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It is challenging to incorporate textual information from insurance datasets for predictive
modeling. We propose a framework for claim frequency and loss severity modeling based
on a new natural language processing (NLP) technique, named BERT to extract textual
descriptive information from claim records. Predictions are obtained using artificial
neural networks (NN) for regression. Additionally, the shape of the predictive distribution
is estimated and outlier treatment with corresponding data analysis is discussed. This
research shows that BERT-based NN model provides a great possibility to outperform
other models without using textual information in accuracy and stability when suitable
textual data are available for modeling. This research outlines an automated procedure of
BERT-based frequency-severity predictions for insurance claims.
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1. INTRODUCTION

Traditional actuarial models are based on claim data which
is widely used in risk assessment, loss reserving, and
ratemaking. Many of these models focus on numerical or
categorical variables originating from claim data and use
traditional statistical techniques. For example, various re-
gression models, such as linear, logistic, probit, tobit,
mixed, and Bayesian credibility models, are used in fre-
quency and severity modeling for claim data (Frees, Derrig,
and Meyers 2014). In traditional insurance analytics, text
information is utilized for descriptive purposes. It is diffi-
cult to use text data directly by traditional methods with-
out preprocessing. However, these textual data may contain
valuable hidden information that can significantly con-
tribute to actuarial tasks, such as loss reserving and
ratemaking. For example, in healthcare, medical record
documentation such as doctor’s notes and patient medical

histories provide crucial role in billing justification. In
property and casualty insurance fields, claim descriptions
may indicate claim reoccurrence(s) and loss-severity levels.
However, many traditional actuarial models neglect such
information (Wiithrich 2018). Hence, incorporating this in-
formation into actuarial models through machine learning
(ML) techniques becomes a top priority. Natural language
processing (NLP) can be used to incorporate text data and
enhance the model’s predictive power. NLP is a branch of
artificial intelligence with a focus on understanding, inter-
preting, and manipulating human language through ma-
chines.

NLP techniques and their use in insurance and actuarial
science have been explored in several recent research ar-
ticles. For example, Ly, Uthayasooriyar, and Wang (2020)
survey NLP techniques and their applications in insurance.
The article gives a general introduction to text mining,
shares a background story of most techniques, and consid-
ers how to implement certain methods using open-source

a Shuzhe Xu received his Ph.D. degree from the Computational & Data Science program at Middle Tennessee State University (MTSU)
in December 2021. After completion of one-year post-doctoral research, he returned to China and took a faculty position as a
lecturer in the Department of Financial Mathematics at Ningbo University of Technology.

b Vajira Manathunga is an Assistant Professor of Actuarial Science at the Department of Mathematical Sciences, Middle Tennessee
State University (MTSU). Before joining MTSU, he served as the Coordinator of the Actuarial Science program at Austin Peay State
University from 2017 to 2020. His research interest lies in NLP based applications for actuarial science, loss reserving techniques

and epidemic models within the field.

fa)

Don Hong is a professor and the Director of Actuarial Science program at Middle Tennessee State University (MTSU). His research

interests include Approximation Theory, Computational Statistics and High Dimensional Data Analysis, Predictive Modeling with
NLP Techniques in Actuarial Science, Splines, and Wavelets. He received his Ph.D. in Mathematics from Texas A&M University and
completed post-Doctoral training in Computational Mathematics at the University of Texas at Austin. Before MTSU, he was a
professor at East Tennessee State University and also held visiting professor positions at Vanderbilt University and the City

University of Hong Kong.


mailto:sx2b@mtmail.mtsu.edu

Framework of BERT-Based NLP Models for Frequency and Severity in Insurance Claims

libraries and python codes. NLP methods are applied in
Liao et al. (2020) to raw unstructured call data to identify
latent topics among the calls, classify the calls, and process
them more efficiently. The authors use R as computer lan-
guage and Bayesian hierarchical modeling in their study.
In Zappa et al. (2021), the authors discuss the possible
use of NLP techniques and mention fraud detection as one
of them; they propose a data-driven algorithm and use it
to create a covariate that can be used for ratemaking and
applied to the accident reports collected by the National
Highway Traffic Safety Administration (NHTSA) between
2005 and 2007. The authors mention that text exploration
would enrich the company database’s customer risk profile.
Borba (2013) explains how crucial information related to
auto accidents may be in accident text descriptions and how
that can be used to predict an accident’s severity. However,
none of the above-mentioned actuarial-related research ex-
plicitly applies the latest NLP model, Bidirectional Encoder
Representations from Transformers (BERT), a (masked) lan-
guage model published in 2018 by a Google team (Devlin
et al. 2018) that achieved a high level of performance on
multiple tasks, including question answering and language
understanding to represent textual data. In this article, our
focus is on how to use BERT, a (masked) language model,
and machine-learning methods in claim loss modeling, es-
pecially for extended warranty, loss-frequency, and loss-
severity predictions. Even though BERT was the leading
NLP technique at the beginning of this research, recent
progress in the NLP arena has brought more advanced mod-
els such as GPT-4 (Open 2023), Chinchilla (Hoffmann et al.
2022), and LaMDA (Thoppilan et al. 2022) to light. How-
ever, we would like to point out one of the main differences
between BERT and GPT-4: BERT is a (masked) language
model, which tries to predict masked words in a sentence,
while GPT-4 tries to generate the next sentence based on
previous inputs.

BERT is one of the most recent statistical language mod-
els to represent text for subsequent use in ML models. To
understand a human language sentence, it is crucial to un-
derstand the content and the context. Therefore, reading a
sentence sequentially from left to right or right to left is not
sufficient. The key innovation of BERT is applying trans-
formers, an attention mechanism that reads the entire sen-
tence at once (bidirectional) and allows BERT to observe
the relationship between words. Armed with bidirectional
encoders as well as pretraining on a large English corpus
and fine-tuning steps, BERT obtained new state-of-the-art
results on many NLP tasks such as the General Language
Understanding Evaluation (Wang et al. 2018), Natural Lan-
guage Inference (MacCartney 2009), and Corpus of Lan-
guage Acceptability (Warstadt, Singh, and Bowman 2019).
Section 2 is devoted to a discussion of BERT in more detail.

Once BERT is used to read text input, the output is a ma-
chine-readable feature vector. These features can be used
for the subsequent predictive task through ML techniques.
Advances in the field of ML have allowed NLP to adopt new
approaches with predictive models that learn directly from
a set of texts. Machines and deep-learning methods also
have enriched the predictive analytics procedure through

automating various processes. In this article, we use the
neural network (NN) regression model (Specht 1991) as our
ML technique and aim at an automated procedure for pre-
dictive modeling by incorporating data-descriptive textual
information. NN models have been used in many insur-
ance- and actuarial-related tasks. For example, they have
been used in general insurance pricing (Wiithrich 2020), in-
surance solvency predicting (Ibiwoye, Ajibola, and Sogunro
2012), health insurance claim predicting (Goundar et al.
2020), and claim count predicting (Yu et al. 2021), to name
a few. To deal with its high-dimensional BERT feature vec-
tor and to better understand the extracted textual infor-
mation, a deep-learning structure will be used to process
its downstream tasks (Kaliyar, Goswami, and Narang 2021;
Alatawi, Alhothali, and Moria 2021; Tang et al. 2019). Arti-
ficial NNs can aid the completion of NLP tasks, and a BERT-
based deep-learning technique could be a powerful tool for
predictive modeling.

In this article, we demonstrate how to use BERT-based
models for claim-frequency and loss-severity predictions
by incorporating textual information in the claim’s records
based on 6,051 trucks’ 5-year extended warranty policies
with 2,385 claims. Predictions are obtained by combining
BERT with artificial NNs for regression. In addition, pre-
dictive distributions are investigated and estimated. The
BERT-based frequency model is compared with traditional
count models such as Poisson and negative binomial. For
severity models, the BERT-based NN model is compared
with the NN model directly. Real data analysis based on a
data set of trucks’ extended warranty claims shows that the
BERT-based model with suitable textual data available for
modeling can provide a good possibility of outperforming
those models that do not use textual descriptive informa-
tion. This research gives an outline of BERT-based predic-
tive modeling’s automated procedure, which incorporates
claim-descriptive textual information with ML methods.
Furthermore, statistical data plotting and predictive distri-
bution curve fitting are included.

One of the major limitations of our research stems from
the data set itself. The data set contains text information
only for closed claims. For each closed claim, we have two
types of text information available. One is DIAGNOSIS,
which diagnoses the problem before the truck repair, and
the other is REPAIR, which explains what is done during re-
pair. Even though this text information should be available
at different points in time, it is unclear when it was avail-
able to the insurer in our data set. If both types of text data
were available after the claim was closed, then our model
may contain signal bleed since any text information that
was entered after closing of the claim may contain indirect
information about target severity. Also, in this scenario, if
text information were available only after the claim was re-
ported, it would not be possible to use text data to predict
the likelihood of a claim. When predicting severity using
text data, we assumed DIAGNOSIS and REPAIR were known
at the time of the prediction but that the severity was un-
known. However, in real life, both would not be available
to the insurance company at the first notice of claim. The
same signal bleeding problem is present in frequency pre-
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diction. When predicting frequency, we concatenated text
information, thus giving indirect information about the tar-
geted number of claims. Regardless of these limitations or
shortcomings, this research demonstrates how to incorpo-
rate text data by applying the BERT feature vectors into the
NN regression for severity and frequency predictions, and
it shows that it is possible to improve model performance
when suitable textual data sets are available. We hope this
research can be one of the first of many building blocks en-
abling actuaries to use text data in their models. In the fu-
ture, by using text data sets that clearly identify the timing
of text data that were available to the insurer, more rig-
orous models can be built. For example, finding data sets
wherein text data were developed along with claim devel-
opment (time series text data for each claim) may allow one
to check (masked) language models’ predictive power more
rigorously in actuarial settings.

