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Abstract
This article explores the application of Latent Dirichlet Allocation (LDA) to structured
tabular insurance data. LDA is a probabilistic approach initially developed in Natu-
ral Language Processing (NLP) to uncover the underlying structure of (unstructured)
textual data. It was designed to represent textual documents as a mixture of latent
topics, and topics as mixtures of words. This study introduces LDA’s document-topic
distribution as a soft clustering tool for unsupervised learning tasks in actuarial sci-
ence. By defining each topic as a risk profile, each insurance policy as a document,
and each modality of categorical covariates as a word, we extend LDA’s application
beyond textual data. Our experimental results and analysis highlight how the mod-
elling of policies based on topic clustermembership, and the identification of dominant
modalities within each risk profile, can give insights into the prominent risk factors
contributing to higher or lower claim frequencies.

Keywords Latent Dirichlet Allocation · Topic modelling · Soft clustering · Insurance
data · Risk profile · Natural language processing

1 Introduction

Insurance companies manage large portfolios of policies, each described by numerous
policyholder features and policy information. These datasets are typically structured
in tabular form, where rows represent individual policies and columns correspond to
covariates. Tabular insurance data often consist of a heterogeneous mix of numerical
variables (e.g., insured age, policy duration) and categorical variables (e.g., geographic
location, gender, vehicle type). This mixture presents several challenges. Numerical
variables may require scaling, discretization, or standardization, depending on the
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model’s distributional assumptions. Categorical variables also pose unique challenges
due to their qualitative, often high-cardinality nature [1]. Missing values further com-
plicate preprocessing. Accurately representing these variables inmachine-processable
form is critical, as they directly influence risk assessment and pricing decisions.

Current practice in actuarial machine learning often relies on one-hot encoding to
pre-process categorical variables. While simple and interpretable, this approach can
lead to high-dimensional sparse representations,makingmodels harder to interpret and
potentially limiting predictive performance. Embeddings [2] and other dimensional-
ity reduction methods have been proposed in actuarial applications as an alternative
to encode categorical variables directly into numeric, machine-processable represen-
tations [3]. These methods also address challenges of high cardinality by capturing
similarities between categories in a lower-dimensional space. For example, [4] first
addressed the challenges of hierarchically structured nominal risk factors by proposing
a top-down partitioning algorithm that groups similar categories and generates features
for each hierarchical level. Their approach reduces the effective number of categories,
and improves differentiation between high and low risk groups. This method has been
extended by [5] usingmulti-dimensional,multi-level random-effects embeddings, reg-
ularized according to the hierarchical structure of the risk factor. Similarly, [6] apply
entity embeddings in a hierarchical setting combined with a top-down clustering algo-
rithm to reduce both within-level dimensionality and overall granularity.

In parallel, clustering and segmentation methods have been applied to identify
groups of similar policyholders and define homogeneous risk profiles. For instance,
[7] applied clustering to telematics-based motor insurance data to uncover latent driv-
ing behavior segments, [8] proposed an integrated clustering approach combining
policy attributes and claims experience for risk differentiation, and [9] developed
a clustering framework to identify natural groupings of policyholders for improved
predictive modelling. More recent studies have explored clustering for mixed-type
insurance data, including [10], who applied k-prototypes to life insurance portfolios
with numeric, categorical, and spatial variables, and [11], who compared multiple
clustering algorithms for auto insurance customer segmentation. However, traditional
approaches such as K-means or hierarchical clustering assign each policy to a single
cluster, failing to model uncertainty in cluster membership and ignoring the overlap-
ping nature of policyholders’ risk profiles. Probabilistic and soft clustering approaches
have been applied to actuarial problems to address this. For example, nonparametric
approaches for actuarial data compression [12], topic-based finite-mixture models that
jointly cluster textual and loss information [13], and fuzzy C-means variants adapted
for fraud detection or semi-supervised segmentation [14–16].

The Latent Dirichlet Allocation (LDA) introduced by [17] as an extension to [18]
probabilistic Latent Semantic Analysis (pLSA), offers a promising framework that
accommodates heterogeneous portfolios, variable-length policies, missing values, and
soft cluster membership to generate interpretable latent risk profiles. Originally devel-
oped for topicmodelling, LDA represents each document as amixture of topics, where
each topic is a distribution over words. Under the Bag-of-Words (BoW) assump-
tion, the sequential arrangement of words within a document, as well as the order
of documents within the corpus can be disregarded [19]. According to de Finetti’s
theorem, the distribution of any set of exchangeable random variables can be repre-
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sented as a mixture of distributions of independent and identically distributed random
variables. Therefore, assuming exchangeability for documents and words within doc-
uments amounts to considering a mixture model for both. The three-level Bayesian
LDA generative model [17] is built around this exchangeability assumption. By mod-
elling each document as a mixture of latent (hidden) topics and each topic as a mixture
of words, LDA attempts to capture the underlying distributional structure of textual
documents. This probabilistic, soft clustering framework allows documents to simul-
taneously belong to multiple topics in varying proportions.

While [20] demonstrated that applying LDA to unstructured textual claim descrip-
tions improves fraud detection in automobile insurance, its potential for structured
categorical insurance data remains largely unexplored. In their survey on categorical
data processing, [21] recognised the research potential of applying [20] technique to
other types of insurance data. The ongoing research to develop more efficient and
effective encoding methods for handling categorical data in machine learning lead us
to consider the application of the LDA model on categorical and discretized numeric
rating factors.

Using the terminology specific to the LDA model, each policy x characterised
by Nd categorical (and discretized numeric) variables can be viewed as a set of
words or modalities {x1, x2, . . . , xNd }. An insurance portfolio (corpus) X could thus
be interpreted as a collection of D policies (documents) {x1, x2, . . . , xD} depicting
K different risk profiles (topics) denoted {z1, z2, . . . , zK }. Instead of modelling top-
ics over words as in text data, LDA would model risk profiles over modalities. A
risk profile (topic) would then be defined as a probability distribution over modalities
(words). The so-called topic-word βk and document-topic θd distributions could be
respectively renamed risk profile-modality and policy-risk profile distributions. The
order of policies within a portfolio is inconsequential, and the modalities characteris-
ing each policy are also exchangeable (it does not matter if the gender of the insured
appears before or after its geographic location). Therefore, the BoW’s exchangeability
still holds for both policies (documents) and modalities (words within a document).

The policy-topic θd distribution can be used to summarise and organise insurance
policies into a smaller set of prominent risk profiles (topics), defined by a list of
most-likely (or dominant) modalities, e.g., young drivers of high-power vehicles in
the riskiest profile. This corresponds to the definition of cluster analysis [22]. LDA
is to textual documents what soft clustering is to numeric observations. In actuarial
literature, clustering has been applied to identify groups of policyholders with similar
technical attributes (e.g., their car model) and build predictive models (see e.g., [7–
9]). However, when dealing with insurance policies, the crisp cluster assignments of
standard clustering algorithms amounts to classifying each policy into a single group.
This approach fails to reflect the policy attributes that may overlap with different
groups. Whereas LDA’s probability distribution θd over K risk profiles, given a policy
d, assigns cluster membership weights to each policy topic. This is the definition of
fuzzy (or soft) clustering [23].

Compared to deep learning embeddings, LDA offers several practical advantages
for actuarial applications. While neural embeddings [2] can capture complex inter-
actions between categories, they are typically optimized for predictive performance
in downstream tasks. LDA, by contrast, provides interpretable topic distributions,
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requires fewer hyperparameters, can be applied directly to categorical and discretized
numeric variables without requiring additional encoding or neural network architec-
tures, and naturally supports soft clustering, which aligns with the overlapping risk
characteristics often observed in insurance portfolios. LDA is therefore directly suited
for policy segmentation.

