0.18 30.13  29.16 24.26

12,000 16.86 5.26 0.13 29.69 27.12  22.07

Table 5. Model weights for the three-model BMA ensemble.

Selection Random Age

N, Wi Wr W3 Wi W W3
500 0.64 0.13 0.23 0.46 0.29 0.25
1,000 0.47 0.13 0.40 0.31 0.33 0.36

we specify the conditional distribution fi(y | 3;) in (1) as a Gamma distribution for positive claim severity,
that is,

1

y$7le W

- 1 -
WD = T gz

Here, y; is the predicted mean claim severity produced by model M;, and the common dispersion
parameter ¢ is shared across all component models.

Table 5 reports the estimated BMA weights for claim severity. When N, = 500, the traditional model
M, receives relatively large weights, reflecting the limited amount of telematics data available for train-
ing the telematics-based models. As N, increases to 1,000, the weights assigned to the telematics-related
models become more competitive. This pattern is consistent with the claim-frequency results in Case 1:
as more telematics observations become available, models using telematics information become more
stable and more influential in the BMA ensemble. However, the differences in weights are less pro-
nounced than in Case 1, partly because the severity analysis uses a smaller dataset and the training
sample sizes allocated to the component models are closer.

Table 6 summarizes the relative performance gains of the BMA method over the individual mod-
els. The best individual model varies across the selection scenarios and training sizes. For example,
M, is highly competitive when telematics data are limited, while M, and M; become more competi-
tive depending on the selection mechanism and the size of D,. Across all settings, the BMA ensemble
delivers strong predictive performance and generally improves upon each individual model under both
RMSE and Gamma deviance. These results suggest that the proposed BMA approach is not limited to
claim-frequency prediction but can also provide robust predictive performance for claim severity.

5. Concluding remarks
This study proposed a multi-view BMA ensemble framework for auto insurance data with heterogeneous
feature availability. In the data structure considered here, traditional rating variables are available for the
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Table 6. Relative performance gain of the BMA method over individual
models in predicting claim severity.

% Improvement
RMSE DEV,
Selection N, M, M, M, M, M, M;
Random 500 0.69 8.94 3.43 0.64 14.17 4.61
1,000 1.91 8.32 1.76 2.39 12.16 0.96
Age 500 2.98 2.63 1.58 4.76 3.98 2.58
1,000 4.46 2.59 0.72 6.40 3.31 1.06

full portfolio, whereas telematics variables are observed only for a smaller subset of policyholders. The
proposed framework addresses this structure by training view-specific predictive models and combining
their predictions through validation-based BMA weights. In particular, the traditional model captures
broad risk information from conventional rating variables, while the telematics model captures driving
behavior information from the UBI subset.

The results show that the BMA framework provides both predictive and interpretive benefits. The
estimated weights summarize the relative contribution of traditional and telematics-based risk assess-
ments. Under random selection, the traditional and telematics views both contribute meaningfully to the
final prediction. Under age-based and favorable selection, the BMA weights shift toward models trained
directly on the telematics group, indicating that the telematics view becomes more relevant when the
UBI subset differs from the broader portfolio. Thus, the BMA weights provide a transparent diagnostic
tool for understanding how different sources of information contribute to insurance risk prediction.

The proposed method also provides practical gains for risk assessment and management. By com-
bining traditional and telematics-based predictions, the BMA ensemble can produce more reliable risk
scores for policyholders with telematics records than relying on either source alone. This is useful for
pricing and underwriting because it allows insurers to incorporate behavioral driving information with-
out discarding the stability provided by the larger traditional dataset. The weighting mechanism also
helps manage model uncertainty: when the best individual model changes across selection scenarios or
training sizes, BMA adapts by assigning larger weights to the models with stronger validation perfor-
mance. As a result, the method offers a more robust basis for portfolio segmentation, risk monitoring,
and UBI program design.

In the claim-frequency analysis, the BMA ensemble performs comparably to the best individual
model in terms of MSE and consistently improves Poisson deviance across all selection scenarios. The
improvement is particularly large under favorable selection, where the telematics sample is most distinct
from the broader population. In the claim severity analysis, the BMA ensemble also delivers strong pre-
dictive performance and generally improves upon the individual models under both MSE and Gamma
deviance. These results suggest that the proposed framework is flexible enough to support both claim
frequency and claim severity prediction.

Future work may extend the proposed framework in several directions. First, additional component
models may be incorporated when they represent distinct and meaningful sources of risk information,
such as separating telematics variables into driving exposure and driving behavior views. Second, alter-
native predictive distributions such as lognormal densities could also be considered. Finally, future
research may investigate segment-specific or time-varying BMA weights to reflect changes in telematics
adoption, portfolio composition, or driving behavior over time.
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