The organization of this article is as follows. Section 2
gives a brief technical introduction to BERT. Section 3 de-
scribes the data set and data preprocessing. Frequency and
severity modeling using BERT and NN methods are pre-
sented in the next two sections. Analysis results and com-
parisons, outlier treatment for extreme observations, con-
clusions, and final remarks are given in the final section.

2. NLP AND BERT LANGUAGE MODEL

This section gives a brief introduction, with some technical
discussion, to BERT and, more broadly, current NLP tech-
niques for reading text data. As we mentioned earlier, NLP
enables computers to understand, interpret, and interact
with human language in the same way a human being
would do. NLP research has evolved from the era of punch
cards and batch processing to the era of Google (Cambria
and White 2014). Frequent challenges in NLP involve
speech recognition, natural-language understanding, and
natural-language generation. When processing textual
data, some techniques are essential to preprocess the tex-
tual data before modeling. Once text data are preprocessed,
the NLP techniques can help to represent words in numeric
vectors so that computers can understand them.

2.1. WORD REPRESENTATIONS AND WORD
EMBEDDINGS

To understand the language, a proper word representation
is needed. A word representation is a mathematical object
associated with each word, often a vector. Word vectors,
also called word embeddings, are one type of word repre-
sentation. Word vectors are one of the most common types
of word representation in the current NLP literature. The
converted vectors contain not only information about each
word but also its relations with the corresponding context.
In 2003, Bengio and colleagues developed a large-scale
language model based on NNs. The model processed the
text as an unsupervised learning task. The main idea of the
model is the transformation of raw words into word vectors/
word embeddings that represent words as numerical val-
ues through a mapping (Turian, Ratinov, and Bengio 2010).

The input of the mapping is a set of nonduplicated words
from the original text, called a dictionary. The output of the
mapping is a vector representation of the corresponding
words from the input. After the mapping is implemented,
the textual data can be processed by ML models. The fun-
damental method of word embeddings is bag-of-words, in-
troduced in 1954 by Harris (Harris 1954). The bag-of-words
method represents the frequency of each word in each sen-
tence in the given document. This representation is simple,
but there is no semantic difference between each word.
For example, the word “bank” has multiple meanings but
has not in its embeddings. There are two general types of
word embeddings (Baroni, Dinu, and Kruszewski 2014): (1)
models that use word counts or frequency information are
called count-based models, and (2) models based on the
context information and usually incorporated with NNs are
called prediction-based models.

Count-based models process words by collecting word
counts or word-context co-occurrence counts in a corpus
(a large and structured set of texts produced in a natural
communicative setting that can be read by machines). The
basic idea of early count-based models is to build count
vectors that represent the frequencies of words from the
dictionary of a given corpus. This idea is simple, but some
common words such as “a” or “is” may have a very high
frequency in those count vectors. To solve this issue, term
weighting-based schemes were introduced by researchers,
including term frequency (Luhn 1957), inverse document
frequency (Jones 1972), and term frequency-inverse doc-
ument frequency (Salton and Buckley 1988). Count-based
models that leverage word context were introduced by
Deerwester and colleagues in 1990 (Deerwester et al. 1990).
These count-based models incorporated word context by
implementing co-occurrence matrices used widely in NLP
research. One of the more recent count-based word-em-
bedding models is Global Vectors for Word Representation
(GloVe), which was released by Pennington and colleagues
in 2014 (Pennington, Socher, and Manning 2014). GloVe
obtains vector representations of words by global word-
word co-occurrence statistics, which tabulate how fre-
quently a word co-occurs with another word in a given cor-
pus via an unsupervised learning algorithm. The main idea
of the GloVe model is that ratios of word-word co-occur-
rence probabilities can help to encode some form of mean-
ing.

Prediction-based embedding models have become more
popular with the development of ML algorithms. The first
prediction-based model was introduced in 2003 (Bengio et
al. 2003). The model applied word embeddings in its first
layer of artificial NNs. An artificial NN is an information-
gathering and -processing model that has a structure simi-
lar to a biological neural system’s. Therefore, artificial NNs
can be learned through examples. Generally, artificial NNs
have multiple layers to transmit and process information
about inputs, including an input layer, several hidden lay-
ers, and an output layer. In 2010, Mikolov and colleagues
(Mikolov et al. 2010) used a recurrent neural network (RNN)
as an optimized way to train a language model. Due to
their structures, RNNs have limitations when dealing with
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long sequences of words. One of the main tasks of predic-
tion-based models is to speed up and improve the accuracy
of training processes. Mikolov et al (2013) proposed two
models for training embeddings called the continuous skip-
gram and bag-of-words models in 2013 known as Word2Vec
(Mikolov, Chen, et al. 2013; Mikolov, Sutskever, et al. 2013).
The two models defined a context window C of size k on
anywhere of a sentence of size n, where k < n. The skip-
gram model predicts the surrounding context from the cen-
tral word in C. The continuous skip-gram and bag-of-words
model predicts the central word based on its context in
C. The two models used NNs in their training step and
built relations between words and corresponding contexts
(Mikolov et al. 2009). In 2014, Mikolov and Le extended the
Word2Vec model to the Doc2Vec model by adding a new
embedding that can map a paragraph to a vector (Le and
Mikolov 2014). The vector is called a paragraph vector and
represents information, such as the topic, about the para-
graph from its context.

Another word representation technique called tokeniza-
tion is a process used to split a document into several pieces
of sentences or words. Many modern NLP techniques in-
volve tokenization as the essential preprocessing step to
analyze the textual data piece by piece. For example, the
WordPiece tokenization method (Wu et al. 2016) was de-
veloped using ML techniques to split words into smaller
pieces to retain suffixes. WordPiece tokenization is trained
on a large-scale corpus to tokenize words and sentences
efficiently. After the tokenization, textual data need to be
transformed into numerical values to be used by mathe-
matical or statistical models. BERT uses the WordPiece to-
kenization method to tokenize the text it reads.

2.2. TRANSFORMERS AND BERT

To obtain more complex relations, many traditional lan-
guage models are based on NNs, such as RNNs and con-
volutional neural networks (CNNSs), as their encoder-de-
coder mechanism. RNNs are a standard type of NNs that
can be extended over time and are designed to process se-
quences such as texts through cycles in their structure that
can pass the historical information from the sequences. The
general idea of using RNNs is to store and pass informa-
tion about earlier words in the text in the hidden layers,
which can help the model to analyze texts among long sen-
tences. A CNN is another type of NN that can extend across
space through shared weights (Abiodun et al. 2018). How-
ever, RNNs have difficulties handling long sequences, and
CNNs can be time-consuming when processing large-scale
textual data. To improve efficiency, in 2017, Google re-
searchers proposed the transformer model based on the at-
tention mechanism (Vaswani et al. 2017). The transformer
model can function like a human brain by giving attention
to only the most important information. The model is de-
signed to reduce the cost of the training stage and increase
the accuracy of predictions without either traditional RNN
or CNN structures. BERT is a transformer-based NLP tool
that was released by Google in late 2018 (Devlin et al. 2018).
Many researchers have shown that BERT can process prod-
uct review data with high accuracy, working alongside read-

ing comprehension and aspect-based sentiment analysis
(Polignano et al. 2019; Gao et al. 2019; Peters et al. 2018;
Howard and Ruder 2018; Alsentzer et al. 2019).

BERT (Devlin et al. 2018) is a language model trained on
a large corpus that allows fine-tuning for specific tasks. The
general idea of BERT is to pretrain the language model by
using large-scale corpora in a transformer model (Vaswani
et al. 2017). Pretrained representations can be either con-
textual or context free. The contextual representation can
be bidirectional and unidirectional. Context-free models
such as GloVe and Word2Vec create a single word-embed-
ding representation for each word from the document, re-
gardless of its context. Contextual models, on the other
hand, create a representation of each word based on the
context. The bidirectional representation uses both the left
and the right context for each word, and the unidirectional
representation uses only the left or the right context. The
BERT model is trained bidirectionally through multiple lay-
ers using transformer NNs. The BERT model learns the
words and their contexts during pretraining. Then it can
be used to learn some specific details for the given textual
task during fine-tuning. The model tokenizes its input us-
ing WordPiece as its word embedding. The WordPiece tok-
enization is applied before pretraining and fine-tuning for
the model: (1) A special token (CLS) is added before each
sequence. Another special token (SEP) is used for sentence
separation. (2) All inputs are tokenized based on a large vo-
cabulary using WordPiece tokenization (Wu et al. 2016) as
token embeddings. The WordPiece tokenization can split a
sentence or a word into small pieces. (3) To represent that
a word belongs to a specific sentence in the text, a segment
embedding is applied to each token.