Moreover, in LDA the number of words (modalities) in each document (policy) can
differ. This property allows LDA to be flexible enough to model documents (policies)
of varying lengths, while still effectively discovering topics (risk profiles) that are
common across the entire corpus (insurance portfolio). This characteristic of LDA’s
hierarchical model is of interest to model policies containing missing values. While
incomplete data analysis has already been addressed in the literature by [24], who
introduced grouped Dirichlet distributions to analyse incomplete categorical data, or
[25], who proposed a clustering algorithm to group mixed numerical and categorical
data withmissing values, to name a few, themanagement of missing values in actuarial
applications is not strongly developed.

In this article, we contribute to the actuarial literature by (i) extending LDA to
structured categorical (instead of unstructured textual) insurance data, (ii) introducing
the LDA document-topic distribution as an unsupervised soft clustering tool for policy
segmentation, and (iii) demonstrating its empirical performance on realistic insurance
portfolio scenarios. To the best of our knowledge, it is the first application of LDA to
structured, non-textual, insurance data.

The article is organised as follows. Section 2 introduces the LDA model as a soft
clustering tool for structured insurance data. Section 2.1 sets the notations. Section 2.2
and Section 2.3 detail the generative process and the variational inference method [26]
used to derive the model’s approximate posterior. Section 3 presents our experiment
settings and results and compares our approach with the Burt-adapted fuzzy clustering
[27]. Section 4 concludes with insights and potential extensions.

2 Methods

Figure 1 illustrates theworkflowof the LDAmodelling framework. First, the insurance
portfolio X is represented as a collection of policies, each expressed as a sequence
of modalities. Second, LDA is applied to uncover latent risk profiles (topics) explain-
ing the distribution of observed modalities. Finally, the posterior distributions of the
latent variables are approximated using variational Bayes (VB) optimisation, yielding
interpretable per-policy risk profile (topic) mixtures. The framework produces a soft
clustering of policies in a low-dimensional latent risk space, which can be used for
predictive premium modelling.

2.1 Notations

Before introducing the Latent Dirichlet Allocation (LDA) framework, we define the
main notations and concepts used throughout this article. For reference, Table 11
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Fig. 1 Overview of the proposed
modelling framework. The
insurance portfolio is
represented as categorical policy
data, encoded into modalities,
processed through the LDA
generative model, and inferred
via VB. The resulting topic
mixtures define latent risk
profiles for downstream
actuarial use

Insurance portfolio
(collection of sequences of modalities)

Latent Dirichlet Allocation
(generative model)

Policy–Topic mixtures
(latent risk profiles)

Downstream use:
risk profiling / premium modelling

summarises the key mathematical symbols used throughout the paper, together with
their actuarial interpretation.

Let X denote a tabular insurance portfolio (corpus) of dimension D×C consisting
of a collection of D insurance policies (documents) and C categorical variables (e.g.,
policyholder’s gender, geographic location, vehicle colour, etc.):

X = {x1, . . . , xD} . (1)

Each policy (document) x in the insurance portfolio can be described as a finite
sequence of Nd words, representing the categorical or discretized numeric rating fac-
tors of the policy, often referred to as modalities (e.g., female, west, grey, etc.):

x = {
x1, . . . , xNd

}
, (2)

The insurance portfolio (corpus) can further be characterised by its vocabulary size,
V = ∑C

c=1mc, which is equal to the number of uniquemodalities across all categorical
variables.

Each policy x is modelled as a mixture θ(1×K ) over the K latent risk profiles
(topics), each capturing a co-occurrence pattern of modalities across policies.

We denote xd,n the nth modality of the dth policy. θd denotes the topic distribution
(or mixture of risk profiles) for policy d. Similarly, zd,n is a latent variable indicating
the risk profile (topic) assigned to the nth modality of the dth policy. Each risk profile
k = 1, . . . , K will be described by a mixture β

(1×V )
k over all V modalities (words). In

other words, βk = (βk1, . . . , βk|V |) denotes the multinomial distribution of modalities
under risk profile k, where

∑
v βkv = 1. By doing so, LDA estimates which latent
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topics (risk profiles) are important for a particular policy, andwhichmodalities (words)
are important for a particular risk profile (topic).

Under these notations, the goal of the LDA model is to estimate the posterior
distributions of the latent variables z and θ given the observedmodalities X and hyper-
parameters (α, η). α and η are the Dirichlet hyperparameters controlling, respectively,
the concentration of θd (policy–topic mixtures) and βk (topic–modality distributions).
The next section formalizes the corresponding generative process.

2.2 Generative Process

The LDA generative process, illustrated in Figure 2, works as follows. For K pre-
specified risk profiles (topics), LDA assumes the dth policy xd ∈ X with length Nd

is generated in the following steps [28–30]:

1. For each risk profile k = 1, . . . , K , βk ∼ DV (η)

2. For each policy d = 1, . . . , D

(a) θd ∼ DK (α)

(b) for each modality xd,n

i zd,n ∼ MK (1, θd)
ii xd,n|zd,n ∼ MV

(
1, βzd,n

)

In the first step, a risk profile-modality (topic-word) distribution βk is drawn for each
risk profile k over the vocabulary V from a V -dimensional Dirichlet distribution
DV (η) with hyperparameter η. Each element βk,n in βk indicates a probability of
a modality n for this topic k. The higher the η value, the more likely each risk profile
(topic) is to contain a mixture of most of the modalities and not a single modality
specifically. Note that a slight drawback of LDA is that we have to specify upfront
the number of topics to group the set of documents into. Setting a small number of
topics K typically leads to fairly general risk profiles that are mixtures of more specific
sub-risk profiles [31]. [32] addressed this by introducing a topic alignment method to
find an optimal number of topics.

In the second step, the risk profiles proportions θd are sampled for each policy d
over the available K risk profiles from a K -dimensional Dirichlet distributionDK (α)

with corpus-level hyperparameter α. Each element θd,k in θd indicates a probability
of a risk profile k for this policy d. The higher the α value, the more likely each
policy is to contain a mixture of most of the risk profiles and not a single risk profile
specifically. This policy-specific risk profile matrix θ = (θ1, . . . , θD) ∈ R

D×K can
be further interpreted as a low-dimensional representation of each policy in the risk
profiles space, and ultimately as a soft clustering tool.

A latent topic (risk profile) assignment zd,n ∈ {1, . . . , K } is then sampled for each
modality xd,n, n = 1, . . . , Nd in the dth policy from a K -dimensional Multinomial
distributionMK (1, θd) over the K topics parameterised by the topics weights θd .

Finally, the observed modality xd,n is sampled given the sampled risk profile zd,n

from a V-dimensional Multinomial distributionMV
(
1, βzd,n

)
parameterised by βzd,n ,

following the standard LDA generative process. In insurance data, modalities within a
categorical variable aremutually exclusive. Eachmodality xd,n should then be sampled
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, ,

Fig. 2 Representation of the smoothed LDA generative process. The top rectangle defines the topic-level
parameters, the inner rectangle defines the modality-level parameters, and the outer rectangle defines the
policy-level parameters. We can only observe x (filled with grey)

from a subset V (n) ⊂ V containing only the unique modalities of the corresponding
categorical variable. Formally, this can be written as:

xd,n|zd,n ∼ MV (n)

(
1, βV (n)

zd,n

)
. (3)

For example, if the first categorical variable, n = 1, is the geographic location (West,
East, or Central) of the policyholder, V (1) should only contain the identifiers of the
modalities West, East, and Central. While Eq. (3) reflects the practical restriction of
sampling for insurance data, LDA is not used in this work as a generative model for
data synthesis but rather as a latent representation framework to encode categorical
insurance variables and derive risk profiles. Consequently, we never actually sample
xd,n from themodel. Therefore, all subsequent joint andmarginal distribution formulas
are defined over the full vocabulary V , ensuring formal consistency with the standard
LDA framework.