During pretraining, BERT is trained using a large plain-
text corpus such as Wikipedia and is structured by combin-
ing several encoders extracted from transformers. The bidi-
rectional encoder architecture is pretrained with two main
tasks (Devlin et al. 2018). Masked language modeling is a
process that replaces about 15% of the original words with
(MASK) tokens. The model can then be trained to predict
the masked words. Next sentence prediction, as a classifi-
cation problem, is used to train a model to predict whether
one sentence will follow another, given two sentences. Pre-
training aims to learn the language by minimizing the loss
functions for these two tasks. The pretrained BERT can
go through fine-tuning to solve downstream tasks using
its learned language. The input and output of fine-tuning
are specific to the downstream task. In this article, the in-
puts are textual descriptions from the data sets, and the
outputs are the extracted vector representations that can
be exploited using NN models. BERT has shown its adap-
tivity for multiple end tasks by optimizing different fine-
tuning processes (Peters et al. 2018; Howard and Ruder
2018). BERT is useful for various downstream tasks without
changing its pretrained language model. Compared to other
language methods, BERT has better prediction accuracy for
many downstream tasks, especially those that feature ex-
traction-related tasks. BERT has shown state-of-the-art
performance on natural language understanding tasks such
as the General Language Understanding Evaluation, Stan-
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Table 1. Model sizes of some released BERT models

BERT Models Layers Hidden Dimensions Millions of Parameters
BERT  grge 24 1,024 340

BERT,e 12 768 110

BERT pedium 8 512 42

BERTgman 4 512 29

BERT pjipi 4 256 11

BERTyjp, 2 128 4

ford Question Answering Dataset, and Situations with Ad-
versarial Generations. The number of studies applying the
NLP techniques to address industrial problems has been
increasing (Baker, Hallowell, and Tixier 2020; Moon, Chi,
and Im 2022). In S. Xu, Barbosa, and Hong (2020), a pre-
dictive model for determining helpfulness scores of cus-
tomer reviews based on the incorporation of BERT features
with deep-learning techniques is proposed. It becomes nat-
ural to extend the application of BERT to insurance data
as the authors in Ly, Uthayasooriyar, and Wang (2020) al-
ready emphasize that BERT is a potential tool for insurance
data analysis. Very recently, BERT-based NLP techniques
for severity modeling via portfolio classification and loss
prediction have been investigated in Shuzhe Xu, Zhang,
and Hong (2022). In this investigation, the severity predic-
tion model is based on a 2-year basic warranty policy with
11,639 claim records, and the data-driven model is featured
with the models for classification of claim loss types and
prediction of severity amount in each type of loss, respec-
tively.

BERT has two primary model sizes that were released in
2018: the BERT 4,4 model and the BERT g, model. In
2019, 24 pretrained miniature BERT models were released
(Turc et al. 2019). The releases of smaller BERT models
were intended for some environments with limited compu-
tational resources. The model sizes of some released BERT
models are listed in Table 1. In this article, the BERT pyse
model will be used in a study of trucks’ extended warranty
data.

3. DESCRIPTION OF DATA AND DATA
PREPROCESSING

The data set contains a sample of claims for trucks in the
years between 2009 and 2013 under extended warranty cov-
erage from a U.S. company. The data set comprises two ta-
bles: one contains information about warranty contracts,
and the other contains information pertaining to claims re-
lated to those contracts. Each truck is assigned a unique
vehicle identification number. Contract files give warranty
contracts attached to particular vehicle identification num-
bers, and claim files give records about warranty claims un-
der those contracts. Usually, a warranty contract can be cat-
egorized as the base warranty, basic warranty, and extended
warranty. The warranty cycle progresses from base to basic
to extended. The base warranty comes as default cover-
age. Usually, this coverage depends on age and accumu-

lated hours of the vehicle, for example, “12 months/2,000
hrs.” For this particular dataset, the basic and extended
warranties do not come as default, and customers can pur-
chase those if they prefer. For example, basic warranty is
“12 months/no limit on hrs,” and the extended warranty
lists as “60 months/10,000 hrs” or “60 months/6,000 hrs”
depending on the vehicle type. A claim in this study from
this set of policies belongs to only the extended warranty.
Also, as mentioned in Musakwa (2015), an extended war-
ranty may be purchased by the customer on preowned vehi-
cles. In our case, we assume that all trucks are still with the
first owner and all warranties were purchased at the time of
vehicle purchase. We chose claims related to extended war-
ranty (without extended powertrain) listed as “60 months/
10,000 hrs” for our analysis.

The observational period runs from 2009 to 2013. The
data contain 6,051 unique extended warranty policies in the
period. The data set was collected based on a 5-year ex-
tended warranty policy that is extracted from a raw data
set for actuarial modeling, especially with textual descrip-
tive information in claim records. The data set, collected
during a 5-year period, contains each truck’s warranty con-
tract policy information and claim details for warranted
trucks. The data set contains information about contracts
and claims. Several attributes in the contract table are
listed in Table A.1 in Appendix A. This includes the truck’s
vehicle identification number, brand, model, coverage type,
coverage begin date, coverage end date, deductibles, and
more. The claim table contains information about each
claim including textual descriptions of the causes of truck
failure and repair. Several attributes in the claim table are
listed in Table A.2 in Appendix A. Some extra preprocessing
steps are added to the contract and the claim tables for
ML. Claim records with censored textual data have been re-
moved, and extreme cases with abnormal values such as
multiple repairs in one claim also have been removed. For
our analysis, we counted no claims, denied claims, and re-
jected claims as zero claims.

There are 6,051 extended warranty policies in the data
set. The frequency diagram for coverage months for ex-
tended warranties is given in Table B.1 in Appendix B.1.
Out of 5,342 extended warranties, which are listed at “60
months” of coverage, we removed 4 warranty policies since
hours were listed as “6,000.” This resulted in 5,338 ex-
tended warranty policies listed as “60 months/10,000 hrs”
being selected for frequency modeling. For each nonzero
claim, there is a corresponding claim record in the claim
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Table 2. Summary of frequency of policies

Minimum Quartile 1

Median

Mean Quartile 3 Maximum

Frequency 0 0 0

0.45 0 14

table. Thus, there are 2,402 claim records in the claim table.
In the claim table, DIAGNOSIS and REPAIR attributes con-
tain textual descriptions with large sentences or para-
graphs. However, some of these claim records contain no
text descriptions in the DIAGNOSIS and REPAIR columns.
Since our focus is using text descriptions of severity and
frequency modeling, we removed those and used 2,385
records for severity analysis. As we mentioned, our focus is
demonstrating how to incorporate text data into frequency
and severity modeling using BERT. Therefore, we put less
focus on other variables in the contract and claim tables.
The analysis was done using open-source statistical soft-
ware tool R.

4. FREQUENCY MODELING

In this study, the data are split randomly into 60% for train-
ing and 40% for testing using base R. In R, a seed is set
at 123 for frequency analysis to make sure the results are
reproducible. This results in 3,202 records for training and
2,136 records for testing in frequency modeling. There are
no overlapping data between the two data sets. We assume
independence among each warranty policy as well as in-
dependence between frequency and severity. Therefore, for
a given extended warranty policy, the joint distribution of
claim severity can be written as

f(N, X) = f(N) x f(X), (4.1)
where N denotes the frequency of claims per policy and X
denotes the severity of loss amount per claim.

The frequency table for the number of claims stemming
from the selected extended warranty policies of “60
months/10,000 hrs” is given in Table B.2 in Appendix B.1.
The mean and standard deviation of the count data for cov-
erage type given as “60 months/10,000 hrs” are 0.4499813
and 1.154793, respectively. The mode is 0 counts. Five
number summaries of the number of claims can be found in
Table 2.

Even though our emphasis is on BERT-based frequency
modeling, we need at least one traditional frequency mod-
eling approach for comparison purposes. We use Poisson
and negative binomial NB-2 as traditional approaches.
These results are compared with the BERT-based frequency
modeling approach. We use the following covariates to
model the frequency N for the extended warranty data set:
BRAND, MODEL, DIAGNOSIS, and REPAIR.

The reason for using BRAND and MODEL is simplicity as
well as interpretability. In Table A.1, for example, DEALER
contains more than 422 dealers. By using BRAND and
MODEL, one can interpret the effect of BRAND and MODEL
on the number of failures/breakdowns. The Cramer V sta-
tistic between BRAND and MODEL is 0.5768, thus indicat-
ing strong (but not perfect) association between two vari-

ables. Hence we did not use both variables at the same
time. Instead, we developed models that use BRAND and
MODEL as explanatory variables in the Poisson and NB-2
approaches. DIAGNOSIS and REPAIR contain the concate-
nated text description of claims. Thus, DIAGNOSIS and RE-
PAIR along with BRAND and MODEL have been used in
BERT-based frequency modeling.