The LDAgenerative process described and illustrated above results in the following
joint distribution [28–30]:

p (x, z, θ, β|α, η) =
K∏

k=1

p (βk |η)

D∏

d=1

p (θd |α)

Nd∏

n=1

p
(
xd,n|θd , β

)
, (4)

where the modalities x are the only observable data and z, θ, β are the latent (hidden)
variables. When marginalising over topic assignments z, the modalities (words) distri-
bution is given by a mixture of weights p

(
zd,n|θd

)
and components p

(
xd,n|zd,n, β

)
:

p
(
xd,n|θd , β

) =
∑

z

p
(
xd,n|zd,n, β

)
p

(
zd,n|θd

)
, (5)

such that the joint distribution in Eq. (4) becomes:

p (x, z, θ, β|α, η) =
K∏

k=1

p (βk |η)

D∏

d=1

p (θd |α)

Nd∏

n=1

p
(
xd,n|zd,n, β

)
p

(
zd,n|θd

)
,(6)

where βk and θd are sampled using Dirichlet probability distributions (see Eq. (23)
and (24) in Appendix 2 for detailed formulas) and zd,n and xd,n|zd,n are sampled
using Multinomial probability distributions (see Eq. (25) and (26) in Appendix 2).
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While LDA’s goal is to uncover the latent topics z, we can only observe x . There-
fore, we need to reverse the generative process described above to learn the posterior
distribution p (z, θ, β|x, α, η) of the latent variables zd , θd , and βk given the evidence
(i.e., the observed data x) and the Dirichlet hyperparameters α, η. This amounts to
solving the following equation [30]:

p (z, θ, β|x, α, η) = p (x, z, θ, β|α, η)
∫
θ,β

∑
z p (x, z, θ, β|α, η)

. (7)

The numerator of this conditional Eq. (7) can be expanded given Eq. (23), (24), (25),
and (26).

p (x, z, θ, β|α, η) =
K∏

k=1

p (βk |η)

D∏

d=1

p (θd |α)

Nd∏

n=1

p
(
xd,n|zd,n, β1:K

)
p

(
zd,n|θd

)

= c
K∏

k=1

(
V∏

v=1

β
ηv−1
k,v

)
D∏

d=1

(
K∏

k=1

θ
αk−1
d,k

) Nd∏

n=1

K∏

k=1

V∏

v=1

(
βk,vθd,k

)a
,

(8)

where c = Γ
(∑V

v=1 ηv

)

∏V
v=1 Γ (ηv)

Γ
(∑K

k=1 αk

)

∏K
k=1 Γ (αk )

is a constant and a = I
{
xd,n = v, zd,n = k

}
is an

indicator function.
The denominator of the conditional Eq. (7) is intractable due to the coupling of the

latent variables θ and β in the summation over topics in the marginal likelihood:

∫

β

∫

θ

∑

z

p (x, z, θ, β|α, η) = c
∫

β

V∏

v=1

β
ηv−1
k,v

∫

θ

K∏

k=1

θ
αk−1
d,k

Nd∏

n=1

K∏

k=1

V∏

v=1

(
βk,vθd,k

)a
.

(9)

There are two families of techniques to derive a (tractable) approximate posterior
distribution: the Markov Chain Monte Carlo (MCMC) sampling approaches and the
VB optimisation approaches [28–30]. Although the choice of a simplified parametric
distribution introduces bias, VB is empirically shown to be faster than and as accurate
asMCMCwhose stochastic nature and iterative sampling process often require longer
convergence time [26]. To efficiently fit models to larger collections of documents,
[26] developed an online VB algorithm based on online stochastic optimisation. It is
implemented in the Scikit-learn library in Python [33] and detailed hereafter.

2.3 Variational Posterior and ELBO

A variational posterior distribution q (z, θ, β|φ, γ, λ), illustrated in Figure 3, is intro-
duced to approximate the intractable posterior p (z, θ, β|x, α, η). Under themean-field
assumption, this joint distribution of latent variables q (z, θ, β|φ, γ, λ) can be fac-
torised into three mutually independent marginal distributions:
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Fig. 3 Representation of the
variational distribution to
approximate the posterior in the
smoothed LDA model. We can
only observe x (filled with grey).
The variational parameters are
framed with lozenge-shapes

, ,

,

q (z, θ, β|γ, λ) =
K∏

k=1

q (βk |λk)
D∏

d=1

q (θd |γd)
Nd∏

n=1

q
(
zd,n|φd,n

)
, (10)

parameterised by three variational parameters:

• −→
λk of length V for topic k = 1, . . . , K ;

• non-negative (and does not sum to 1) −→γd of length K for policy d = 1, . . . , D;
• non-negative φ of size D × V × K with

∑K
k=1 φdvk = 1,∀d, v.

where βk and θd are sampled using Dirichlet probability distributions (see Eq. (27)
and (28) in Appendix 2 for detailed formulas) and zd,n is sampled using aMultinomial
probability distribution (see Eq. (29) in Appendix 2).

The variational parameters are estimated by minimising the Kullback-Leibler (KL)
divergence between the variational approximation q and the true posterior distribution
p:

min
q

{
K L (q (z, θ, β|φ, γ, λ) || p (z, θ, β|x, α, η)) = Eq

[
log

q (z, θ, β|φ, γ, λ)

p (z, θ, β|x, α, η)

]}
.

(11)

Minimising Eq. (11) is equivalent to maximising the evidence lower bound (ELBO):

L(φ, γ, λ;α, η) = Eq [ln p(x, z, θ, β | α, η)] − Eq [ln q(z, θ, β | φ, γ, λ)], (12)

derived from the marginal log-likelihood ln p (x |α, η) using Jensen’s inequality
(see Appendix 3 for detailed derivations).

To maximise the ELBO with respect to the variational parameters φ, γ and λ,
we first maximise L with respect to φdvk . This is a constraint maximisation since∑

k φdvk = 1∀d, v. We form the Lagrangian by isolating the terms which contain
φdvk and by adding the appropriate Lagrange multipliers, detailed in

L[φdvk ] = φdvk
(
Eq

[
ln βk,v

] + Eq
[
ln θd,k

] − ln φdvk
) + λ

Lagrange
k

(
K∑

k=1

φdvk − 1

)

∂L
∂φdvk

= Eq
[
ln βk,v

] + Eq
[
ln θd,k

] − (
ln φd,v,k + 1

) + λ
Lagrange
k . (13)
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Setting the gradient to zero and solving for φdvk , we get the update rule for φdvk :

φdvk ∝ exp
(
Eq

[
ln βk,v

] + Eq
[
ln θd,k

])
. (14)

We then maximise the ELBO with respect to γdk :

L[γdk] =
(

V∑

v=1

nd,vφd,v,k+
(
α−γd,k

)
) (

Ψ (γdk) − Ψ

(
K∑

k=1

γdk

))

+a (γdk) + cst

∂L
∂γdk

=
(

Ψ ′ (γdk) − Ψ ′
(

K∑

k=1

γdk

)) (
V∑

v=1

nd,vφd,v,k + (
α − γd,k

)
)

.

(15)

Setting the gradient to zero and solving for γdk , we get the update rule for γdk :

γd,k = α +
V∑

v=1

nd,vφd,v,k . (16)

The number of times policy d is assigned to topic k is thus equal to the Dirichlet prior
α plus the weighted sum of the number of times each modality in d is assigned to
topic k, where the weight φdvk is the probability that modality v in policy d belongs
to topic k.

We finally maximise the ELBO with respect to λkv:

L[λkv] =
(

D∑

d=1

nd,vφd,v,k+(η−λkv)

) (

Ψ (λkv)−Ψ

(
V∑

v=1

λkv

))

+ b
(
λk,v

)+cst

∂L
∂λkv

=
(

D∑

d=1

nd,vφd,v,k + (η − λkv)

) (

Ψ ′ (λkv) − Ψ ′
(

V∑

v=1

λkv

))

.

(17)

Setting the gradient to zero and solving for λkv , we get the update rule for λkv:

λkv = η +
D∑

d=1

nd,vφd,v,k . (18)

Similarly to the interpretation of γdk , the count of modality v in topic k is equal to the
Dirichlet prior η plus the weighted sum of modality count v in each policy d, where
the weight φd,v,k is the probability that modality v in document d belongs to topic k.