4.1. POISSON MODEL

The Poisson regression model can be defined as follows:
e Hi #;ﬁ
yi!

P(Y =y |X)=

In (B[¥ | X1]) = In (1)
= Bo + B1 X1 + P2 Xy

-+ X
= X5,
where X; = (1, Xy, Xo, -+, X)) are the explanatory
variables and 8 = (80,1, - -, Bk) is the vector of the cor-

responding coefficients. Observe that when there are no
predictors, we get a model that does not depend on co-
variates, which we call the “null” model (or fitted Poisson
model to count data without any predictors).

Observe that the proportion of zero in the full data set
is 78.96%. If we use the standard Poisson model, then the
probability of zero counts with a mean of 0.4499813 is
63.76%, which is somewhat close to observed zeros. We do
not plan to use zero-inflated models in this article. The
Poisson regression is done using the following variables:
BRAND and MODEL. Fit statistics for this model on the
training data set are given in Table B.3 in Appendix B.2.
Based on the analysis we would recommend using MODEL
as the predictor if the Poisson model were going to be used.
This decision depends on the low Pearson dispersion chi-
square, Akaike information criterion (AIC), and Bayesian
information criterion (BIC), and model simplicity. The ob-
served versus predicted values for these models on the test-
ing data set are given in Figure B.1 in Appendix B.2. Based
on Figure B.1, the Poisson model fits best when the number
of claims is more than 1. However, when the number of
claims is 0 or 1, fitted models display deviation from pre-
dicted versus observed. This dispersion is shown in the
Pearson dispersion parameter. Under the Poisson model, we
expect it to be 1. Since for each model, Pearson dispersion
statistics are around 3, we consider the negative binomial
model next.

4.2. NEGATIVE BINOMIAL MODEL

As we mentioned above, we observed that data show Pois-
son overdispersion. Hence, we need a model that can ac-
count for this extra dispersion in the model. In this section,
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Table 3. Chi-square goodness-of-fit statistic and p-values for models on the testing data

NULL: x2 BRAND: x2 MODEL: x2 NULL: p BRAND: p MODEL: p
Poisson 188081135.64 133879798.30 500259.33 0.00 0.00 0.00
NB-2 455 475 7.27 0.95 0.94 0.78

we consider an NB-2 model. The NB-2 model is defined as

follows:
L (oY)
yill(v) \v+p v+

In(EY | Xi]) = In ()
= Bo + B1X1i + B2 Xo;
+oo A+ Be X

=X/p
where X; = (1, Xy;, X9, - - -, X;) are the explanatory vari-
ables and 8 = (B, b1, - -, Bk) is the vector of the corre-
sponding coefficients. Observe that under the NB-2 model,

= pi (14 api),

where a = —.
v

PY=y|X;)=

Fit statistics for the NB-2 model on the training data set
are given in Table B.4 in Appendix B.3. Here we can see
that the Pearson dispersion parameter is close to 1 for all
three models, which indicates the NB-2 model fits very
well. Other fit statistics indicate a better fitting compared
to the Poisson model. Finally, observed versus predicted
values for the NB-2 model on the testing data set are given
in Figure B.2 in Appendix B.3, confirming that the NB-2
model is the better fit compared to the Poisson model.

Mean squared error (MSE) is not an appropriate mea-
surement of the performance of these traditional count
models on the testing data set. Therefore, we use the Pear-
son goodness-of-fit statistic to measure the performance
when Poisson and NB-2 models are applied to the testing
data set. The results are given in Table 3. The null hypoth-
esis is that there is no significant difference between the
observed and predicted values. Thus, this shows that other
than the Poisson model, NB-2 performs very well on the
testing data set. We do not plan to build more complex fre-
quency models with more predictors since our aim is to
demonstrate that BERT models can predict the frequency in
a sufficiently accurate manner.

4.3. BERT AND FREQUENCY MODELING

The BERT-based frequency modeling method is discussed
in this section. The proposed model, called BERT &NN, is
based on Figure 1. Textual input for the frequency modeling
is from DIAGNOSIS and REPAIR. Observe that each claim
has a separate DIAGNOSIS and REPAIR text description.
To predict frequency, when there are multiple claims for
a given policy during the 5-year periods, we concatenated
text description of DIAGNOSIS for those claims with RE-
PAIR separately. This resulted in only one text description
in DIAGNOSIS and one in REPAIR for a given policy for
claim-frequency modeling. Some combined textual de-

scriptive information could be in pages and thus increase
processing complexity.

The device we used for this study is NVIDIA GeForce
RTX 2080 Ti graphic card with 11 gigabyte memory size. To
keep the model simple and within the limits of computa-
tional power, we used only the DIAGNOSIS column in our
BERT-based frequency model. BERT extracted features, and
BRAND and MODEL were used as input to the NN. Thus,
in Figure 1, the variables for the NN when predicting fre-
quency are BRAND and MODEL, along with the BERT fea-
tures extracted from the DIAGNOSIS column. We use one
hidden layer NN with the output as predicted frequency.
The NN is trained using the following loss function on the
training data set:

1 9
MSE = — ; (0; — E;)?, (4.2)
where O; is the observed frequency and E; is the expected
frequency. A natural question to ask at this point is, What
is the effect of the NN on the prediction? What happens if
one tries to use BRAND and MODEL in the NN while dis-
carding text data features coming through BERT? This ap-
proach resulted in zero as the predicted frequency for every
testing data entry. Hence, one can argue that without text
data, this model is not able to predict the frequency. We use
Pearson goodness-of-fit statistics to measure the perfor-
mance of the BERT &NN model. The Pearson goodness-of-
fit test statistic under the BERT&NN model is 7.7786, and
the p-value is 0.3525. Thus, there is no significant differ-
ence between the BERT-predicted frequencies and observed
frequencies. The results are summarized in Table 4.

Since MSE is used as the loss function for BERT-based
frequency models, the MSE for each model is given in Table
B.5 in Appendix B.4. Several hyperparameters are used in
the BERT model and the NNs to achieve the best result.
These parameters are given in Table B.6 in Appendix B.4. To
optimize the model with limited computational resources,
max seq length = 512 and train batch size = 4 are selected.

5. SEVERITY MODELING

In this section, we discuss severity modeling using NLP
techniques, more specifically a BERT-based technique. At
the first stage, we use a BERT-based model to predict the
loss amount for each testing datum directly through a re-
gression model that uses features extracted by BERT. Under
this method, we predict original severities using BERT.
Then we use these predicted severities to calculate the em-
pirical expected loss amount per claim per policy for the
policy coverage period. In the second stage, we try to un-
derstand the distribution of predicted severities. For this,
we fit a parametric distribution on BERT-predicted severi-
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Figure 1. BERT&NN model

Table 4. Chi-square goodness-of-fit statistic and
p-values for BERT &NN model

2
7.7786

p-value

BERT&NN: Frequencies 0.3525

ties and then use the distributional expected value as the
prediction for the expected loss amount per claim per pol-
icy for the policy coverage period. For severity modeling, we
used 2,385 claim records. Five number summaries of sever-
ity of claims are given in Table 5.

5.1. BERT AND POINTWISE SEVERITY PREDICTION

For BERT severity modeling, we use the following four vari-
ables in claims (see Table A.2 in Appendix A). The variables
are REPAIR, which includes the textual description of re-
pairing; DIAGNOSIS, a detailed text description of diag-
nosis of the cause of troubles and failures; DCAT, a cat-
egorical variable for the failure; and GCAT, a categorical
variable that indicates in which part of the vehicle the
failure occurred. For example, “Short Circuit” is coded in
DCAT, while “Horn” is coded where the short circuit oc-
curred as categorized in GCAT. Noticing that the descriptive
texts are of reasonable size for each claim, we can include
both variables—REPAIR and DIAGNOSIS—in our loss-
severity modeling.

The BERT severity-modeling procedure is shown in Fig-
ure 1, and the pseudocode is listed in Algorithm 1 in Ap-
pendix D.1. The textual data are tokenized as the inputs of
the BERT model. An NN for regression model is followed
by the BERT model. The output features of BERT and other
explanatory variables are then fed into the NNs for pre-
dicting severity. The output of the NNs is the predicted

Table 5. Summary of severity of claims

Hidden
layer

Input Output

layer

ad

severity. The BERT model can help to extract hidden fea-
tures from text with its contexts. The dimension of these
extracted features is high and maybe useless without the
NNs. Also, the extracted features are difficult for humans to
read. Thus, NNs or other approaches are required to handle
BERT-extracted features. In this article, BERT-based NNs
are used as the strategy.

To gauge the effect of textual data on the prediction, we
run a model using only DCAT, GCAT, and NNs named NN,
a model not using BERT for including textual information.
Thus, we have two models to compare: Model 1 (BERT &NN
model) and Model 2 (NN model).