Given the updates rules for the variational parameters φ, γ and λ (see Eq. (18), (16),
and (14)), the online VB EM steps for solving LDA are detailed in Algorithm 1 [26].
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3 Results and Discussion

3.1 Experimental Design

We aim to assess the validity, consistency, and interpretability of the proposed LDA-
based soft clustering approach for structured insurance data, and to benchmark its
performance against both a Generalized Linear Model (GLM) and a Burt adapted
fuzzy K-means. The evaluation focuses on two distinct insurance portfolios differing
in size, target distribution, and data structure.

We consider a loan default portfolio containing 25,917 policies, and a motor insur-
ance portfolio containing 62,289 policies. Each portfolio includes a combination of
categorical, binary, and continuous covariates, as detailed in Tables 1 and 2. Con-
tinuous variables are discretized into four groups based on their empirical quartiles
(25th, 50th, and 75th percentiles), ensuring comparability with categorical variables
within the LDA framework. The text descriptions in the loan dataset are not used for
LDA training. No resampling or data augmentation is applied to preserve the original
portfolio structure.

For both datasets, the observations are randomly partitioned into an 80% training
subset and a 20% test subset (Table 3). All model fitting is performed exclusively on
the training subset, and the test subset is used to evaluate the out-of-sample goodness
of fit.

For each portfolio, we train multiple LDA models with the number of topics K
varying from 2 to 40. Each model is initialized using symmetric Dirichlet priors on the
topic–word and document–topic distributions. The hyperparameters are held constant
across runs to ensure comparability. For reference, a GLM is fitted using the same
training data, where categorical (and discretized) variables are one-hot encoded. The
Burt adapted fuzzy K-means is trained under the same conditions, with K set to match
the LDA topic count.

Model performance is evaluated on the test subsets using the deviance of the
assumed target distribution, that is, Binomial deviance for the loan portfolio and Pois-
son deviance for the motor portfolio. Each observation is assigned to the topic (or
cluster) of maximum posterior probability max(θd), from which the predicted fre-
quency ŷd is derived as the empirical mean of targets within the same cluster. The
resulting cluster-level predictions are compared across models to assess fit quality.

To assess interpretability, the top modalities and average numeric values per topic
are analyzed and visualized. All results (deviance values, boxplots, and cluster com-
positions) are reported on the test sets, unless otherwise stated.

3.2 Datasets

We use two distinct insurance portfolios to evaluate the validity and consistency of the
LDA model across various types of covariates with a variety of marginal distributions
and different assumptions regarding the target variable’s distribution. The first dataset
is a loan default portfolio with 25 917 policies described by six categorical variables
(discretized into four distinct groups based on its 25th, 50th, and 75th percentile), two
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Table 1 Descriptions of the loan portfolio attributes

Categorical variables Description Modalities Proportions

Inquiries The number of inquiries in the past 6 months 0 0.48%

1 0.27%

2 0.15%

≥ 3 0.10%

Region The region of the state provided by the
borrower in the loan application

East 0.51%

West 0.29%

Central 0.20%

Purpose A category provided by the borrower for the
loan request

Debt consolidation 0.47%

Other 0.19%

Credit card 0.13%

Home improvement 0.07%

Major purchase 0.05%

Small business 0.05%

Grade LC assigned loan subgrade. 1–10 0.56%

11–20 0.34%

21–35 0.10%

Home ownership The home ownership status provided by the Rent 0.48%

borrower during registration Mortgage 0.44%

Own 0.08%

Verification status Indicates if the income (source) was verified by Not verified 0.45%

LC. Verified 0.32%

Source verified 0.23%

Term The number of payments on the loan 36 months 0.76%

60 months 0.24%

Public records Number of derogatory public records 0 0.95%

1, 2 or 3 0.05%

Target variable

Loan status Current status of the loan Fully Paid 0.85%

Charged Off 0.15%

Continuous variables min max mean std

Loan amount The listed amount of the loan applied for by
the borrower

500 35 000 11 369.9 7 274.08

Interest rate Interest rate on the loan 5.42 24.4 11.95 3.6

Annual income The self-reported annual income provided by
the borrower during registration.

400 3 900 000 68 854 59 173

Revolving line utilization rate The amount of credit the borrower is using
relative to all available revolving credit

0 99.9 48.49 28.22

Claim description Loan description provided by the borrower
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binary variables, four continuous variables (i.e., structured data) and a loan description
provided by the borrower (i.e., unstructured data) detailed in Table 1. The target vari-
able takes two possible values (Charged Off or Fully Paid) and is assumed to follow
a Binomial distribution.

To validate the results obtained with this first database and check their reproducibil-
ity, we use a second insurance portfolio that contains information about motorcycle
insurance policies over the period 1994–1998 [34]. Table 2 gives the description and
basic summary statistics of the two quantitative variables and the three categorical
variables describing each policy. The target variable (number of claims) is assumed
to follow a Poisson distribution. Given the exposure of each policy, we will predict
its claim frequency (i.e., the ratio between the number of claims and the contract
duration). In the following analyses, the policyholder’s age and its vehicle’s age are
categorised into respectively nine (≤ 19, 20 − 29, 30 − 39, . . . , 80 − 89, ≥ 90) and
four (0−4, 5−10, 11−20,≥ 21) distinct groups. This motorcycle portfolio contains
62 289 insurance policies, which is double the number of observations in the loan
dataset.

3.3 LDA Soft Clustering for Structured Data

As explained in Section 2, by considering each distinct value of the categorical (and
discretized numeric) rating factors as a word, we can extend the scope of application
of the LDA model to structured data and use the document-topic matrix θ(D×K ) as a
soft clustering tool where k = 1, . . . , K are the topic clusters and d = 1, . . . , D are
the observations we want to cluster.

For each insurance portfolio introduced above, a LDA model is trained using 80%
of the dataset. The model’s goodness of fit is then evaluated on the remaining 20% of
the dataset. This train-test split, displayed in Table 3, is essential for assessing how
well the model generalises to unseen data. Given the learned parameters from the
trained model (i.e., the topic-word and policy-topic distributions), we can infer the
risk profiles distributions θdnew of these unseen (new) insurance policies (in the test
set) using the optimised posterior distribution q (θ).

To evaluate the goodness of fit of the models, each policy is assigned to the topic
for which it has the highest relative probability max (θd). The quality of the topic
clustering can then be evaluated with the Binomial deviance for the loan dataset and
with the Poisson deviance for the motor dataset. The Binomial deviance is defined as:

DBin
(
y, ŷ

) = 2
D∑

d=1

(
yd ln

(
yd
ŷd

)
+ (1 − yd) ln

(
1 − yd
1 − ŷd

))
, (19)

where yd is the observed loan default probability of the dth policy, and ŷd is the
predicted loan default probability of the dth policy (which is equal to the average
number of defaults of all policies assigned to the same (topic) cluster as the dth
policy). The Poisson deviance is defined as:
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Table 2 Descriptions of the motorcycle portfolio attributes [34]

Categorical variables Description Modalities Proportions

Gender Male (ma) M 0.85%

Female (kvinnor) K 0.15%

Geographic area Central and semi-central parts of
Sweden’s three largest cities.

1 0.13%

Suburbs plus middle-sized cities. 2 0.18%

Lesser towns, except those in 5 or 7. 3 0.20%

Small towns and countryside. 4 0.39%

Northern towns. 5 0.04%

Northern countryside. 6 0.06%

Gotland (Sweden’s largest island). 7 0.01%

Vehicle power EV ratio -5 1 0.11%

EV ratio 6–8 2 0.08%

EV ratio 9–12 3 0.30%

EV ratio 13–15 4 0.19%

EV ratio 16–19 5 0.18%

EV ratio 20–24 6 0.13%

EV ratio 25- 7 0.01%

Continuous variables Min Max Mean Std

Owner’s age Age of the policyholder. 16 92 42.54 12.95

Vehicle age Age of the policyholder’s vehicle. 0 99 12.56 9.68

Target variable

Claim frequency The ratio between the number of
claims and the contract duration.