The BERT&NN model uses all four variables as input,
i.e., two categorical variables, DCAT and GCAT, together
with the textual data variables REPAIR and DIAGNOSIS.
The NN model uses only two categorical variables—DCAT
and GCAT—and hence no textual data. Under the
BERT&NN model, BERT is used to extract hidden features
in text descriptions of DIAGNOSIS and REPAIR variables.
Then these BERT-extracted BERT features/BERT vectors,
along with DCAT and GCAT, are used to form one layer of
NNs. The model is trained on the training data set while
minimizing MSE. The NNs are formed by incorporating the
BERT pretrained model with one additional output layer to
predict severity by regression. A general regression from
NNs is designed as

X=fWTX +b). (5.1)
The input of the NN model is a vector that contains the ex-
tracted features of the textual information (DIAGNOSIS and
REPAIR columns) from the claim table by BERT algorithms;
the DCAT column, which categorizes the cause of failure/
defect; and the GCAT, which classifies where the failure oc-
curred. The textual information should be tokenized before
feeding into the BERT model. The output of the NN model

Minimum Quartile 1

Median

Mean Quartile 3 Maximum

Severity 39.38 177.33

336.00

575.94 706.62 11090.11
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is the predicted severity. The model can be discussed in
more detail as

)? = f(wlTxl —+ ’LUQT:UQ =+ ’LU3T:U3 =+ b), (52)
where X is the predicted severity; f is an activation func-
tion; and wy, w,, and wy are vectors of the weights of spe-
cific terms x;, x,, and x. The length of w;, w,, and w- are
determined by the length of the corresponding input x;, x,,
and xz. Here, x; is the output from textual information (DI-
AGNOSIS and REPAIR) by BERT, which has a size of 768 di-
mensions; x, is the DCAT column, x; is the GCAT column,
and b is bias. Bias is a single value since there is only one
output, which is the predicted severity. The inputs of the
NN are elements in x = [x;, X,, Xz]. Each element in x is mul-
tiplied by the corresponding weight in the hidden layer, and
then the bias b is added. The output of the NNs is the sum-
mation of outputs that come from the activation function.
The NN model is trained on the training data set using MSE
as the loss function.

n
MSE = % (X - X))
i=1
Here n denotes the size of the training data set, X; observed
severities, and X’Ai the predicted severities. Fine-tuning pa-
rameters used for each model are given in Table C.1 in Ap-
pendix C. We would like to point out that any other suitable
criteria can be used instead of MSE as the loss function.
Once the model is trained, predictions on the testing data
set are obtained. Results for each model are listed in Table
6.

’, (5.3)

To test whether the populations of BERT&NN and NN
are identical without assuming differences are normally
distributed, we use the Wilcoxon signed rank test. Data
samples are paired since these are two differently predicted
values for the same testing data set. The null hypothesis for
the test is no median difference. The alternative hypothe-
sis is that the median difference is not zero. The resulting
p-value is 0.03211, thus rejecting the null hypothesis at the
5% significance level and accepting the two distributions
are nonidentical. We can use explained variance to see how
much each model explains the variation in data. Explained
variance is defined as follows:

~

var(y — y)

var(y)
where var(y — yA) is the variance of prediction error and
var(y) is the variance of actual testing values. According
to Table 6, explained variance changed from 19.13% to
28.50% when the model was changed to the BERT&NN
model. Scatter plots of predictive results from the NN
model and the BERT&NN model are shown in Figures 2a
and 2b. We also calculated the Pearson correlation coeffi-
cient for both predictions against actual. The result shows
that BERT &NN-predicted values are more correlated with
actual loss amounts than are the NN model-predicted val-
ues.

ezxplained variance = 1 — , (5.4)

5.2. PREDICTIVE DISTRIBUTION AND PARAMETRIC
MODELS

The purpose of this section is to understand the shape and
behavior of BERT-predicted values through parametric dis-
tributions. To that end, we fit several common parametric
distributions to predictive values in the BERT&NN model.
Our choices are lognormal, gamma, Weibull, and normal
distributions. Even though it is known that severity dis-
tributions are skewed, we used the normal distribution for
comparison purposes. We implemented two approaches to
fit distributions to predicted values:

1. Calculate distribution parameters using complete in-
dividual data.

2. Calculate distribution parameters based on complete
grouped data.

The 10-fold cross-validation method is used to calculate
distributional parameters and test each model fit. Under
this approach, BERT-predicted severities are divided ran-
domly into 10 subsets, and 9 of them are used to calculate
distributional parameters. The remaining subset is used to
test the model fit. For both approaches, the maximum like-
lihood method is used to estimate parameters. The Kol-
mogorov Smirnov (KS) test, Anderson Darling (AD) test,
Cramer Von Mises (CVM) test, and information criteria such
as AIC, BIC, and log-likelihood are used to compare the
fitted model using complete individual data. For complete
grouped data, the Pearson chi-square goodness-of-fit test
is used. Once the distributional parameters are calculated,
we use distributional expected values as predicted average
severity per claim per policy.

5.2.1. DISTRIBUTION FITTING ON COMPLETE
INDIVIDUAL BERT&NN MODEL PREDICTED VALUES

Table C.2 in Appendix C summarizes fitted statistics for
KS, AD, CVM, and expected severities for distributional fits
on complete individual BERT &NN model predicted values.
Informational criteria values for each model are given in
Table C.3 of Appendix C. In Table C.2, Xtest stands for the
observed average severity on the testing data set, E[X]
stands for the distributional expected value based on pa-
rameters calculated using the training data set, and X BRT
stands for the average of the BERT&NN model-predicted
values before fitting a distribution. Based on KS, AD, and
CVM statistics in Table C.2, it is clear that the lognormal
model fit well to the individual BERT & NN model-predicted
severities under the 0.01 significance level. Also, according
to Table C.3, information criteria values such as AIC and
BIC reached minimum for the lognormal model. We used

the following loss function to find the best model:
10

1 _ 2
MSE = — ; (Kteots = BIX] i)

where )_(tesm» is the average severity of the i** test fold
and E[X],,,, is the distributional expected value based
on parameters calculated using training data (remaining
nine folds). Results are given in Table E.1 in Appendix E.
The lognormal model had the smallest MSE. Therefore, we
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Figure 2a. Scatter plot for neural network (NN) model prediction values versus actual
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Figure 2b. Scatter plot for BERT & NN model prediction values versus actual

conclude that the lognormal model better fits for BERT-  5.2.2. DISTRIBUTION FITTING ON GROUPED BERT&NN

predicted severities. Quantile-quantile (QQ) plots for MODEL—PREDICTED VALUES

BERT&NN versus actual, NN versus actual, fitted gamma

versus actual, and lognormal versus actual are given in Fig- ~ Next, we fit distributions to the group BERT&NN-predicted

ures 3a through 3d. values. One of the key questions to ask is how one should
do the grouping of the data. This can be done either by
calculating the number of bins based on a rule such as in
Sturges (1926) and Larson (1975) or by optimizing the bin
width based on a rule such as in Shimazaki and Shinomoto

Variance 10
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Figure 3b. Quantile-quantile plot for actual versus Bidirectional Encoder Representations from
Transformers-predicted severities

(2007) and Scott (1979). A bin width can be optimized to ods can be found in Dogan and Dogan (2010). It is worth-
fit a specific distribution. A short survey of these meth- while noticing that there is no general consensus on which
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Figure 3d. Quantile-quantile plot for actual versus lognormal-predicted severities

method is better for selecting the number of bins or the bin  (1979), and Shimazaki and Shinomoto (2007) and used Shi-
width. Therefore, for our training data set, we calculated mazaki and Shinomoto’s bin width as the optimal bin
bin width based on Sturges (1926), Larson (1975), Scott width. The bandwidth from other methods is also used for
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Table 7. Bin width and number of bins for training data set

Method Sturges Larson Scott Shimazaki and Shinomoto
Number of bins 13 9 19 17
Bin width 183.33 275.00 122.22 137.50

Table 8. The grouped BERT &NN-predicted train data
set when the number of bins is nine

Severity Interval Number of Severities

(0,275) 818
(275,550) 610
(550,825) 283
(825,1100) 152
(1100,1375) 107
(1375,1650) 80
(1650,1925) 65
(1925,2200) 31
(2200,1019) 0

comparison purposes. The results are given in Table 7. It
should be noted that we must add one more bin to each
group above, with the interval being the endpoint of the
last interval and infinity.

Since there is no standard selection procedure, or “cor-
rect” answer for the bin width or the number of bins, we de-
cided to fit models for the number of bins in Table 7. The
results are given in Table C.4. As we mentioned earlier, fit
statistics are calculated using the Pearson chi-square good-
ness-of-fit test. The parameters are calculated using the
maximum likelihood estimate for complete grouped data
(Klugman, Panjer, and Willmot 2013). According to Table 6
and Table C.4 in Appendix C, the lognormal model is sig-
nificant under 0.01 on more test folds than are other mod-
els. This concurs with the result we obtained for individ-
ual BERT-predicted values. The grouped data set, when the
number of bins is nine, is given in Table 8. We calculated
the average MSE under the cross-validation. The result un-
der the Shimazaki and Shinomoto (2007) grouping method
is given in Table E.2 in Appendix E.