0 182.51 0.028 0.947

Exposure The contract duration. 0.002 11.99 1.008 1.06

Number of claims The number of motor claims. 0 0.9898%

1 0.0101%

2 0.0004%

Table 3 Number of observations
(insurance policies) in the
training-testing subsets

Train set (80%) Test set (20%)

Loan 20 733 5 184

Motor 49 831 12 458

DPoi
(
y, ŷ

) = 2
D∑

d=1

Nd

(
νd

Nd
λ̂d −

(
ln

(
νd

Nd
λ̂d

)
+ 1

)
I{Nd≥1}

)
, (20)

where Nd and νd are respectively the number of claims and the exposure of the dth
policy, and λ̂d is the predicted claim frequency (which is equal to the average number
of claim frequencies of all policies assigned to the same (topic) cluster as the dth
policy).
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Fig. 4 Evolution of the LDA Binomial (left plot) and Poisson (right plot) deviances with respect to the
number of LDA topics K ∈ (2, 40)

For each portfolio, we trained around 40 different LDA models (by increasing the
number of topics K ) on the structured covariates in the respective training subset
(80%) of each portfolio. Figure 4 shows the evolution of the Binomial (left plot) and
Poisson (right plot) deviances with respect to the number of topics K ∈ (2, 40) used to
fit these LDAmodels. The orange lines represent the evolution of the deviances on the
train sets, whereas the green lines (of interest) represent the evolution of the deviances
on the test sets. We observe a general (but not smooth) decrease in the deviances when
the number of topics K increases, especially for the motor portfolio (see right plot of
Figure 4) which contains more observations (see Table 3). In the following analyses,
all results (including goodness of fit or deviance values) are evaluated on the test sets,
unless otherwise specified.

If we chose to train our LDA model with K = 15 topics on a subset (80%) of
the loan portfolio (in Table 1), we get a Binomial deviance equal to 4 221.52 (with
15 distinct ŷd ). In comparison, a GLM trained on the same subset (80%) of the loan
portfolio (with the difference that the discretized and categorical covariates are one-
hot encoded) gives a lower (and better) deviance equal to 4 030.3. The granularity of
the GLM (4 809 distinct ŷd ) is however much higher than LDA clustering (15 distinct
ŷd ). The choice of setting the number of topics K to 15 was determined through
visual analysis of the evolution of the deviance (green line) in the left plot of Figure 4.
Moreover, this number is sufficiently large to capture the data underlying structure,
while still being small enough to allow for a concise analysis of the composition of
the different clusters.

While the use of LDA’s document-topic distribution as an unsupervised soft
clustering tool is not as competitive in terms of deviance as a standard GLM
on our loan portfolio, we still observe in Table 4 that the LDA approach gives
some insights into the prominent risk factors contributing to higher or lower claim
frequencies. This table 4 gives a summary of some of the most common modal-
ities (in columns titled term and sub_grade) and average numeric values (in
columns int_rate and revol_util) in each topic cluster. For ease of analysis,
the topic clusters (as well as the corresponding figures) are ordered by increas-
ing (average) number of loan defaults (see Frequency column). The categorical
variables home_ownership, verification_status, purpose, region,
inq_last_6mths, and pub_rec are omitted from Table 4 as none of their respec-
tive categories (modalities) has a consistent association with higher or lower loan
default rates (see Figure 14 in Appendix). The continuous variables loan_amnt and
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Table 4 Some of the most common modalities and average numeric values in each topic cluster obtained
with the LDA soft clustering model on the test set (20%) of the loan portfolio.

Topic % of policies term sub_grade int_rate revol_util Frequency (%)

1 0.77 36 months 1–10 6.86 37.0 0.05

2 37.21 36 months 1–10 8.55 36.61 0.1032

3 11.94 36 months 1–10 9.53 45.77 0.1066

4 2.37 36 months 1–10 9.64 30.24 0.1138

5 4.53 36 months 1–10 9.61 46.26 0.1404

6 2.22 60 months 1–10 10.53 43.29 0.1565

7 3.49 36 months 11–20 11.68 55.09 0.1602

8 10.07 36 months [’11–20’, ’1–10’] 12.78 67.04 0.1686

9 1.58 60 months 11–20 11.86 51.17 0.1829

10 2.72 36 months 21–35 15.04 62.26 0.1844

11 7.99 36 months [’11–20’, ’1–10’] 12.34 57.26 0.1932

12 9.43 36 months 11–20 12.54 51.81 0.2331

13 0.33 36 months 11–20 15.17 63.44 0.2353

14 1.6 60 months [’21–35’, ’11–20’] 15.22 61.08 0.253

15 3.74 60 months 21–35 15.33 72.8 0.2835

The table is ordered by increasing (average) number of loan defaults

annual_inc are also omitted as no increasing (or decreasing) trend with the default
rate is observed (see Figure 15 in Appendix).

The column titled % of policies displays the size of each cluster (i.e., num-
ber of policies relative to the portfolio size). We observe that nearly 50% of the total
observations are in the first three clusters with the lowest number of defaults. Insurance
claims are often considered as rare events due to their low probability of occurrence.
In the context of clustering, the data may naturally exhibit an imbalanced distribu-
tion, where the majority of policies are assigned to lower-risk clusters with a lower
likelihood of defaults.

We observe in Table 4 and in the left plot of Figure 5 that the two topic clusters
with the highest number of defaults have the highest number of long-term (60 months)
loans. Moreover, the topic cluster characterised by the lowest number of loan defaults
exclusively consists of short-term loans. We also observe in the right plot of Figure 5 a
decline in the number of policies characterised by lower grades (1–10) and an increase
in the number of policies characterised by higher grades (11–20, 21–35), when the
default rate increases.

With regard to numeric covariates, we observe in the left plot of Figure 6 an upward
trend where higher interest rates are associated with topic clusters characterised by
higher default rates. This increase with the probability of loan default is also observ-
able, but less pronounced, in the right plot of Figure 6 for the revolving line utilisation
rate.

To confirm LDA’s ability to model the underlying structure of structured insurance
data, we train our LDA model on a subset (80%) of the motor portfolio introduced
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Fig. 5 Topic cluster distribution in the categorical variables term and sub_grade. The topic clusters are
ordered by increasing (average) number of loan defaults, as in Table 4

Fig. 6 Boxplot of the numeric variables int_rate and revol_util by topic cluster. The topic clusters
are ordered by increasing (average) number of loan defaults, as in Table 4

above (in Table 2). To strike a balance between capturing the underlying data structure
and maintaining a manageable number of clusters for analysis, and after visually
analysing the evolution of the deviance on the test set (green line) in the right plot of
Figure 4, we chose to set the number of topic clusters K to 10. With K = 10, the
Poisson deviance is equal to 1 276.51 (with 10 distinct ŷd ). In comparison, a GLM
trained on the same subset (80%) of the motor portfolio (with the difference that the
discretized and categorical covariates are one-hot encoded) gives a deviance equal to
1 339.84 (with more than 1 269 distinct ŷd ). With a quite lower level of granularity
(10 versus 1 269 distinct ŷd ), the LDA clustering model results in a significantly
lower deviance than the one obtained with a GLM, which was not the case in our
loan portfolio analysis. This suggests that LDA is better at accurately capturing the
underlying structures of larger insurance portfolios. The following analysis of the
topic clusters composition, summarised in Table 5, further highlights LDA’s ability to
model the data underlying structure and give insights into the prominent risk factors
contributing to higher or lower claim frequencies. This Table 5 gives a summary of
some of the most common modalities (in columns titled Zone, Class and Gender)
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Table 5 Most common modalities and average numeric values with LDA soft clustering (motor portfolio).