5.2.3. OUTLIER ADJUSTMENT WITH CORRESPONDING
ANALYSIS RESULTS

From the scatter plots, we see that there are data points
that differ significantly from other observations. These are
outliers, and they can cause serious problems in predictions
and statistical analyses, since many ML models such as re-
gression, NN, and K-means are sensitive to outliers, and the
analysis results would be affected. Therefore, we expand
our discussion a little more in the direction of the treat-
ment of outliers and corresponding analysis based on the
extended warranty loss claim data.

Basic approaches for outlier detection include imple-
menting mathematical formulas, using statistical distrib-
utions and tests, and using visualization tools. An outlier

can be determined simply by using the interquartile (IQR)
range, which is equal to the difference between quartile 3
(Q3) and quartile 1 (Q1). All the data points below Q1 — 1.5
x IQR and above Q3 + 1.5 x IQR are considered outliers.
The z-score indicates how far the data point is from the
mean point in terms of the standard deviation. An outlier
can be defined as the observation whose z-score is greater
than or less than three times the standard deviation, i.e.,
mean + 3 x standard deviation or mean — 3 x standard de-
viation. The percentile can be used to define outliers quan-
titatively if the box plot or scatter plot clearly shows visible
outliers. For instance, an outlier can be defined as a value
at the 99th percentile or beyond. Alternatively, a more ad-
vanced method of determining an outlier is by its distance
from a regression curve. If the difference is greater than
1.96 times the standard deviation of the data set, then this
data point is considered an outlier.

There is no standard method in treatment/adjustment of
outliers for data preprocessing. The following are common
methods to treat outliers:

e Deletion—Deleting outlier values simply removes
outliers from the data set.

e Mean/Median/Mode Imputation—Imputation of out-
liers is similar to handling missing values. We can use
mean, median, mode imputation methods to replace
the outliers.

e Quantile-Based Flooring and Capping—In this tech-
nique, the outliers are capped at a certain value above
the 95th percentile or floored at a factor below the
5th percentile. The data points less than the 5th per-
centile are replaced with the 5th percentile value, and
the data points greater than the 95th percentile are
replaced with the 95th percentile value.

In this study, we define the outliers by using an upper
99th percentile observation, which is 3314.29, larger than
Q3 + 1.5 x IQR = 1467.78 and also larger than mean + 3
x (standard deviation) = 2874.07, and treat the outliers us-
ing the following method: 60% of the data points with a
severity value greater than the 99th percentile are replaced
by the mean severity value, and 40% of them are capped
by the 99th percentile severity value by randomly picking.
The corresponding scatter plots of predictive results from
the BERT&NN and NN models are shown in Figures 4a and
4b. Similarly, QQ plots for BERT &NN versus actual, NN ver-
sus actual, fitted gamma versus actual, and lognormal ver-
sus actual when outliers are adjusted from severity data are
given in Figures 5a and 5b and Figures 6a and 6b, respec-
tively. Clearly, both QQ plots and scatter plots show that
the BERT &NN model fits the original claim loss data well.

Five testing samples with outlier treatment were carried
out for data analysis. The average normalized root mean

Variance 13
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Figure 4a. Scatter plot for BERT&NN versus actual with outlier treatment from the original data set
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Figure 4b. Scatter plot for neural network (NN) versus actual with outlier treatment from the original data set

squared errors (NRMSEs) of the BERT&NN and NN models
were calculated. NRMSE is calculated using root MSE of
predicted values divided by the mean of the original ob-
served values. Both values, 0.747 and 0.844, are smaller
than the corresponding values of the models using the raw
data. Also, the BERT&NN model has smaller average
NRMSE than do the NN model and the models for the raw
data. The average prediction values from the BERT&NN
and NN models are 498.00 and 496.00, respectively. Accord-

Variance

ingly, the gamma and lognormal fitted distributions gen-
erate prediction values of 496.29 and 498.01, respectively.
Noticing that the method of outlier treatment will affect
the distributions due to the tails’ adjustment, further justi-
fication analysis should be studied. This is a common issue
in data-driven modeling and is a good topic for future re-
search.
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Figure 5a. Quantile-quantile plot for BERT &NN with outlier treatment from the original data set
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Figure 5b. Quantile-quantile plot for neural network (NN) versus actual with outlier treatment from the original

data set

6. CONCLUSION

Our goal in this article is to introduce a framework for using
text data for loss-frequency and severity prediction through
BERT-based NLP models. Our data set contained two tex-
tual variables called DIAGNOSIS and REPAIR. In this study,
we have shown how to use these variables for frequency

and severity predictions. For frequency analysis, we used
two traditional approaches, Poisson and negative binomial,
as well as a BERT-based model. Traditional approaches are
not able to use textual input. Chi-square goodness-of-fit
tests show that the BERT-based model is better than the
traditional models in terms of the MSE since the BERT-
based model has smaller MSE than any other model. The
expected claim frequency, E[N], and variance, VAR[N], for
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Figure 6b. Quantile-quantile plot for fitted lognormal versus actual with outlier treatment from the original data

set

all frequency models tested in this article are summarized
in Table 9. All models’ expected frequencies are close to the
observed frequency in the testing data set: 0.45 per claim
per policy.

For severity prediction, we used the BERT&NN model.
To compare the true effect of BERT, we ran an NN model
without BERT. For the BERT &NN model, we used two tex-

Variance

tual variables as well as two categorical variables as input.
For the NN without BERT, we used two categorical variables
but no text input. A summary of these two severity models
is given in Table 6. We show through the hypothesis tests
that two predictive populations are not identical. The Pear-
son correlation results show that BERT &NN-predicted val-
ues are more closely correlated with the actual loss amount

16
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Table 9. Expected claim frequency and variance for
each frequency model

EIN] VARIN]
Observed: Test 0.45 1.34
Poisson: Null 0.45 0.45
Poisson: Brand 0.45 0.46
Poisson: Model 0.45 0.53
NB-2: Null 0.45 146
NB-2: Brand 0.45 1.46
NB-2: Model 0.45 151
BERT&NN 0.44 1.13

Note: E[N] = expected claim frequency; VAR[N] = variance.

than are NN model-predicted values. We also tried to in-
vestigate the shape and the behavior of the BERT-based
predictive distribution by fitting several common paramet-
ric distributions. We used two approaches: calculating max-
imum likelihood estimated parameters from individual pre-
dicted values and grouping predicted values. Using 10-fold
cross-validation, we concluded the lognormal model better
fits the BERT-predicted values. We observed a heavy tail
in severity histograms, and models we used do not accom-
modate thick tails very well. Therefore, composite models
such as lognormal-Pareto (Cooray and Ananda 2005) and
Weibull-Pareto (Scollnik and Sun 2012) should be consid-
ered. These are deferred as future research topics. The ex-
plained variance of the BERT&NN model is around 28.80%
compared to 19.13% in the NN model. This confirms that
adding text data to a model reasonably improves the ex-
plained variation. It should be noted that we did not use
many variables in our model—thus the low overall ex-
plained variation. The average severity for the testing data
set is $559.37 per claim per policy; the individual BERT-
predicted severity is $538.92, close to the observed value.

Note: STD.DEV = standard deviation.

In Table 10, the means and variances have been calcu-
lated on five randomized sample sets using different ran-
dom seeds. For each randomization, we split the data into a

training set and a testing set as we did in previous sections.
The result in the table demonstrates that the BERT&NN
model has the smaller standard deviation of 5 samples com-
pared to the NN model not using textual data. This smaller
standard deviation shows the robustness of the BERT &NN
model when dealing with different data sets.

We set out to see whether NLP techniques can be used
to predict frequency and severity in actuarial science ap-
plications. We used one of the prominent NLP techniques,
BERT, then demonstrated how to extract information from
text columns and use that information to predict frequency
and severity. Also, we concluded that using just NN without
BERT would not improve the predictions. In this article,
we used a few of the existing count models to compare to
the BERT model. In the future, we would like to investi-
gate BERT-based model performance against other exist-
ing models, specifically existing severity models. We con-
clude that these results encourage BERT as an NLP tool to
be incorporated with traditional actuarial models for loss
prediction. This research outlines an automated procedure
of BERT-based modeling for insurance claim frequency and
severity. A flowchart is provided in Figure D.1 in Appendix
D.2.
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Table 10. Expected claim severity and variance for each severity model

Observed BERT&NN NN without BERT

Mean Variance Mean Variance Mean Variance
Sample 1 523.96 300943.76 533.08 186261.67 472.38 103833.77
Sample 2 540.07 324300.28 539.12 194239.62 572.12 141833.88
Sample 3 552.77 342635.74 585.21 193126.25 533.69 85955.18
Sample 4 523.25 297107.26 567.09 193786.16 488.92 74649.55
Sample 5 545.76 729905.67 489.12 194239.62 618.95 153008.70
Average 522.05 31158441 568.95 192998.37 537.21 111856.22
STD.DEV 13.17 21186.65 36.67 3423.17 60.10 34321.08
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APPENDICES

APPENDIX A. ATTRIBUTES OF THE CONTRACT AND
POLICY TABLES

Table A.1. Attributes in the contract table

Attribute Description

BRAND Brand of vehicle

ASSEMBLY The assembly plant code (where the vehicle is manufactured)
TYPE Type of the vehicle (for operator license/certification requirements)
ID Each vehicle has a unique identification

MODEL Model of truck

DEALER Dealer code (selling)

SERVICE Service provider code

BDATE Truck built date

USEAGE Standard Industrial Classification code

BEGIN DATE Warranty started date

END DATE Warranty ended date

COVERAGE Coverage type

DEDUCTIBLE Deductible amount

Table A.2. Attributes in the claim table

Attribute Description

ID, MODEL, BRAND, ASSEMBLY,

BDATE, and COVERAGE Same asin Table A.1

CLAIMID Unique ID for each claim record

FAILDATE Truck failed date

REPADATE Truck repaired date

DCAT Categorical variable for the defect

GCAT Categorical variable for where the defect occurred
DIAGNOSIS Detailed diagnosis of cause of troubles and failures before the repair was conducted
REPAIR Detailed description of repair

LABORPD Paid amount for labor

PARTSPD Paid amount for broken parts

OTHERPD Paid amount for other expenses

TOTALPD Total paid amount

Variance
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APPENDIX B. RESULTS FROM FREQUENCY MODELING

APPENDIX B.1. FREQUENCY TABLES

Table B.1. Frequency table for coverage months

Coverage Months Number of Policies Proportion. Cumulative Proportion
0 3 0.00 0.00
3 1 0.00 0.00
6 6 0.00 0.00
15 21 0.00 0.01

24 4 0.00 0.01
36 348 0.06 0.06
40 24 0.00 0.07
48 102 0.02 0.08
52 3 0.00 0.08
60 5,342 0.88 0.97
64 171 0.03 1.00
72 23 0.00 1.00
180 3 0.00 1.00

Table B.2. Frequency table for number of claims for “60 months/10,000 hrs” extended warranty

# Claims Frequency Proportion. Cumulative Proportion
0 4,215 0.79 0.79
1 556 0.10 0.89
2 252 0.05 0.94
3 142 0.03 0.97
4 76 0.01 0.98
5 40 0.01 0.99
6 27 0.01 0.99
7 11 0.00 1.00
8 11 0.00 1.00
9 3 0.00 1.00
10 1 0.00 1.00
11 2 0.00 1.00
12 1 0.00 1.00
14 1 0.00 1.00

Variance



Framework of BERT-Based NLP Models for Frequency and Severity in Insurance Claims

APPENDIX B.2. POISSON REGRESSION RESULTS

Table B.3. Fit statistics for Poisson regression on training data set

NULL BRAND MODEL
Pearson dispersion 2.94 2.89 2.39
Log likelihood -3433.78 -3420.15 -3048.86
AIC 6869.55 6846.31 6155.72
BIC 6875.62 6864.52 6331.79
Chi-square GOF: p-value 0.00 0.00 0.00
Deviance GOF 0.00 0.00 0.00
Note: AIC = Akaike information criterion; BIC = Bayesian information criterion; GOF = goodness of fit.
Poisson Regression: Observed versus Predicted
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Figure B.1. Observed versus predicted distribution for Poisson regression on the testing data set
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APPENDIX B.3. NB-2 REGRESSION RESULTS

Table B.4. Fit statistics for NB-2 regression on training data set

NULL BRAND MODEL
Pearson dispersion 0.99 0.99 1.01
Log likelihood -2655.86 -2651.18 -2491.93
AIC 5315.72 5310.36 5043.86
BIC 5327.87 5334.64 5226.01
Chi-square GOF: p-value 0.58 0.54 0.22
Deviance GOF 0.00 0.00 0.00
Note: AIC = Akaike information criterion; BIC = Bayesian information criterion; GOF = goodness of fit.

NB-2 regression: Observed versus Predicted
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Figure B.2. Observed versus predicted distribution for NB-2 regression on the testing data set
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APPENDIX B.4. FREQUENCY MODEL COMPARISION AND

HYPERPARAMETERS

Framework of BERT-Based NLP Models for Frequency and Severity in Insurance Claims

Table B.5. Mean squared error (MSE) for each frequency model based on the testing data

Poisson:
Null

Poisson:
Brand

Poisson:
Model

NB-2:
Null

NB-2:
Brand

NB-2:
Model

BERT&NN

MSE

1.34

1.34

1.27

1.34

1.34

1.27

0.09

Table B.6. Fine-tuning hyperparameters for modeling frequency under BERT &NN model

Hyperparameter
max seq length 96,128,192,256,512
train batch size 4,8,16,32
ModelBRAND BERTp,c,
Optimizer Adam
Variance 25
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APPENDIX C. TABLES FROM SEVERITY MODELING

Table C.1. Fine-tuning hyperparameters for modeling severity under BERT &NN model

Hyperparameter
max seq length 96,128, 192,256
train batch size 8,16,32
ModelBRAND BERTg,.
Optimizer Adam
Variance 26
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Table C.2. 10-fold cross-validation fit statistics and expected severities for each model based on complete
individual BERT&NN predicted values

Test fold # Model KS p-value AD p-value CVM p-value Xiest EMX]gist Xprr
1.00 Lognormal 0.06 0.32 205 0.09 0.28 0.15 610.64 531.35 541.94
1.00 Gamma 0.11 0.00 578 0.00 0.92 0.00 610.64 537.43 541.94
1.00 Weibull 0.12 0.00 6.26 0.00 0.96 0.00 610.64 542.20 541.94
1.00 Normal 0.20 0.00 18.93 0.00 3.16 0.00 610.64 537.47 541.94
2.00 Lognormal 0.07 0.20 2.89 0.03 0.40 0.07 51274 530.18 548.29
2.00 Gamma 0.12 0.00 5.47 0.00 0.86 0.01 512.74 536.80 548.29
2.00 Weibull 0.11 0.00 5.68 0.00 0.85 0.01 512.74 541.67 548.29
2.00 Normal 0.18 0.00 15.22 0.00 2.62 0.00 512.74 536.75 548.29
3.00 Lognormal 0.09 0.03 3.36 0.02 0.52 0.04 544.03 530.75 542.66
3.00 Gamma 0.12 0.00 579 0.00 0.95 0.00 544.03 537.44 542.66
3.00 Weibull 0.11 0.01 5.69 0.00 0.88 0.00 544,03 542.33 542.66
3.00 Normal 0.18 0.00 15.12 0.00 2.63 0.00 544,03 537.39 542.66
4.00 Lognormal 0.07 0.19 1.89 0.11 0.19 0.29 566.06 528.61 558.84
4.00 Gamma 0.08 0.11 347 0.02 0.42 0.07 566.06 535.39 558.84
4.00 Weibull 0.10 0.01 417 0.01 0.50 0.04 566.06 540.38 558.84
4.00 Normal 0.17 0.00 12.74 0.00 2.09 0.00 566.06 535.59 558.84
5.00 Lognormal 0.07 0.21 1.55 0.16 0.26 0.18 453.90 531.78 531.53
5.00 Gamma 0.12 0.00 4.09 0.01 0.74 0.01 453.90 538.57 531.53
5.00 Weibull 0.11 0.01 4.58 0.00 0.75 0.01 453.90 543.46 531.53
5.00 Normal 0.19 0.00 14.42 0.00 2.62 0.00 453.90 538.62 531.53
6.00 Lognormal 0.08 0.07 279 0.03 0.50 0.04 513.73 533.97 518.97
6.00 Gamma 0.14 0.00 6.65 0.00 126 0.00 513.73 539.69 518.97
6.00 Weibull 0.14 0.00 7.11 0.00 127 0.00 51373 544.85 518.97
6.00 Normal 0.22 0.00 18.65 0.00 351 0.00 51373 540.01 518.97
7.00 Lognormal 0.09 0.03 3.64 0.01 0.61 0.02 498.45 53149 538.23
7.00 Gamma 0.13 0.00 6.84 0.00 1.20 0.00 498.45 537.57 538.23
7.00 Weibull 0.13 0.00 6.61 0.00 112 0.00 498.45 54275 538.23
7.00 Normal 0.21 0.00 17.67 0.00 311 0.00 498.45 537.88 538.23
8.00 Lognormal 0.09 0.04 2.66 0.04 0.50 0.04 484.58 534.34 513.72
8.00 Gamma 0.14 0.00 6.55 0.00 1.25 0.00 484.58 540.56 513.72
8.00 Weibull 0.13 0.00 6.92 0.00 1.24 0.00 484.58 545.38 513.72
8.00 Normal 0.21 0.00 18.92 0.00 3.58 0.00 484.58 540.61 513.72
9.00 Lognormal 0.11 0.00 4.08 0.01 0.70 0.01 485.52 532.32 532.86
9.00 Gamma 0.16 0.00 7.34 0.00 1.30 0.00 485.52 538.16 532.86
9.00 Weibull 0.15 0.00 721 0.00 1.22 0.00 485.52 54341 532.86
9.00 Normal 0.20 0.00 17.78 0.00 3.19 0.00 485.52 538.48 532.86
10.00 Lognormal 0.09 0.06 3.13 0.02 0.45 0.05 589.98 530.33 552.08
10.00 Gamma 0.13 0.00 672 0.00 1.08 0.00 589.98 536.24 552.08
10.00 Weibull 0.13 0.00 7.07 0.00 1.09 0.00 589.98 541.16 552.08
10.00 Normal 0.19 0.00 18.09 0.00 3.03 0.00 589.98 536.34 552.08
Note: KS = Kolmogorov Smirnov; AD = Anderson Darling; CVM = Cramer Von Mises.
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Table C.3. Information criteria values for each model based on 10-fold cross-validation on complete individual
BERT &NN predicted values