Topic % of policies Zone Class Gender OwnersAge VehicleAge Frequency (%)

1 7.53 4 1 M 48.17 32.19 0.13

2 14.44 4 [’3’, ’4’] M 46.2 14.5 0.29

3 6.01 [’4’, ’1’] 3 K 45.0 6.62 0.52

4 15.61 4 [’6’, ’3’] M 56.46 14.0 0.61

5 8.35 [’4’, ’2’] 4 M 46.5 13.0 0.79

6 8.01 [’4’, ’1’] [’3’, ’4’] M 32.8 15.0 1.2

7 13.42 [’2’, ’3’] 3 M 50.79 2.0 1.38

8 7.71 [’3’, ’6’] 5 M 47.18 15.0 1.54

9 10.05 [’4’, ’3’] [’6’, ’3’] M 35.69 6.0 2.03

10 8.87 [’4’, ’2’] [’5’, ’4’] M 26.75 8.0 4.89

The table is ordered by increasing (average) motor claim frequencies

Fig. 7 Topic cluster distribution in the categorical variables Zone, Class and Gender. The topic clusters
are ordered by increasing (average) motor claim frequencies, as in Table 5

and average numeric values (in columns OwnersAge and VehicleAge) in each
topic cluster. For ease of analysis, the topic clusters (as well as the corresponding
figures) are ordered by increasing (average)motor claim frequencies (seeFrequency
column).

Cluster 3, with the third lowest number of claims, has an interesting gender make-
up. While all other clusters have a male dominating gender, cluster 3 has the largest
proportions of females (see right plot of Figure 7). It is also the cluster with the largest
number of insureds located in Sweden’s three largest cities (see the proportion of
Zone=1 in the left plot of Figure 7).

The left plot of Figure 8 also highlights the differences in age distribution across
topic clusters. It is interesting to note that the topic cluster associated with the highest
claim frequency is exclusively characterised by younger (less experienced) policy-
holders (26–27 years old), and is amongst the most concentrated age distribution.
Insurance premiums for less experienced drivers are typically higher due to their per-
ceived higher risk profile. We also observe in the right plot of Figure 8 that the topic
cluster associated with the lowest claim frequency consists of policies with the old-
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Fig. 8 Boxplot of the numeric variablesOwnersAge andVehicleAge by topic cluster. The topic clusters
are ordered by increasing (average) motor claim frequencies, as in Table 5

Table 6 Summary of the LDA
goodness of fit results on the test
sets

loan motor

# of (topic) clusters K 15 10

# of policies in the test set 5 184 12 458

Deviance Binomial Poisson

LDA deviance 4 221.52 1 276.51

GLM deviance 4 030.3 1 339.84

est vehicle’s ages (can refer to collection vehicle) with a very large majority of low
EV ratio ≤5 (see middle plot of Figure 7). Collection vehicles might be driven less
frequently, reducing the likelihood of accidents.

The following Table 6 provides a summary comparison of the goodness of fit
obtained with our LDA soft clustering approach on both (test sets of) the insurance
portfolios in Table 1 (loan portfolio) and Table 2 (motor portfolio).

3.4 Burt Adapted Fuzzy (or Soft) K-Means

In this section, we compare our LDA soft clustering approach to the Burt adapted
fuzzy (or soft) K-means [27]. In this Burt framework, categorical data are mapped to
numeric vectors as follow:

BW = 1

q
CBC , (21)

where q is equal to the number of categorical (and discretized numeric) variables, B
is equal to the product of the disjunctive matrix D and its transpose, and the diagonal

weight matrix C = diag
(
n−1/2
11 . . . n−1/2

mm

)
contains on its diagonal the number of

policies characterised by the i th modality, denoted by nii . For more details, we refer to
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Fig. 9 Evolution of the Binomial (left plot) and Poisson (right plot) deviances with respect to the number
of K-means clusters K ∈ (2, 40) in our Burt adapted fuzzy K-means

Table 7 Dominant modalities and average numeric values (from the loan database) of the continuous
variables with K-means Burt adapted soft clustering.

Topic % of policies term sub_grade int_rate revol_util Frequency (%)

1 7.14 36 months 1–10 6.42 17.85 0.0459

2 6.17 36 months 1–10 6.64 33.28 0.0531

3 8.2 36 months 1–10 7.53 19.3 0.0847

4 4.98 36 months 1–10 9.16 36.56 0.093

5 5.59 60 months 1–10 9.91 33.14 0.1034

6 8.16 36 months 1–10 10.31 51.08 0.1064

7 6.67 36 months 1–10 9.86 53.32 0.1098

8 7.64 36 months 1–10 9.88 49.55 0.1111

9 8.55 36 months 11–20 13.09 71.45 0.158

10 7.79 36 months 11–20 12.79 55.82 0.1683

11 6.96 36 months 11–20 13.64 61.82 0.1717

12 6.23 36 months 11–20 12.82 53.21 0.2415

13 5.63 60 months 11–20 15.62 70.47 0.2432

14 6.15 60 months 21–35 17.71 71.01 0.3009

15 4.13 60 months 21–35 16.52 53.79 0.3178

The table is ordered by increasing (average) number of loan defaults

[27]. For a survey of other state-of-the-art mixed data clustering algorithms, see [35].
The followingFigure 9 shows the evolutionof theBinomial andPoissondevianceswith
respect to the number of fuzzy K-means clusters. The decrease in deviance appears
smoother with the Burt approach than with LDA for the loan portfolio (see left plot
of Figure 4).

If we train our Burt adapted fuzzy K-means on the same subset (80%) of the loan
insurance portfolio (in Table 1) as in the LDA approach, with a number of fuzzy
cluster K = 15 (equals to the number of topic clusters in the LDA approach), we
get a Binomial deviance (on the test set) equal to 4 095.31 (with 15 distinct ŷd ). In
comparison, the GLM deviance was equal to 4 030.3 (with 4 809 distinct ŷd ) and the
LDA deviance was equal to 4 221.52 (with 15 distinct ŷd ). The following Table 7
reports some of the most common modalities and average numeric values in each
topic cluster.
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Fig. 10 Cluster distribution in the categorical variables term and sub_grade. The clusters are ordered
by increasing (average) number of loan defaults, as in Table 4

Fig. 11 Boxplot of the numeric variablesint_rate andrevol_util by cluster. The clusters are ordered
by increasing (average) number of loan defaults, as in Table 4

While the Burt and GLM approaches outperform LDA in terms of deviance in this
loan portfolio analysis, we observe that the Burt and LDAmodels give similar insights
into the prominent risk factors contributing to higher or lower claim frequencies.
Similarly to LDA, the left plot of Figure 10 highlights the majority (minority) of
long-term loans in the clusters associated with higher (lower) default rates. Unlike
what we observed in the LDA approach, the first cluster, associated with the lowest
default rate, is not exclusively characterised by long-term loans (but still consists of
a large majority of long-term loans). Conversely, Burt appears to discriminate better
than LDA between different grades. The column sub_grade in Table 7 displays a
consistent evolution of the grade sub-classes with the increase of default rate. This
majority of lower (higher) grades in clusters associated with lower (high) default rate
is visually confirmed by the right plot of Figure 10.

In Figure 11, the upward trend in both the interest rate and revolving line utilisation
rate appears to be more consistent than the one observed in the LDA approach in
Figure 6.
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Table 8 Dominant modalities and average numeric values of the continuous variables (from the motor
database) with K-means Burt adapted soft clustering.

Cluster % of policies Zone Class Gender OwnersAge VehicleAge Frequency

1 9.35 4 1 M 42.94 29.46 0.42

2 14.54 [’4’, ’3’] [’3’, ’4’] K 41.53 11.25 0.45

3 7.59 4 [’3’, ’4’] M 46.2 7.5 0.46

4 13.78 4 [’5’, ’3’, ’4’] M 47.0 14.0 0.49

5 7.87 3 [’5’, ’3’] M 44.94 15.0 0.57

6 6.62 [’4’, ’2’] [’3’, ’4’] M 53.5 6.0 1.01

7 15.77 [’2’, ’1’] [’3’, ’5’] M 47.4 15.5 1.16

8 7.12 [’4’, ’3’, ’2’] 3 M 46.24 2.67 1.2

9 9.91 [’4’, ’3’, ’2’] [’4’, ’5’] M 36.5 2.0 3.35

10 7.45 [’4’, ’3’] [’6’, ’5’] M 25.5 7.0 4.8

The table is ordered by increasing (average) motor claim frequencies

However, note that the size of the different clusters is more or less the same (see
column titled % of policies in Table 1). Whereas in the LDA approach, the first
three topic clusters already accounted for 50% of the entire portfolio (and reflected
the rarity of insurance claims).

To be consistentwith the LDAanalysis in Section 3.3, we also train ourBurt adapted
fuzzy K-means model on a subset (80%) of the motor portfolio (in Table 2), with the
same number of fuzzy clusters K = 10 as the number of LDA topic clusters. It results
in a Poisson deviance equal to 1 273.37 (with 10 distinct ŷd ), which is quite close to the
one obtained with the LDA approach (1 276.51with 10 distinct ŷd ) and still better than
the one obtainedwith theGLM (1 339.84withmore than 1 269 distinct ŷd ).While both
approaches seem to be able to distinguish high-risk groups from the low-risk groups,
the LDA approach produces a higher degree of heterogeneity between the clusters
with significantly different claim frequencies. While the average claim frequency of
the first four clusters are quite similar in the Burt approach, ranging from 0.42% up
to 0.49% (see Table 8), we observe in the LDA approach in Table 5 an average claim
frequency of 0.13%, 0.29%, 0.52%, and 0.61% in the first four clusters.

Nevertheless, the dominant categories and average numeric values obtained across
the hardened fuzzy clusters in Table 8 are highly similar to our LDA topic clusters
analysis in Table 5. The evolution of the numeric variables with respect to the clusters
average claim frequency in Figure 12, as well as the cluster distribution in the cate-
gorical variables in Figure 13 are also quite similar to that of the LDA approach. For
example, the first cluster (associated with the smallest claim frequency) is once again
characterised by older vehicles (see right plot of Figure 13) with the lowest power class
(see middle plot of Figure 12). Whereas, the cluster with the highest claim frequency
exclusively consists of young (less experienced) drivers (around 25), as illustrated in
the left plot of Figure 13 and has the largest proportions of higher power vehicles
(see middle plot of Figure 12). The cluster distribution in the Gender variable (see
right plot of the following Figure 12) is particularly interesting as one cluster (with the
second lowest claim frequency on average) contains the majority of the female poli-
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Fig. 12 Cluster distribution in the categorical variables Zone, Class and Gender. The clusters are
ordered by increasing (average) motor claim frequencies, as in Table 8

Fig. 13 Boxplot of the numeric variables OwnersAge and VehicleAge by cluster. The clusters are
ordered by increasing (average) motor claim frequencies, as in Table 8

Table 9 Summary of the
goodness of fit results on the test
sets

loan motor

# of (topic) clusters K 15 10

# of policies in the test set 5 184 12 458

Deviance Binomial Poisson

LDA deviance 4 221.52 1 276.51

Burt deviance 4 095.31 1273.37

GLM deviance 4 030.3 1 339.84

cyholders in the portfolio, while all other clusters predominantly (if not exclusively)
consist of male policyholders.

The following Table 9 provides a summary of the goodness of fit obtained in our
LDA andBurt soft clustering approaches on both (test sets of) our insurance portfolios.

While the LDA-based soft clustering approach does not systematically outperform
classical models such as the GLM or the Burt adapted fuzzy K-means in terms of
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Table 10 Summary of empirical
dispersions, train and test
deviance, scaled test deviance,
and chi-square comparison
between GLM and LDA models

Metric GLM LDA

Empirical dispersion φ̂train 0.7627 0.8039

Train deviance 15788.63 16654.41

Test deviance 4030.3 4221.52

Scaled test deviance 5283.61 5250.65

Chi-square test on 
 deviance


 deviance 32.96

Degrees of freedom (approx.) 17

p-value 0.0114

deviance, its practical relevance resides in the interpretability and dimensional reduc-
tion it provides. For instance, in the loan portfolio, the LDA model exhibits a higher
Binomial deviance than the GLM. However, it reduces the prediction space to only
15 interpretable topic clusters. This compression facilitates the identification of high
and low-risk groups and the visualisation of prominent risk factors, providing insights
into the latent structure of insurance portfolios (see e.g.,Table 10).

To formally assess whether the increase in the LDA deviance for the loan portfolio
is statistically significant, we compute the scaled deviance, adjusting for empirical
dispersion φ̂ (theoretically equal to 1) estimated on the training set:

φ̂ = D

n − pmodel
, (22)

where n is the number of observations in the training set, pmodel is the number of
regression coefficients for each model. pGLM includes the intercept and all one-hot
encoded features, pLDA is approximated as the number of topic clusters.

The difference in scaled deviance is then tested using an approximate chi-square
statistic with the null hypothesis H0 that bothmodels (LDA andGLM) have equivalent
predictive performance.

For the loan portfolio, the LDA model (with K = 15 topic clusters) exhibits a
scaled deviance of 5 250.65, compared to the GLM’s scaled deviance of 5 283.61,
giving 
Dev = 32.96 with 17 degrees of freedom and a p-value of 0.0114. Using a
significance level α = 0.01, we do not reject the null hypothesis, indicating no statis-
tically significant difference in predictive performance between the models, although
LDA shows a slightly lower scaled deviance.

The residual heatmaps Figures 16 and 19 in Appendix further illustrate model
performance beyond overall deviance. Figure 16 corresponds to LDA residuals, and
Figure 19 to Burt residuals. The marginal histograms (top and right) show similar
marginal distributions (e.g., policyholder’s age, and vehicle age),meaning bothmodels
are evaluated on the same range of input features. Differences in the residual pattern
stem from the model behavior, not from data imbalance. In the visualizations, the left
plot corresponds to the loan portfolio and the right plot to the motor portfolio, with
the continuous predictors densities highlighting regions with more concentrated data
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where residuals are smaller and more stable. No systematic patterns in residual y − ŷ
magnitude are apparent in either portfolio across covariate combinations, indicating
that predictions remain well-calibrated across the feature space. Larger residuals are
observedmainly in low-density regions, reflecting the reduced number of observations
rather than model misspecification. These visual diagnostics support the quantitative
deviance comparisons reported in Table 9.

4 Conclusions

In this article, we introduced LDA’s document-topic distribution as an unsupervised
soft clustering tool and extended LDA’s probabilistic framework, initially developed
for unstructured text data, to tabular insurance data. To model (structured) discrete
covariates in tabular insurance portfolios, we defined each topic as a risk profile, each
insurance policy as a document and each modality of the categorical and discretized
numeric rating factors as a word. Much like the original fuzzy K-means, the soft
clustering ability of LDA allows to model each policy by a topic cluster membership.
Through the identification of dominant modalities within each topic cluster, insurers
can gain insights into risk factors contributing to higher or lower claim frequencies
(e.g., default rates).

Our experimental results and analysis showed that the use of LDA’s document-
topic distribution as an unsupervised soft clustering tool is effective at organising
insurance policies characterised by categorical (and discretized numeric) variables
into a smaller set of prominent risk profiles (topics). While it did not show to always
be as competitive in terms of deviance, comparative analyseswith theBurt adapted soft
clustering approach still supports the effectiveness of LDA in capturing the underlying
structure within structured insurance data.