Test fold # Model AIC BIC Log-likelihood
1.00 Lognormal 30661.44 30672.78 -15328.72
1.00 Gamma 30952.92 30964.26 -15474.46
1.00 Weibull 31069.87 31081.22 -15532.94
1.00 Normal 32419.55 32430.89 -16207.78
2.00 Lognormal 30625.33 30636.67 -15310.66
2.00 Gamma 30923.21 30934.55 -15459.60
2.00 Weibull 31041.48 31052.82 -15518.74
2.00 Normal 32414.74 32426.08 -16205.37
3.00 Lognormal 30655.72 30667.06 -15325.86
3.00 Gamma 30954.37 30965.71 -15475.18
3.00 Weibull 31073.57 31084.92 -15534.79
3.00 Normal 32446.22 32457.57 -16221.11
4.00 Lognormal 30644.01 30655.36 -15320.01
4.00 Gamma 30948.64 30959.98 -15472.32
4.00 Weibull 31066.96 31078.30 -15531.48
4.00 Normal 32456.00 32467.35 -16226.00
5.00 Lognormal 30683.49 30694.84 -15339.75
5.00 Gamma 30985.50 30996.85 -15490.75
5.00 Weibull 31103.28 31114.62 -15549.64
5.00 Normal 32482.73 32494.08 -16239.37
6.00 Lognormal 30690.19 30701.54 -15343.10
6.00 Gamma 30981.17 30992.51 -15488.58
6.00 Weibull 31096.51 31107.86 -15546.26
6.00 Normal 32456.67 32468.02 -16226.34
7.00 Lognormal 30658.02 30669.36 -15327.01
7.00 Gamma 30952.68 30964.03 -15474.34
7.00 Weibull 31071.94 31083.28 -15533.97
7.00 Normal 32429.84 32441.18 -16212.92
8.00 Lognormal 30677.29 30688.63 -15336.65
8.00 Gamma 30971.01 30982.36 -15483.51
8.00 Weibull 31087.07 31098.41 -15541.54
8.00 Normal 32450.88 32462.22 -16223.44
9.00 Lognormal 30641.45 30652.79 -15318.73
9.00 Gamma 30933.08 30944.43 -15464.54
9.00 Weibull 31050.75 31062.09 -15523.37
9.00 Normal 32409.46 32420.80 -16202.73
10.00 Lognormal 30641.52 30652.86 -15318.76
10.00 Gamma 30931.81 30943.15 -15463.90
10.00 Weibull 31048.71 31060.05 -15522.35
10.00 Normal 32406.58 32417.92 -16201.29

Note: AIC = Akaike information criterion; BIC = Bayesian information criterion.
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Table C.4. Fit statistics and expected severities for distributional fits on BERT &NN grouped predicted values

# bin Lognormal p- Gamma p- Weibull p- Normal p- Observed Log Gamma Weibull Normal
bins width value value value value E[X] E[X] E[X] E[X] E[X]

4 733.33 32.23 0 2143 0 20.77 0 263.47 0 559.37 572.25 51271 51576 603.78
5 550 37.16 0 20.3 o] 20.23 0 344.32 0 559.37 554.65 508.6 511.85 563.08
6 440 47.67 0 24.23 o] 24.33 0 404.88 0 559.37 539.3 496.27 500.17 537.47
7 366.67 51.58 0 235 0 2373 0 422.2 0 559.37 541.28 504.71 506.62 530.66
8 314.29 48.97 0 31.24 0 30.27 0 352.84 0 559.37 54191 511.85 512.09 528.31
9 275 49.48 0 39.21 o] 39.06 0 341.56 0 559.37 548.55 521.38 521.08 532.18
10 244.44 62.41 (o] 63.89 o] 66.49 0 346.87 0 559.37 5435 521.63 5211 529.4
11 220 70.73 (o] 84.96 o] 90.49 0 385.26 0 559.37 540.83 5222 521.61 527.55
12 200 68.27 0 89.96 o] 99.29 0 396.16 0 559.37 544.65 529.54 529.14 533.08
13 183.33 94.43 0 139.48 0 155.38 ] 508.78 0 559.37 544.29 533.07 533.24 535.65
14 169.23 95.69 0 149.16 o] 168.85 0 552.19 0 559.37 538.83 53141 531.98 533.31
15 157.14 103.81 (0] 165.68 o] 189.86 0 585.4 0 559.37 537.78 535.07 536.48 536.56
16 146.67 109.37 (o] 187.3 o] 217 0 644.49 0 559.37 539.28 538.41 540.32 539.55
17 137.5 105.43 0 188.18 0 219.18 0 647.9 0 559.37 536.57 538.34 540.89 539.48
18 129.41 118.83 0 206.29 0 237.68 0 68251 0 559.37 5343 538.91 542.14 539.77
19 122.22 133.63 (0] 2323 o] 26577 0 739.91 0 559.37 532.16 537.48 541.01 53841
20 115.79 144.42 (o] 24436 o] 27673 0 763.38 0 559.37 530.64 536.35 540.07 537.2
21 110 150.85 0 254.07 0 285.42 0 794.06 0 559.37 530.57 536.19 540 537.01
22 104.76 139.24 0 227.98 0 256.15 0 727.04 0 559.37 53101 535.93 539.7 536.69
23 100 147.89 0 239.42 o] 265.28 0 761.63 0 559.37 532.96 537.72 54173 538.35
24 95.65 139.53 0 229.46 o] 255.81 0 742.66 0 559.37 53301 537.41 541.36 537.99
25 91.67 143.96 o] 236.82 o] 264.65 0 74756 0 559.37 530.82 535.8 539.88 536.41
26 88 137.18 0 226.23 0 252.68 0 735.3 0 559.37 530.82 535.59 539.84 536.09
27 84.62 134.36 0 220.89 0 248.59 0 718.35 0 559.37 53141 535.69 539.65 536.18
28 81.48 136.32 (0] 22555 o] 254.32 0 725.31 0 559.37 53213 537.42 541.59 537.86
29 78.57 137.64 0 22372 o] 251.99 0 7118 0 559.37 531.64 536.52 540.58 536.93
30 75.86 150.79 0 240.53 0 268.25 0 749.67 0 559.37 53242 537.32 541.65 537.82
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APPENDIX D. ALGORITHM AND FLOWCHART

APPENDIX D. 1. BERT&NN ALGORITHM FOR SEVERITY
MODELING

Algorithm D.1. Pseudocode for BERT &NN model severity prediction

Algorithm BERT&NN Severity Model

Require: Textual data DIAGNOSIS+REPAIRL DCAT;, GCAT,, and DIAGNOSIS+REPAIRJ-’ DCATj, GCATJ-, original severity X; and XJ-

Ensure: Predicted severity fi

1: Split data into training set with size of m and testing set with size of n
2:forj=1tomdo

3: Train BERT&NN model using DIAGNOSIS, REPAIRJ-Y DCATj, GCATj as its input and LJ- as its output. Using the MSE between LJ- and XJ-
as the loss function.

4: end for
5:fori=1tondo
6: L;« BERT&NN (DIAGNOSIS, REPAIR; DCAT,, GCAT;)

7:end for

Note: MSE = mean squared error.
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APPENDIX D.2. AUTOMATED PROCEDURE FLOWCHART
OF BERT-BASED MODELS FOR FREQUENCY/SEVERITY

PREDICTION
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Figure D.1. Flowchart for an automated procedure of BERT-based frequency/severity prediction models

Note: BERT = Bidirectional Encoder Representations from Transformers; QQ = quantile-quantile. Python source codes are available at https://capone.mtsu.edu/dhong/BERT4LossPre-
diction.htm.
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APPENDIX E. AVERAGE MEAN SQUARED ERRORS FOR
MODELS’ CROSS-VALIDATIONS

APPENDIX E. 1. AVERAGE MEAN SQUARED ERROR FOR
EACH INDIVIDUAL MODEL UNDER CROSS-VALIDATION

Table E.1. Average mean squared error (MSE) for each individual model under cross-validation

Model

Lognormal

Gamma

Weibull

Normal

MSE

2396.206

2508.825

2656.626

2514.688

Variance
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APPENDIX E.2. AVERAGE MEAN SQUARED ERROR FOR
EACH GROUPED MODEL UNDER CROSS-VALIDATION

Table E.2. Average mean squared error (MSE) for each grouped model under cross-validation

Model

Lognormal

Gamma

Weibull

Normal

MSE

2501.284

2527.467

2601.155

2551.337

Variance
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