Building on the findings of this study, several prospects for future research are
apparent. First, hybrid approaches that integrate LDAwith embedding-based methods
(e.g., word or entity embeddings) could enhance the representation of complex inter-
actions among risk factors, capturing subtle dependencies across modalities that pure
LDAmay overlook. Such approachesmay allow insurers to leverage both probabilistic
topic structures and continuous latent representations for more accurate risk profiling.
Finally, the inherent flexibility of LDA in handling varying document lengths suggests
potential for addressing heterogeneous datasets with missing values, or combining
discrete and continuous variables via hybrid discretization or embedding techniques.
Moreover, dynamic or sequential LDA variants could be applied to better understand
how risk profiles develop over time, capturing evolving risk patterns. Collectively,
these extensions could strengthen LDA’s utility for predictive modelling and actuarial
insights.
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Table 11 Summary of notation and actuarial interpretation

Symbol Mathematical definition Actuarial interpretation

X Set of all policies {x1, . . . , xD} Insurance portfolio

xd dth policy with Nd modalities Individual policy characteristics

xdn nth modality of policy d Value of a risk factor (e.g., driver
age group)

V Set of all unique modalities Collection of all covariate levels

K Number of latent topics Number of latent risk profiles

βk Topic–modality distribution Distribution of risk factor
combinations in risk profile k

θd Policy–topic mixture Policy’s mixture of latent risk
profiles

zdn Latent topic assignment Risk profile linked to modality
xdn

α Dirichlet prior for θd Regularity of portfolio-level risk
heterogeneity

η Dirichlet prior for βk Smoothness of risk factor
representation within a profile

Appendix 1. Notations

Appendix 2. Sampled distributions

p (θd |α) = D (θd |α) =
Γ

(∑K
k=1 αk

)

∏K
k=1 Γ (αk)

K∏

k=1

θ
αk−1
d,k , (23)

p (βk |η) = D (βk |η) =
Γ

(∑V
v=1 ηv

)

∏V
v=1 Γ (ηv)

V∏

v=1

β
ηv−1
k,v , (24)

p
(
xd,n|zd,n, β1:K

) = M (
xd,n|zd,n, β1:K

) = βzd,n ,xd,n , (25)

p
(
zd,n|θd

) = M (
zd,n|θd

) = θd,zd,n . (26)

p (θd |γd) = D (θd |γd) =
Γ

(∑K
k=1 γd,k

)

∏K
k=1 Γ

(
γd,k

)
K∏

k=1

θ
γd,k−1
d,k , (27)

q (βk |λk) = D (βk |λk) =
Γ

(∑V
v=1 λk,v

)

∏V
v=1 Γ

(
λk,v

)
V∏

v=1

β
λk,v−1
k,v , (28)

q
(
zd,n = k

) = MK

(−→
φ d,n

)
= φdxd,nk . (29)
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Appendix 3. ELBO derivation

The marginal log-likelihood is defined as:

ln p (x |α, η) = ln
∫ ∑

z

p (x, z, θ, β|α, η) dθ , (30)

where p (x, z, θ, β|α, η) is the joint distribution of observed variables x and latent
variables z, θ, β. We introduce the variational distribution q (z, θ, β|φ, γ, λ) defined
in Eq. (10) and obtain the lower bound from Jensen’s inequality:

ln p (x |α, η) = ln
∫ ∑

z

p (x, z, θ, β|α, η)
q (z, θ, β|φ, γ, λ)

q (z, θ, β|φ, γ, λ)
dθ

= lnEq

[
p (x, z, θ, β|α, η)

q (z, θ, β|φ, γ, λ)

]

≥ Eq

[
ln

p (x, z, θ, β|α, η)

q (z, θ, β|φ, γ, λ)

]

= Eq [ln p (x, z, θ, β|α, η)] − Eq
[
ln q (z, θ, β|φ, γ, λ)

]

= L (φ, γ, λ;α, η) ,

(31)

where the under-script q is a short form for q (z, θ, β|φ, γ, λ). From Bayesian rules,
we have:

L (φ, γ, λ;α, η) = −K L (q (z, θ, β|φ, γ, λ) ||p (z, θ, β|x, α, η)) + ln p (x | α, η)

(32)

The variational form of the marginal likelihood in Eq. (30) is then equal to:

ln p (x | α, η) = L (φ, γ, λ;α, η) + K L (q (z, θ, β|φ, γ, λ) ||p (z, θ, β|x, α, η)) .

(33)

To facilitate calculations (and coding), the tractable lower bound L (φ, γ, λ;α, η)

in Eq. (31) is reorganised using the complete model in Eq. (6) and the variational
distribution in Eq. (10):

L (x;φ, γ, λ;α, η) = Eq [ln p (β|η)] + Eq [ln p (θ |α)]

+ Eq [ln p (x |z, β)] + Eq [ln p (z|θ)]

− Eq [ln q (β|λ)] − Eq
[
ln q (θ |γ )

] − Eq [ln q (z|φ)] .

(34)

We now expand the expectations above to get the complete objective function (ELBO)
as functions of the variational parameters. In [26], the per-corpus terms are brought
into the summation over policies, and are thus divided by the number of policies D,
such that the ELBO is equal to:
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L =
D∑

d=1

{
V∑

v=1

nd,v

K∑

k=1

φd,v,k
(
Eq

[
ln θd,k

] + Eq
[
ln βk,v

] − ln φd,v,k
)
}

+
D∑

d=1

{
K∑

k=1

a
(
γd,k

) + (
α − γd,k

)
Eq

[
ln θd,k

]
}

+
D∑

d=1

{
K∑

k=1

(
V∑

v=1

b
(
λk,v

) + (η − λv)Eq
[
ln βk,v

]
)

/D

}

+
D∑

d=1

{(lnΓ (Kα) − K lnΓ (α)) + K (lnΓ (Vη) − V lnΓ (η)) /D} ,

(35)

where a
(
γd,k

) = lnΓ
(
γd,k

) − lnΓ
(∑K

k=1 γd,k

)
, b

(
λk,v

) = lnΓ
(
λk,v

) −
lnΓ

(∑V
v=1 λk,v

)
, Eq

[
ln θd,k

] = Ψ
(
γd,k

) − Ψ
(∑K

k=1 γd,k

)
, and Eq

[
ln βk,v

] =
Ψ

(
λk,v

) − Ψ
(∑V

v=1 λk,v

)
.

Appendix 4. LDA soft clustering

Algorithm 1: Online variational Bayes for LDA [26].

Define iteration weight ρt

= (τ0 + t)−κ where τ0 > 1 is the learning offset, t is the iteration

number of the EM step, and κ ∈ (0.5, 1.0) is the learning decay.
Define convergence condition K−1 ∑K

k=1 |change in γtk | < 1e − 5 .
Randomly initialise variational parameter λ .
while not converged do

// E-step
Initialize γtk to an arbitrary constant (e.g., γtk = 1);
repeat

Compute φtvk ∝ exp
(
Eq [ln βkv] + Eq [ln θtk ]

)
;

Set γtk = α + ∑V
v=1 ntvφtvk ;

until convergence;
// M-step

Compute λ̃kv = η + Dntvφtvk ;

Set λ = (1 − ρt )λ + ρt λ̃;
end
Output: β, θ

Compute L for diagnostics.
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Fig. 15 Boxplot of the numeric variables annual_inc andloan_amnt by topic cluster (LDA clustering
approach). The topic clusters are ordered by increasing (average) number of loan defaults, as in Table 4

Fig. 16 Heatmap of residuals (y − ŷ) across two continuous predictors, overlaid with the density of the
predictors. No systematic pattern in residual magnitude is apparent. Larger residuals are more frequent in
low-density regions due to fewer observations. Left plot: loan portfolio. Right plot: motor portfolio

Appendix 5. Burt-adapted soft clustering

(Figures 17, 18 and 19).
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Fig. 18 Boxplot of the numeric variables annual_inc and loan_amnt by cluster (Burt adapted clus-
tering approach). The clusters are ordered by increasing (average) number of loan defaults, as in Table 7

Fig. 19 Heatmap of residuals (y − ŷ) across two continuous predictors, overlaid with the density of the
predictors. No systematic pattern in residual magnitude is apparent. Larger residuals are more frequent in
low-density regions due to fewer observations. Left plot: loan portfolio. Right plot: motor portfolio
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